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Preface to ”Digital Signal, Image and Video Processing

for Emerging Multimedia Technology”

Recent developments in image/video-based deep learning technology have enabled new

services in the field of multimedia and recognition technology. The technologies underlying the

development of emerging services are based on essential signal and image processing algorithms.

In addition, the recent realistic media services, mixed reality, augmented reality and virtual

reality media services also require very high definition media creation, personalization and

transmission technologies, and this demand continues to grow. To accommodate these needs,

international standardization organizations and industries are studying various digital signal and

image processing technologies to provide a variety of new or future media services. In this issue,

we present a collection of quality papers concerning advanced signal/image processing and video

data processing, including deep learning approaches. This book comprises 23 peer-reviewed articles

covering a review of the development of deep-learning-based approaches and presenting original

research on learning mechanisms and video signal processing. This book also covers topics including

data security and protection and advanced digital signal/image processing. This volume will be a

good collection for designers and engineers in both academia and industry that would like to develop

an understanding of emerging technology in digital signal, image and video processing, and students

will also find this book to be a useful reference.

Byung-Gyu Kim

Editor
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Abstract: Image identification, machine learning and deep learning technologies have been applied
in various fields. However, the application of image identification currently focuses on object
detection and identification in order to determine a single momentary picture. This paper not only
proposes multiple feature dependency detection to identify key parts of pets (mouth and tail) but
also combines the meaning of the pet’s bark (growl and cry) to identify the pet’s mood and state.
Therefore, it is necessary to consider changes of pet hair and ages. To this end, we add an automatic
optimization identification module subsystem to respond to changes of pet hair and ages in real
time. After successfully identifying images of featured parts each time, our system captures images
of the identified featured parts and stores them as effective samples for subsequent training and
improving the identification ability of the system. When the identification result is transmitted to the
owner each time, the owner can get the current mood and state of the pet in real time. According to
the experimental results, our system can use a faster R-CNN model to improve 27.47%, 68.17% and
26.23% accuracy of traditional image identification in the mood of happy, angry and sad respectively.

Keywords: multiple feature; dependency detection; deep learning; surveillance system

1. Introduction

In modern society, the population of pets such as cats and dogs is increasing. However, when
owners are at work, pets at home will inevitably be alone, and owners might be worried about the
safety of pets. Hence, this paper proposes a smart pet surveillance system to automatically identify
the pet’s mood and state and initiatively send identification results to the owner. In this way, even if
owners are busy at work, the pet status will be sent through the smart pet surveillance system. It can
quickly grasp the current situation of pets so that owners can work with peace of mind. However,
traditional image identification cannot effectively identify the pet’s mood and state from a single
image or instantaneous state. The pet displays its mood and states through actions of certain barks
or continuous movements of several different key parts on its body. Hence, the multiple feature
dependency detection algorithm proposed in this paper can be used on most object detection models.
The multiple feature dependency detection algorithm can correctly identify the mood and state of the
pet when the object detection has sufficient accuracy. Tensorflow architecture of deep learning image
identification technology and its Faster-RCNN network architecture extracts a conv-feature map of
input images through convolutional layers [1–6]. Then the region propose network (RPN) will process
the extracted convolution feature maps and provide a large number of ROIs (region of interest means
regions that may contain feature points). It lets ROIhead (responsible for processing the ROIs proposed

Electronics 2020, 9, 1387; doi:10.3390/electronics9091387 www.mdpi.com/journal/electronics1
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by RPN) determine whether there is a feature target in ROIs and correct the position and coordinates
of ROIs. Finally, it records specific labels of features (the set featured part). The most important of
which is ROIhead, which is responsible for determining whether ROIs contains feature targets and
modifying the coordinates and position of ROIs directly affects the accuracy of identification [7–15].
In view of the influence of network architecture design, it is important to improve the identification
ability of the identification model, directly change the network architecture and improve the number
and quality of input training samples. An effective training sample enables RPN to provide better
ROIs so that ROIhead can more accurately detect the target featured parts to be identified to improve
the level of identification confidence. The identification system of the smart pet surveillance system
proposed in this paper uses deep learning image identification technology, and its pretrained model
uses the Faster-RCNN neural network using the COCO (Common Object in Context) data set. In order
to identify multi-point of pet features, the proposed system collected training samples of multiple
relevant features and trained the identification model. By identifying multiple featured parts of pets
and analyzing the continuous changes and relative relationships between featured parts, pet’s mood
and state are analyzed and determined.

Faster R-CNN can effectively identify more subtle features and then identify the key parts of pets,
but it cannot identify the meaning behind images and objects, such as mood and status. Even if the
training data of the faster R-CNN can directly label the mood and state, the mood and state cannot
be successfully identified, because it cannot be identified only through a single image. Hence, the
proposed method in this paper is based on faster R-CNN and extracts the identification results of the
key parts of the pet to judge the pet’s mood and state. Moreover, the multiple features of the proposed
method can be the key parts of the pet itself in the image or the sounds made by the pet. The proposed
method uses the KNN (K nearest neighbor) algorithm to establish the speech identification model.
The characteristic frequency bands of sound waves emitted by pets in different moods and states
are needed to extract and identify and eliminate the noises. The proposed method uses MFCC
(Mel-scale frequency cepstral coefficients) to suppress noise in sound waves and extract the sound
wave characteristic frequency bands of pets in different moods and states. Since the identification
objects are pets of different breeds, colors and sizes, the relative position of the featured part will be
different. Even if the breed and color are the same, uncertain factors such as age and hair size will affect
the identification ability of the system. In order to enable the identification system to respond to the
above-mentioned factors, the system uses the identification system to successfully identify the image
of featured parts and recreate a new training sample based on the identification results. By inputting
new and customized training samples into the identification system for training, the identification
model’s ability to identify featured parts of specific pets can be improved. The related literature will be
discussed in Section 2, and the system architecture will be explained in Section 3, which will be divided
into four small chapters for detailed explanation. In Section 4, we analyze the data recorded by the
system during the actual identification process. In Section 5, we present the conclusions of this paper.

2. Literature Review

In recent years, there have been many related literatures and applications for image identification,
but most of them focused on face identification. Literatures related to animal identification are relatively
rare. Related literature [16] focused on wild animal protection, using the image identification system
to identify endangered wild animals and protect them. This paper uses convolutional neural networks
to train images of endangered wild animals and common animals. The identification system can
effectively identify endangered wild animals. However, this paper only identifies the appearance of
animals. Limited by its system and training samples, the system can only identify specific creatures,
not endangered animals. However, although the system proposed in our paper can only identify
common pet species at home, the system can not only identify their appearance but also judge the pet’s
mood and state by identifying their subtle behaviors. Related literature [17] identified a monkey face
by the identification system trained by a convolutional neural network. Monkeys can communicate
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through facial expression. It plays an important role in their communication. This paper uses the
image identification system to capture the movement of the monkey’s facial muscles and its facial
expression to determine what the monkey wants to express. This paper uses the movement state of
the monkey’s facial muscles and changes in the five senses to determine what the monkey wants to
express. In the exchange of information, although the face sends a lot of messages, gestures of other
body parts can also convey more specific or obvious meaning. The training sample of this paper is
sufficient, but it only identifies monkeys’ faces. If it includes other physical behavior performance, it
should be better at identifying what the monkey wants to express. The system proposed in our paper
not only identifies faces but also identifies continuous behaviors of other featured parts including
information limb movement can convey. Related literature [18] used transfer learning to design a
method for dog identification from shallow to deep. In this paper, different features of dogs such as
eyes, noses and ears are identified. Different breeds of dogs are included for identification. Related
literature [19] proposes using surveillance systems to monitor the location of pets based on the faster
R-CNN identification model. However, our proposed system will identify the mood and state of the
pet. Related literature [20] observes the difference in horse behavior before and after surgery, inferring
different pain levels based on the condition of the surgical wound and observes the horse’s behavioral
performance at different levels of pain. This paper only observes the horse’s displacement in space.
It is concluded that the horse will reduce the displacement when it is in pain. However, our proposed
method identifies the dependence of the continuous behavior of different key parts of the pet, instead
of identifying the entire pet. Moreover, the system proposed in our paper needs to identify common
home pets, using transfer learning to improve the accuracy of identification. It not only identifies the
pet’s breed, body shape and hair condition to confirm the owner’s pet but also the pet’s behaviors
of featured parts to ensure the pet’s mood and state can be correctly identified. Due to individual
preferences, the selection of pets is different. In training data collection of the identification system in
this paper, the open data set is used and the public pet videos are divided into screenshots and other
image data. Therefore, as long as the information of the input training data can be clearly defined, the
identification function of the identification system can be improved.

3. Materials and Methods

The smart pet surveillance system overview is shown in Figure 1. In order to capture pet videos,
the system uses the loop recording subsystem and webcam to capture real-time videos of pets at
any time. The loop recording subsystem will continuously capture images and output them as short
videos. The recording is not interrupted and the latest short video can be sent to the data processing
subsystem. To use image identification and the KNN audio identification model, we need to perform
preliminary processing to extract an image and audio signal from the short video. The identification
network architecture is shown in Figure 2. This paper was based on the faster R-CNN identification
network and customized the key parts of the pet to be identified. Moreover, we used the KNN audio
identification model for audio identification. The system automatically processed the images and
audio for faster R-CNN and KNN audio identification model to identify the key parts of the pet and
the pet’s barking. The feature extraction subsystem was used to extract information about the key
parts of the pets in these images and the mood contained in the audio. It also generated the training
samples for automatic optimization module for supplements when performing automatic training
according to the results of the identification of the faster R-CNN identification network. The multiple
feature dependency detection algorithm extracted the information from the list of the feature of the pet
generated by the feature extraction subsystem. According to the information of these features, we
determined the pet’s mood and state. Sending the identified pet’s message to the owner through the
message transmission subsystem so that the owner can understand the pet’s latest mood and status.
In order to synchronize the identification ability of the identification system with the change of pet’s
appearance, this system proposed an automatic optimization identification module subsystem that
uses the latest system identification results as samples and sends them to the module for training. It
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effectively synchronizes the ability of identification model with the changes in the pet’s appearance.
Functions of the smart pet surveillance system are shown in Figure 3. The proposed system includes an
image identification system, which is responsible for identifying the key parts of the pet and the sound
of the pet. Multiple feature dependency detection extracts the identified information to determine the
pet’s mood and status and transmits the information to the owner. Automatic system optimization
responds to changes in the pet’s appearance.

Figure 1. Smart pet surveillance system overview.

Figure 2. Identification network architecture.
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Figure 3. Functions of the smart pet surveillance system.

3.1. Pet Camera

The smart pet surveillance system proposes to continuously capture real-time images through pet
cameras. Since the pet camera and the identification system were implemented in the same operation
system, when videos captured by the pet camera were saved in the storage space designated by
the identification system, the identification system could use these videos. For convenience of the
subsequent image identification system, captured images were saved in short videos when recorded
by pet cameras. Therefore, the recorded images need to be continuously stored as shown in Algorithm
1. The loop recording processing recorded the video according to the video format and stored the
video, which had a duration setting by time in the video path location.

Algorithm 1 Loop_Recording_Processing

Require: threading
Require: video_store_path video_path
Require: count variable time_sup = 0
1. def timer():
2. time_sup += 1
3. main():
4. threading.timer()
5. set video format and information: v_ format
6. while(1):
7. set video duration: time
8. if time_sup == time:
9. store the video to video_path
10. time_sup = 0
11. else:

12. recording the video according to v_ format
13. return 0

3.2. Identification System

As shown in Algorithm 2, the identification subsystem of the smart pet surveillance system
was implemented by object identification. By detecting and identifying the key part of the pet, it is
able to identify the different pet’s mood and state by changing different key parts of the pet. When
the identification subsystem is activated, it will automatically read the short videos recorded and
stored by the pet camera. Owing to the identification method that uses faster R-CNN and the KNN
audio identification model, the video needs to extract image and audio files, then these are sent to the
respectively identification system for identification. After the video is divided into images, it will have
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different results according to different sampling parameters. When the sampling parameters are set
too low, time interval between two images will be too long, resulting in few identifiable images to
effectively identify the mood and state of pets. When the sampling parameters are set too high, there
will be too many segmented images, resulting in excessive load of the system and greatly increasing
identification time. Therefore, in this paper, videos were cut to five to six images per second for
identification. After the data processing subsystem red the video, it separated and stored the image
and feature of the audio according to the sampling parameters set by the system. The system processed
through MFCC and extracted the feature parts in the audio. When the convert process ended, the
system threw the images extracted from the video and feature of the audio into the faster R-CNN
identification system and KNN audio identification system for identification.

Algorithm 2 Data_Preprocessing

Require: Loop_Recording_Processing_output video_path
Require: image_save_path i_path
Require: audio save_path a_path
1. def video_to_img(video_path, i_path):
2. images obtained from the video: i_image
3. i_image store to i_path
4. def video_to_wav(video_path, v_path):
5. audio = audio from the video
6. mfcc_audio = audio use mfcc for feature extraction
7. mfcc_audio store to a_path
8. main():
9. video_to_img(video_path, i_path)
10. video_to_wav(video_path, a_path)
11. return 0

As shown in Algorithm 3, the feature extraction subsystem will extract all the key parts of pets
from the identification results of faster R-CNN information in the feature list. Additionally, it will then
extract the sounds identification result from the KNN audio identification model. The identification
results of the faster R-CNN and KNN audio identification system were used to generate feature lists
with feature categories for subsequent processing. Identifying the mood and state condition of pets
requires observation of the continuous changes of their characteristics. This is a natural phenomenon of
time continuity and object dependence, so it is impossible to determine the pet’s mood and state via a
single identification result. It is necessary to continuously identify that the featured parts meet specific
conditions to determine that the pet conforms to a specific mood or state. It is also necessary to filter
information in identification results and exclude images in specific situation where no featured parts
are detected to improve the identification effectiveness of the system. The multiple feature dependency
detection algorithm is shown in Algorithm 4. The multiple feature dependency detection algorithm
contains a number of emotions, which was identified through continuous image and sound features.
The multiple feature dependency detection algorithm obtains a feature list via feature extraction and
extracts features needed to identify emotions from the feature list according to different emotion
requirements. The proposed algorithm determines whether pets are in a certain emotion state according
to the nature of the continuity of emotions. When there are insufficient features to make judgments,
the proposed algorithm defines pets as in the normal state. For example, after the identification system
receives images, it automatically identifies whether there are specified featured parts in the image,
such as the dog’s mouth keeps opening and tail shaking. After capturing multiple specific features, the
system will record the above information. Then, it judges if the above-mentioned image is a continuous
one. Therefore, discontinuous images without time continuity cannot represent the mood and state of
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pets. The proposed system that obtains the above-required information can identify the pet’s mood
and state.

Algorithm 3 Feature_Extraction

Require: Faster R-CNN output list faster_output_list
Require: KNN audio model output knn_output
Require: path of all unprocessed training data data_path
1. a dict of feature information: feature_dict
2. for feature_info in faster_output_list:
3. feature_dict append feature information from feature_info
4. feature_dict append knn_output
5. store feature data & image to data_path
6. return feature_dict

Algorithm 4 Multiple_Feature_Dependency_Detection_Arithmetic_Method

Require: Feature_Extraction output feature_dict
1. def mood(feature_dict):
2. from feature_dict get information to judge pet mood: data
3. if data is enough to judge mood:
4. return “mood”
5. else:
6. return “normal”
7. main():
8. list of mood: mood_list
9. list of pet status: pet_status
10. for mood in mood_list:
11. pet_status =mood(feature_dict)
12. return pet_status

3.3. Communication Software and Message Transmission

The system uses the multiple feature dependency detection subsystem to transform images and
audio into information, which includes the mood and state of pets. It uses communication software
with a high penetration rate allowing information identified by the system to be directly transmitted to
the application on the owner’s smart phone. As shown in Algorithm 5, after setting the information
required by the communication software, this subsystem will set different messages according to
different emotions identified in the multiple feature dependency detection algorithm and send to users’
communication software so that users obtain the latest information about their pets.

Algorithm 5 Message Transmission

Require: pet_status status
1. owner_id: id
2. dict of message: dict_msg
3. for msg_mood in dict_msg.keys():
4. if msg_mood == status:
5. send pet’s status message to the id

3.4. Automatic System Optimization

The smart pet surveillance system proposes to identify the pet’s mood and state by identifying the
dependencies of multiple featured parts of pets. The above-mentioned specific featured parts will vary
with age of the pet and seasons. The model used by the identification subsystem must be updated with
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time. Multi-featured parts dependency identification model in this subsystem needs to be continuously
optimized. The identification model synchronizes with the changes of pets so that the system can
get the most accurate identification results. Since the image identification system uses deep learning
architecture, sufficient training samples are required in order to send data to the identification model
for training. The acquisition, labeling and training of the above-mentioned samples are functions of this
subsystem. Core functions are shown in Algorithm 6. This subsystem uses images used in previous
identification and identification results to extract featured parts of original images. In addition to the
image itself, the training samples also need to label the featured parts contained in this image. Figure 4
shows an image that has been identified, this picture contains two features that the system needs to
determine the pet’s mood and state, namely the opened mouth and tail, and thus, it can be extracted
based on the above results to form a new training sample. The system will mark it with the relevant
information obtained during identification, the image and its contained information are completely
saved, and the subsequent generated identification model is more complete.

Algorithm 6 Model_Automatic_Optimization_Module

Require: path of all unprocessed training data from Feature_Extraction: data_path
Require: path of all processed training data t_path
1. def Retraining_Data_Generation_Module(data_path):
2. get data and images stored for training: data_list
3. for data in data_list:
4. image = cut the original image according to x, y
5. labeling image base on x, y coordinates and store to t_path
6. main():
7. Retraining_Data_Generation_Module(data_path)
8. Faster R-CNN Training Module(t_path)

Figure 4. Retraining data samples.

4. Results and Discussion

4.1. System Execution Result

In order to evaluate the practicability and reliability of the proposed system, this paper used
an actual pet video and invited testers to verify whether the model correctly identified the mood
and state of pets. The environment of the proposed system used Tensorflow-gpu-1.14.0, and the
pretraining model used the Faster-RCNN-Inception-V2. The system implementation is shown in
Figure 5. The proposed system used training samples to retrain the model for capturing specific
featured parts. The training samples included the Stanford Dogs Dataset [21], which contains at least

8



Electronics 2020, 9, 1387

40 breeds and more than 500 dogs. As shown in Figure 6, there were various pets in training samples
to enhance identification ability of faster R-CNN, ssd mobilenet and yolo identification models and
avoid over-fitting. The total training images were 2761 and training step was 50,000. In addition to the
established Tensorflow-gpu-1.14.0 environment, Raspberry Pi was used by the pet camera with the
main system, all subsystems and related modules as shown in Figure 7. As shown in Algorithm 7, the
main system will automatically execute the related subsystems for image recording, file conversion,
image identification, mood and status determination and other related subsystems.

Algorithm 7 main

Require: threading
Require: Loop_Recording_Processing
Require: Data_Preprocessing
Require: Faster R-CNN
Require: KNN audio model
Require: Feature_Extraction
Require: Multiple_Feature_Dependency_Detection_Arithmetic_Method
Require: Message Transmission
Require: Model_Automatic_Optimization_Module
1. def recording:
2. threading.Loop_Recording_Processing()
3. def Model_Automatic_Optimization_Module:
4. threading.Model_Automatic_Optimization_Module()
5. main():
6. recording()
7. while(1):
8. Data_Preprocessing()
9. feature_dict = Feature_Extraction(Faster R-CNN(), KNN audio model())
10. pet_status =Multiple_Feature_Dependency_Detection_Arithmetic_Method(feature_dict)
11. Message Transmission(pet_status)

Figure 5. System implementation.
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Figure 6. Training samples.

Figure 7. Pet camera.

A loop recording subsystem was set in the server to control the webcam and the Tensorflow
environment was used for identification and training. The server also stored all videos captured by
the webcam. The training sample file generated by the system program was used for subsequent
automatic optimization for the identification model. The system continuously captured pet images
through the front-end webcam and then saved the image to the path specified by the identification
environment. After the image of the pet was segmented and processed, an image to be identified
was obtained. The above-mentioned image was identified and the identified featured parts on the
image were recorded. In order to verify the effectiveness of mood and state identification of the smart
pet surveillance system, we selected to judge happy and angry mood of dogs. In order to reduce the
computational burden of the identification system, this paper set the confidence level as 90%. When the
confidence level of the object detection was lower than 90%, subsequent algorithms would directly
give up this identification result. After the images and audio images extracted from the short movie
were identified by faster R-CNN and the features extracted using the feature extraction subsystem,
the pet mood and status identified by the multiple feature dependency detection algorithm would
send the message to the owner’s smartphone through the message transmission subsystem. After the
information was filtered and the state was identified, the information would be transmitted to users
through the Internet as shown in Figure 8.
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Figure 8. Communication software.

4.2. Types of Mood and Ways of Judging

The happy characteristics were a continuous mouth open and swinging tail. In order to confirm
whether there was a dog in the picture, we needed to mark and identify the dog. To identify the dog’s
mood and state it as happy, the two marked and identified key parts of the dog were the dog’s mouth
and the dog’s tail. The dog’s mouth needed to open continuously and the tail needs to swing in a
significant angle. The multiple feature dependency detection algorithm needed to extract the classes of
the dog, dog’s mouth and dog’s tail from the feature list as the basis for determining happy emotions.
The system first captures the position of the dog in the image and then identifies whether the dog’s
mouth is open. When the dog’s mouth is open, the system will capture the coordinate value of the dog’s
tail. Then, we stored the image number and coordinate value to determine whether the number of the
image in the list was continuous and the change in the coordinate value of the tail. The identify results
of the multiple feature dependency detection algorithm are shown in Figure 9. The multiple feature
dependency detection algorithm can effectively use the key parts of the pet to identify the pet’s mood
and state. The different barking changes made by pets can directly express different moods and states.
When we cannot identify the mood and state of the pet through the image alone, it will temporarily
determine that the pet’s mood is normal, and then perform mood detection with image features and
sound features. The mood can be identified as normal, angry and sad when images and sounds are
used as features for identification. Since sound is added as a feature, the image will be identified
whether there is a change in the state of the dog’s mouth to determine that the barking is made by the
dog. The multiple feature dependency detection algorithm will extract the dog and the dog’s mouth
open and close state from the feature list. The class identification based on the above three images was
used to determine whether the barking sound was made by the dog in the screen. Moreover, the mood
represented behind the barking identified using the KNN audio identification model must be extracted.
When the dog barks, the dog’s mouth will open and close alternately. As shown in Figure 10, the
system first captured the position of the dog in the image, and then identified the state of the dog’s
mouth, and stored the state of the dog’s mouth in the list according to the image number. When the
state of the dog’s mouth in the list continuously opens and closes, the algorithm will determine the
mood and state of the pet based on the audio identification result. Since the pet displays its mood and
states through actions of certain barks or continuous movements of several different key parts on its
body, we designed the rules of multiple feature dependency detection for the pet’s mood and states in
Table 1.
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Figure 9. Identify mood and state with images.

Figure 10. Continuous image combined with sound identification results.

Table 1. Rules of multiple feature dependency detection.

Mood

Feature
Image Voice

Happy mouth keeps opening and tail swing
continuously Not needs

Angry mouth keeps opening and closing Growl
Sad mouth keeps closing Crying

Normal other actions cannot be identified as any of the above moods

4.3. The Accuracy of the Model for Identifying Features

As shown in Figure 11, we tested the identification accuracy of each model in identifying the key
parts of the pet and combined the identification results of key parts with multiple feature dependency
detection algorithm to determine the pet’s mood and state results. Faster R-CNN had the higher
identification accuracy for key parts of pets, under an average accuracy of 80.95%, than ssd mobilenet
v2 at least 55% identification accuracy. Since the proposed method was based on the accuracy of
identified key parts of the pet, the accuracy of faster R-CNN obtained 61.1% accuracy of happy category.
The reason for low accuracy of the happy state was that one of two features could not be identified by
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the faster R-CNN in the continuous image. Theoretically, the identification accuracy of the pet’s feature
parts improving that multiple feature dependency detection algorithm will more accurately identify
the pet’s mood and state, such as yolo v3. Hence, the proposed method of this paper could choose
fast R-CNN or yolo v3 to identify key parts of pets. This paper tested the identification accuracy of
directly using emotions as labels. A faster R-CNN model could reach 33.63% accuracy in identifying
the emotions, but the yolo v3 model could reach 55.75% accuracy in identifying the emotions.

Figure 11. Identification of the accuracy for determining the happy state.

This paper tested the accuracy of the KNN audio identification model where the K value (k nearest
neighbors) as 3 was used to identify the mood represented by the dog’s voice. Moreover, we tested the
impact of the different number of features extracted from each training data on the accuracy of the
KNN audio identification model. There were 111 audio data. The time of each audio data was one
second, including 37 barking (representing normal), 37 growling (representing anger) and 37 crying
(representing sadness) [22]. The number of features extracted from each audio data for the KNN
audio identification model training was 20, 30 and 40, respectively. We used the leave-one-out cross
validation to test the accuracy of the KNN audio model. As shown in Table 2, we tested the impact of
MFCC preprocessing on the accuracy of the KNN audio identification model and the accuracy of each
audio training data extracting different amounts of data as features. The average accuracy was 60.06%
when the audio training data was not preprocessed with MFCC. The average accuracy of the KNN
audio identification model generated by training data was 80.48% when the audio training samples
using MFCC for preprocessing were used. In Figure 12, we tested not only the identification accuracy
of each model in directly identifying the mood of the pet but also the identification accuracy of our
method to determine the effectiveness of our system. Without our method, a yolo v3 model averagely
reached 19.78% accuracy. Conversely, our system averagely reached 55.81% accuracy in comparison
to a yolo v3 model. Without our method, a faster R-CNN model averagely reached 22.85% accuracy.
Conversely, our system averagely reached 70.05% accuracy in comparison to a faster R-CNN model.
Our system could identify the mood and state of the pet more accurately when the accuracy of image
and sound identification is improved.
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Table 2. The accuracy of the K nearest neighbor (KNN) audio identification model.

Feature Number

20
(without/with) MFCC

30
(without/with) MFCC

40
(without/with) MFCC

Barking Growl Crying Barking Growl Crying Barking Growl Crying

Bark 33/34 8/1 9/14 35/35 6/1 6/13 32/35 5/1 3/13
Growl 2/0 19/33 16/2 1/0 18/33 17/2 3/0 21/33 18/2

Cry 2/3 10/3 12/21 1/2 13/3 14/22 2/2 11/3 16/22
Average
Accuracy

57.66%/79.28% 60.36%/81.08% 62.16%/81.08%

60.06%/80.48%

Figure 12. Identification of the accuracy for determining angry and sad states.

5. Conclusions

This paper proposed multiple featured parts and a time-continuous state of featured parts to
identify the pet’s mood and state. Additionally, the feature was not only the image, but the sound could
also be one of the features. Extending image identification from the identification of a single image
had time continuity and multiple object dependencies, which greatly increased the scalability of image
identification technology applications. The proposed system used images of specific featured parts that
were successfully identified and sent feedback to the system’s automatic optimization subsystem to
achieve model identification capabilities that kept up with the times. The proposed image identification
module, KNN audio identification model and the multiple feature dependency detection algorithm
were checked at various levels to make sure core functions of the smart pet surveillance system were
feasible. Therefore, as long as the mood and state can be defined by featured parts of pets, the system
can immediately identify other moods or states. With the automatic optimization subsystem included
in the system, it is able to improve the identification ability. The smart pet surveillance system proves
that the image identification with time continuity can be applied in a wider range than the traditional
single image identification.
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Abstract: Unmanned aircraft systems or drones enable us to record or capture many scenes from
the bird’s-eye view and they have been fast deployed to a wide range of practical domains, i.e.,
agriculture, aerial photography, fast delivery and surveillance. Object detection task is one of the core
steps in understanding videos collected from the drones. However, this task is very challenging due
to the unconstrained viewpoints and low resolution of captured videos. While deep-learning modern
object detectors have recently achieved great success in general benchmarks, i.e., PASCAL-VOC and
MS-COCO, the robustness of these detectors on aerial images captured by drones is not well studied.
In this paper, we present an evaluation of state-of-the-art deep-learning detectors including Faster
R-CNN (Faster Regional CNN), RFCN (Region-based Fully Convolutional Networks), SNIPER (Scale
Normalization for Image Pyramids with Efficient Resampling), Single-Shot Detector (SSD), YOLO
(You Only Look Once), RetinaNet, and CenterNet for the object detection in videos captured by
drones. We conduct experiments on VisDrone2019 dataset which contains 96 videos with 39,988
annotated frames and provide insights into efficient object detectors for aerial images.

Keywords: object detection; VisDrone2019; aerial imagery; Faster R-CNN; SSD; RFCN; YOLOv3;
RetinaNet; SNIPER; CenterNet

1. Introduction

Object detection is a fundamental yet difficult task in image processing and computer vision
research. It has been an important research topic for decades. Its development in the past two
decades can be regarded as an epitome of computer vision history [1]. Since it plays a principal role
in understanding and absorbing the contexts of images, therefore, object detection is considered to
be a prerequisite measure that offers the computer to detect various objects. Giving a testing image,
object detection could localize the coordinates of the objects and assign the corresponding labels to the
objects in terms of the object category, i.e., human, dog, or cat. The coordinates of a detected object
represent the object’s bounding box [2,3]. Object detection has many applications in robot vision,
autonomous driving, human-computer interaction, intelligent video surveillance. The deep-learning
technology has brought significant breakthroughs in recent years. In particular, these techniques have
produced remarkable development for object detection. Object detection can detect a specific instance,
i.e., Obama’s face, Eiffel Tower, Golden Gate Bridge; or objects of specific categories, i.e., humans,
cars, bicycles. Historically, object detection has mainly directed on the detection of a single category,
for example, person class [4]. In recent years, the research community has started moving towards other
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categories than the well-known categories like person, cat, or dog. Here are some common challenges
that object detectors face on aerial images: viewpoints, illuminations, scale variations, perspectives,
intra-class variations, low resolutions, and occlusions. For example, the main challenges in pedestrian
detection come from crowded scenes with heavy overlaps, occlusion, and low-resolution images.

Generic object detection has received significant attention. There are many competition
benchmarks, i.e., PASCAL-VOC [5,6], ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [2],
MS-COCO [7], and VisDrone-DET [8]. There are several notable studies on specific object detection like
face detection [9], pedestrian detection [10] and vehicle detection [11]. Recently, the research community
has focused on deep learning and its applications towards the object recognition/detection tasks. In the
past few years, Convolutional Neural Networks (CNNs) [12,13] have brought breakthroughs in speech,
audio, image, and video processing. CNNs have driven notable progress in visual recognition and
object detection. Many successful CNN architectures, e.g., OverFeat [14], R-CNN [15], Fast R-CNN [16],
Faster R-CNN [17], SSD [18], RFCN [19], YOLO [20], YOLOv2 [21], Faster R-CNN [17], RetinaNet [22],
YOLOv3 [23], and SNIPER [24] have performed well on the task of object detection. For example,
SNIPER, RetinaNet and YOLOv3 are the top models for object detection on MS-COCO dataset [7] with
mAP 46.1%, 40.8%, 33.0%, respectively.

The object detection has now been widely used in many practical scenarios [1]. Its use cases
ranging from protecting personal security to boosting productivity in the workplace. While the
challenges of normal viewpoints have been considered to be the prevalence, in recent years, there
has been increasing interest in flying drones and their applications in healthcare, video surveillance,
search-and-rescue, and agriculture. The drones are now common devices that enable us to record
or capture many scenes as the bird’s-eye view. Visual object detection is an essential component in
the drone application. However, object detection is a very challenging task since video sequences or
images captured by drones vary significantly in terms of scales, perspectives, and weather conditions.
Aerial images are often noisy and blurred due to the drone motion. The ratio of object size to the video
resolution is also small. Therefore, in this paper, we investigate the performance of state-of-the-art
object detectors in the aerial images. Please note that this paper is the extension of our earlier version
which is the best paper in MITA 2019 conference [25]. Our contributions are three-fold.

• To the best of our knowledge, we are among the first ones who investigate the impact of different
deep-learning object detection methods on the given problem.

• Second, we double the number of benchmarking methods compared to the MITA paper [25].
• Last but not least, we also increase the number of benchmarking classes in VisDrone dataset.

In particular, we evaluate full 10 classes in this paper (vs. 2 human classes, namely pedestrian and
people, in the MITA paper).

The remainder of the paper is organized as follows. In Section 2, the related works are presented.
Section 3 and Section 4 present the benchmarked methods and the experimental results, respectively.
Finally, Section 5 concludes our work.

2. Related Work

2.1. CNN Models

CNN-based architectures have been backbones in many detection frameworks.
Popular architectures include AlexNet [12], ZFNet [26] VGGNet [27], GoogLeNet [28], ResNet [29]
and DenseNet [30]. We briefly introduce these models as follows.

Known as a pioneering work, AlexNet [12] consists of eight layers: five convolutional (conv1,
conv2, conv3, conv4 and conv5) layers and three fully connected (fc6, fc7 and fc8) layers. The fc8
is a SoftMax classifier. The convolutional layers are connected directly: conv3, conv4 and conv5.
The convolutional layers are connected via an Overlapping Max-Pooling layer: conv1–conv2,
conv2–conv3, conv5–fc6. AlexNet used 11 × 11, 5 × 5 and 3 × 3 kernels. Later, Reference [26]
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proposed ZFNet by modifying AlexNet. ZFNet uses 7 × 7 kernels. The small kernels retain more
information than the big kernels. By proposing a deeper network, VGGNet [27] outperforms AlexNet
in the image classification task. Similarly, GoogLeNet [28] won the ILSVRC2014 competition by
increasing the number of layers. In particular, it includes 22 layers: 21 convolutional layers and a fully
connected layer.

The number of layers is increasing in CNN architectures. The CNNs require a lot of
computational resources. There are several problems: gradient vanishing, exploding, and degrading.
Degradation occurs when we add more layers into deep networks, the accuracy becomes saturated
and then decrease quickly. To overcome this problem, ResNet [29] introduces many residual blocks.
In a residual block, each layer is fed directly to the layers about 2–3 hops away using skip-connections.

DenseNet [30] was proposed by Huang et al. in 2017. It includes many dense blocks. A dense
block consists of composite layers which are densely connected together. The input of one layer is the
output of all previous layers, so input information is shared.

2.2. Object Detection Methods

Object detection methods are mainly divided into one-stage frameworks and two-stage
frameworks. Two-stage frameworks are more accurate than one-stage frameworks, but one-stage
frameworks usually achieve real-time detection. The two-stage approach includes two steps: the first
stage creates region proposals, the second stage classifies region proposals. The one-stage approach
predicts object regions and object classes at the same time.

CNN-based Two-Stage frameworks: Two-stage frameworks mainly include R-CNN [15],
SPP-Net [31], Fast R-CNN [16], Faster R-CNN [17], RFCN [19], Mask R-CNN [32], and SNIPER [24].

R-CNN [15] is a method for detecting objects based on the ImageNet pre-trained model. R-CNN
uses Selective Search algorithm to generate region proposals. Then, these regions are warped and fed
into the pre-trained model to extract high-level features. Finally, several SVM classifiers are trained
based on these features to identify object classes. Fast R-CNN [16] was introduced to solve some
R-CNN’s limitations, i.e., the computational speed. Fast R-CNN feeds the whole image into ConvNet
to create convolutional feature map instead of 2000 regions as R-CNN.

Faster R-CNN [17] proposes a Region Proposal Network (RPN) to detect region proposals instead
of Selective Search, which is used in R-CNN and Fast R-CNN. Faster R-CNN is 10× faster than Fast
R-CNN, and 250× faster than R-CNN in reference time. RFCN introduces the positive sensitive score
map, which improves speed but remains accurate compared to Faster R-CNN. Mask R-CNN extends
Faster R-CNN with instance segmentation and introduces Align Pooling.

CNN-based one-stage frameworks: The most common examples of one-stage object frameworks
are YOLO, YOLOv2, YOLOv3 [23], SSD [18], and RetinaNet. You Only Look Once (YOLO [20]) is one
of the first approaches to build a one-stage detector. Unlike R-CNN family, YOLO does not use a region
proposal component. Instead, it learns to regress bounding-box coordinates and class probabilities
directly from image pixels. This significantly boosts the speed of the detecting process. Single-Shot
MultiBox Detector (SSD [18]) is also a one-stage detector which also aims at high speed object detection.
However, unlike YOLO, SSD adopts a multi-scale approach. It then adds many convolutional layers
decreasing in size sequentially. This can be regarded as a pyramid representation of an image, where
earlier levels contain feature maps that are useful to detect small objects and deeper levels are expected
to detect larger objects. Each of these layers has a set of predefined anchor boxes (also known as
default boxes or prior boxes) for every cell. The model will learn and predict the offsets corresponding
to correct anchor boxes. The approach has made a successful attempt on creating an efficient detector
for objects in various sizes while maintaining a low inference time.

19



Electronics 2020, 9, 583

3. Benchmarked State-of-the-Art Object Detection Methods

In this section, we provide further details of the benchmarked object detection methods. Figure 1
visualizes the methods in the chronological order. Meanwhile, Figure 2 depicts the framework
structures of different state-of-the-art object detectors.

Figure 1. Timeline of state-of-the-art object detection methods. The benchmarked methods are marked
in red and boldfaced font.

Figure 2. The benchmarked methods adopted in this paper: Faster R-CNN, SSD, RFCN, RetinaNet,
SNIPER, YOLOv3, and CenterNet.
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3.1. Faster R-CNN

Faster R-CNN [17] is an extension of the R-CNN [15] and Fast R-CNN [16] methods for object
detection. R-CNN requires a forward pass of the CNN for around 2000 region proposals (ROI) for every
single image. Later, Fast R-CNN was able to solve the problem of R-CNN by sharing the computation
of convolution between different proposals (feature map). The detection process is sped up but still
depends on the region proposal method (Selective Search). Region proposals were generated by
additional methods, i.e., Selective Search or Edge Box. To solve this problem, Ren et al. [17] introduced
the Region Proposal Network (RPN).

Faster R-CNN consists of two main components, namely the RPN and the Fast R-CNN detector.
RPN initializes squared reference boxes of aspect ratios and diverse scales at each convolutional feature
map location. Each squared box is mapped to a feature vector. The feature vector is fed into two fully
connected layers, an object category classification layer, and a box regression layer. Faster R-CNN
enables highly efficient region proposal computation because RPN shares convolutional features with
Fast R-CNN. With an image of arbitrary size as an input, RPN is trained end-to-end to generate
high-quality region proposals as output. The Fast R-CNN detector also uses the ROI pooling layer
to extract features from each candidate box and performs object classification and bounding-box
regression. The entire system is a single, unified network for object detection.

3.2. RFCN: Region-Based Fully Convolutional Networks

A limitation of Faster RCN is that it does not share computations after ROI pooling. The amount
of computation should be shared as much as possible. Faster R-CNN overcomes the limitations of
Fast R-CNN but it still contains several non-shared fully connected layers that must be computed for
each of hundreds of proposals. Region-based Fully Convolutional Network [19] was proposed as an
improvement to Faster R-CNN. It consists of shared, fully convolutional architectures. In RFCN, fully
connected layers after ROI pooling are removed, all other layers are moved prior to the ROI pooling to
generate the score maps. RFCN infers 2.5 to 20 times faster than Faster R-CNN, yet it still maintains a
competitive accuracy.

Backbone Architecture. The incarnation of RFCN in [19] is based on ImageNet pre-trained
ResNet-101 model. To compute feature maps, the average pooling layer and the fc layer are removed.
Instead, RFCN only uses the convolutional layers, and attaches a randomly initialized 1024-d 1 × 1
convolutional layer to reduce dimension at the last convolutional block in ResNet-101. In addition,
RFCN uses the k2(C + 1) channel convolutional layers to generate scope maps.

Position-sensitive score maps and Position-sensitive ROI pooling. RFCN regularly divides
each ROI rectangle into k × k bins, then each bin has a size of ≈ w

k × h
k for an ROI rectangle of a size

w × h. For each category, the last convolutional layer is built to create k2 score maps. Inside the (i, j)-th
bin (0 ≤ i, j ≤ k − 1), a position-sensitive ROI pooling operation pools only over the (i, j)-th score map:

rc (i, j | �) = ∑
(x,y)∈bin(i,j)

zb,j,c (x + x0, y + y0|�) /n (1)

For the c-th category, rc(i, j) is the aggregated response in the (i, j)-th bin; zb,j,c is a score map
among k2(C + 1) maps; (x0, y0) represents the ROI’s top left corner; and the number of pixels in the
bin is marked as n. � is the set of learnable parameters; and the (i, j)-th bin is located at

[
i w

k
] ≤ x ≤[

(i + 1)w
k
]

and
[

j h
k

]
≤ y ≤

[
(j + 1) h

k

]
.

The k2 position-sensitive scores are averaged to obtain a (C + 1)-dimensional vector for each
ROI rc (�) = ∑i,j rc (i, j|�). Then the SoftMax responses for categories are computed sc (�) =

erc(�)/ ∑C
c′=0

er
c′ (�).

The RFCN resolves bounding-box regression similar to Fast R-CNN with k2(C + 1)-d
convolutional layer, and appends a sibling 4k2-d convolutional layer additionally.
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The position-sensitive ROI pooling makes a 4k2-d vector for each ROI. Then, a bounding box
as t = (tx, ty, tw, th) uses a 4-d vector aggregated by average voting.

Training. The loss function is defined on each ROI and calculated by the sum of cross-entropy
losses and box regression loss:

L(s, tx,y,w,h) = Lcls(s∗c ) + λ [c∗ > 0] Lreg(t, t∗), (2)

where c∗ is the ground-truth label of ROI. For classification, Lcls(s∗c ) = − log(s∗c ) denotes the
cross-entropy losses, Lreg denotes the bounding-box regression loss and t∗ is the ground-truth box.
If the argument is valid, [c∗ > 0] receives a value of 1, otherwise, 0.

Inference. The feature maps are the results of calculations on an image with a single scale of 600
shared between RPN and RFCN (as showed in Figure 2). Then, the RFCN part evaluates score maps
and regresses bounding boxes based on ROIs which are proposed by the Region Proposal Network
(RPN) part.

3.3. SNIPER: Scale Normalization for Image Pyramids with Efficient Resampling

SNIPER is an effective, multi-scale training method for identification, object detection and object
separation [24]. Instead of processing pixels based on the pyramid (SN), SNIPER treats the context
areas around the ground truths (called chips) at an appropriate scale. This greatly increases the speed
during training when it operates on low-resolution chips. Relying on the memory efficient design,
SNIPER benefits from mass standardization during the training process without having to synchronize
standardized statistics on the GPU.

3.3.1. Chip Generation

SNIPER generates chips Ci at multiple scales {s1, s2, ..., si, ..., sn} in the image. For each scale,
the image is first re-sized to width (Wi) and height (Hi). On this canvas, K × K pixel chips are placed at
equal intervals of d pixels.

3.3.2. Chip Selection

All favorable chips are chosen greedily to cover the highest amount of valid ground-truth boxes.
If it is completely enclosed inside a chip, a ground-truth box is said to be covered. Although positive
chips cover all the positive instances, a significant portion of the background is not covered by them.
In multi-scale training architecture, each pixel is processed at all scales in the picture. A naive strategy
is to use object suggestions to define areas where objects are likely to present. If there are no region
proposals in an image, it is considered to be background.

3.4. SSD: Single-Shot Detector

SSD [18] is a one-stage solution, which has tremendously reduced inference time and resulted in
an accurate, high speed detector that can be used for real-time video processing.

3.4.1. Base Network VGG-16

SSD is built on top of VGG-16 base network [27] that focuses on simplicity and depth. In particular,
the model uses 16 convolutional layers with only 3 × 3 filters to extract features. As the model goes
deeper, the number of filter doubles after each max-pooling layer. Noticeably, the convolutional layers
of the same type are combined as shown in Figure 2. At the end, three fully connected layers are
followed by 4096 channels. The last one contains 1000 channels for each class and is concatenated with
a SoftMax layer to return the detection results. The model works well on classification and localization
tasks and has achieved 89% mAP on PASCAL-VOC 2007 dataset. VGG-16 has been one of the most
interesting models to research even though it is not as fast as the newer ones. Its architecture has been
reused in many models because of its valuable extracted features.
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3.4.2. Model Architecture

SSD extends the pre-trained VGG-16 model (on ImageNet [10]) by adding new convolutional
layers conv8_2, conv9_2, conv10_2, conv11_2 in addition to using the modified conv4_3 and fc_7 layers
to extract useful features. Each layer is designed to detect objects at a certain scale using k anchor
boxes, where 4k offsets and c class probabilities are computed by using 3 × 3 filters. Thus, given a
feature map with a size of m × n, the total number of filters to be used is kmn(c + 4). The anchor boxes
are chosen manually. Here, we use the original formula, as follows, to calculate anchor box scales at
different levels.

sk = smin +
smax − smin

m − 1
(k − 1) (3)

k ∈ [1, m] where smin = 0.2 and smax = 0.9.

3.5. RetinaNet

RetinaNet [22] is another one-stage detector. It aims to tackle the class imbalance problem between
foreground and background remaining in one-stage detector. RetinaNet uses two main techniques:
FPN backbone and focal loss as the loss function. FPN is built on top of a convolutional neural
network and is responsible for extracting convolutional feature maps from the entire image. By using
focal loss, RetinaNet changes weights in the loss function, focuses on hard, misclassified examples,
which improves the prediction accuracy. With ResNet (FPN) as a backbone for feature extraction
and two specific subnetworks for classification and bounding-box regression, RetinaNet has achieved
state-of-the-art performance.

3.5.1. Class Imbalance

As a one-stage detector, RetinaNet has a much larger set of candidate object locations which is
regularly sampled across an image (∼100 k locations), covering spatial positions, scales and aspect
ratios tightly. The easily classified background examples still dominate the training procedure.
Bootstrapping or hard example mining is typically used as a solution for this problem. However, they
are not efficient enough. To solve this, RetinaNet proposes a new loss function which can adaptively
tune the contributed weights of object classes during training.

3.5.2. Focal Loss

Focal loss is computed by adding (1 − pi)
γ to cross-entropy loss as a modulating factor.

k

∑
i=1

(yilog(pi)(1 − pi)
γ) + (1 − yi)log(1 − pi)pγ

i ) (4)

3.5.3. RetinaNet Detector Architecture

RetinaNet adopts ResNet for deep feature extraction. ResNet builds a rich multi-scale feature
pyramid from an input image of single resolution by using Feature Pyramid Network (FPN) [33].
It combines low-resolution, high-resolution, and semi-weak characteristics through a top-down
pathway and lateral connections.

3.6. YOLO: You Only Look Once

YOLO is an object detection system targeted for real-time processing. Recently, the third version
of YOLO has been published, YOLOv3 is extremely fast and accurate. In mAP measured at 0.5 IOU
YOLOv3 is on par with focal loss but about 4 × faster.

YOLOv3 takes an input image to predict 3D tensors respectively to three scales and each scale is
divided into N × N grid cells. During training, each grid cell considers a class that it likely is and be
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responsible for detecting that class. Simultaneously, each grid cell is assigned with 3 initial prior boxes
with various sizes. Finally, non-max suppression is applied to select the best boxes.

3.6.1. Feature Extraction

YOLOv3 uses a variant of Darknet, which originally has a 53-layer network trained on ImageNet.
According to [23], Darknet-53 is better than ResNet-101 and 1.5 × faster. Darknet-53 has a performance
similar to ResNet-152 and is 2 × faster.

3.6.2. Detection at Three Scales

YOLOv3 is different from its predecessors since it performs the detection process at three different
scales. In YOLOv3, the detection is done by applying 1 × 1 detection kernels on feature maps of
three different sizes at three different places in the network. YOLOv3 makes prediction at three scales,
which are precisely given by down sampling the dimensions of the input image by 32, 16 and 8,
respectively. Detections at different layer helps address the issue of detecting small objects, a common
issue in YOLOv2.

3.6.3. Objective Score and Confidences

The object score illustrates the probability that an object is contained inside a bounding box and
its value ranging from 1 to 0. A sigmoid is applied to compute the objectness scores. In terms of
class confidences, they depict the probabilities of the detected object which belongs to a particular
class. In YOLOv3, Non-maximum Suppression (NMS) is used to decide a class score and it is meant to
alleviate the problem of multiple detections of the same object.

3.7. CenterNet

One-stage and two-stage detection have limitations: anchor box is designed with manual
proportions that are easily affected by data and fixed during training. This requires a high
computation cost, but the anchors are not always accurate. To address that, recently a series
of anchor-free methods [34–36] are proposed. CenterNet [37] is a one-stage detector, anchor-free
method. Reference [37] proposed a new center-based framework based on a single Hourglass network
without FPN structure [38]. The object is represented by the central point of the bounding box.
Other information is calculated by regression such as object size, dimension, and pose.

3.7.1. Object as Points

CenterNet considers the center point of an object as a prerequisite to localize the bounding box.
As a result, Reference [37] use a keypoint estimator ŷ to predict all center points and single a single
size prediction for all object categories to alleviate the computational burden.

3.7.2. From Points to Bounding Boxes

CenterNet identifies the peak points in the heatmap before detecting all the values meet or greater
than its 8-related neighbors and keep the top 100 points. Subsequently, each keypoint location is
given by an integer coordinate (xi, yi) and the key point estimator value as a measure of its detection
confidence is applied to produce the bounding box as below:

(x̂i + δx̂i − ŵi/2, ŷi + δŷi − ĥi/2, x̂i + δx̂i + ŵi/2, ŷi + δŷi + ĥi/2), (5)

where (δx̂i, δŷi) = Ôx̂i ,ŷi
is the offset prediction and (ŵi, ĥi) = Ŝx̂i ,ŷi

is the size prediction [37].
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4. Benchmark Experiments

In this section, we first introduce the benchmark dataset and the evaluation metrics. We then
detail the model configuration and discuss the experimental results.

4.1. Dataset

VisDrone2019 dataset [39] consists of 288 videos with 261,908 frames and 10,209 static images that
do not match the frames of videos. Data is collected from unmanned aerial vehicles such as DJI Mavic,
Phantom series (3, 3A, 3SE, 3P, 4, 4A, 4P). The videos and images are collected at different times of
day. The frames in the videos have the highest resolution of 3840 × 2160 and the still image is 2000 ×
1500. Some images in the dataset are shown in the Figure 3. VisDrone2019 includes ten predefined
categories of objects: pedestrian, person car, van, bus, truck, motor, bicycle, awning-tricycle, and tricycle.
Only the training data is released by the contest organizers. In this paper, we use 56 clips of VID-train
data, with 24,313 frames of the VisDrone2019 dataset as training data; and 7 clips of VID-val, with 2860
frames for model evaluation.

Figure 3. Some exemplary frames of videos in the VisDrone2019 dataset [39].

The number of unbalanced objects between classes is as follows. In VID-train, pedestrian (234,305),
people (94,396), bicycle (40,255), car (505,301), van (46,940), truck (30,498), tricycle (28,338), awning-tricycle
(13,011), bus (9653) and motor (102,819). In VID-val, pedestrian (32,404), people (17,908), bicycle (6842),
car (31,821), van (6842), truck (1359), tricycle (3769), awning-tricycle (1718), bus (264) and motor (12,025).
The class distribution of Visdrone VID is depicted in Figure 4. As a quick glimpse through the training
set, there are the wide discrepancy in terms of the weather, the light source direction and the time
interval as well as the drone motion in Figure 5.
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Figure 4. The class distribution in Visdrone VID-Train, Val Dataset.

Figure 5. Some example images of the challenge.

4.2. Evaluation Metrics

In this work, we use the Average Precision (AP) measurement [3,40], the commonly used metric
to assess object detection accuracy. Given two bounding boxes, one for ground truth (the actual
class label) and one for the detection result (the predicted class label), we use the Intersection over
Union (IoU) to calculate the similarity between the two boxes and the score of the predicted box. It is
computed as the intersected area (Si) divided by the union (Sj) of the two areas. An IoU threshold η

indicates whether the prediction is an object or not. If the actual class label is the predicted class label
and IoU > η, it is considered a positive else it is considered a negative.

IoU =
Si ∩ Sj

Si ∪ Sj
(6)

The AP computes the average precision value for recall value over 0 to 1. The mean Average
Precision (mAP) is computed by taking the average over the AP of all classes. Precision is the
proportion of the predicted bounding boxes matching actual ground truth. Recall is the proportion of
ground-truth objects being correctly detected. For object detection, we report the performance results
with AP (IoU = 0.50), AP (IoU = 0.75). The AP [3] summarizes the shape of the precision/recall curve,
and is defined as the mean precision at a set of 11 equally spaced recall levels [0, 0.1, . . . , 1]:

AP =
1
11

× ∑
r∈{0,0.1,...,1}

pinterp(r) (7)
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where:
pinterp(r) = maxr̃:r̃≥r p(r̃) (8)

4.3. Model Configuration

To make a fair comparison, namely each detection model at its best, we adjust the model’s
parameters following the recommendation of [41–43]. We provide the detailed configuration as below.

• For YOLOv3, we have trained a new model which adopts darknet53 (YOLOv3 code is available
at: https://github.com/AlexeyAB/darknet) as pre-trained weights for the convolutional layers.
In implementation, YOLO v3 uses a total of 9 anchors with three for each scale. It assigns the
three biggest anchors for the first scale, the next three for the second scale, and the last three for
the third. As we aim to detect effectively on 3 scales, we recalculate nine anchors correspondingly.

• For RetinaNet, we used ResNet152 as backbone model and changed anchor parameters
(RetinaNet code is at: https://github.com/fizyr/keras-retinanet).

• SNIPER is the new architecture that allows us to improve AP by using negative chip mining.
We adopt the available model (SNIPER code is at: https://github.com/mahyarnajibi/SNIPER).
We extracted the required proposals for chip selection.

• For SSD, we used VGG16 as the pre-trained model and adjusted the aspect ratio used in the
original SSD300 (SSD code is at: https://github.com/pierluigiferrari/ssd_keras).

• We trained Faster R-CNN (Faster R-CNN code is available at:https://github.com/rbgirshick/py-
faster-rcnn ), RFCN (RFCN code is at: https://github.com/YuwenXiong/py-RFCN), CenterNet

(CenterNet code is at: https://github.com/xingyizhou/CenterNet) with default parameters.

Table 1 summarizes the detailed configuration. All models are trained or finetuned by using
GeForce RTX 2080 Ti 11GB GPU run on Ubuntu 16.04.5 LTS OS.

Table 1. Configuration of SNIPER, RetinaNet, YOLOv3 and SSD.

Architecture
Configuration

Attribute Default Adjusted

RetinaNet

Base size
Strides
Ratios
Scales

32 64 128 256 512
8 16 32 64 128
0.5 1 2
1 1.2 1.6

32 64 128 256 512
8 16 32 64 128
0.5 1 2
0.5 1 1.2 1.6 2.0

YOLOv3 Anchors

10, 13,
16, 30,
33, 23,
30, 61,
62, 45,
59, 119,
116, 90,
156, 198,
373, 326

20, 310,
35, 626,
20, 3751,
69, 1135,
92, 2038,
54, 6129,
50, 8045,
107, 12908,
117, 15654

SSD Ratio

[2],
[2, 3],
[2, 3],
[2, 3],
[2],
[2]

[1.0, 2.0, 0.5]
[1.0, 2.0, 0.5, 3.0, 1.0/3.0]
[1.0, 2.0, 0.5, 3.0, 1.0/3.0]
[1.0, 2.0, 0.5, 3.0, 1.0/3.0]
[1.0, 2.0, 0.5]
[1.0, 2.0, 0.5]

SNIPER Scales
[1400, 2000]
[800, 1280]
[480, 512]

[1600, 2200]
[800, 1280]
[480, 512]

4.4. Results

As aforementioned, we benchmark six state-of-the-art methods: Faster R-CNN, RFCN, SSD with
default parameters and SNIPER, YOLOv3, RetinaNet with adjusted parameters which is presented in
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detail in Table 1. Table 2 shows the training time of the methods. RFCN and YOLOv3 take the least
training time. Meanwhile, SSD requires a remarkable time for training. Table 3 shows the runtime
performance of different methods. SSD and YOLOv3 achieve the fastest running time among the rest.
In the meantime, RFCN only processes 1.75 frames per second. One-stage object detectors clearly run
faster than the two-stage ones.

Table 2. Training time of Faster R-CNN, RFCN, SNIPER, RetinaNet, YOLOv3, SSD with VisDrone2018
on GeForce RTX 2080 Ti GPU.

Architecture Training Time (hours)

Faster R-CNN 8.20
RFCN 4.30

SNIPER 62.50
RetinaNet 10.61
CenterNet 5.3
YOLOv3 4.70

SSD 251.18

Table 3. Runtime performance of Faster R-CNN, RFCN, SSD, YOLO, SNIPER, RetinaNet with
VisDrone2019 on GeForce RTX 2080 Ti GPU.

Architecture FPS (Frames Per Second)

Faster R-CNN 2.78
RFCN 1.75

SNIPER 7.6
SSD 76.9

YOLOv3 7.5
RetinaNet 5.9
CenterNet 7.1

Figure 6 visualizes the detection results of benchmarking methods. As a closer look, Tables 4 and 5
show the detailed results of six methods and the average performance with a threshold of IoU set as
0.5 and 0.75, respectively. In accordance with Table 4 (IoU = 0.5), CenterNet, RetinaNet and SNIPER
are the only three algorithms achieving more than 25% mAP score. YOLOv3 ranks in the fourth with
more than 20% mAP score. We observe that SSD is inferior, and RFCN performs better than Faster
R-CNN. SSD performs the worst, only producing 10.80% mAP score. However, SSD ranks in the third
with 9.10% on the bus class. As seen in Table 5 (IoU = 0.75), SNIPER, CenterNet and RetinaNet are the
only three algorithms achieving more than 11% mAP score. RFCN ranks in the fourth with more than
8% mAP score. We observe that YOLOv3 performs the worst (3.20% mAP score). In the meantime,
Faster R-CNN performs better than SSD.
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Figure 6. Visualization results of different object detection methods. Color legend: car, truck, bicycle,
van, moto, pedestrian, people, bus, tricycle, awning-tricycle. Best view in high 400% resolution.

Regarding the performance, YOLOv3 has good performance with 7.5 FPS and 25.08 mAP
(IoU = 0.5) then it drops rapidly to 3.2 mAP (IoU = 0.75) because YOLOv3 is does not perform
well at localization. Instead, YOLOv3 is well-known for its runtime performance. We have performed
the detection of YOLOv3 and realized the small confidence score for each object (<30%) due to the
similarity of features. Therefore, we literally set the low confidence for the object detection demand
with this YOLOv3. Meanwhile, CenterNet, RetinaNet and SNIPER achieve better detection results.

Table 4. The AP (IoU = 0.50) scores on the VisDrone2019 Validation set of each object category. The top
three results are highlighted in red, blue and green fonts.

Detectors Pedestrian People Bicycle Car Van Truck Tricycle A-Tricycle Bus Motor mAP

Faster R-CNN 21.36 11.02 16.97 46.85 18.72 16.96 12.22 10.81 9.09 11.13 17.51
RFCN 21.20 7.05 16.16 44.22 20.12 28.10 19.45 15.21 13.28 10.76 19.55

SNIPER 37.97 23.74 34.73 56.51 31.90 6.72 21.05 14.60 12.86 22.39 26.24
SSD 13.20 5.50 12.70 36.90 9.60 7.70 1.30 9.10 9.10 4.60 10.97

YOLOv3 32.64 16.92 36.94 51.67 33.65 12.83 8.97 26.01 4.87 26.36 25.08
RetinaNet 50.21 31.14 23.53 52.05 27.27 23.92 21.16 23.55 8.97 20.81 28.26
CenterNet 56.74 37.37 27.06 59.86 30 27.51 24.33 26.61 9.87 23.52 32.28
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Table 5. The AP (IoU = 0.75) scores on the VisDrone2019 Validation set of each object category. The top
three results are highlighted in red, blue and green fonts.

Detectors Pedestrian People Bicycle Car Van Truck Tricycle A-Tricycle Bus Motor mAP

Faster R-CNN 3.30 0.71 9.09 19.12 9.09 9.09 1.64 3.03 9.09 0.95 6.51
RFCN 3.03 1.40 2.60 24.85 11.31 12.45 9.09 2.13 9.30 9.09 8.52

SNIPER 17.71 12.16 20.08 46.10 27.21 5.21 12.46 8.39 12.24 8.06 16.96
SSD 6.10 0.10 9.10 18.00 7.10 3.40 0.60 9.10 9.10 0.60 6.32

YOLOv3 4.03 1.22 1.27 9.44 1.94 4.67 2.36 4.78 1.43 0.95 3.20
RetinaNet 11.01 2.20 5.89 34.86 17.58 17.62 4.76 9.86 6.28 2.94 11.30
CenterNet 12.55 2.64 6.77 41.48 20.57 20.97 5.47 11.44 7.16 3.26 13.23

4.5. Analysis of Feature Maps Extraction

Figure 7 depicts feature maps of Faster R-CNN, RFCN, SSD, YOLO, SNIPER, RetinaNet,
and CenterNet, on a real aerial image. We extracted feature maps at the final convolution layer.
These feature maps offer deeper insights into how different methods capture object features from the
aerial viewpoint.

As also seen from Figure 7, SNIPER, RetinaNet as well as CenterNet produce optimal feature
maps. We observe that the object shapes are well captured with larger values, whereas the
background is with smaller values. This is because focal loss is adept at learning imbalanced
classes (foreground/background) while chip mining is extracted from a proposal network trained
for a short training schedule, which identifies regions where objects are likely to be present.
Simultaneously, keypoint estimation of CenterNet is considered to be the essential factor that facilitates
finding center points and regresses to all other object properties, such as size, location, orientation.

Regarding YOLO and SSD: in the feature map obtained by SSD, the object shapes are not clear,
and the edges of objects are not preserved. This explains why this method detects aerial objects
inaccurately which is ascribed to shallow layers in a neural network. Simultaneously, the features
maps extracted by YOLO is better than SSD’s ones where object regions are more prominent from the
background. However, the edges of the objects are still blurred.

As far as Faster R-CNN and RFCN feature maps are concerned, the object shapes are well
preserved but are not clearly distinguished from the background. This is due to the variance of various
angles of images, which is considered to be an obstacle of early feature extractors.

(a) Input Image (b) Faster R-CNN (c) RFCN (d) SNIPER

(e) SSD (f) YOLOv3 (g) RetinaNet (h) CenterNet
Figure 7. Visualization of feature maps from different state-of-the-art object detection models.
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4.6. Discussion

SSD is a unified object detector, which adopts a multi-scale approach. SSD uses a VGG16
network as a feature extractor and adds eight convolutional layers and ten layers separately, it also
uses convolutional layers to reduce spatial dimension and resolution. To detect multi-scale objects,
SSD makes independent object detections from multiple feature maps. Aspect ratios in SSD which are
used as the anchor box scaling factors, so we widen the ratios range to ensure most objects could be
captured. The higher resolution feature maps are responsible for detecting small objects, the first layer
for object detection is conv4_3 which has a spatial dimension of 38 × 38, a pretty large reduction from
the original input image. Furthermore, small objects can only be detected in left most feature maps.
However, those maps contain low-level features, like edges or color patches that are less informative
for classification. Shallow layers in a neural network may not generate enough high-level features to
predict small objects [27]. Therefore, SSD usually performs worse for small objects compared to other
detection methods. Although SSD is the penultimate detector, it achieves the second with 12.7% on the
bicycle class, the third with 5.5% on the people class, 9.1% on the awning-tricycle class, 9.10% on the bus
class and 4.6% on the motor class.

SSD is competitive with Faster R-CNN, RFCN on more substantial objects, which has poor
performance on small objects. Faster R-CNN combines the Region Proposal Network (RPN) into
Fast R-CNN. RPN produces box proposals based on the feature extractor. These box proposals
are used to crop features from the same intermediate feature map. They fed to the remainder of
the feature extractor to predict a class and refine box for each proposal. RFCN is similar to Faster
R-CNN. RFCN crops features from the last feature layer before prediction to reduce the amount
of computation. RFCN proposed a position-sensitive mechanism to keep translation variance for
localization representations. Faster R-CNN has a mAP of 17.51%. Faster R-CNN ranks in the third
with 16.96% on the truck class. RFCN has much better performance than Faster R-CNN and SSD,
producing 19.55% AP. RFCN achieves the first with 28.10% on the truck class and 13.28% on the bus
class, which ranks in the third with 19.45% on the people and 15.21% on the awing-tricycle class.

As far as the outstanding detectors are concerned, CenterNet, RetinaNet and SNIPER are the
three algorithms that top the statistics in both IoU thresholds (0.5 and 0.75). CenterNet ranks first with
32.28%, followed by RetinaNet with 28.26% in case the threshold of IoU = 0.5. Paradoxically, in case
the threshold of IoU = 0.75, which favors high accurate results, the figure for SNIPER overtakes that
for CenterNet and achieves the best performance.

In particular, CenterNet achieves outstanding results in the benchmark dataset with both IoU
thresholds. Please note that CenterNet object detector builds on keypoint estimation networks, finds
object centers, and regresses to their size. The experimental results show that CenterNet works well
with small IoU threshold, 0.5. Regarding SNIPER, the valid range, boxes, which the square root of
their area lies in each range are marked as valid in that scale. Therefore, we increased the valid range
to significantly detect objects in various sizes (small, medium and large objects) as shown in Table 1.
Simultaneously, chip mining plays an important role in eliminating regions that are likely to contain the
background and this measure could adapt to each viewpoint hence alleviating the drawback of diverse
scales. As a result, these enhancements cooperate with the pyramid feature map to surpass other
detectors in terms of average precision. In particular, at the 0.75 IOU threshold, SNIPER outperforms
YOLOv3, with 16.96% and 3.2% respectively. This is mainly because YOLOv3 is inferior in terms of
localization. Regarding Retina, by changing anchors, RetinaNet has an increment in terms of AP, 2.3%
for people class. A scale adjustment has widened the variety of scaling factors to use per anchor location
which could improve detection for the diverse size objects. Concurrently, the focal loss is designed to
address a severe imbalance between foreground and background classes during training, as a result,
this approach could tackle the problems of the unbalanced dataset, in which the number of training
samples for car and bus classes outnumbers those from other classes.
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5. Conclusion and Future Work

In this paper, we experimented the state-of-the-art object detection methods, namely Faster
R-CNN, RFCN, SSD, YOLO, SNIPER, RetinaNet, and CenterNet, on aerial images. Among them,
CenterNet, SNIPER and RetinaNet achieve the best performance in terms of average precision.
Concurrently, YOLO is considered to be the optimal choice for real-time object detection applications
which require the high FPS and moderate precision in detecting object. We notice the main challenges
in the problem, for example, occlusion, scale, and class imbalance. From the aerial view, many objects
are occluded, and their sizes are varied. We also notice the class imbalance issue during the training
process. For example, most of the detectors perform much better on the car and pedestrian classes
than on the awning-tricycle, tricycle, and bus classes due to more instances collected in the car and
pedestrian classes.

In the future, we would like to investigate the fusion of different object detectors to even boost the
state-of-the-art performance. In addition, we are interested in the task of aerial image segmentation.
Obviously, the bounding boxes provided by the object detectors are very useful for the segmentation
task. We also consider adopting the use of transfer learning [44] to consolidate and enhance the
efficiency of training time.
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PASCAL Pattern Analysis, Statistical modelling and ComputAtional Learning
PASCAL-VOC PASCAL Visual Object Classes Dataset
MS-COCO Microsoft Common Objects in Context Dataset
ILSVRC ImageNet Large Scale Visual Recognition Challenge
ROI Region of Interests
VGGNet Visual Geometry Group Network
ZFNet Zeiler Fergus Networks
CNN Convolutional Neural Networks
R-CNN Regional CNN
SSD Single-Shot Detector
YOLO You Only Look Once Detector
RFCN Region-based Fully Convolutional Networks
SNIPER Scale Normalization for Image Pyramids with Efficient Resampling
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Abstract: In the automatic sorting process of express delivery, a three-segment code is used to
represent a specific area assigned by a specific delivery person. In the process of obtaining the courier
order information, the camera is affected by factors such as light, noise, and subject shake, which will
cause the information on the courier order to be blurred, and some information will be lost. Therefore,
this paper proposes an image text deblurring method based on a generative adversarial network. The
model of the algorithm consists of two generative adversarial networks, combined with Wasserstein
distance, using a combination of adversarial loss and perceptual loss on unpaired datasets to train the
network model to restore the captured blurred images into clear and natural image. Compared with
the traditional method, the advantage of this method is that the loss function between the input and
output images can be calculated indirectly through the positive and negative generative adversarial
networks. The Wasserstein distance can achieve a more stable training process and a more realistic
generation effect. The constraints of adversarial loss and perceptual loss make the model capable of
training on unpaired datasets. The experimental results on the GOPRO test dataset and the self-built
unpaired dataset showed that the two indicators, peak signal-to-noise ratio (PSNR) and structural
similarity index (SSIM), increased by 13.3% and 3%, respectively. The human perception test results
demonstrated that the algorithm proposed in this paper was better than the traditional blur algorithm
as the deblurring effect was better.

Keywords: image deblurring; generative adversarial network; Wasserstein distance; adversarial loss;
perceptual loss

1. Introduction

Image restoration [1] is an important research direction in image processing. It is a technique to
study the cause of degradation and establish a mathematical model to restore high-quality images in
response to the degradation in the image acquisition process. Image deblurring [2,3] is also a kind of
image restoration. It is mainly aimed at the blurring effect caused by the relative displacement between
the photographed object and the device due to camera shake or noise interference. The texture is
also clearer and more natural. With this technology, low-quality blurred images can be restored to
high-quality clear images. At present, there are many methods applied in the field of image deblurring.
However, due to the high-quality requirements of image deblurring, image deblurring is still a very
challenging research direction.

With the continuous development of human industrial technology, the application of characters
on workpieces in the industrial field is also very important. The on-site environment in an industrial
site is chaotic and complex. Factors such as camera shake, subject movement, light, and on-site noise
will cause the image captured by the camera to appear blurred. The integrity of the information is
urgently required in industrial sites. Solving this problem also has practical significance and application
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value. In the intelligent express sorting system, as long as the express code is obtained, you can know
the area where the express was sent by the courier. If these courier slips are missing, guessing the
information with the naked eye is not only cumbersome and heavy but also inefficient. If you can
use a computer to automatically recover the blurred image information and automatically restore
the blurred three-segment coding from the express order to a clear image, then you can reduce the
manpower and material resources for manual data processing. Therefore, it is very important to deblur
the fuzzy express image information in the automatic sorting system.

In recent years, with the rapid development of deep learning, a large number of scholars have
researched image deblurring methods based on machine learning, and all have achieved good results [4].
In many studies, the image deblurring method based on generative adversarial network (GAN) has
been widely recognized. This not only takes into account the rationality of image texture details
but also considers the uniformity of the overall image structure. Therefore, this paper proposes an
image deblurring method based on the generative adversarial network. Firstly, in order to eliminate
the difference between the real blurred image and the generated blurred image, we established an
unpaired dataset and solved the image deblurring problem based on this. Then, a GAN model was
established, which consisted of two generative adversarial networks. For the conversion of blurred
images to clear images and the conversion of clear images to blurred images, the loss function was
optimized by combining adversarial loss and perceptual loss. Finally, a stable network model was
obtained by iteratively training the GAN model on unpaired datasets. During each training process,
the model was updated to achieve a better deblurring effect.

The specific sections of the article are as follows. Section 2 briefly introduces the related work on
image deblurring. Section 3 presents the network model proposed in this paper and explains each
part of the model in detail. Section 4 gives the experimental demonstration, and Section 5 gives the
summary of this article and future expectations.

2. Related Works

With the popularization of handheld devices and multimedia communication technology, image
deblurring technology avoids further increasing the high cost of the device as well as noise interference
between redundant components. It has broad application scenarios and strong technical advantages.
If we can first use the deblurring method to restore the corresponding clear image and then use
the restored image as the input of the subsequent neural network, the accuracy of the output of the
algorithm will be greatly improved. Therefore, image deblurring technology, as an important part of
computer vision data preprocessing, has also become a research hotspot in the field of computer vision
and computer graphics.

At present, there are two main research methods for image deblurring. One is the nonblind
deblurring method, which uses a known blur kernel function that directly deconvolves the degraded
model of the blurred image to obtain a restored high-definition image. The other is the blind deblurring
method, which is used when the fuzzy process is unknown. A brief introduction of these two methods
is as follows.

The nonblind deblurring method is a more traditional image deblurring method. It first obtains
the blur kernel information through a certain technique and then deconvolves the blur image according
to the obtained blur kernel to restore a high-definition image. The classic deconvolution algorithms
include the Lucy–Richardson algorithm, the Wiener filter, and the Tikhonov filter.

In reality, in most cases, the fuzzy function is unknown. Therefore, it is necessary to make
assumptions on the fuzzy source and parameterize the fuzzy function. The most common assumption
is that the blur is uniformly distributed on the image. For example, the method proposed by
Fergus et al. [5] achieved groundbreaking results, and the literature [6–8] has been optimized based on
it. In addition, there are some methods for dealing with cases where the blur is unevenly distributed
on the image, but this type of algorithm also simplifies the problem from different angles. For example,
Whyte et al. [9] used a parametric geometric model to model camera motion, and Gupta et al. [10]
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assumed that blur was caused solely by 3D camera motion. These traditional methods have achieved
certain effects. However, because the model makes too many assumptions, they have a lot of limitations
in the application scene and cannot solve the problem of image blur caused by various complicated
factors in actual life.

With the development of deep learning in the field of computer vision, scholars everywhere
have begun to use deep learning to deal with image deblurring. Earlier works were still based on
the idea of nonblind deblurring, allowing neural networks to estimate fuzzy kernel information. For
example, Sun et al. [11] used a convolutional neural network (CNN) to estimate the fuzzy kernel and
then restored the image based on the estimated fuzzy kernel. Chakrabarti et al. [12] used de-CNN to
predict the Fourier coefficients of the fuzzy kernel and deblurred the image in the frequency domain.
Gong et al. [13] used a full convolutional network (FCN) to estimate the motion flow of the entire
image and restored a blurred image based on it. Due to the use of a nonblind deblurring algorithm,
the above methods need to obtain a clear image after obtaining the estimated fuzzy kernel through
CNN and then use a traditional deconvolution algorithm to deconvolve the blurred image. This leads
to slow running speed of the algorithm, and the restoration effect depends entirely on the estimation
results of the blur kernel.

In recent years, with the deep prospect of deep learning in the areas of image semantic repair and
image compression [14], more and more scholars have discovered that the work that neural networks
can cover is far more than just estimating fuzzy kernels. In 2017, Nah et al. [15] proposed the use
of multiscale convolutional neural networks to directly deblur images. They used an end-to-end
training method to allow the network to directly reproduce clear images without first estimating
the blur function. This type of method is called the blind deblurring method. Compared with the
previous method, this method greatly improves the model effect and running speed. Other similar
methods are those proposed by Noroozi et al. [16], Ramakrishnan et al. [17], and Yao et al. [18,19]. Later,
Kupyn et al. [20] proposed the use of conditional generative adversarial networks (CGAN) to deblur
images. They followed the basic structure of pix2pix, a general framework for image translation tasks
proposed by Isola et al. [21], and modified it to obtain the DeblurGAN image deblurring algorithm
model. This model obtained better image deblurring effect than the multiscale convolutional neural
network used by Nah et al. At the same time, the network structure was simpler and faster. To some
extent, this reflects the fact that the generative adversarial network really performs well on image
deblurring tasks.

In this paper, an image deblurring method based on GAN is proposed for unpaired datasets.
Because there is no blur–clear image pair in unpaired datasets, a single GAN cannot directly calculate
the loss function. Therefore, the proposed model uses two generations. Adversarial networks can
realize the mutual conversion between blur and clear images and indirectly calculate the loss function
between the input and output images. Therefore, the model has the ability to train and learn on
unpaired datasets. At the same time, a loss function that combines adversarial loss and perceptual loss
is used for training, making the image generated by the model clearer and more real.

3. Image Deblurring Model

In order to eliminate the difference between the real blurred image and the blurred image
synthesized by the algorithm, as well as to achieve a better image deblurring effect in the real industrial
scene, we used the CycleGAN structure [22] on the premise of having an unpaired dataset. An image
deblurring model based on a generative adversarial network was established. The overall structure of
the model is shown in Figure 1. This model consists of two generative adversarial networks A and B,
which are used to achieve the conversion from blurred images to clear images and from clear images
to blurred images. A and B networks are composed of their respective generators and discriminators.
The model also adds a loss function to the network that combines adversarial loss and perceptual loss.
Such a model just constitutes a cyclic structure consisting of clear-> blur-> clear and blur-> clear->
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blur, which better constrains the content of the generated sample. This article will introduce each part
of the model separately.

 

Figure 1. The overall structure of the model.

3.1. Structure of GAN

3.1.1. Generator Model

In generative adversarial networks, generative networks are the key. In previous studies, some
classic network structures [23,24] have also achieved outstanding results. Among them, the deep
residual network structure has achieved better performance in generating high-definition image tasks
because it can greatly increase the number of layers in the network, as shown in [25,26]. The deep
residual network was proposed by He et al. [24] in 2016. It is composed of several residual block
(ResBlock) and other layers. After using the residual module, the number of layers of the network can
be greatly deepened without the phenomenon of difficult model convergence, model degradation, and
disappearance of gradients. Therefore, we used the deep residual network structure as the network
structure of the generator. In addition, we added global skip connection [27] to the generative network.
Global skip connection can directly connect the input of the entire network to the output. Therefore,
the intermediate network only learns the residual between the output and the input, thereby reducing
the amount of network learning and making the network converge faster and fit to improve the
generalization ability of the model.

On the specific network structure, combined with CycleGAN, deep residual network, and global
skip connection, the network contains 22 convolutional layers and two deconvolutional layers. A batch
normalization (BN) layer [28,29] is added after each convolutional layer. The activation function uses a
linear rectification (ReLU) function. The network structure of the generator is shown in Figure 2.

Figure 2. Generator network.

3.1.2. Discriminator Model

Compared with the generator, the task of the discriminator is to learn the difference between the
generated sample and the real sample, including whether the structure in the picture is natural and
the content is clear. In order to more accurately measure whether the samples are clear and natural,
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we used PatchGAN, proposed by Isola et al. [21], as the discriminative network structure. Because
PatchGAN pays more attention to the local information of the image, the generated image details are
more abundant, and the visual effect is more realistic. Unlike the original PatchGAN, we removed
the last Sigmoid function activation layer of the original PatchGAN and used Wasserstein distance
instead of the original loss function. PatchGAN is unique in that it pays more attention to the local
information of the image, which makes the generated image richer with detailed information and the
visual effect more realistic.

Because the input of PatchGAN is an image block, we used a sliding window with a size of 70 × 70
to traverse the entire generated sample. Each image block can output a value through PatchGAN, and
the average value of all image blocks can then be obtained with the authenticity of the entire image.
The structure of the entire discrimination network is shown in Figure 3.

 

Figure 3. Discriminator network.

3.2. Loss Function of Network

The loss function is the most basic and critical factor in deep learning. By rationally designing the
loss function and continuously optimizing it, the network can learn what they should learn without
a clear image, thereby achieving a deblurring effect. In this work, the loss function of the entire
network is a combination of adversarial loss [30] and perceptual loss. With these two loss functions, the
generator can produce clear and realistic images. For the convenience of description, in the following
content, Z is used to represent the samples in the clear image set, T is the samples in the blur image set,
and N is the number of samples.

3.2.1. Adversarial Loss

Adversarial loss refers to the loss function between two generative adversarial networks A and B.
For A, its role is to make the generated image as realistic and clear as possible, and for B, its role is to
make the generated sample have as realistic motion blur as possible. In the development of generative
adversarial networks, various adversarial loss functions have appeared, including cross-entropy loss
functions [31], squared loss functions [32], and Wasserstein distance loss functions [33]. Because
WGAN-GP [33,34] uses the Wasserstein distance loss function as the adversarial loss of the network
and increases the gradient penalty term for discriminating the network, it has achieved the most
stable training effect at present. Therefore, we used the Wasserstein distance loss function for the
confrontation loss. The calculation process of the adversarial loss is shown in Figure 4.
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Figure 4. The calculation process of adversarial loss.

The formulas of the two generative adversarial networks are shown in Equations (1) and (2).

LGAN(A) =
1
N

N∑
n=1

[DA(T) −DA(GA(Z))] (1)

LGAN(B) =
1
N

N∑
n=1

[DB(Z) −DB(GB(T))] (2)

In the above formula, GA(Z) represents the sample generated by the generator in network A on
the clear image set Z, and GB(T) represents the sample generated by the generator in network B on
the blurred image set T. DA(T) represents the probability that the discriminator in network A judges
whether the blurred image set T is a real image. DB(Z) represents the probability that the discriminator
in network B judges whether the clear image set Z is a real image.

3.2.2. Perceptual Loss

Perceptual loss has the ability of visual perception close to the human eye. Compared with other
pixel-level loss functions, it can make the generated image look more realistic and natural. Perceptual
loss was originally proposed by Johnson et al. [35], and it has achieved good results in multiple
application areas, such as image style transfer [35], image segmentation [36,37], image super-resolution
reconstruction [26,38], and image deblurring [20]. The calculation of the perceptual loss depends on
the visual geometric group (VGG) network [39]. The specific calculation steps are as follows. First,
input two images to be tested, namely, a real image and a generated image, into a pretrained VGG
network. Then, extract the feature map output by one or several convolutional layers from the VGG
network. Finally, calculate the mean square error (MSE) on the feature maps corresponding to the two
images to be tested. In this work, the feature map output from the eighth convolution layer in the
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VGG-16 network was selected to calculate the perceptual loss. The calculation process is shown in
Figure 5. The formula is shown in Equation (3).

Lper(GA, GB) =
1
N

N∑
n=1

[
1

shwϕ(GB(GA(Z))) −ϕ(Z)2
2

+ 1
shwϕ(GA(GB(T))) −ϕ(T)2

2

] (3)

 
Figure 5. The calculation process of perceptual loss.

Here, ϕ represents the feature map output from the eighth convolutional layer of VGG-16, and s,
h, and w represent the number of channels, height, and width of the feature map, respectively.

In summary, the overall loss function of the network is the result of the weighted summation of
the above two loss functions, and the formula is shown in Equation (4).

L(A, B, Z, T) = LGAN(GA, DA, Z, T) + LGAN(GB, DB, T, Z) + μLper(GA, GB) (4)

In the above formula, μ represents the weight of the perceptual loss function. As with the
original generative adversarial network, the generator needs to minimize the loss function, and the
discriminator needs to maximize the loss function. Therefore, the result of the optimal generator is
as follows:

GA
′, GB

′ = arg min
GA,GB

max
DA,DB

L(A, B, Z, T) (5)

3.3. Algorithm Implementation

In the algorithm implementation process of the entire network model, the role of Discriminator1
and Discriminator2 is to provide gradients for Generator1 and Generator2 to guide its optimization
process. The role of generative network B is to realize the conversion from clear images to blurred
images and assist generative network A to complete the learning process so that A can generate
and input consistent samples. After Discriminator1, Generator2, and Discriminator2 complete their
respective auxiliary work, Generator1 is responsible for restoring the input blurred image into a clear
image as the output result of the entire algorithm model. In the model training process, we used the
buffer pool strategy proposed by Shrivastava et al. [40] to reduce model oscillation. When updating
the parameters of the discriminant network, the historical samples generated by the generator and the
new samples generated in this iteration were used as the input of the discriminative network, thereby
increasing the stability of the model. The size of the generated sample buffer pool was 50, the batch size
of all model training was 1, and the number of iterations was 300 epochs. The optimization algorithm
used the Adam algorithm [41], and the initial learning rate was 0.0002. The specific implementation
process was as Algorithm 1.
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Algorithm 1: The algorithm flow of this model.

1: Initialize the input shape, h = 256, w = 256, s = 3, and the output shape of PatchGAN, pa = h/2**4, and the
loss weight, μ = 10, and the optimizer, Adam(0.0002, 0.5)
2: Input (img_1,h,w,s), Input (img_2,h,w,s)
3: Combined model trains generator to discriminator
4: for epoch in range(300):
5: for batch_i, img_1, img_2 in enumerate (dataloader.loadbtach(1)):
6: fake_2 = generator(img_1), fake_1 = generator(img_2)
7: recon_1 = generator(fake_2), recon_2 = generator(fake_1)
8: vali_1 = discriminator(fake_1), vali_2 = discriminator(fake_2)
9: if loss is arg min

GA,GB
max
DA,DB

L(A, B, Z, T):

10: clear_image = concatenate (img_1, fake_2, recon_1, img_2, fake_1, recon_2)
11: return clear_image

4. Experiments and Results

The GAN model proposed in this paper is implemented based on the Python language and the
PyTorch deep learning framework, and it can run on an Intel Xeon computer with a 2.40 GHz CPU and
32 GB RAM. The model idea was established by looking at the references for one month. The model
training took 15 days, and the model finally reached a stable state.

4.1. Datasets

Because there are no large-scale unpaired image deblurring datasets yet to be disclosed, it is
meant for comparison with algorithms on paired datasets. Therefore, we still used paired datasets for
training but used unpaired training methods. We used two datasets: the GOPRO dataset and a small
unpaired dataset built in this work. All models were trained on the GOPRO dataset. The self-built
unpaired dataset was only used as a test dataset due to its small number. These two datasets are
described separately.

4.1.1. GOPRO Dataset

The GOPRO dataset is currently the largest and the highest-resolution open-paired dataset in the
field of image deblurring. It consists of 3214 pairs of blurred and clear images. In order to obtain a
more realistic blurred image, all the blurred images in this dataset are fused from multiple clear images
taken in the real scene rather than synthesized by means of clear image convolution blur kernel. For
this work, a simplified version of this dataset was downloaded from the internet. The dataset was
used as the training dataset, and the images in all datasets were cropped from the original GOPRO
dataset. The size was 256 × 256. An image of a partial dataset is shown in Figure 6.

    

Figure 6. Partial GOPRO dataset.
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4.1.2. Unpaired Dataset

In order to eliminate the difference between the real blurred image and the blurred image
synthesized by the algorithm, as well as to achieve a better image deblurring effect in the real industrial
scene, we trained the network model by unpaired training. In order to test the effectiveness of the
model in real scenarios, a small unpaired test dataset was also established. The data contained only 70
blurred images, which were collected or photographed by the author from different sources, and they
all originated from real scenes. An image of a partial dataset is shown in Figure 7.

    

Figure 7. Partial unpaired dataset.

4.2. Experimental Results and Comparison

Based on the CycleGAN, we established an image deblurring algorithm model based on a
generative adversarial network. First, the model was trained on the GOPRO dataset, and the number
of iterations was 300 epochs. Then, in order to verify the validity of this model, the CycleGAN and
DeblurGAN methods were selected to make comparisons with the algorithm used in this work, and
they were tested on GOPRO test dataset and self-built unpaired dataset. In order to objectively and
comprehensively analyze the deblurring effect of the algorithm, we used two quantitative evaluation
indicators of peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM) as well as human
perception test methods for evaluation. PSNR evaluates the quality of an image by measuring the error
between corresponding pixels in two images, while SSIM measures the degree of image distortion
from brightness, contrast, and structural information. The human perception test refers to evaluation
of the test results of the model with the human eye. The test subject needs to choose the one that is
considered better from the two given images or indicate whether the choice is uncertain. The two
images given were reconstructed from two randomly selected models among the three contrasting
models. After the subjects completed the test, we combined the pass rate and the TrueSkill evaluation
system to measure the deblurring ability of the three models.

First, this paper will show the test results of each model on the GOPRO test dataset. Table 1 shows
the quantitative evaluation results, Figure 8 shows the perceptual test results of each model on the
GOPRO test set, and Figure 9 shows the deblurring results of each model on the GOPRO test set.

Table 1. Quantitative evaluation results on GOPRO dataset.

Models
Parameters

PSNR SSIM

CycleGAN 22.6 0.902
Ours 25.6 0.929

DeblurGAN 26.8 0.943
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Figure 8. Perceptual test results on the GOPRO test set.

    

    
(a) Blur Image (b) Ours (c) CycleGAN (d) DeblurGAN 

Figure 9. Experimental results of different algorithms on GOPRO dataset.

As can be seen from Table 1, the results of the method used in this paper were significantly
improved compared to CycleGAN, and the PSNR and SSIM indicators increased by 13.3% and 3%,
respectively. Compared with DeblurGAN, our method achieved similar results.

In Figure 8, the results of each model are represented by a Gaussian curve. The mean μ of the
curve represents the average deblurring ability of the model, and the variance σ represents the stability
of the model. The higher the average value of the curve and the smaller the variance, the better
the model. Therefore, it can be seen from the above figure that the model in this paper had better
deblurring effect compared to CycleGAN, but it was slightly worse than DeblurGAN.

From the results in Figure 9, it can be seen that, compared with CycleGAN, the effect of the
proposed model was significantly improved. Not only was the deblurring ability enhanced, but the
disadvantages of chromatic aberration, edge distortion, and unnatural sharpness were also eliminated,
making the repair. The resulting image looked more real and natural. Compared with DeblurGAN,
the method used in this paper obtained similar results on images with low blurring degree, and the
images after deblurring were all natural and clear. However, on the images with a high degree of
blurring, the deblurring effect of the method used in this paper was not thorough enough, and it was
not as good as DeblurGAN.
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Next, this paper will show the test results of each model on a self-built unpaired dataset. Figure 10
shows the perceptual test results of each model on the unpaired dataset, and Figure 11 shows the
deblurring results of each model on the unpaired dataset.

Figure 10. Perceptual test results on unpaired dataset.

    

    
(a) Blur Image (b) Ours (c) CycleGAN (d) DeblurGAN 

Figure 11. Experimental results of different algorithms on unpaired dataset.

From the results in Figures 10 and 11, we can see that, on the unpaired dataset, the proposed
model had better deblurring effect than CycleGAN, and the repaired image looked more realistic and
natural. However, its performance was slightly worse than DeblurGAN.

Combining the experimental results on the above two datasets, it can be seen that the loss function,
which combines the adversarial loss and perceptual loss, can play a certain role in constraining the
content of the generated image. However, because the generated image was not directly constrained,
the image was generated by the constraint. The reconstructed image was used to indirectly constrain
the generated image, so the effect was limited, and the effect achieved was not as good as that on the
paired dataset. However, in general, the method achieved certain results on highly difficult unpaired
datasets. Compared to traditional CycleGAN, the deblurring effect was significantly improved. If a
large-scale image dataset in a real scene can be obtained, the effect will be better.

In order to show the importance of the combination of various parts of the model to the deblurring
effect, ablation research was also performed in this work. The ablation of the model was achieved by
reducing the number of convolution layers of the generator network to 16 layers and removing one
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of the perceptual loss functions. Finally, through model training, the evaluation index results on the
GOPRO paired dataset are shown in Table 2.

Table 2. Quantitative evaluation results after ablation.

Models
Parameters

PSNR SSIM

Ours 25.6 0.929
Ablation 18.5 0.767

As can be seen from the above table, after reducing the generator convolutional layer and removing
the perceptual loss, the PSNR and SSIM evaluation indexes were reduced too much, by 27% and 17%,
respectively, resulting in poor model performance. Therefore, the various components of the model
proposed in this work are particularly important in the field of image deblurring.

5. Conclusions and Future Works

With the widespread use of handheld devices and digital images on multimedia communication
networks, image deblurring technology has more and more application value. In particular, in
an intelligent express sorting system, using a computer to restore the fuzzy three-segment coded
information on the courier slip to a clear image can improve the recognition effect of the subsequent
three-segment code. Therefore, this paper proposes an image deblurring method based on generative
adversarial networks. First, in view of the shortcomings of the existing algorithms, we dealt with
image deblurring on unpaired datasets to solve motion deblurring in actual scenes. Then, based on
CycleGAN, an image deblurring model based on a generative adversarial network was established
to realize the conversion of blurred images to clear images and the conversion of clear images to
blurred images. The process of network learning was also constrained by combining adversarial
loss and perceived loss so that the network could better learn the motion-blurred data distribution
characteristics in the actual scene. Finally, an evaluation was performed on the GOPRO dataset and
the self-built unpaired dataset. The experimental results showed that the proposed method could
obtain good deblurring effect on both datasets and that it was better than CycleGAN. However, some
improvements are still required. For example, in future work, we may try to introduce a multiscale
network structure into the model and deepen the network layers at the same time to improve the
capacity of the model. There are also loss functions of other structures designed to strengthen their
constraints on the generated sample content, which can be used to achieve a complete deblurring effect.
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Abstract: Sentiment analysis is a rapidly growing field of research due to the explosive growth in
digital information. In the modern world of artificial intelligence, sentiment analysis is one of the
essential tools to extract emotion information from massive data. Sentiment analysis is applied to
a variety of user data from customer reviews to social network posts. To the best of our knowledge,
there is less work on sentiment analysis based on the categorization of users by demographics.
Demographics play an important role in deciding the marketing strategies for different products.
In this study, we explore the impact of age and gender in sentiment analysis, as this can help
e-commerce retailers to market their products based on specific demographics. The dataset is created
by collecting reviews on books from Facebook users by asking them to answer a questionnaire
containing questions about their preferences in books, along with their age groups and gender
information. Next, the paper analyzes the segmented data for sentiments based on each age group
and gender. Finally, sentiment analysis is done using different Machine Learning (ML) approaches
including maximum entropy, support vector machine, convolutional neural network, and long short
term memory to study the impact of age and gender on user reviews. Experiments have been
conducted to identify new insights into the effect of age and gender for sentiment analysis.

Keywords: sentiment analysis; social media; machine learning; lexicon

1. Introduction

The growth of the internet has led to a huge influx of data that holds vast and valuable insights
about the public opinion. Every internet user who expresses an opinion on the web becomes a part
of this information circuit where other users benefit from these public reviews and hence can make
an informed decisions. With the data collected (reviews, posts, comments) from different social media
platform such as Facebook, Twitter, Amazon, Goodreads, IMDb or blogs, the task of using these
reviews to find the polarity of public (positive, negative or neutral) opinion is called Sentiment analysis.
Sentiment analysis is generally performed on movie reviews [1,2], restaurant or food reviews [3,4],
along with data from microblogs [5,6], providing some useful insights to different organizations to
improve business strategies by attracting new customers. The categorization of customers based
on age and gender present an important information that can make products more effectively fullfill
the demands of different age and gender group persons. This fine-grain information about customers
are value-added to enhance the revenue of the company and its reputation in the global market.
E-commerce companies want to know the mindset of the customers. For example, females do more
shopping in comparision to male in the E-commerce site and certain portals such as firstcry website
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are more popular for various products of different age groups including newborn, infant, toddler, etc.
Sentiment analysis [7–10] has evolved over the years with different dictionary-based and machine
learning techniques implemented to obtain better accuracy. With the advent of deep learning
techniques [11–13] in sentiment analysis, prior information has also played a big role in adequately
expressing the polarity of opinions. Kahaki et al. [14] proposed an age estimation system based
on orthopantomographs images. The orthopantomogram is a dental X-ray of the upper and lower jaw.
The geometric mean projection transform was used on Malaysian children dental development dataset
with 456 patient’s X-ray images to extract and classify the 3rd molar teeth in the orthopantomography
images. The proposed system results showed a reliable age estimation method. The importance of age
estimation may also be useful for civil, criminal, law enforcement, airport security and for forensic
purposes. In a similar study on the same Malaysian children dataset, the automatic age assessment [15]
was proposed based on pre-trained deep convolution neural network. The results of this approach
concluded that the method can efficiently classify the images with high accuracy and precision.

Li et al. [16] proposed a framework providing an abstract of the opinions using sentiment
analysis. The authors have taken into consideration the opinion subjectivity and user credibility in
their proposed approach. Lockenhoff et al. [17] analyzed how different age groups express their
emotions. The authors found that older adults describe the positive emotions better than their negative
emotions as compared to younger adults. Another research by Zimmermann et al. [18] for emotion
regulation based on age and gender [19] of the person was able to handle emotions in a better way.
The results showed that people in middle adolescence showed the least emotional regulation as
compared to other age groups. Even gender differences were also encountered as either under or over
estimating a particular emotion. Thus, based on these established psychological differences between
people of different age and gender, we aim to find out whether these differences can also be observed
in the opinions that the individuals express on on-line platforms.

This study explores the differences in sentiment expressing abilities of different groups and their
subsequent impact on the sentiment reviews. This can be extremely helpful for commercial applications
as they can focus directly on a particular audience that is more receptive towards their product rather
than making a generalized marketing strategy. It will further help in differentiating their brand
from other leading companies to provide better customer support. Oh et al. [20] studied the market
segmentation on basis of gender and age of users to find the travel potential of different groups
based on their incomes and available leisure time. Keshari et al. [21] analyzed the effectiveness
of advertising appeals on different gender and age groups based on how the consumers respond
to these advertisements. Figure 1 demonstrates the basic flow diagram of the framework used for
sentiment analysis, where the data collected from social media is used to extract two datasets on basis
of age and gender. The different sentiment analysis approaches have been implemented on this data.
The main contributions of the paper are as follows:

1. Exploring the impact of user expression based on age and gender using different feature
extraction methods.

2. We create a dataset that contains user reviews along with the user’s age and gender information.
3. A detailed analysis on the impact of user expression is presented through extensive experiments.
4. Finally, a comparison with different machine learning and a dictionary-based classifier is

also discussed.

The rest of the paper is organized as follows. In Section 2, we discuss the existing research work in
sentiment analysis. In Section 3, the methodologies implemented on the dataset have been discussed,
along with a comparison of different approaches. Section 4 describes the experimental results with
dataset description. Finally, in Section 5 the work has been concluded along with discussion of some
future possibilties.
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Figure 1. Data points are collected from the social media along with the user’s age and gender information.
Sentiment analysis is then performed on the newly created data sets.

2. Related Work

In this section, we discuss the recent works of sentiment analysis as researchers try to find
a better approach to predict the sentiment polarity. Twitter and Facebook have been the most popular
social media platforms as people express their opinion about every topic on these social networking
sites, which helps in understanding public sentiment. Appel et al. [22] used twitter sentiment
and movie review datasets to implement a hybrid approach based on ambiguity management,
semantic rules, and sentiment lexicon. The authors compared this proposed hybrid system results
with the standard supervised algorithms such as Naive Bayes (NB) and Maximum Entropy (ME).
The proposed system achieves higher precision score and accuracy than the supervised algorithms.
Similarly, Zainuddin et al. [23] used a twitter dataset of aspect-based sentiment analysis to perform
a fine-grained analysis. They proposed a hybrid approach using a feature selection method that
performs better than the standard methods.

Blogs have been a relevant source of data in sentiment analysis with posts containing reviews
and comments. Fan et al. [24] analyzed blog text to improve the quality of advertisements in the blogs
that were more relevant to the user. To find the blogger’s overall emotions towards any particular topic,
Kuo et al. [25] create a social opinion graph as generally every blogger is somewhat influenced by its
social circle. So their social interactions can be used to find the overall sentiment orientation of the
blogger. Li et al. [26] used opinions expressed on the web such as blogs, reviews and comments to
design a new technique to further enhance the accuracy of clustering based approaches. This approach
is proven to more suitable in finding neutral opinions. The authors [27] proposed a new extraction
and opinion mining system based on a type-2 fuzzy ontology called T2FOBOMIE. The proposed system
received input from a user, extracts the relevant features from an input query and then converts into
to a search query with hotel reviews. The feature opinions, user requirements and hotel information
were integrated in a T2FOBOMIE system to achieve high performance.

Apart from using products, movie, restaurants or book reviews for sentiment analysis, researchers
have also focused on analyzing sentiment in other languages than English. Pak et al. [28] have proposed
a technique that works quite well for other languages as well, though they have not tested their
algorithm on multilingual data . The author [29] has implemented a methodology to find sentiment
polarity within a multilingual framework and the testing was performed using movie reviews in
German language collected from amazon. Similarly, Zhou et al. [30] translated Chinese reviews to
English language and then used English language corpus to perform sentiment analysis on these
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translated reviews. The authors presented that translated reviews outperform original reviews.
Another study on Chinese public figures has been performed in [31] to analyze the opinion polling
of public figures.

The analysis of opinions expressed by people from different genders or different age groups should
align with their psychological differences, as is illustrated by different research groups. There have
been multiple research studies on how different individuals handle different emotions and the way
these individuals express their emotions even before the advent of internet. The authors [32] examined
gender differences in conducting a study on 400 college students in five age groups from preschoolers
to adults. The study aligned with the stereotypes of gender and age emotional expressiveness.
Stoner et al. [33] considered people of both genders and in different age groups to study their anger
expressing ability. The research showed that young adult group expressed anger more as compared to
old adult age group. In this study, the author did not find out much differences on basis of gender in
this aspect.

A research by Davis [34] on gender differences in negative emotions showed that boys expressed
a greater negative affect as compared to girls when they were disappointed. Brody et al. [35]
researched more on gender and emotional expression and showed that gender differences in
emotional expressiveness were culturally specific in asian international students. Another study by
Kring et al. [36] in which they showed emotional videos to a group of students and reaffirmed that
women are generally more expressive than men even in case of experienced emotions. A study by
Birditt [37] examined age and gender differences in description of emotional reactions. It contained
185 individuals as 85 males and 100 female aged from 13 to 99 which showed that adolescents
and young adults were reported more likely to describe anger and giving more intensive aversive
responses as opposed to the male adult group.

3. Methodology

To process the reviews, the steps in the Figure 2 are followed. Firstly, the dataset segregated
into two sets on basis of age and gender and then separated into categories based on the specific age
and gender. Secondly, each particular data group is divided in training data and testing reviews.

Figure 2. Flow Diagram representing the steps taken for sentiment analysis where the classifier
algorithm is implemented at the end of training after the data pre-processing and feature extraction
and it used in testing step to produce the final results. The user reviews need to go through
pre-processing and feature extraction in the testing phase as well before being passed on to
the classifier algorithm.
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The reviews [38] are pre-processed to remove the unnecessary information from the reviews
that has no effect on the polarity of the sentence. So, we perform data cleansing through the steps as
shown in Table 1. Then, the feature extraction steps are performed as explained in Section 3.1.2.
Finally, the classifier algorithm predicts the label which when compared to the ground truth
gives the accuracy of the classifier. We have collected data regarding people’s preference for
the books (hard cover, kindle ebooks or audio books) along with their age and gender information.
We implement different algorithms for sentiment analysis on each set of data separately and the results
are then compared to identify the respective differences between the groups. Also, a dictionary-based
approach has been implemented on the collected dataset.

Table 1. Pre-processing steps that have been performed on the user reviews for doing data cleansing
and removing uninformative parts that has no effect on the sentiment score of the sentence.

S.No. Description of Noisy and Uninformative Parts in Reviews

1.
Removing punctuations, numbers and symbols since they do not add any
substantial meaning to the sentence that may affect it’s sentiment score.

2.
Removing stop words as they make no impact on the sentiment score of the
expressed opinion.

3. Replacing the acronyms of a word with the actual word.

4. Transforming the text to lowercase.

5. Replacing emoticons with the sentiment that the emoticon expresses.

6. Tokenize the review.

3.1. Feature Extraction

Bag of words feature [39] extraction is used in NB, ME and SVM methods, while word2vec creates
a feature vector using either Continuous bag of words or Skip gram model which is further used in
LSTM and CNN. The methods are explained below.

3.1.1. Bag-of-Words

Bag of words model is a very flexible and simple model used for feature extraction. This model
keeps a track of number of occurrences, also called term frequency of every word that appears in
the sentence. Also, a specific subjectivity score is assigned to each word of the sentence. The score for
each word is added up to find the total score. Depending upon this total score, the polarity of each
sentence is decided.

3.1.2. Word2Vec

Word2Vec model is used for forming word embeddings. It is a two-layer neural network created
by Tomas Mikolov at google to process text. It takes the text dataset as an input and then outputs a set
of vectors [40]. Word2Vec is a combination of two techniques, i.e., Skip-gram model and Continuous
bag of words (CBOW) model. This model is very useful as it detects similarities of words in its vector
form rather than textual format. These similarities are detected on the basis of word’s meaning guessed
through its past appearances and association with other words.

3.2. Dictionary-Based Classifier

Valence Aware Dictionary and Sentiment Reasoner [41] (VADER) is a dictionary-based approach
that maps words to sentiment by building a or a ‘dictionary of sentiment’. In this approach,
each word present in the sentence is assigned a score as per the meaning of that word in the dictionary.
A final compound score of the sentence is calculated which varies from −1 to 1. This score represents
whether the sentence is positive or negative. The compound score for each sentence in the dataset
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is combined and an average score for the whole document is analyzed. To compare it with the other
machine learning approaches, we convert the average score to accuracy by dividing the score of the
whole document by the total number of reviews in that particular data set. VADER focuses on the
words used in the sentence and then assigns score to each word based on the dictionary.

3.3. Machine Learning Based Classifiers

We discuss in detail five machine learning based algorithms to determine the sentiment accuracy
of the dataset.

3.3.1. Naive Bayes

This is a probabilistic model based on the Bag-of-words module to store only the frequencies
of each word and ignore their positioning with respect to each other. By using Bayes Theorem,
it estimates the probability that a feature set will belong to a particular predefined label. Naive Bayes
classification model [42], based on the distribution of words present in the document or sentence,
computes the posterior probability that this document or sentence will belong to a particular class.
The probability is based on the distribution and frequency of the words rather than their positioning
with respect to each other.

P(label| f eatures) =
P(label) ∗ P( f eatures|label)

P( f eatures)
, (1)

where P(label|features) determines the probability that a feature set belongs to a particular label.
P(label) is the prior estimate of the label. P(features|label) is the probability that the given feature set
belongs to this particular label and P(features) is the prior estimate that this given feature set occurred.
However, this classification system makes one fundamental assumption, i.e., words in a reviews,
category pair occur independent of other words.

3.3.2. Maximum Entropy

Maximum Entropy (ME) [43] belongs to the class of exponential models. Its polarity is more
based on the positioning of words rather than their frequencies. It does not assume that all the features
are independent of each other like Naive Bayes. Based on the principle of ME, from all the models,
we pick the one that has the largest entropy. The ME classifier uses encoding to convert the feature sets
into vectors. Then for computation of most likely labels for each feature set, we combine the calculated
weight for each feature [44].

The Maximum Entropy modeling technique provides a probability distribution that is as close to
the uniform distribution, so its result is better than Naive Bayes.

3.3.3. Support Vector Machine (SVM)

Support Vector Networks works for multiple machine learning problems such as regression
and classification. The main principle that works behind SVM is finding a particular linear classifier that
separates all the classes in the search space in the best possible manner. After the pre-processing of the
reviews, the improved feature sets were used for sentiment classification, i.e., positive and negative
reviews. With the help of hyper plane in support vector machine the data is divided into two classes
such as positive and negative. This hyperplane used to map the new examples or the data in the test
cases in the same search plane and predict the class to which the data example has more probability
of belonging [45].

3.3.4. Long Short Term Memory (LSTM)

Recurrent Neural Networks (RNN) focus on the issue of considering the past information so as
to understand the meaning of current and next words. LSTM network [46] is a type of RNN that is
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capable of handling long term dependencies as otherwise it was difficult for RNN to connect multiple
long term dependencies [47]. After being first introduced by Hochreiter and Schmidhuber in 1997,
LSTM has gone through multiple changes over the years. LSTM solves the problem of vanishing
and exploding gradient [48], which is a severe limitation for RNN.

The steps of LSTM are defined as: The first step is to decide the information that is going to be
deleted from the memory cell. A sigmoid layer executes this decision after looking at prior information
it−1 and current input ct. This sigmoid layer outputs a number between 0 and 1 that determines
the amount of information that needs to be retained based on weight Wo. ot represents the output
of the current cell, and bo is the bias for this particular cell.

ot = σ(Wo ∗ [it−1, ct] + bo). (2)

Next, it decides the new information that is to be updated into the memory cell. It is done through
two steps, a sigmoid layer to decide the values to update and a tanh layer to create a vector of new
values. nt denotes the information that is to be updates based on weight Wn and bias bn and Ṽt is
the data to be included in the current state information. An LSTM cell is shown in Figure 3.

Figure 3. Long Short Term Memory cell, the data flow is from left to right where the current cell input
parameter is ct, it−1 is the output from the previous LSTM cell containing prior information, which is
forwarded to the current cell. Both these values are concatenated based on the parameters nt which
denotes the information that is to be updated, ot which represents the output within the current cell
giving the final output value for this layer as it that serves as prior information to the next LSTM cell.

nt = σ(Wn ∗ [it−1, ct] + bn), (3)

Ṽt = tanh(WV ∗ [it−1, ct] + bV). (4)

Now this information is updated into the next cell Vt by multiplying the old state with ot.

Vt = ot ∗ Vt−1 + nt ∗ Ṽt (5)

55



Electronics 2020, 9, 374

In the last step, we again implement a sigmoid layer to find ft that denotes the information which
will be given as output based on weight Wf and bias b f . The tanh layer updates the required parts
and gives it as the output of the cell.

ft = σ(Wf ∗ [it−1, ct] + b f ), (6)

it = ft ∗ tanh(Vt). (7)

The final output it from this cell will serve as prior information for the next cell to find out
its subsequent cell state. Nowdays, LSTM are increasingly used to classify test data over other
classification algorithms. It is trained on book review dataset with 32 neurons per layer followed by
a sigmoid activation function. The netwok has been trained on different epochs and achieved good
accuracy compare to other algorithms.

3.3.5. Convolution Neural Network (CNN)

CNN was originally developed for computer vision and its applications, it makes use of local
features of the image on which multiple layers with convolving features can be implemented.
To implement CNN on the textual reviews, we train a CNN model [49] on book reviews dataset
with a single layer on top of the features extracted from the sentences using the word2vec model.
First layer is the convolution layer where we slide multiple filters of different sizes over the 128 word
embeddings dimensions to produce a feature map based on the particular filter. Max-pooling layer
follows this by convolving the results of previous layer into one long feature vector. Max pooling
layer finds the most prominent feature vector from the feature map belonging to every filter, which
is then passed on to fully connected softmax layer. Dropout regularization is performed before we
use softmax layer to classify the result. Regularization randomly drops out some hidden units from
the layer to prevent the co-adaptation on training data which may lead to over-fitting. This network is
shown in Figure 4.

Figure 4. First layers of the model form low-dimensional vectors from the sentence words. The convolution
is done by the next layer, using multiple filter sizes such as sliding over 3 or 4 words at a time. Next, the result
is max-pooled into a long feature vector and the final results is given using a softmax layer after adding
dropout regularization.

4. Experiments and Discussion

In this section, we first describe the dataset, explaining the process of data collection and its further
processing that we have done in our experiment. We present the results (see Sections 4.2.1 and 4.2.2)
obtained from the feature extraction methods and different classifiers.
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4.1. Dataset Description

One of the most crucial parts of this study is data collection. Generally, datasets for sentiment
analysis are easily available on the internet which can not be used here as along with the expressed
opinion. The micro-blogging and other sites like twitter, Facebook, Amazon, Goodreads, and IMDb do
not divulge their user’s personal information due to privacy concerns so we create a new dataset that
contains all the required information.

The dataset for this experiment is created by collecting opinions of nearly 900 users from
the social networking site Facebook. The users have answered a questionnaire containing multiple
questions that ask their reviews on preferences of book medium as a Google Form. The questionnaire
consisted of questions based on the user’s opinions regarding kindles, paperbacks, hardcover, picture,
and audiobooks. Further, the questionnaire discusses if the user’s thought that digital mediums such as
kindle or ebooks could replace hardcover or paperbacks for them. The questions elaborated on whether
the user liked audiobooks better than other formats and a short description of their opinions. The form
registers the user’s opinion, along with the gender and age groups to which they belonged. Along with
the user opinions, they have also stated their preference as a positive/negative opinion that serves as
the ground truth for the classifiers.

We have selected this domain because we intended to avoid topics with unbalanced spectrum
of audience like sports, fashion or television that leaned more towards a particular gender or age group.
The responses given by the users to the questionnaire is shown in Figure 5, from the overall reviews
we have received, 60% are positive, while the other 40% are negative. From this dataset, we have also
segregated the reviews into separate groups, first based on gender, where we have data in a 70% to 30%
division to more opinions expressed by the female users. Based on age demographics, the dataset
has four age groups into which the users have identified themselves. From the total reviewers, 40%
of them belong to the age group of Below 20. The age group 21–34 has nearly 30%, while 20% are in
the 35–50 age group. The rest of the users belong to the oldest age group of Above 50.

Figure 5. The collected reviews segregated into positive and negative reviews.

57



Electronics 2020, 9, 374

4.2. Result Analysis

We have shown the result of machine learning and dictionary-based approaches on the basis
of age and gender information. The results of these classifiers are expressed in terms of accuracy [50].

Accuracy =
Correctly Predicted Observations

Total number of observations
. (8)

4.2.1. Effect of Age

The extracted dataset based on age is divided into four groups: one group with age below 20,
second with age from 21 to 34, third from 35 to 50 and the last one with age above 50. Thus, a total
four groups are created containing positive and negative responses from people of that particular age
group. Another group (without age information) containing reviews from all the age groups is formed
to compare its results to the other groups as shown in Figure 6.

Figure 6. Comparison on basis of Age between different Feature Extraction and Classifier techniques:
(a) Machine Learning classifiers using Bag-of-words feature extraction method; (b) Dictionary-based
approach; (c) Machine Learning approaches using word2vec feature extraction method.

Pre-processing of all the reviews is performed individually by removing the punctuations,
symbols and the stop words from the user reviews as explained in Section 3.1.1. Bag-of-words
model on pre-processed data is used to create feature vector which is then used in different classifiers
such as NB, ME and SVM. The low dimensional feature vectors are formed from sentences using
word2vec model which are then used in LSTM and CNN methods. VADER is also implemented
on the pre-processed data. After these approaches are implemented on the separated groups of data
individually, the results are recorded.

The ’Above 50’ age group performs better as compared to all other age groups in all the classifiers
with the highest accuracy of 78% in CNN and SVM classifier. ’Below 20’ age group has better accuracy
compared to the other two middle age groups where the age group ’21–34’ performs better than
the other age group in all instances, even though the difference between these two age groups are not
considerable. Better performance of the eldest age groups shows that the sentiment analysis approaches
are able to predict the sentiment in this age group more easily as compared to others groups. The group
of data without any age information performs better in LSTM and CNN as compared to other machine
learning approaches, where it performs worse than the groups with age information.
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4.2.2. Effect of Gender

We label the full dataset into two groups (Male and Female) based on gender containing
their positive and negative reviews. Pre-processing, feature extraction and different classifiers are
implemented on these data groups similarly as in Section 3. The results are represented in Figure 7.

Figure 7. Comparison on basis of Gender between different Feature Extraction and Classifier techniques:
(a) Machine Learning classifiers using Bag-of-words feature extraction method; (b) Dictionary-based
approach; (c) Machine Learning approaches using word2vec feature extraction method.

It can be clearly seen that female data generates better accuracy as compared to the data without
gender information and the male data. Female data has the best accuracy in CNN classifier of 80%,
which is better than the other classifiers. This result aligns with the psychological studies that females
express their opinion better as compared to their male counterparts. The sentiment in female data is
easier to predict, hence giving a better accuracy. This pattern of female data having better accuracy can
be observed in all the machine learning approaches.

5. Conclusions and Future Work

In this paper, we have compared multiple sentiment analysis techniques on the dataset collected
from nearly 900 users from Facebook along with the users’ age and gender information. We extracted
this dataset into four groups to analyze the impact of age and gender on the way the user expresses
his/her opinion. Machine learning and Dictionary-based techinques have been performed to know
the sentiment analysis of the reviews. With respect to gender, female data recorded the best accuracy
while for age, the Above ’Age 50’ group has the better accuracy as compared to all other age groups.
The results can be further improved by collecting more data for both male and female and different
age groups.

In future work, we can also include exploration of reviews in audio and visual format to detect
emotions from the way of speech and facial expressions of the user to provide more comprehensive
investigations from different aspects.
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Abstract: Detection of moving objects by unmanned aerial vehicles (UAVs) is an important application
in the aerial transportation system. However, there are many problems to be handled such as
high-frequency jitter from UAVs, small size objects, low-quality images, computation time reduction,
and detection correctness. This paper considers the problem of the detection and recognition of
moving objects in a sequence of images captured from a UAV. A new and efficient technique is
proposed to achieve the above objective in real time and in real environment. First, the feature
points between two successive frames are found for estimating the camera movement to stabilize
sequence of images. Then, region of interest (ROI) of the objects are detected as the moving object
candidate (foreground). Furthermore, static and dynamic objects are classified based on the most
motion vectors that occur in the foreground and background. Based on the experiment results,
the proposed method achieves a precision rate of 94% and the computation time of 47.08 frames per
second (fps). In comparison to other methods, the performance of the proposed method surpasses
those of existing methods.

Keywords: moving object; image stabilization; object detection; optical flow; surveillance; UAVs

1. Introduction

There has been increased worldwide interest in unmanned aerial vehicles (UAVs) used for
surveillance in recent years due to their high mobility and flexibility. In general, the UAV with a camera
attached for surveillance flying over the mission area can be controlled manually by an operator or
automatically by using computer vision. One of the most important tasks of aerial surveillance is
the detection of moving objects that can be used to convey essential information in images, such as
pedestrian detection and tracking [1–3], vehicle detection and tracking [4,5], object counting [6],
estimation and recognition of object activity [7–9], human and vehicle interactions [10], intelligent
transportation systems [11,12], traffic management [13,14], and autonomous robot navigation [15,16].

Several studies have proposed some methods to detect moving objects using stationary cameras,
such as Gaussian Mixture Model (GMM) [17], Bayesian background model [18], Markov Random Field
(MRF) [19,20], and frame differences [21,22]. These methods extract and identify moving objects by
seeking the changes in pixels in each frame. However, these techniques rely on static pixels in the
images and are not suitable for processing images from moving cameras that have dynamic pixels.
Therefore, stationary cameras limit the application of image processing on videos from moving cameras,
e.g., aerial vehicles, mobile robots, and handheld cameras. Thus, the problem for detecting moving
objects using a moving camera attracted the attention of researchers in recent years [23].

Detecting moving objects using UAVs has many difficulties to implement in real time and in real
environments. These difficulties include camera movements, dynamic background, abrupt motion of
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the objects or camera, rapid illumination changes, camouflage of stationary objects as moving objects,
moving object appearance changes, noise from low-quality images, and so on. Several approaches
have been proposed to detect moving objects by moving cameras using object segmentation techniques.
Saif et al. [24] presented a dynamic motion model using moment invariant and segmentation which
extracts one frame in one second but it is not fast enough for the real-time detection. Their result
has some false detection, such as a parked car recognized as a moving object. Maier et al. [25] used
the deviations between all pixels of the anticipated geometry of two or more consecutive frames to
distinguish moving and static objects, but the result depended on the accuracy of the optical flow
calculation and the amount of radial distortion. Kalantar et al. [26] proposed a moving object detection
framework without explicitly overlaying frame pairs, where each frame is segmented into regions and
subsequently represented as a regional adjacency graph (RAG).

In our propose method, we do not only want to achieve the accuracy of the moving objects
detection using a moving camera but also to do it in real-time processing. Some previous studies
used an optical flow schemes approach to define the movement path of pixels that are tracked on two
consecutive frames. Wu et al. [27] used a coarse-to-fine threshold scheme on particle trajectories in
the sequence of images to detect moving objects. The background movement is subtracted using the
adaptive threshold method to get fine foreground segmentation. Then, mean-shift segmentation is
used to refine the detected foreground. Cai et al. [28] combined procedures of the brightness constancy
relaxation and intensity normalization within the optical flow to extract the moving objects in the
background based on the growing region of the velocity field. In this case, the images are obtained
from the robot competition arena which has a homogeneous background. Minaeian et al. [29] used the
foreground estimation to segment moving targets through the integration of spatiotemporal differences
and local motion history. However, these previous methods did not adequately prove reliability in
real-time processing.

This paper proposes a method for detecting multiple moving objects from the sequence of images
taken by a UAV which can be applied for real-time applications. The detection and recognition are
performed through this method for different objects, such as people and cars. In addition, the image
sequences to be tested by this method may contain a complex background. This paper proposes a
reliable method for object detection in images where the processing time to get the foreground is shorter
than that of segmentation method employed in previous studies [24–26]. Aerial image stabilization is
proposed to reduce the mixing of camera and object movements, where the background moves due to
the camera movement and the foreground moves due to camera and object movement. Furthermore,
the unwanted camera movements make the motion vectors field estimation between two consecutive
frames incompatible with the actual situation. This situation differentiates the direction of the motion
vectors of static objects from the background, even though the objects are a part of the background.
Thus, the static objects tend to be recognized as moving objects. To solve such problems, the proposed
method provides the motion vectors classification to distinguish static and dynamic (moving) objects.

The remainder of the paper is organized as follows. Section 2 introduces materials and the main
algorithm. Section 3 illustrates performance results using multiple videos taken from a UAV. Finally,
conclusions are drawn in Section 4.

2. Materials and Method

2.1. Materials

The experiment was executed using Visual Studio C++ in the 3.40 GHz CPU with 8 GB RAM.
The performance of the proposed method is evaluated using three types of aerial image sequences
(action1, action2, and action3) obtained from the UCF (http://crcv.ucf.edu/data/UCF_Aerial_Action.php)
aerial action dataset with the resolution of 960 × 540. These image sequences were recorded at different
flying altitudes ranging from 400–450 feet. Action1.mpg and action2.mpg were taken by the UAV at
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similar altitudes, where people and cars are the main objects in the image. Action3.mpg was taken at a
higher altitude than other videos, so the objects look smaller when compared to other videos.

2.2. The Proposed Method

The challenge to the moving object detection by a moving camera is obvious. The application of
the proposed framework can be used to distinguish the foreground from a dynamic background into a
simpler formulation. The systematic approach starts with image stabilization to reduce unwanted
movement in the sequence of images. The unwanted movements are the motion of the camera as well
as any vibration of the UAV. Inaccuracies in motion compensation can cause failure on the estimation of
the background and foreground pixels [30]. However, despite using image stabilization, motion vectors
in the static objects (background) and moving objects (foreground) are still difficult to distinguish.

Additionally, in order to detect several moving objects with different sizes and speeds we require
the correct calculation of motion vector fields. Furthermore, static and dynamic objects are distinguished
based on their movement direction (MD). There are two kinds of MD to be estimated: The direction of
the object’s movement (foreground) and the direction of the background’s movement. It should be
noted that the background motion is affected by the camera’s movement. Figure 1 shows an illustration
of the movement of a UAV affecting camera movement. The background movement corresponding to
the motion of a moving camera is affected by UAV movements on the yaw, pitch, and roll axis. So,
efficient affine transformation is needed.

Figure 1. Unmanned aerial vehicles (UAV) movement modeling.

Figure 2 shows an overview of the structure of the system. The algorithm consists of three steps
to accomplish the main task: Step 1 is the aerial image stabilization, step 2 is the object detection and
recognition, and step 3 is the classification of the motion vectors. The proposed algorithm handles each
frame for the moving objects detection and recognition so that it can be used in real-time applications
with online image processing.

Step 1: Image stabilization is performed to handle unstable UAV platforms. This step aligns each
frame with the adjacent frame in a sequence of aerial images to eliminate the effect of camera movement.
This stabilization method consists of motion estimation and compensation. We used the methods
of speeded-up robust features (SURF) [31–33] and affine transformation [34] to estimate the camera
movement based on the position of features which are similar between the previous (t − 1) and current
(t) frames. Then use the Kalman filter [35,36] to overcome the changes in frame position due to UAV
movement such that the camera movement is compensated for each frame. This image transformation
is applied to the frame t, so it affect the results of MD in the background and foreground.

Step 2: People and cars are detected in the images as the moving objects candidates or foreground.
In this step, Haar-like features [37] and cascade classifiers [38,39] are used to detect and recognize the
objects in the images and determine the region of interest (ROI) for the objects. This is followed by
labeling the background and foreground.
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Figure 2. System overview of the real-time moving object detection and recognition using UAV.

Step 3: Calculate the motion vectors from two consecutive images based on the dense optical
flow [40]. Background modeling is sometimes incompatible with actual camera movements due to
UAV movements and camera transitions. It is noted that Step 1 makes the MD between static and
dynamic objects clearer to be distinguished. MD is specified as the value of a highly repetitive motion
vector in frame t, which is calculated in the background and each foreground. If the foreground has
the same MD as the background, then the object is omitted from the foreground. Thus, the final result
is the ROI in the image showing the moving objects.

The details of each step are explained as follows.

2.3. Step 1: Aerial Image Stabilization

This step uses an affine motion model to handle rotation, scaling, and translation. The affine
model can be used to estimate movement between frames under certain conditions in the scene [41,42].
For every two successive frames, the previous frame is defined as f (t− 1) and the current frame is
defined as f (t). In order to reduce the computation time, let the image size be reduced to 75% of the
original size and the color is changed into a gray-scale, where f̂ (t) denotes the new image with the
above size and color of f (t). The local features on each frame are found using SURF [31] as the feature
detector and descriptor. SURF uses an integral image [43] to compute different box filters to detect
feature points in the image. If f (t) is an input image and f(x,y)(t) is the pixel value of the location (x,y)
at f (t), the value P(i, j, t) is defined as

P(i, j, t) =
x≤i∑
x=0

y≤ j∑
y=0

f(x,y)(t). (1)

Haar wavelet [30] corresponding to dx and dy are calculated in the x-direction and y-direction,
respectively, around each feature point to form a descriptor vector presented as

v = (
∑

dx,
∑

dy,
∑
|dx|,

∑∣∣∣dy
∣∣∣). (2)

Then, a 4 × 4 array with each vector having four orientations is constructed and centered on the feature
point. Therefore, there will be a total of 64-length vectors for each feature point.

Fast Library for Approximate Nearest Neighbor (FLANN) [44] is used to select a set of feature
point pairs between f̂ (t− 1) and f̂ (t). Then, the minimum distance for all pairs of feature points is
calculated using the Euclidean distance. The matching pair is determined as a feature point pair with
a distance less than 0.6. If the total number of matching pairs are more than three, then the selected
feature points are used for the next step. Otherwise, the previous trajectory is used as an estimate of
the current movement.

In homogenous coordinates, the relationship between a pair of feature points in the f̂ (t− 1) and
f̂ (t) is given by
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[
x(t)
y(t)

]
= H

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣
x(t− 1)
y(t− 1)

1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦, (3)

where H is the homogeneous affine matrix given by

H =

[
1 + a11 a12 Tx

a21 1 + a22 Ty

]
, (4)

where aij is the parameter from the rotation angular θ, Tx, and Ty are parameters of the translation T on
the x-axis and y-axis, respectively. An affine matrix can be represented as a least squares problem by

L = mh,

L =
[

x(1)′ y(1)′ . . . x(q)′ y(q)′
]T

,

m =
[

M0(1) M1(1) . . . M0(q) M1(q)
]T

,

h =
[

1 + a11 a12 Tx 1 + a21 a22 Ty
]T

,

(5)

where q = 1, . . . , q is the number order of features, M0(q) =
(

x(q) y(q) 1 0 0 0
)
,

and M1(q) =
(

0 0 0 x(q) y(q) 1
)
.

The optimal estimation h in Equation (5) can be found by using Gaussian elimination to minimize
Root Mean Squared Errors (RMSE) calculated by

RMSE =
1
Q
‖L−mh′‖ =

√√√√√√√√ Q∑
q=1

(
Lq − (mh′)q

)2

Q2 . (6)

Because the affine transform cannot represent the three-dimensional motion which occurs in
the image, the outliers are generated in motion estimation. To solve this problem, Random Sample
Consensus (RANSAC) [45] is used to filter outliers during the estimation.

Next, the translation and rotation trajectories are compensated to generate a new set of
transformations for each frame using the Kalman filter. The Kalman filter consists of two essential
parts, prediction and measurement correction. The prediction step estimates the state of the trajectory
ẑ(t) =

[
Tx(t), Ty(t), θ̂(t)

]
at f̂ (t) as

ẑ(t) = z(t− 1), (7)

where the initial state is defined by z(0) = [0, 0, 0] and the error covariance can be estimated by

ê(t) = e(t− 1) + Ωp, (8)

where the initial error covariance is defined by e(0) = [1, 1, 1] and Ωp is the noise covariance of the
process. Optimum Kalman gain can be computed as follows

K(t) =
ê(t)

ê(t) + Ωm
, (9)

where Ωm is the noise covariance of the measurement. The error covariance can be compensated by

e(t) = (1−K(t))ê(t). (10)

Then, the measurement correction step compensates the trajectory state at f̂ (t), which can be
computed as

z(t) = z(t) + K(t)(Γ(t) − z(t)), (11)
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where the new state contains the compensated trajectory defined by z(t) =
[
T′x(t), T′y(t),θ′(t)

]
and

Γ(t) is the accumulation of the trajectory measurement that can be calculated as follows

Γ(t) =
t−1∑
τ=1

[(
Tx(τ) + Tx(t)

)
,
(
Tx(τ) + Tx(t)

)
,
(
θ(τ) + θ(t)

)]
=

[
Γx(t), Γy(t), Γθ(t)

]
. (12)

Therefore, a new trajectory can be obtained by[
Tx(t), Ty(t),θ(t)

]
=

[
Tx(t), Ty(t),θ(t)

]
+

[
σx(t), σy(t), σθ(t)

]
, (13)

where σx(t) = T′x(t) − Γx(t), σy(t) = T′y(t) − Γ(t), and σθ(t) = θ′(t) − Γθ(t).
Then, warp f (t) is in the new image plane and let us apply the new trajectory in Equation (13) to

get the transformation f (t) in the current frame

f (t) = f (t)
[

Φ(t) cosθ(t) −Φ(t) sinθ(t)
Φ(t) sinθ(t) Φ(t) cosθ(t)

]
+

[
Tx(t)
Ty(t)

]
, (14)

where Φ(t) is a scale factor computed by

Φ(t) =
cosθ(t)

cos
(
tan−1

(
sinθ(t)
cosθ(t)

))
(t)

. (15)

2.4. Step 2: Object Detection and Recognition

In this step, the background and foreground are determined in each frame that has been
transformed in Step 1. The foreground is made up of the moving object candidates, which are people
and cars, in the image. The foreground is detected and recognized using Haar-like features and a
boosted cascade of classifiers with training and detection stages. The basic idea behind Haar-like
features is to detect objects of various sizes in the images. Figure 3 shows the template of the Haar-like
features where each feature consists of two or three adjacent rectangular groups and can be scaled up
or down. The pixel intensity values in the white and black groups are accumulated separately. So,
the distinction between adjacent groups gives light and dark regions. Therefore, Haar-like features are
suitable for defining information in images to find objects on different scales in which some simple
patterns are used to identify the existence of objects.

(a)

(b)

(c)

Figure 3. Haar-like features: (a) Edge, (b) line, (c) center-surround.

The Haar-like feature value is calculated as the weighted sum of the pixel gray level values
which are summed over the black rectangle and the entire feature area. Then, an integral image [41]
is used to minimize the number of array references in the sum of the pixels in a rectangular area
of an image. Figure 4a,b show the example of the main objects to be selected. Figure 4c shows the
example of the additional objects to be selected which are non-moving objects, i.e., road signs, fences,
boxes, road patterns, grass patterns, power lines, roadblocks, and so on. This additional object has the
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purpose to reduce false detection where the type of object often tends to be recognized as foreground.
Negative images are the images of landscapes and roads taken by a UAV without containing cars or
people. In this study, the minimum and maximum sizes of positive images to be trained are 16 × 35
and 136 × 106, respectively.

(a)

(b)

(c)

Figure 4. Examples of positive images: (a) Person, (b) car, (c) non-moving object.

The AdaBoost algorithm [46] is used to combine features of the selected classifier. A classifier is
chosen as the threshold to determine the best classification function for each feature. A training sample
is set as (αs, βs), s = 1, 2, . . . , N, where βs= 0, or 1 for negative or positive labels, respectively, and it is
the class label for the sample αs. Each sample is converted to a gray-scale then scaled down to the base
resolution of the detector. The AdaBoost algorithm creates a weight vector which is distributed over
all training samples in the iteration. The initial weight vector for all samples (α1, β1), . . . , (αN, βN) is
set as ω1(s) = 1/N. The error associated with the selected classifier is evaluated as

εi =
N∑

s=1

ωi(s), if
∣∣∣λi(αs) � βs

∣∣∣. (16)

The λi(αs) = 0, or 1 is a selected classifier for negative or positive labels, respectively, and i = 1, 2, . . . , I
is the iteration number. The selected classifier is used to update the weight vector as

ωi+1(s) = ωi(s)δ
1−rs
i

where rs =

{
0, if αs classified correctly,
1, otherwise

(17)

and δi is the weighting parameter set by
δi =

εi
1− εi

. (18)

The final classifier stage W(α) is the labeled result of each region represented as

W(α) =

⎧⎪⎪⎪⎨⎪⎪⎪⎩ 1, if
I∑

i=1

[
log

(
1
δi

)
× λi(α)

]
≥ 1

2

I∑
i=1

log
(

1
δi

)
.

0, otherwise
(19)

Figure 5 shows a sub-window that slides over the image to identify the region containing the
object. The region is labeled at each classifier stage either as positive (1) or negative (0). The classifier
passes to the next stage if the region is labeled as positive, which means that the region is recognized
as an object. Otherwise, the region is labeled as negative and is rejected. The final stage shows the
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region of the moving object candidates. The region of the non-moving object is not to be displayed in
the image and is used to evaluate the detected object. If the region of a moving object candidate is the
same as the non-moving object, then the region is eliminated as a foreground. Let the n-th foreground
region be represented as

Obj[n] = [(xmin(n), ymin(n)), (xmax(n), ymax(n))], (20)

where (xmin(n), ymin(n)) and (xmax(n), ymax(n)) are the minimum and maximum positions of the
rectangular foreground pixel locations, respectively.

Figure 5. Cascade classifier for object detection and recognition.

False detection of the moving object candidates is eliminated immediately using a comparison of
the region with non-moving objects. This will speed up the computation time in the next step.

2.5. Step 3: Motion Vector Classification

The Farneback optical flow [40] is adopted to obtain motion vectors of two consecutive images.
The Farneback optical flow uses a polynomial expansion to provide high speed and accuracy for
field estimation. Suppose there is a 10 × 10 window G(j) and the pixel j is chosen inside the window.
By using polynomial expansion, each pixel in G(j) can be approximated by a polynomial so called
“local coordinate system” at f (t− 1) which can be computed as follows

f p
lcs(t− 1) = pTA(t− 1)p + bT(t− 1)p + c(t− 1), (21)

where p is a vector, A(t− 1) is a symmetric matrix, b(t− 1) is a vector, and c(t− 1) is a scalar. The local
coordinate system at f (t) can be defined by

f p
lcs(t) = pTA(t)p + bT(t)p + c(t). (22)

Then, a new signal is constructed at f (t) by a global displacement Δ(t) as f p
lcs(t) = f p−Δ(t)

lcs (t− 1).
The relation between the local coordinate systems of two input images will be

f p
lcs(t) = (p− Δ(t))TA(t− 1)(p− Δ(t)) + bT(t− 1)(p− Δ(t)) + c(t− 1)

= pTA(t− 1)pT + (b(t− 1) − 2A(t− 1)Δ(t))Tp + ΔT(t)A(t− 1)Δ(t) − bT(t− 1)Δ(t) + c(t− 1)
(23)

The coefficients can be equated in Equations (22) and (23) as

A(t) = A(t− 1), (24)

b(t) = b(t− 1) − 2A(t− 1)Δ(t), (25)

and
c(t) = Δ(t)

(
ΔT(t)A(t− 1) − bT(t− 1)

)
+ c(t− 1). (26)

Therefore, the total displacement with the extraction in the ROI can be solved by

Δ(t) = −1
2

A−1(t− 1)(b(t) − b(t− 1)). (27)
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The displacement in Equation (27) is a translation from each corresponding ROI consisting of the x-axis
(Δx(t)) and y-axis

(
Δy(t)

)
, so the angular value of the motion vector can be calculated by

Δθ(t) = tan−1

⎛⎜⎜⎜⎜⎝Δ(x+1,y)(t) − Δ(x−1,y)(t)

Δ(x,y+1)(t) − Δ(x,y−1)(t)

⎞⎟⎟⎟⎟⎠× 180
π

. (28)

Since the motion vector is calculated for each 10 × 10 pixels neighborhood, the total displacement
is the matrix of size (image_width/10) × (image_height/10). Thus, the new n-th foreground region is
determined by

Obj2[n] =
[
(xmin(n), ymin(n))

10
,
(xmax(n), ymax(n))

10

]
. (29)

Figure 6a shows regions marked with red and blue ROI, representing the moving objects candidate
(foreground), identified as a person and a car, respectively. Figure 6b shows an example of the estimate
motion vector distribution. In images taken by a static camera, the motion vectors in the background
are zero, signifying MD value is zero. This means that there is no movement (represented by the
direction of the arrows) between two consecutive frames. In our case (images were taken by a moving
camera), motion vectors in the background have several different directions as shown in Figure 6b.
The red ROI is a parked car classified as a non-moving object, where the motion vectors are similar to
most motion vectors in the background. The blue ROI shows a person walking, classified as a moving
object, where the motion vectors are different from most motion vectors in the background. Thus,
MD on each moving object candidate is obtained as the most occurrence of motion vectors in each ROI.
In the background, MD can be obtained as the most occurrence motion vectors in images other than
the foreground.

(a) (b)

Figure 6. Optical flow estimation: (a) Original image, (b) motion vectors.

Figure 7 shows a flowchart of the classification of motion vectors and the selection of moving
objects, which are implemented in Algorithm 1. In each ROI, motion vectors with angular values
that are equal to or greater than zero are grouped into the same class. If the motion vector is in the
background, it is classified as ΔB[B] where B is the number order of classes in the background and the
total number of members of each class is denoted by NB[B]. If the motion vector is in the foreground,
it is classified as ΔF[n, F[n]] where F[n] is the number order of classes in the foreground and the total
number of members of each class is NF[n, F[n]]. Then, MD of the background ΔB and n-th foreground
ΔF[n] are determined as the biggest ΔB and ΔF[n], respectively. If ΔF[n] has a value on the threshold
of ΔB, then the object is identified as a non-moving object and is not considered as a moving object
candidate. Otherwise, the object is identified as a moving object. Finally, the image will only show
the ROI of the selected object. The minimum and maximum MD threshold values in the background
are −5 and +5, respectively. We choose these values because the MD between background and static
objects may have little difference which is not out of the threshold range [−5, +5].
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Algorithm 1. The proposed classification for selecting moving objects.

1. Input:

- Motion vector : Δθ
- Number of foregrounds : n
- Foreground region : obj2[n]

2. Initial:

3. B = 0, F[n] = 0//number of classes
4. NB[B] = 0, NF[n, F[n]] = 0//number of members in each class
5. ΔB[B] = 0, ΔF[n, F[n]] = 0//motion vector in each class
6. FOR i = 1 to end of the column
7. FOR j = 1 to end of the row
8. IF region of Δθ = obj2[n]
9. The motion vectors are classified in each foreground based on ΔF[n, F[n]] to get F[n] and NF[n, F[n]].
10. ELSE

11. The motion vectors are classified in the background based on ΔB[B] to get B and NB[B].
12. END

13. Select the class with the most members in the background to determine ΔB.

14. Select the class with the most members in each foreground to determine ΔF[n].
15. Eliminate the object-n which has similar movement direction with the background.
16. Output: Moving object region

Figure 7. Flowcharts to classify motion vectors and select moving objects.

3. Results and Discussion

3.1. Result of Motion Vectors

The tested images were unstable due to the movement of the UAV. This caused their motion vectors
with regards to static (non-moving) and dynamic (moving) objects to be unsuitable to distinguish.
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Figures 8 and 9 show the results of the motion vectors without and with image stabilization, respectively.
Figures 8a and 9a show the motion vectors in the background. Figures 8b and 9b show the motion
vectors in the ROI as a static object car. Figures 8c and 9c show the motion vectors in the ROI as
dynamic objects people. Figure 8 shows that the motion vectors of the dynamic and static objects are
almost the same with slight difference from the motion vectors in the background. Thus, the result of
the motion vectors without image stabilization was incorrect.

(a) (b) (c)

Figure 8. Result of motion vectors without image stabilization: (a) Background, (b) car, (c) people.

Figure 9b shows that the motion vectors in the car (static object) are almost the same as the
background. Figure 9c shows that the motion vectors in the people (dynamic objects) are very different
from the background. Thus, the results of the motion vectors with image stabilization were very
suitable to distinguish between static and dynamic objects.

(a) (b) (c)

Figure 9. Result of motion vectors with image stabilization: (a) Background, (b) car, (c) people.

3.2. Result of Moving Objects Detection

Figures 10–12 show the results of detection and recognition of moving objects. In some cases,
there were false detections on moving objects candidates because motion vectors classified these objects
as undesirable and so omitted them. Figures 10 and 11 show the sequence of images obtained from
Action1 and Action2, respectively. Sometimes the algorithm did not detect a small object in the image.
For example, a small car in Figure 11a was not detected as the foreground. Although the classification
result of the motion vector showed the car as a moving object, the final result eliminated the car because
the object region was not recognized as the foreground.

Figure 12 shows result of the sequence of images obtained from Action3 which contains five
people playing together and making little movements every once in a while. The detection result
showed that if there were only slight displacements on an object, it was difficult to distinguish the
motion vector. So, the object tended to be detected as a non-moving object.

73



Electronics 2019, 8, 1373

(a) (b)

(c) (d)

Figure 10. The result of moving object detection in Action1: (a) Frame 25, (b) frame 100, (c) frame 210,
(d) frame 405.

(a) (b)

(c) (d)

Figure 11. The result of moving object detection in Action2: (a) Frame 25, (b) frame 100, (c) frame 170,
(d) frame 440.

(a) (b)

(c) (d)

Figure 12. The result of moving object detection in Action3: (a) Frame 5, (b) frame 60, (c) frame 120,
(d) frame 300.
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The results of computation performance are summarized in Table 1 in respect of frames per second
(fps). The average time cost is about 47.08 fps which is faster than previous methods in [23–28]. Table 2
shows the performance accuracy in terms of True Positive (TP), False Positive (FP), False Negative
(FN), Precision Rate (PR), recall, and f-measure. TP is the detected region that corresponds to the
moving object. FP is the detected region that is not related to the moving object. FN is the region
associated with the moving object that is not detected. The performance accuracy can be computed as

PR =
TP

TP + FP
, (30)

Recall =
TP

TP + FN
, (31)

F-measure = 2× PR×Recall
PR + Recall

. (32)

Although many articles have tried to solve the same problem (moving object detection using
a moving camera), the proposed method has performed well for real-time computation time in a
real environment with a complex background. The detection results also showed that the proposed
method detected moving objects with high accuracy, although the UAV had some unwanted motion
and vibration. The comparison of computation time and accuracy between the results of the proposed
method with those methods in [23–26,28] are reported in Table 3. The proposed method achieved an
average precision rate of 0.94 and a recall of 0.91. Action1 had the highest PR and recall compared
to other videos because there were only a few objects and their sizes were quite large. Action2 had
the lowest PR because there were a lot of objects that were similar to the person and car such as trees,
fences, road signs, houses, and bushes. Action3 had the lowest recall due to some small objects in the
video with displacement.

Table 1. Computation time performance in frames per second (fps).

Video Name Average Fps

Action1 49.9
Action2 42.16
Action3 49.2

Average 47.08

Table 2. Detection results performance.

Video Name TP FP FN PR Recall F-Measure

Action1 124 7 6 0.95 0.95 0.95
Action2 245 19 23 0.92 0.91 0.91
Action3 184 12 25 0.94 0.88 0.90

Average 0.94 0.91 0.92

Table 3. Comparison of performance results.

Method Computation Time (fps)
Accuracy

PR Recall F-Measure

Proposed 47.08 0.94 0.91 0.92
[23] 1 0.7 0.76 0.72
[24] - 0.66 0.86 0.74
[25] - 0.94 0.89 0.91
[26] 1.6 - - 0.73
[28] 5 - - 0.76
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The method in [27] did not discuss the accuracy of the detected moving object as well as
the computation time performance. It focused on the optical flow to describe the direction of pixel
movement. However, this method, i.e., [27], is suitable for application on an image with a homogeneous
background. In our case, a moving camera produced several objects in the background that had no
correlation with moving objects but had pixel movements. This condition occurs in image sequences
that have complex backgrounds such as our datasets. Thus, the method in [27] is not suitable to
be applied to our datasets. In addition, we used a simple dense optical flow which is sufficient to
calculate the motion vector fields between two consecutive frames and has a fast computation time.
Then, we used the classification, which is feasible to distinguish the motion vectors between static and
dynamic objects, to determine MD in the background and foreground.

The proposed method can be used for various moving objects, not only for people and cars.
In this work, we used people and car objects to test the performance of the method, because these
objects are often investigated as moving objects using moving cameras [23–29]. High frequency jitter,
small size objects, and low-quality images make detection of moving objects using UAVs a difficult
task. But, using the framework that we propose, we can resolve the problem. Furthermore, a machine
learning approach is used to detect and recognize the foreground because it can be applied to almost
all processors without GPU. This method is proposed for use on a PC or on-board system. In other
words, if the image capture by UAVs can be transmitted to a ground station such as a PC using a
wireless camera or transmitted to an additional board such as Raspberry Pi on a UAV, then the image
can be processed online and in real time.

Based on information from datasets and previous studies [23–29], we can conclude that the
proposed algorithm will be applicable under the conditions: UAV altitude is less than 500 feet and
speed is less than 15 m/s. In addition, based on our experiment results, our algorithm had the best
results at a video frame rate of less than 50 fps.

4. Conclusions

A novel method for multiple moving objects detection using UAVs is presented in this paper.
The main contribution of the proposed method is to detect and recognize moving objects by using a
UAV with moving camera with excellent accuracy and can be used in real-time applications. An image
stabilization method was used to handle unwanted motion in aerial images so that a significant
difference in motion vectors can be obtained to distinguish between static and dynamic objects.
The object detection that was used to determine the region of the moving object candidate had a fast
computation time and good accuracy on complex backgrounds. Some false detections can be handled
using a motion vector classification, in which the object that has a movement direction similar to the
background will be removed as a moving object candidate. Comparing the results on various sequences
of aerial images, the proposed method can be a potential real-time application in the real environment.
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Abstract: This study proposes a convolutional neural network (CNN)-based steganalytic method
that allows ternary classification to simultaneously identify WOW and UNIWARD, which are
representative adaptive image steganographic algorithms. WOW and UNIWARD have very similar
message embedding methods in terms of measuring and minimizing the degree of distortion of
images caused by message embedding. This similarity between WOW and UNIWARD makes it
difficult to distinguish between both algorithms even in a CNN-based classifier. Our experiments
particularly show that WOW and UNIWARD cannot be distinguished by simply combining binary
CNN-based classifiers learned to separately identify both algorithms. Therefore, to identify and
classify WOW and UNIWARD, WOW and UNIWARD must be learned at the same time using a
single CNN-based classifier designed for ternary classification. This study proposes a method for
ternary classification that learns and classifies cover, WOW stego, and UNIWARD stego images
using a single CNN-based classifier. A CNN structure and a preprocessing filter are also proposed
to effectively classify/identify WOW and UNIWARD. Experiments using BOSSBase 1.01 database
images confirmed that the proposed method could make a ternary classification with an accuracy of
approximately 72%.

Keywords: image steganalysis; WOW; UNIWARD; ternary classification; convolutional neural
network (CNN)

1. Introduction

Interest in information security technologies, such as image steganography/steganalysis, has
significantly grown because of the universalization of digital multimedia and communication. Image
steganography is a technique in which a secret message is embedded into an image, called cover
image, and the message-embedded image, called stego image, is transmitted through a public channel
without gaining the attention of a third party, thereby implementing covert communication. The image
steganalysis is the reverse process of image steganography, which aims to determine whether or not
the image to be tested contains a secret message and then finds out the hidden message.

The performance of image steganographic methods depends on two conflicting parameters:
embedding capacity, which represents how many messages we can hide, and the image quality after
embedding, which is closely related to message concealment. Therefore, most image steganographic
methods have achieved a high embedding capacity at the expense of low image quality after
embedding, and vice versa.

Early image steganographic methods include the least significant bit (LSB) substitution method [1],
which replaces the least significant bits of image pixels by secret messages, and the pixel value
differencing (PVD) methods [2–4] that determine the amount of secret messages to be embedded in
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proportion to the difference between adjacent pixels. These early image steganographic methods
sequentially embed secret messages into all pixels of an image, although they have been recently
extended to embed messages in randomly selected pixels using pseudo-random generators for secure
message hiding [5,6].

Sequentially embedding secret messages into all pixels of an image is well known to change
the statistical characteristics of the image. In Figure 1, the solid line refers to a probability density
function (PDF) of the differences between two adjacent pixels on a cover image. The dot lines refer to
the different PDFs on the stego images created by different image steganographic methods. The PDF
of the LSB stego image is significantly different from that of the cover image in the section where
the differences are small. This statistical difference is easily detected by statistical attacks, such as
the RS analysis in [7]. Thus, image steganographic methods have come to consider more how not to
be detected by steganalytic attacks than how many messages to embed. To avoid statistical attacks,
image steganographic methods began to consider where the message would be embedded. Methods
such as HUGO [8], WOW [9], and UNIWARD [10] tried to embed a message into only pixels with a
small distortion, mainly on image edges, by analyzing the distortion caused by embedding a message
into each pixel. For example, HUGO measured the embedding distortion by reverse-engineering the
processes of the subtractive pixel adjacency matrix (SPAM) [11], a steganalytic method that calculated a
co-occurrence matrix for the differences of the adjacent pixels in eight directions of vertical, horizontal,
and diagonal to analyze the statistical changes in the pixel values caused by the message embedding.
HUGO could reduce the probability of being detected by the SPAM by 1/7.

Figure 1. Probability density functions of the differences between the adjacent pixels on a cover image
and its stego images.

The performance of image steganalysis in detecting image steganography has greatly improved
with the development of image steganography to more covertly and skillfully hide a message. Image
staganalytic methods generally try to extract traces of image steganography in the image by using
high-pass filters (HPF) and identify images to which image steganography has been applied through
classification. Early steganalytic methods extracted image features using manually designed HPFs
(those features are called handcrafted features hereafter) and detected image steganography using
classifiers based on machine learning algorithms, such as support vector machines (SVM) [12] and
random forest [13]. A representative method using handcrafted features is the spatial rich model
(SRM) [14].

With the great success of convolutional neural networks (CNN) in object detection and
recognition [15,16], using CNNs for steganalysis has been actively investigated [17–27]. Unlike
handcrafted feature-based methods, a CNN can automatically extract and learn the features that are

80



Electronics 2019, 8, 1225

optimal or well suited for identifying steganographic methods. Therefore, CNN-based steganalytic
methods have demonstrated a better performance compared to handcrafted feature-based methods.

However, most existing image steganalytic methods, regardless of whether or not CNNs are
used, have focused on identifying whether or not a secret message is hidden in an image (i.e., the
binary classification between a normal (or cover) image in which any message has not been embedded
and a stego image in which a message has been embedded). Discriminating stego images created
by different steganographic methods has been less considered; thus, the binary classifiers are not
suitable for discriminating these stego images. Discriminating the stego images created by WOW and
UNIWARD that embed a message in a similar and skillful manner is very difficult.

The classification of stego images created by different steganographic methods plays an important
role in restoring embedded messages beyond judging whether or not a message is embedded. In this
study, as the first step to restore messages embedded by steganographic methods, a CNN-based
steganalytic method is proposed to classify the stego images created by different steganographic
methods. The structure of a ternary classifier is specially designed to distinguish between the
stego images created by WOW and UNIWARD and the normal images without messages. Through
comparative experiments with the existing binary classifiers, the reason why multiple steganographic
methods should be classified in a single ternary classifier, and various methods for improving the
performance of the proposed ternary classifier are presented.

Compared to existing image steganalytic methods, the primary contributions of this study are
as follows:

– a single framework is provided for identifying multiple steganographic methods;
– a CNN-based ternary classifier is proposed for image steganalysis; and
– effective methods for extending a CNN to discriminate similar WOW and UNIWARD stego

images are proposed and evaluated.

This study is an extension of [28] and differs from the previous study in the following respect:

– a CNN-based ternary classifier with a new preprocessing filter is proposed;
– more details for designing it are provided; and
– the performance of the proposed classifier is intensively evaluated.

The remainder of this paper is organized as follows: Section 2 briefly reviews the conventional
image steganographic and steganalytic methods; Section 3 explains the proposed steganalytic method;
Section 4 experimentally evaluates its performance using images from a database available online; and
Section 5 presents the conclusions and suggestions for future work.

2. Related Work

2.1. WOW and UNIWARD

WOW and UNIWARD calculate the degree of distortion when a message is embedded in an image,
and then embed a small amount of message in regions where the distortion is small. We refer herein
to such methods as adaptive steganographic methods. This makes it more difficult to detect hidden
messages by embedding messages only in high-frequency regions with relatively little distortion and
makes it possible to avoid steganalytic attacks using statistical analysis because the change in the
statistical characteristics of the images caused by message embedding is very small (Figure 1).

Adaptive steganographic methods have suggested different approaches for quantifying the
image distortion caused by message embedding. The image distortion function for WOW is defined
as follows:

D(X, Y) = ρij(X, Yij)|Xij − Yij|. (1)

Here, X and Y are a cover and its stego images, respectively, and ρ is a function that examines the
detectability in all neighboring directions of each pixel using the HPFs in Figure 2. Thus, a message is
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not embedded if the detectability is high even in one direction. The message is embedded into the
pixels for which the detectability is low in all directions.

Figure 2. HPFs and wavelet filters used in WOW [9].

For UNIWARD, the residual images were calculated using the wavelet filters in Figure 2.
The image distortion function is defined as follows by the sum of the absolute difference between the
cover and the stego residual images:

D(X, Y) =
3

∑
k=1

n1

∑
u=1

n2

∑
v=1

|Wk
uv(X)− Wk

uv(Y)|
σ + |W(k)

uv (X)|
. (2)

Here, W(k) represents the residual image calculated using the kth filter; n1 and n2 are the image
width and height, respectively, and σ is a constant stabilizing the numerical calculations.

Consequently, WOW and UNIWARD have different image distortion functions, but their
approaches to embedding messages are very similar.

2.2. SRM

The SRM [14] is a handcrafted feature-based steganalytic method that uses various types of
linear and nonlinear HPFs (Figure 3) to extract a number of meaningful features from the images.
The features are then classified using an ensemble classifier (i.e., a random forest) that uses Fisher
linear discriminants as the base classifiers.

Figure 3. Thirty linear and nonlinear 5 × 5 SRM filters [19]. The filters are padded with zeros to obtain
a unified size of 5 × 5.

The SRM was the most effective method used to detect image steganography before the
CNN-based image steganalytic methods emerged. The SRM is highly accurate compared to
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CNN-based methods. The method of extracting many features using various types of HPFs has
also been widely used in CNN-based ones [19,20,25–27].

2.3. CNN-Based Image Steganalysis

CNNs can automatically extract the optimal features required to detect and recognize objects
in images, and can classify features with high accuracy [15,16]. Therefore, studies using CNNs are
greatly increasing in the image steganalysis field. However, unlike other deep learning problems,
the CNN-based image steganalysis has a preprocessing process of applying HPFs to input images. This
process enhances the pixel variation caused by embedding messages such that the CNN can detect it
well while also removing the low-frequency area, where the messages are less likely to be embedded.

Xu and Wu proposed a simple yet effective initial CNN for image steganalysis [17]. They used
a network comprising five convolutional layers and a single fully connected layer (Figure 4). They
also used a 5 × 5 HPF in a preprocessing stage, generated eight feature maps in the first convolutional
layer, and doubled the number of feature maps and halved the size of the feature maps in the
subsequent convolutional layers. Each convolutional layer comprised the processes of convolution,
batch normalization, activation, and pooling. They improved the steganalytic performance of the
network by adding the absolute layer to the first convolutional layer and by using the tanh activation
function in the first two convolutional layers. Yuan et al. used the same network structure as the initial
CNN, but utilized three HPFs in a preprocessing stage [18].

Figure 4. Initial CNN for image steganalysis [17]. The CNN extracts 128 1 × 1 feature maps from a
512 × 512 input image.

ReST-Net [19] uses three different filter sets, namely 16 simplified linear SRM, 14 nonlinear SRM,
and 16 Gabor filters (Figures 3 and 5) in the preprocessing stage to extract much more features from
the input images. In addition, ReST-Net constructs three subnetworks (Figure 6). After separately
training the subnetworks using each preprocessing filter, it trains a new fully connected layer using
transfer learning while fixing the parameters of three subnetworks.

Figure 5. Sixteen 6 × 6 Gabor filters with different orientations and scales [19].
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Figure 6. Structure of Rest-Net [19], which comprises three three subnetworks that are a modification
of the initial CNN [17] and uses transfer learning.

Yedroudj-Net [20] has a similar structure with the initial CNN [17], but uses linear SRM filters
in the preprocessing stage, and has two additional fully connected layers (Figure 7). It removes the
average pooling process in the first convolutional layer to prevent loss of information caused by
pooling. In the first two convolutional layers, it uses the TLU function instead of the tanh function to
remove the strong, but statistically insignificant information. It has an additional scaling process after
batch normalization. Yedroudj-Net has achieved approximately 4–5% improvement in accuracy in
binary classification in comparison with the initial CNN [17].

Figure 7. Structure of Yedroudj-Net [20].

Deep residual networks for image steganalysis have also been proposed [22,23]. These networks
could be made much deeper by employing residual shortcuts (Figure 8). In [22], without fixing the
preprocessing filters or initializing the filter coefficients with the SRM filters, the preprocessing process
is significantly expanded using several convolutional and residual layers to realize a completely
data-driven steganalysis.
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Figure 8. Structure of a deep residual network used in [22].

Ke et al. proposed a multi-column CNN that extracts various features using filters of different
sizes in convolutional layers and allows the input image to be of an arbitrary size or resolution [24].
As a multi-task learning approach, Yu et al. extended a CNN by adding fully convolutional networks
that take the output of each convolutional layer as the input for a pixel binary classification that
estimates whether or not each pixel in an image has been modified because of steganography [26].

Wu et al. proposed a new normalization, called shared normalization, that uses the same mean
and standard deviation, instead of the minibatch mean and standard deviation, for all training and
test batches to normalize each input batch and address the limitation of batch normalization for image
steganalysis [21]. Meanwhile, Ni et al. proposed a selective ensemble method that can choose to join
or delete a base classifier by reinforcement learning to reduce the number of base classifiers while
ensuring the classification performance [25].

As such, the existing CNN-based staganalytic methods could successfully increase the
classification accuracy by deepening or widening the CNNs and using various types of preprocessing
filters. However, these methods aimed for the binary classification of cover and stego images, and,
thus, may not be available for the N-ary (N > 2) classification. Two adaptive steganographic methods,
namely WOW and UNIWARD, embed a small amount of messages in a similar manner (Section 2.1);
hence, the binary classifiers are very likely to misclassify the WOW and UNIWARD stego images.

3. Proposed Method

3.1. Similarity between WOW and UNIWARD

The adaptive steganographic methods, namely WOW and UNIWARD, use directional filters to
analyze how different the differences from the neighboring pixels (i.e., the degree of image distortion)
are when a message is embedded into each pixel of an image, and then selectively embed the message
into a pixel with a small degree of image distortion. WOW and UNIWARD use different functions to
measure the image distortion, but their processes of embedding the message are very similar; thus, the
existing CNN-based binary classifiers become confused when discriminating WOW and UNIWARD,
and are very likely to make an incorrect classification.

We conducted an experiment in which UNIWARD stego images were input to a binary classifier
that had been trained for WOW and vice versa to demonstrate the difficulty of discriminating WOW
and UNIWARD using binary classifiers. The CNN used in the literature [17] (Figure 4) was used for
the experiment. The other experimental conditions were the same as those given in Section 4.

Table 1 shows that, even when two different steganographic methods (i.e., WOW and UNIWARD)
were used in the training and testing phases, respectively, the classification rates for the stego images
were still high. For example, the classification rates were 67.13% when the UNIWARD stego images
were input into the classifier trained using the WOW stego images. In other words, it is very likely
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that they are confused with each other because they are too similar to discriminate. Therefore, using
existing binary classifiers to classify WOW and UNIWARD is ineffective.

Table 1. Cross identification between WOW and UNIWARD (bpp = 0.4).

Training Testing
Classification Rates (%)

For Cover For UNIWARD Stego For WOW Stego Total

UNIWARD UNIWARD 84.02 73.56 - 78.80
WOW WOW 77.63 - 78.25 77.94

UNIWARD WOW 84.02 - 60.48 72.25
WOW UNIWARD 77.63 67.13 - 72.38

3.2. Combining Pre-Trained Binary Classifiers to Discriminate WOW and UNIWARD

We attempted to train two CNN-based binary classifiers for WOW and UNIWARD and simply
combine the two classifiers in parallel to determine the result of the classifier with a higher probability
as a final result (Figure 9). This was based on the assumption that the results of the classifier with a
greater probability would be right if different classification results are obtained by the two classifiers.
Table 2 presents the classification results for the cover, WOW stego, and UNIWARD stego images
(the details for the experimental conditions are given in Section 4). The classification rates for the
WOW and UNIWARD stego images significantly decreased because of the similarity between WOW
and UNIWARD. In other words, the simple combination of two binary classifiers is not useful for
discriminating WOW and UNIWARD.

Figure 9. Combining two binary classifiers in parallel for the ternary classification.

Table 2. Ternary classification rates obtained by simply combining two binary classifiers separately
trained for WOW and UNIWARD (bpp = 0.4).

For Cover (%) For UNIWARD Stego (%) For WOW Stego (%) Total (%)

85.23 50.13 46.24 60.53

We also conducted an experiment for ternary classification through transfer learning. The network
parameters of classifiers were fixed after training each binary classifier for WOW and UNIWARD.
The fully connected layer was then removed from each binary classifier, and a common fully connected
layer was added and trained for the ternary classification (Figure 10). Table 3 shows the classification
results for the cover, WOW stego, and UNIWARD stego images (the details for the experimental
conditions are given in Section 4). The classification rates for the WOW and UNIWARD stego images
were very low, and were lower than those obtained by simply combining two binary classifiers in
parallel. This result indicates that the network parameters in the fully connected layer were not
correctly trained because of the similarity between WOW and UNIWARD.
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Figure 10. Ternary classification through transfer learning.

Table 3. Ternary classification rates obtained by transfer learning (bpp = 0.4).

For Cover (%) For UNIWARD Stego (%) For WOW Stego (%) Total (%)

72.23 45.56 42.90 53.56

Referring to the abovementioned experiments, a new single network should be designed to
simultaneously learn the cover, WOW stego, and UNIWARD stego images from the beginning and
correctly classify the similar steganographic methods, WOW and UNIWARD.

3.3. Designing a CNN for Ternary Classification

The CNN used in [17] is the most basic CNN for image steganalysis, and most conventional CNNs
are its modifications. Therefore, it was used as the base CNN herein. First, the base CNN was tested
for ternary classification without modification. The cover, WOW stego, and UNIWARD stego images
were simultaneously learned in a single network (Figure 4). Table 4 presents the classification rates (the
details for the experimental conditions are given in Section 4), which are better than those obtained by
combining pre-trained binary classifiers. However, the cover images were relatively well classified at
approximately 84%, but the WOW and UNIWARD stego images were rarely classified as expected.
In conclusion, the network structure should be extended, and the preprocessing filter for extracting the
steganalytic features should be more carefully designed to make the classifier originally developed for
the binary classification between the cover and stego images available for ternary classification.

Table 4. Ternary classification rates when simultaneously learning the cover, WOW stego, and
UNIWARD stego images using the conventional classifier [17] (bpp = 0.4).

For Cover (%) For UNIWARD Stego (%) For WOW Stego (%) Total (%)

84.05 56.45 50.39 63.63

We tried to extend the based CNN by attempting to add more convolutional layers (each
comprising convolution, normalization, activation, and pooling operations) because more classification
power would be required for the ternary classification compared to the binary classification. Figure 11
shows the structure of the networks extended with additional convolutional layers. Table 5 displays
the classification rates of the extended networks (the details for the experimental conditions are given
in Section 4). As a result, adding convolutional layers improved the classification rates by 2–4%;
however, the classification rates rather became lower with two or more additional convolutional layers,
indicating that the network needs to be deeper for ternary classification, but the depth should be
properly adjusted.

Table 5. Ternary classification rates of deeper networks in Figure 11 (bpp = 0.4).

For Cover (%) For UNIWARD Stego (%) For WOW Stego (%) Total (%)

Figure 11a 75.81 67.48 59.83 67.70
Figure 11b 72.40 58.18 69.80 66.79
Figure 11c 61.24 60.18 75.27 65.56
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(a) With an additional convolutional layer

(b) With two additional convolutional layers

(c) With three additional convolutional layers

Figure 11. Extending the conventional network [17] with additional convolutional layers.

We also attempted to use a deep residual network (Figure 12a) or a convolution-stacked network
(Figure 12b), where the convolutional blocks were stacked as done in [29] because those residual
or convolution-stacked networks demonstrated a significantly improved performance in image
recognition. However, as shown in Table 6, the classification rates were not good, indicating that these
networks were not suitable for image steganalysis or for ternary classification.
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(a) A residual network

(b) A convolution-stacked network

Figure 12. Deep residual network and convolution-stacked network for ternary classification.

Table 6. Ternary classification rates of the residual and convolution-stacked networks of Figure 12
(bpp = 0.4).

For Cover (%) For UNIWARD Stego (%) For WOW Stego (%) Total (%)

Figure 12a 80.03 23.52 4.30 35.95
Figure 12b 83.87 62.43 32.87 59.72

As explained in Section 2.3, the CNN-based classifiers for image steganalysis have preprocessing
filters to facilitate the extraction of steganalytic features from images. Many conventional methods
tried to use various preprocessing filters for performance improvement. For the ternary classification,
we decided to use the SRM filters mostly used in conventional methods and conducted an experiment
to determine their performance. The base CNN was used with three different preprocessing filter
sets: 30 SRM filters (Figure 3), three groups of 10 SRM filters, and 10 selected SRM filters (Figure 13).
The second filter set was obtained by dividing 30 SRM filters into three groups of 10 (using different
numbers of groups was worse [28]). The filters of each group were applied to the input image.
Ten filtered results were generated by performing the element-wise sum between the filtered results of
each group [28]. The third filter set is a new one proposed herein. More effective filters were selected
from 30 SRM filters. Each of the 30 SRM filters was applied to the arbitrary cover and stego images. The
differences between the filtered cover and stego images were then computed (Figure 14). Subsequently,
10 filters with higher differences were selected, assuming that those filters would extract steganalytic
features from the images well. For all of the filter sets, eight feature maps were generated in the first
convolutional layer and doubled in the subsequent convolutional layers. Tables 4 and 7 (the details for
the experimental conditions are given in Section 4) show that the classification rates of the base CNN
did not increase as the number of filters increased, unlike expected. The results of the three groups of
10 SRM filters were better than those of the others, indicating that simply increasing the number of
filters does not guarantee performance improvements, and finding the appropriate filters for a given
CNN is necessary.
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Figure 13. Ten selected SRM filters. They can better detect tiny variation on images, among 30 SRM
filters of Figure 3.

Figure 14. Selection of more effective SRM filters: a large difference (e.g., 1.229 and 7.234) depending
on the filter between the filtered cover and stego images is found after each SRM filter is applied.

Table 7. Ternary classification rates of the base CNN with different preprocessing filters (bpp = 0.4).

Preprocessing Filters For Cover (%) For UNIWARD Stego (%) For WOW Stego (%) Total (%)

30 SRM 50.43 19.98 90.90 53.70
Three groups of 10 SRM 65.44 51.01 75.26 63.90

10 selected SRM 68.55 73.15 42.41 61.37

Together with increasing the number of filters, we also attempted to increase the feature maps
in the first convolutional layers from 8 to 60. Table 8 shows that the classification rates of the base
CNN became significantly lower, except for the 10 selected SRM filters, when the number of feature
maps increased. Unlike most conventional CNNs that achieve performance improvement by using
more filters or feature maps, the base CNN had a better performance with a small number of filters
maybe because the base CNN failed to learn a large amount of information extracted by many filters
or feature maps. From these results, we conclude that the base CNN should be deeper such that more
filters or feature maps can be used.

Table 8. Ternary classification rates of the base CNN with different preprocessing filters when increasing
the feature maps in the first convolutional layers to 60 (bpp = 0.4).

Preprocessing Filters For Cover (%) For UNIWARD Stego (%) For WOW Stego (%) Total (%)

5 × 5 HPF 90.44 40.15 44.89 58.49
30 SRM 4.54 87.39 26.04 39.32

Three groups of 10 SRM 79.17 32.52 67.39 59.69
10 selected SRM 46.08 45.27 88.99 60.11

3.4. Proposed Classifier for Ternary Classification

We proposed a CNN-based classifier for the ternary classification. The base CNN [17] was
extended with an additional convolutional layer. The feature maps were increased to 60 in the first
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convolutional layer and doubled in the subsequent convolutional layers: thus, 1920 feature maps were
fed into the fully connected layer. Ten selected SRM filters were used as the preprocessing filters.

4. Experimental Results and Discussion

All the experiments presented in the previous sections and in this section were conducted with
the following conditions: 10,000 gray scale images of 512 × 512 in BOSSBase 1.01 [30] were quartered,
and the resulting 40,000 images were divided into the training and testing sets, each comprising 30,000
and 10,000 images, respectively. The stego images for both sets were generated with a random payload
of bpp = 0.4 (In most steganalytic studies, 0.1, 0.2, and 0.4 bpp have been used for testing steganalytic
methods. However, when using adaptive steganographic methods, 0.1 and 0.2 bpp are too small to
identify the stego images, even in binary classification [31]. The average PSNRs of the WOW and
UNIWARD stego images of 0.4 bpp are 58.76 and 59.36 dB, respectively; thus, the image quality of the
stego images of 0.4 bpp is still very high.) using WOW and UNIWARD. As a result, 90,000 (30,000 for
cover, WOW stego, and UNIWARD stego images each) training images of 256 × 256 and 30,000 (10,000
for cover, WOW stego, and UNIWARD stego images each) testing images were used. For training,
a momentum optimizer [32] with a momentum value of 0.9 was used. The learning rate started at
0.001 and decreased to 90% in every 5000 iterations. The minibatch size was 64 (32 pairs of cover and
stego images). The other hyperparameters were set the same as in the conventional method [17]. All
CNNs were implemented using the TensorFlow library [33].

The proposed classifier was evaluated with different preprocessing filters. As a new preprocessing
filter set, 16 Gabor filters were used together with the 10 selected SRM filters, as has been done in [19].
The results in Table 9 are the classification rates for the cover, WOW stego, and UNIWARD stego
images obtained using different preprocessing filters.

Table 9. Ternary classification rates of the network of Figure 11a with different preprocessing filters
(bpp = 0.4).

Preprocessing Filters For Cover (%) For UNIWARD Stego (%) For WOW Stego (%) Total (%)

5 × 5 HPF 68.52 46.07 61.01 58.53
30 SRM 75.49 51.85 71.46 66.26

Three groups of 10 SRM 76.22 59.66 77.45 70.78
10 selected SRM 75.65 69.71 71.32 72.22

10 selected SRM + 16 Gabor 76.23 56.26 62.10 64.86

Unlike the base CNN, using more filters and feature maps increased the classification rates;
however, utilizing too many and different types of filters was not good. The results of the 10 selected
SRM filters (i.e., the proposed one) were the best. The experimental results demonstrated that the
cover, WOW stego, and UNIWARD stego could be classified with an accuracy of approximately 72%
through the single CNN-based ternary classifier proposed herein.

We also attempted to change the tanh functions of the first two convolutional layers to TLU
functions, as has been done in [20], and the ReLU functions of the subsequent convolutional layers to
leaky ReLU functions, but the classification rates were not good (Table 10).

Table 10. Ternary classification rates when changing the activation functions of the proposed CNN
(bpp = 0.4).

For Cover (%) For UNIWARD Stego (%) For WOW Stego (%) Total (%)

39.60 72.29 91.87 67.93

5. Conclusions and Future Works

This study proposed a CNN-based ternary classifier to identify cover, WOW stego, and UNIWARD
stego images. The existing binary classifiers were designed to learn and detect a specific steganographic
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method; hence, they were not suitable for discriminating different steganographic methods. Adaptive
steganographic methods, such as WOW and UNIWARD, embed a small amount of the secret message
in a similar manner; therefore, discriminating their stego images using the existing binary classifiers
or combining them was very difficult. However, the proposed ternary classifier could effectively
learn the difference between both steganographic methods and discriminate them with high accuracy.
The classification between different steganographic methods using the proposed ternary classifier
was the first step in restoring the embedded message instead of simply determining whether or not a
message has been embedded.

It was experimentally confirmed that, in designing a CNN-based ternary classifier for image
steganalysis, simply expanding the width or depth of the CNN does not guarantee performance
improvements. In other words, the CNN width and depth need experimental optimization. This study
demonstrated the results of such an experimental optimization.

The proposed method had an accuracy of approximately 72%, which is not very high. Therefore,
ways to improve the accuracy by further highlighting the differences between WOW and UNIWARD
must be explored in the future. Ways to design a CNN-based classifier suitable for classifying a larger
number (≥3) of steganographic methods, including those with other embedding domains (e.g., DCT
and wavelet domains), must also be explored.
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Abstract: Fire must be extinguished early, as it leads to economic losses and losses of precious lives.
Vision-based methods have many difficulties in algorithm research due to the atypical nature fire
flame and smoke. In this study, we introduce a novel smoke detection algorithm that reduces false
positive detection using spatial and temporal features based on deep learning from factory installed
surveillance cameras. First, we calculated the global frame similarity and mean square error (MSE) to
detect the moving of fire flame and smoke from input surveillance cameras. Second, we extracted
the fire flame and smoke candidate area using the deep learning algorithm (Faster Region-based
Convolutional Network (R-CNN)). Third, the final fire flame and smoke area was decided by local
spatial and temporal information: frame difference, color, similarity, wavelet transform, coefficient of
variation, and MSE. This research proposed a new algorithm using global and local frame features,
which is well presented object information to reduce false positive based on the deep learning method.
Experimental results show that the false positive detection of the proposed algorithm was reduced
to about 99.9% in maintaining the smoke and fire detection performance. It was confirmed that the
proposed method has excellent false detection performance.

Keywords: deep learning; fire and smoke detection; spatial and temporal; wavelet transform;
coefficient of variation

1. Introduction

Many civilian fire injuries and civilian fire deaths occur each year due to intentionally-set fires
and naturally occurring fires, which causes much property damage. Fires are classified into structure
fires (home structures which include one-and two-family, manufactured homes, and apartments),
non-residential structure fires (public assembly, school and college, store and office, industrial facilities,
and other structures), and outdoor fires (bush, grass, forest, rubbish, and vehicle fires) [1]. Research
on automatic fire detection or monitoring has long been the focus of the interior structure fires and
non-residential structure fires to protect casualties and property damage from fires.

Smoke is very important because it indicates the start of a fire. However, sometimes the flames start
first; thus, both smoke and flames require early detection to extinguish the fire early. Many methods
of detecting smoke and flames to extinguish a fire early have been studied. In order to reduce the
damage caused by fire, many early fire detection systems using heat sensors, smoke sensors, and flame
detection sensors that detect flames by infrared rays (spectrum) and ultraviolet rays (spectrum) are
frequently used [2,3]. Sensors used in buildings, factories, and interior spaces detect the presence of
particles produced by fire flames and smoke in close proximity using a chemical reaction by ionization
that requires proximity. Traditional fire alarm systems using sensors show good detection results in
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close proximity for activation or very narrow spaces [4,5]. However, sensor-based sensing systems
are expensive because many devices need to be installed for fast detection. The disadvantage of
the thermal sensor is that the detection is slow because it uses the temperature difference from the
surroundings. The smoke sensor may be delayed depending on the speed of the smoke or may not be
detected depending on the air flow. In addition, sensor-based detection systems cannot provide users
with information about the location or size of a fire. The main disadvantage of the sensor based system
is that it is difficult to install outdoors. As mentioned earlier, fires can occur anywhere and anytime,
and must be detected at various locations.

In order to overcome the shortcomings of the sensor-based detection systems, many methods of
detecting smoke and fire using camera sensors (image-based) have been studied [6,7]. Compared to
sensor based fire detectors, video fire detectors have many advantages, such as fast response, long
range detection and large protected areas. However, most of the recent video fire detections have a
high rate of false alarms [8].

Vision based fire detection includes short range fire detection and long range fire detection.
Long-distance forest or wildfire smoke and fire detection system using fixed CCD (Charge-Coupled
Device) cameras is the monitoring of smoke and fire from distant mountains or fields [9–11]. In addition,
Zhao et al. [12] described wildfire identification based on deep learning using unmanned aerial
equipment. To extract local extremal regions of smoke, they used the rapidly growing Maximally
Stable Extremal Region detection method in the field of initial smoke region detection.

More research has been conducted on short distance fire and smoke detection than on long
distance forest of wildfire. Early fire detection using cameras detected fires in tunnels and mountains
using black and white images [13,14]. Early feature extraction detected flames by measuring histogram
changes using the temporal change characteristics of flames from black and white images. Recently,
image-based flame detection methods using motion, color, shape, texture, and frequency analysis have
been studied for the last 20 years [15–21].

Conventional flame detection methods include a method using RGB (Red, Green, Blue) HSV (Hue,
Saturation, Value), YCbCr color models, etc., wavelet transform after detecting moving areas and flame
color pixels, flame intensity changes over time, the shape of contour of fire flame in HSV color models
and time-space domain, and a method using infrared image.

The color image fire detection algorithms determine cases where the flame’s color level exceeded
a certain threshold in the brightness information of the color space such as RGB, YCbCr, HIS (Hue,
Saturation, Intensity), and CIEL * a * b * (CIELAB, Commission Interationale De L’éclairage) [22–26].
Algorithms using spatial domain analysis are algorithms for distinguishing between the flame color
and the non-flame color. There are algorithms for determining the fire or analyzing the frequency
components of the flame region by analyzing the texture of the flame candidate area [15,26,27].
The algorithm using the frequency analysis of the time domain determines the fire by analyzing the
frequency of a specific level value of the flame candidate region that changes over time [22,23,25,26].

Chen et al. [27] studied the fire detection system using RGB and HSI color model and rule-based
by using the characteristic that the flame movement is spread in irregular shape when fire occurs.
Toreyin et al. [28] proposed a system that detects fire and non-fire using temporal and spatial wavelet
analysis of input images as a feature of high frequency components, based on the fact that smoke
appears translucent in the early stages of fire. Yuan [7] proposed an algorithm which is fast estimated
the motion orientation of smoke and an accumulative motion model which is used the integral image.
This is a method of generating a direction histogram for a motion vector by using a feature of upward
moving of smoke, and determining that smoke is a case when there are a lot of motion vectors in a
relatively upward direction. Yuan [29] proposed a smoke detection algorithm based neural network
classification to train using feature vectors, which are generated by LPB (Local Binary pattern) and
LBPV (Local Binary pattern Variance) histograms for rotation and lighting in multi-scale pyramid
images. Celik and Demirel [30] presented the experimental results using YCbCr color space and
proposed a pixel classification algorithm for flames. To this end, they suggested a very innovative
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algorithm that separates the chrominance from luminance components. However, this method used
heuristic membership and did not produce good results for the new data. Fujiwara [31] proposed a
smoke detection algorithm for smoke shapes using a fractal encoding method using the self-organism
of smoke in grayscale images. Liu and Ahuja [16] detected the fire region based on the area expansion
method using the fire initial region that has high brightness. They asserted that the fire zones and
non-fire zones are classified by Fourier coefficients change over time. Philips [32] classified the fire
region using the changes in status over time for candidate region, after the fire flame candidate region
is dedicated by the color histogram adapted Gaussian filter. Tian et al. [33] detected smoke regions
by image separation. After the background model was created, the smoke was detected by gray
color and partial transparency. The limitation of the vision-based method is that it fails to detect
transparent smokes. Moreover, it often mistakenly detects many natural objects, for example, the sun,
various artificial lights or light reflects on various surfaces, dust particles, as well as flame and smoke.
Additionally, scene complexity and low-video quality can affect the robustness of vision-based flame
detection algorithms, thus increasing the false alarm rate. Barmpoutis et al. [34,35] also asserted that
high false alarm rates are caused by natural objects, which have similar characteristics with flame,
and by the variation of flame appearance. Other causes have claimed environmental changes that
complicate fire detection including clouds, movement of rigid body objects in the scene, and sun and
light reflections. Hence, the difficulty of fire flame detection from digital images is due to the chaotic
and complex nature of fire phenomena. Lee et al. [36] proposed smoke detection algorithm based on
the Histogram of Oriented Gradients and LBP. Adaboost, which is constructing a strong classifier as
linear combination, was used to classify trained object.

In contrast, the deep learning based fire flame and smoke detection systems have automatic feature
extraction; thus, making the process much more reliable and efficient than the conventional feature
extraction methods. However, such a deep learning approach requires tremendous computational
power, not only during training periods, but also when deploying trained models to hardware to
perform specific tasks. As a fire detection method using a security surveillance camera, fire detection
techniques using real-time image analysis and deep learning have been proposed.

Recently, several kinds of deep learning algorithms for fire flame and smoke detection have been
proposed. Frizzi et al. [37] researched the Convolution Neural Network (CNN) based smoke and flame
detection, Sang [38] studied the classification of smoke image and flame image feature using composite
product neural network, Wu et al. [39] Studied the detection of fire and smoke regions by extracting
dynamic and static features using ViBe algorithm, Shen et al. [40] detected the fire flame using the
YOLO (You Look Only Once) model, and Khan et al. [41] also researched a disaster management system
to respond to early fire detection and automatic reaction within the inside and outside environment
using CNN. Zhang et al. [42] researched forest fire detection utilizing fire patches detection using
two joined deep CNNs to detect fire in forest images. However, these models have many parameters
to render, which require a large computing space. Thus, these models are unsuitable for onfield
fire detection applications using low-cost low-performance hardware. Muhammad et al. [43] used
Foggia’s dataset [44]. They fine-tuned various variants of CNNs: AlexNet [41], SqueezeNet [43],
GoogleNet [44], and MobileNetV2 [45]. They used Foggia’s dataset [46] as the major portion of their
train dataset. Although Foggia’s dataset includes 14 fire and 17 non-fire videos with multiple frames,
the dataset contains a lot of similar images, which restricts the performance of the model trained on
this dataset to a very specific range of images. Recently, much research has been conducted on Faster
R-CNN, which shows higher performance than other network models, like as R-CNN (Region-based
Convolutional Network) and Fast R-CNN. Barmpoutis et al. [39] studied higher-order linear dynamical
systems based multidimensional texture analysis as the deep learning networks. They classified the
fire using the Faster R-CNN model based on the spatial analysis on Grassmann manifold. Wildland
forest fire and smoke detection algorithm with Faster R-CNN was suggested by the Zhang et al. [47] to
avoid the complex process.
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As mentioned above, malfunctions of smoke and flame detection using image processing have
been drastically reduced due to the development of deep learning, but the malfunction still exist due
to problems of deep learning. The goal of most of the existing approaches is detecting either smoke or
fire from images, but as explained, they suffer from a variety of limitations. To solve the problem of
these limitations, in this paper, Faster R-CNN model is proposed with object attribution for increasing
the smoke and fire flame detection and decreasing the false positive rate. This method is capable
of detecting both smoke and fire flame images at the same time, and offers many advantages and
exhibits better performance than other existing visual recognition CNN models for the recognition of
fire flame and smoke in images. Additionally, we researched a novel algorithm on rigid change of
natural environment to reduce the false positive smoke detection based on advanced deep learning,
as shown Figure 1.

 
Figure 1. Flowchart of the proposed algorithm.

This paper is organized as follows. We propose deep learning model architecture for flame and
smoke detection in surveillance camera in Section 2. This paper explains several theories to reduce
the rate of false alarms and improve the detection rate in Section 3. Our experimental results and
discussion are implemented in Section 4. Finally, the manuscript presents a brief conclusion and future
research directions in Section 5.

2. Deep Learning (Faster R-CNN)

It is often more difficult to distinguish objects within an image than to classify images. Deep
learning using the R-CNN method takes several steps. Once the R-CNN creates a region proposal or a
bounding box for an area where an object exists, it unifies the size of the extracted bounding box to use
as input to CNN. Next, the model uses SVM (Support Vector Machine) to classify the selected region.
Finally, it uses a linear regression model so that the bounding box of the categorized object sets the
exact coordinates. CNN for training data is divided into three parts. Figure 2 depicts the full flow of the
proposed system. In Figure 2, RPN (Region Proposal network) was used to find a predefined number
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of regions (bounding boxes) that can contain objects using features computed by CNN. The next step
is to get a list of possible related objects and their locations in the original image. We apply region of
interest pooling (ROIP), using boundary boxes for features and related objects extracted from CNN,
and extract the features corresponding to related objects as new tensors. Finally, this information is
used to classify the contents of the bounding box and the bounding box coordinates are adjusted in the
R-CNN module. As a result of the Faster R-CNN, a bounding box of related objects is displayed on the
screen. The proposed algorithm part is added at end of Faster R-CNN. We finally select the case where
FD (Final Decision) is greater than threshold (TH) using several features in the bounding box.

 
Figure 2. Faster R-CNN system flow.

2.1. Labeling Dataset

Labeling of the fire flame and smoke in the images was done using the LabelImg program.
This paper used a variety size of labeling including fire flame and smoke to train the images, as shown
in Figure 3. The labeling results are stored in the .xml file with the image file name along with the
four-point coordinates of each rectangle. For labeling dataset, there are two things to be considered.
First, a list of class is necessary for the dataset. Second, bounding boxes (Xmin, Ymin, Xmax, Ymax)
will be generated by the labeling program according to the classes for images.

    

Figure 3. Example of labeling area for fire and smoke dataset image.

2.2. Training Data with Faster R-CNN

Faster R-CNN [48] is a method of applying a new method called Region Proposal Network (RPN)
that merely integrates the part that generates the region proposal within the model. This is a new
application of the RPN network for object detection. The function of RPN is to output the rectangle
and object score of the part that proposes the object in the input image. It is a fully connected network
and is designed to share a convolutional layer with Faster R-CNN. Trained RPN improves the quality
of the proposed area and improves the accuracy of object detection. In general, Faster R-CNN searches
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external slow selections by CPU calculations but speeds them up by using internal fast RPNs by
GPU calculations. The RPN comes after the last convolutional layer, followed by ROIP, classification,
and bounding boxes are located, as shown in Figure 4. RPN extracts 256 or 512 features from the input
image by convolution calculation using 3 × 3 window. This is then used as a box classifier layer and a
box regress layer. The predefined reference box name used as the bounding box candidate at each
position of the sliding window is used as the box regression. It extracts features by applying predefined
anchor boxes of various ratios/sizes using the center position, moving the sliding window of the same
size. In our model, we used nine anchor boxes (three sizes and three proportions), and each box is
considered as a candidate for the bounding box at each position of the sliding window in the image.

Figure 4. The architecture of faster R-CNN.

2.3. Creating Inference Graph

An inference graph is also known as a freezing model that is saved for further process.
While training the dataset with the model, each pair at different time steps, one is holding the weights
“.data”, and another is holding the graph “.meta”. The labeled image information is progressed
using the Faster R-CNN model described above, and the “.meta” file is generated as a training result.
The next step is making the graph file (“.pb file”) which is using the “.meta” file generated in the
previous step. Finally, when we use the “.pb” file to detect the objects in the images, the result image
including the bounding box and object score will be displayed on the monitor.

3. Feature Extraction Methods

3.1. Structural Similarity

SSIM (Structural Similarity) [49] is a measure of the similarity of the original image and distortion
due to compression and transformation. This is more widely used in signal processing because it has
higher accuracy than the Mean Square Error (MSE) method, which uses a measure of the difference
between pixel values of two images. We used the evaluation of the test image (X) against the original
image (Y) to measure the quantification of visual similarity. The more similar the test image to the
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original image, the closer the value is to 1.0, and the more different the test image is to the original
image, the closer the value is to 0.0. The SSIM formulas are defined as follows:

L(x, y) =
2μxμy + K1

μ2
x + μ

2
y + K1

(1)

(x, y) =
2σxσy + K2

σ2
xσ

2
y + K2

(2)

N(x, y) =
σxy + K3
σxσy + K3

(3)

where μx and μy are the mean of the pixels, σx and σy are the standard deviations, and σxy is covariance.
K1, K2, and K3 are constants for preventing the denominator and numerator from becoming zero.
L(x, y) is the relationship of the brightness difference, M(x, y) is the contrast difference, and N(x, y) is the
similarity of the structural change between x and y. The structural similarity is shown in Equation (4):

SSIM = [L(x, y)]α[M(x, y)]β[N(x, y)]γ (4)

where α, β, and γ represent the importance of each term; 1.0 was used in this paper.

3.2. RGB Color Histogram

Generally, smoke is grayish (dark gray, gray, light gray, and white). Black smoke occurs by
unburned materials or a combustion at high temperatures; this means that a certain time has passed
since the fire occurred. This paper focuses on the smoke of the initial generation, and sets the conditions
as shown in Equation (5) to use smoke colors ranging from gray to white:

C = (R + G + B)/3, τ1 < CL < τ2, τ3 < CH < τ4 (5)

where C is the output image, R is the red image, G is the green image, and B is the blue image.
This research set the CL to a minimum value between 80 (τ1) and 150 and the CH (τ2) an upper range
value between 180 (τ3) and 250 (τ4). The average image C is histogrammed into 256 bins (0 to 255) for
each pixel. The values stored in each bin of the histogram are normalized using the input image size,
and the sum is obtained, as in Equation (6):

HS =
255∑
i=0

bi

(h×w)
(6)

where HS is the RGB color histogram result value, bi means the histogram bins from 0 to 255, which is
only included Equation (5) range, and h and w is height and width for an input image. The grayish
color is distributed intensively between 80 and 250.

Fire flames are usually bright orange or red (red -> orange -> yellow -> white -> mellow).
This paper used HSV color instead of RGB color. The range of HSV color used in the paper is as follows:

• H: 0 to 40
• S: 100 to 255
• V: 80 to 255

As shown in smoke color extraction, HSV color image is also calculated for the average value for
the filtered range image. The HSV histogram is obtained by Equation (6).
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3.3. Coefficient of Variation (CV)

The coefficient of variation is a type of statistic that represents the precision or scatter of a sample,
such as variance and standard deviation, in that it shows how scattered the distribution is relative to the
mean. CV is a measure of how large the standard deviation is relative to the mean. These coefficients
of variation are useful for comparing the spread in two types of data and for comparing variability
when the differences between data are large. It is also used to determine the volatility of economic
models and securities of economists and investors, as well as areas such as engineering or physics,
when conducting quality assurance research and ANOVA gauge R & R [50].

The coefficient of variation is the standard value divided by the mean, as shown Equation (7):

CV = σ/m (7)

where σ is standard deviation and m is mean. It showed that the image with smoke and fire flame region
has lower CV value. In the contrast, the region with false alarm showed higher CV value, as shown
Figure 5. This paper adapted as the coefficient value (weighting value) of wavelet transform to remove
the false alarm cases. In case of Fire flame, we used the R color in RGB color space, and adapted Y
color in YCbCr color space for the smoke region.

  
(a) (b) 

  
(c) (d) 

Figure 5. The result of coefficient variation values for detected area, (a) smoke area Coefficient of
Variation (CV) value: 1.5 (87%), (b) fire area CV value: 1.9 (51%), (c) false alarm area CV value: 6.2 (20%),
and (d) false alarm area CV value: 13.6 (76%).

3.4. Wavelet Transform

In general, smoke is blurry and uneven, thus, it is difficult to detect the contour using the
contour detection method. DWT (Discrete Wavelet Transform) [51,52] supports multiple resolutions,
and can express contour information of vertical, horizontal, and diagonal components, respectively.
Using this feature to represent smoke in DWT energy, it is more apparent than in conventional edge
detection methods.

When smoke with translucent characteristics occurs, the smoke part of the image frame is less
sharp and the high frequency component is reduced in the area. Wavelet algorithms are generally
suitable for expressing image textures and edge characteristics of smoke and fire flames. Background
images generally have lower wavelet energy and few moving objects. In contrast, the edge of smoke
images becomes less visible, and may disappear from the scene after a certain time. It means that the
high frequency energy of the background scene is decreasing. In order to identify smoke in a scene,
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any decrease in high frequency from the detected blob images in the frame was monitored by a spatial
wavelet transform algorithm.

As shown in Figure 6, if the smoke spreads to the edges of the image, it may be difficult to see
initially and the smoke may darken over time, causing part of the background to disappear. [53,54].
This means that there is a high probability that smoke will be present and smoke detection will be
easier, as shown in Figure 6. Therefore, this paper used the spatial energy to evaluate the sub-image
energy by dividing the image into first stage wavelet transform and summing the squared from each
coefficient images in Equation (8):

E(x, y) =
√[

LH(x, y)2 + HL(x, y)2 + HH(x, y)2
]

(8)

where x and y represent positions within the image, and LH, HL, and HH each contain contour
information of the high frequency component of the DWT (Discrete Wavelet Transform). LH is
horizontal low-band vertical high-band, HL is horizontal high-band vertical low-band, and HH is
horizontal high-band vertical high-band. E(x, y) is wavelet energy at each pixel in the candidate region
which is detected by deep learning algorithm within each frame.

  
(a) (b) 

Figure 6. Single level of wavelet transform results, (a) non-smoke sub-images and (b) smoke sub-images.

4. Experimental Results

We proposed a new algorithm using similarity and color histogram of global and local area in
the frame to reduce smoke false positive rate generated by fire detection systems using Onvif camera
based on deep learning. In this paper, we used a computer with an Intel Core i7-7700 (3.5 GHz) CPU,
16 GB of memory, and Geforce TITAN-X to perform the experiment. The flame and smoke databases
used in this study was obtained from the internet, and general direct ground and factory recorded
video. The video recording device was a mobile phone camera, a Canon G5 camera, and a Raspberry
pi camera. Python 3.5, Tensorflow, and Opencv were used in this paper.

In order to implement the proposed algorithm, the following process was carried out. The first
step is labeling dataset from training database. The first task is labeling data using the LabelImg
program, as shown Figure 4. The labeling categories used in this paper are flame, smoke, Grinder,
Welding, and human. The result of labeling data is stored in an .xml file that contains the object type
name and the four-point coordinates of the object area.

The second step is training process with labeled images. In the training process, the input image
is a JPEG or PNG file. The .xml file should be converted to the learning data format of the Tensorflow.
Since the meta data and labels of these images are stored in a separate file and must be read separately
from the meta data and label file, the code becomes complicated when reading the training data.
Additionally, performance degradation can occur if the image is read in JPEG or PNG format and
decoded each time. However, the TFRecord file format avoids the above performance degradation and
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makes it easier to develop. The TFRecord file format stores the height and width of the image, the file
name, the encoding format, the image binary, and the rectangle coordinate of the object in the image.
Through this process, the entire training data is classified and stored as 70% training data and 30%
validation data. We used the FASTER-CNN ResNet (Deep Residual Network) as the primary model
for training, and it is characterized by the smallest number of objects and the highest detection rate.
The fire images used in the training consisted of 21,230 pieces.

Finally, we extracted the training model. The learning process stores a check pointer that represents
the learning result for the predetermined pointer. Each check pointer has meta information about
the Tensorflow model file format and can be learned again. However, because there is a lot of
unnecessary information in the “.meta” file, the .meta file needs to be improved to use the actual
model. Finally, a “.pb” file is generated that combines the weights except for the unnecessary data in
the “.meta” file.

In this paper, we used factory recorded video images, mobile camera, Raspberry pi camera, and
general camera as the experimental data. Figure 7 shows an example of continuous frames of video
used in the experiment. Fire detection experiment was performed using “.pb” file based on Fater
R-CNN model. Figure 8 shows fire and smoke detection results included true positive and false
positive using general deep learning.

 

Figure 7. Example of the frame sequence of test video.

 
(a) 

 
(b) 

 
(c) 

Figure 8. The experimental results using the Faster R-CNN: (a) the results of true positive, (b) the results
of false positive (similar shape and color and reflection of sun and light), (c) the results of false positive
(moving objects and similar color).
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Figure 8a shows the result of the experiment to detect fire and smoke using various videos.
The detection threshold of Faster R-CNN was 30% or higher. Figure 8b,c shows the result of false
positive detection by applying deep learning training results. Although false positives have appeared
in many places, there are two types of false positives. First, smoke or flame is detected by reflection of
sunlight. Second, facilities inside and outside the factory show similar shapes and colors like smoke
and fire. Third, when objects are moving around, deep learning system recognize them as fire flame or
smoke for the similar shape of trained fire flame and smoke, as shown in Figure 8c. Table 1 shows the
fire and smoke detection results for several videos.

Table 1. The results of video test using general Faster R-CNN (frame).

Videos Ground Truth True Positive True Negative False Positive

Video 1 (F/S) 85 85 0 0
Video 2 (F/S) 102 102 0 0
Video 3 (F/S) 890 890 0 890
Video 4 (F/S) 1159 1159 0 0
Video 5 (F/S) 1477 1477 0 0
Video 6 (F/S) 1112 1112 0 0
Video 7 (F/S) 544 544 0 7
Video 8 (F/S) 1940 1940 0 0

Video 9 (NON) 12112 0 11984 128
Video 10 (NON) 15015 0 15009 6
Video 11 (NON) 6745 0 6639 106
Video 12 (NON) 14949 0 14943 6
Video 13 (NON) 14891 0 14875 16
Video 14 (NON) 14975 0 14965 10
Video 15 (NON) 4402 0 4387 15
Video 16 (NON) 13454 0 13448 6

Videos 1 to 8 contain smoke and fire flame and Videos 9 to 16 contain non-fire (factory and office)
scenes. Video 3, Video 7, and non-fire Video included a number of false positive frames. Especially,
Video 3 showed the same number of true positive frames and false positives. It means that each frame
has False Positive object in the images. In Table 1, Ground Truth represents the total number of frames
in the video, True Positive (TP) indicates when a fire flame and smoke is detected as fire flame and
smoke. True Negative (TN) indicates that non-fire objects are not detected as fire flame and smoke.
False Positive (FP) is a case where non-fire objects are detected as a fire. NON signifies a non-fire video
and F/S signifies a fire flame and smoke video. In Table 1, F/S means including fire and smoke frames
and NON means without fire and smoke frames.

In the case of Videos, they is not generated in a continuous frame. Since the video is 30 fps, it can
be sufficiently compensated. However, in the case of Video 3, Video 7, and non-fire video, the alarm
continues to ring and the stress of the worker becomes higher. In order to reduce false positives
generated in False Positive Videos, we use the following characteristics. The first is a global check.
We checked the motion characteristics before performing deep learning using mean square error (8)
and three frame differences (9) [55]. Since there is motion when a fire occurs, if a block of moving
pixels is generated, it is registered as a fire candidate state. If the fire candidate frame status is True, a
deep learning process is performed, as shown Figure 1.

Sk = SSIM
(

fi, f j
)
, Mk = MSE

(
fi, f j

)
, Ak = di f f

(
fi, f j

)
(9)

FSG =

{
1 i f Sk < th1, Mk < th2, Ak < th3
0 else

(10)

where FSG is global decision parameter.
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The second is a local check for the detected area (bounding box) by deep learning. If there is a
trained class in the input frame image, a bounding box is created and stored as a local area of interest.
The next step is to verify the local area of interest again. In this paper, we determine the final fire
region using the color histogram H, SSIM index, and mean square error (MSE), coefficient variant,
and wavelet transform with other frames as the following equation:

FL =

{
1 i f Mk < f th1, Ak < f th2, Hsum_F < f th3, WEk < f th4
0 else

WEk =
√

FWV2 + C_R_HH2 × (R_Hsum + Y_Hsum)

FWV =
√

C_R_HH2 ×CV + C_Y_HH2 ×CV

(11)

where k means frames, from fth1 to fth4 are threshold value by experiment. C_R_HH and C_Y_HH is
the wavelet transform coefficient HH for RGB and YCbCr color. Moreover, R_Hsum and C_Hsum are the
result of R color and Y color histogram for the local region. We compared the local region (bounding
box area) of interest using the three frame difference algorithm (first, middle, and last frames) from the
stored 10 frame images.

The final smoke region, in common with fire detection, we also adapted same sequence as the
following equation:

SL =

{
1 i f Mk > sth1, Ak > sth2, Hsum_F > sth3, WEk < sth4
0 else

(12)

This paper added the following conditions to remove false positives:

SD1 =
√

C_Y_HH2 × FWV
SD2 = SD1× FWV

SD3 =
{
(CVS + CVF)/2

}× SD2
SD4 = CVS ×C_Y_HL_LH

C_Y_HL_LH =
√

C_Y_HL2 × FWV + C_Y_LH2 × FWV

SSD =

{
1 i f SD1 > sth5, SD2 > sth6, SD3 > sth7, SD4 < sth8
0 else

(13)

where CVS and CVF are the coefficient variance of local smoke and fire region, respectively. In this
paper, it is regarded as a fire if FD is satisfied as shown in the following equation:

FSG =

{
1 i f FL > 0, SL > 0, FSD > 0
0 else

(14)

We described the result of the experiment applying the proposed algorithms in Table 2.
Table 2 shows the experimental results using the proposed algorithm. In the Videos, the false

positive rate dropped to 0% and the fire detection of Video 1 to Video 6 persisted. Even though
the Video 3 and Video 4 missed a few fire images, it has no problem because it is not continuously
generated and the alarm system has no problem sending a warning signal to operator if it misses one
or two frames. As shown in Table 2, the proposed algorithm using color histogram, wavelet transform,
and coefficient variant was able to eliminate false positives (similar shape and color objects, sun and
light reflection, moving objects, etc.) shown in Figure 8b,c. The results of the proposed algorithm using
color histogram performance, high frequency components of wavelet transform, which is background
discrimination of smoke and fire flame, and coefficient variant coefficients showed higher ratio of false
alarm removal than the traditional deep learning method. However, in the case of Video 7 and Video 8,
we must seriously consider the case of the missing frames. Additionally, we tested other factory and
office videos. It also marked zero false positive rate for the proposed method. The false positive rate
for the additional 16 videos was 99%, and the image examples used in the video experiment are shown
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in Figure 9. Figure 9a is office and factory videos and Figure 9b is fire and smoke videos. Since this
involves a lot of movement, it is likely that it has affected the frames missing in Video 7 and Video 8.

Table 2. The results of video test using proposed algorithm.

Videos Ground Truth True Positive True Negative False Positive

Video 1 (F/M) 85 85 0 0
Video 2 (F/M) 102 102 0 0
Video 3 (F/M) 890 888 0 0
Video 4 (F/M) 1159 1158 0 0
Video 5 (F/M) 1477 1477 0 0
Video 6 (F/M) 1112 1112 0 0
Video 7 (F/M) 544 502 0 0
Video 8 (F/M) 1040 949 0 0

Video 9 (NON) 12112 0 12112 0
Video 10 (NON) 15015 0 15015 0
Video 11 (NON) 6745 0 6745 0
Video 12 (NON) 14949 0 14949 0
Video 13 (NON) 14891 0 14891 0
Video 14 (NON) 14975 0 14975 0
Video 15 (NON) 4402 0 4402 0
Video 16 (NON) 13454 0 13454 0

 
(a) 

 
(b) 

Figure 9. Experimental videos for proposed algorithm test: (a) factory and office videos and (b) fire
and smoke videos.

5. Conclusions

Fires resulting from small sparks can cause terrible natural disasters that can lead to both economic
losses and the loss of human lives. In this paper, we describe a new fire flame and smoke detection
method to remove false positive detection using spatial and temporal features based on deep learning
from surveillance cameras. In general, a deep learning method using the shape of an object frequently
generate false positives, where general object is detected as the fire or smoke. To solve this problem,
first, we used motion detection using the three frame difference algorithm as the global information.
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We then applied the frame similarity using SSIM and MSE. Second, we adapted the Faster R-CNN
algorithm to find smoke and fire candidate region for the detected frame. Third, we determined the
final fire flame and smoke area using the spatial and temporal features; wavelet transform, coefficient
of variation, color histogram, frame similarity, and MSE for the candidate region. Experiments have
shown that the probability of false positives in the proposed algorithm is significantly lower than that
of conventional deep learning method.

For future work, it is necessary to study the analysis for the moving videos and the experiment
using the correlation of the frame and the deep learning model to further reduce false positives and
missing fire and smoke frames.
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Abstract: While whale cataloging provides the opportunity to demonstrate the potential of bio
preservation as sustainable development, it is essential to have automatic identification models.
This paper presents a study and implementation of a convolutional neural network to identify and
recognize humpback whale specimens by processing their tails patterns. This work collects datasets of
composed images of whale tails, then trains a neural network by analyzing and pre-processing images
with TensorFlow and Keras frameworks. This paper focuses on an identification problem, that is, since
it is an identification challenge, each whale is a separate class and whales were photographed multiple
times and one attempts to identify a whale class in the testing set. Other possible alternatives with
lower cost are also introduced and are the subject of discussion in this paper. This paper reports about
a network that is not necessarily the best one in terms of accuracy, but this work tries to minimize
resources using an image downsampling and a small architecture, interesting for embedded system.

Keywords: convolutional neural networks; pattern recognition; machine learning

1. Introduction

Humpback whales have patterns of black and white pigmentation and scars on the underside of
their tails that are unique to each whale, just as fingerprints are to humans. Researchers document
the marks or flukes on the right and left lobes of the tail and rate the percentage of dark vs. light skin
pigmentation in a range (0–100, 0–100) (100 percent white to 100 percent black).

While whale cataloging provides the opportunity to demonstrate the potential of bio preservation
as sustainable development, and at the same time honoring the principles of conservation, it is essential
to have automatic identification models.

For scientific purposes, each humpback whale sighted in the North Atlantic is assigned to a
catalog number. The unique scarring and shading patterns also provide the inspiration for common
names. For Gulf of Maine humpbacks, researchers and naturalists work together each year to name
new adult whales and young animals sighted in a second year. New calves are not named because
their coloring and scarring often dramatically change during that first year.

Information collected for humpbacks in the sanctuary constitutes the longest and most detailed
data set for baleen whales in the world. Photographs in the Gulf of Maine Humpback Whale Catalog,
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maintained by the Provincetown Center for Coastal Studies, and the North Atlantic Humpback Whale
Catalog, maintained by the College of the Atlantic in Maine, allow scientists and naturalists to identify
and monitor individual animals and gather valuable information about population sizes, migration,
health, sexual maturity and behavior patterns. Photographing individual whales and their calves
each year helps to identify family relationships. Four generations of humpback whales have been
documented in certain maternal lines or matrilines.

The computing performance of Artificial Intelligence has increased remarkably in recent years.
While it has been available to more and more people at the same time, its technological and
social impact will grow exponentially. This fact has included Artificial Intelligence in almost any
field of Information Technology, with massive companies such as Google, Facebook, Amazon or
Microsoft that offer services, solutions and tools based on Artificial Intelligence such as: Video Games,
Virtual Assistants and Financial Services.

One of the main areas that has the most development is the field of image/pattern recognition.
This is mainly due to the utility and social precision (compared to the human eye) offered by this
field. This type of technology is used in a wide range of systems, from surveillance tools and facial
recognition to medical applications such as the early identification of tumors.

Their potential and social involvement is so high that their development must be deeply linked to
ethical responsibility. It is notable that Artificial Intelligence and field recognition are not subject to
controversy, as long as they receive criticism due to abusive practices or lack of ethics/privacy.

From the first years of Information Technology, the possibility that the machines were able to
think has been really attractive and has reached the minds of several writers and artists along with
history. They imagined androids that were absolutely indistinguishable from humans and artificial
intelligence with capabilities that the human mind is incapable of understanding, among many others.
However, to understand the feasibility of these examples, it is necessary to understand what Artificial
Intelligence is and how it works.

The term Artificial Intelligence has been raised historically from different points of view: the ability
to think or the ability to intelligently act [1]. On the one hand, the first focuses on the approach of a
human idea of intelligence, in which machines think and are rational. On the other hand, the second
approach is based not so much on the process as on the result, considering the Artificial Intelligence to
the ability to act and emulate what would be the result of a strictly rational action. A fundamental part
of intelligence lies in learning, a process through which, through information, study and experience,
a certain amount of training is achieved. That is why the need arises within the framework of Artificial
Intelligence to adequately equip the knowledge systems.

With this objective, automatic learning or automatic learning was born, which, thanks to data
processing, seeks to identify common patterns that allow the elaboration of increasingly precise
and improved predictions. However, these algorithms have historically required complex statistical
knowledge. Following the evolution of machine learning, recent years have seen the birth of a
new concept, known as deep learning. Unlike machine learning, deep learning understands the
world as a hierarchy of concepts [2], diluting the information in different layers through the use of
modules, which transform their representation into a higher and more abstract level. This allows the
amplification of the relevant information and eliminates the superfluous one [3].

2. Convolutional Neural Networks

Artificial neural networks or neural networks are mathematical models that try to emulate the
natural behavior of biological neural networks. In these models, a network of logical units or neurons
interconnected with each other is established. With this connection, they can process the received
information and issue a result to the next layer determined by an activation function that takes into
account the weight of each input, see Figure 1b. This behavior adds more importance to specific
incoming connections.
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(a)(a)

(b)
Figure 1. Illustration of an artificial neuron and a simple neural network with 2 hidden layers.
In practice, there could be many layers and many neurons per layer. Note that the output of a
neuron depends on a non-linear combination of the inputs, provided f (x) is a non-linear function.
(a) Artificial neuron. (b) Multilayer perceptron.

In this model, output obtained in neuron y (Figure 1a) is given by Equation (1), where x̄ =

{x1, · · · , xn} represents the input data, w̄ = {w1, · · · , wn} is the weight matrix and b is the so-called
the bias term.

y = f (
n

∑
i=1

wixi + b) (1)

During the training phase of a neural network the weight and bias parameters are readjusted in
order to adapt the model to a specific task and improve the predictions. The activation function f will
be selected according to the problem to solve (a sigmoid or hyperbolic function).

Multilayer neural networks organize and group artificial neurons into levels or layers. These have
an input layer and an output layer and might have a variable number of hidden layers between them.

The input layer is formed by neurons that introduce the information into the network, but they
do not produce processing, so they only act as a receiver and propagator. The hidden layers are
formed by those neurons where both the entrance and the exit connect with other layers of neurons.
The output layer is the last level of the network and produces a set of results out of it. The connections
of the multilayer neural networks usually move forward, connecting the neurons with their next layer.
They are called feed forward networks.

Convolutional neural networks (ConvNet or CNNs) [4,5] are a class of multilayer feed forward
neural networks specially designed for the recognition and classification of images. Classification is
simply a more general term than pattern recognition. In both cases, you have a set of classes K and a
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collection of observations, where each observation is represented by a set of features. The problem is
to find a mapping of features to a member of K such that you minimize some measure/estimate of
out-of-sample classification error. In pattern recognition, you are simply using a very complex/large
feature space. For example, facial recognition will have an input space equal to the number of pixels in
the image (this is no different than classifying a loan application as high or low risk based on several
measures of creditworthiness).

Computers perceive images in different ways to humans, as long as for these an image consists of
a two-dimensional vector with the values relative to the pixels (Figure 2). They have got a channel for
greyscale images or three of them for color (RGB).

182 179 79 · · · 102 101 104
202 202 195 · · · 95 99 102
172 175 179 · · · 114 118 122

· · ·
64 64 179 · · · 95 100 126
64 64 64 · · · 30 81 114
68 72 68 · · · 135 106 151

Figure 2. Whale tail image vector. Left image is the picture taken and right one is the coded image
using a matrix of real values ∈ [0, 255], where 0 means a white pixel and 255 a black one.

Convolutional networks follow a certain structure, with three main types of layers: Convolutional
layer, pooling layer and fully-connected layer, see Figure 3. A series of alternate conversions and
subsamples or reductions are made, until finally through a series of completely connected layers
(multilayer perception) the desired output is obtained, equivalent to the number of classes.

Figure 3. A classic convolutional neural network (CNN) model: LeNet-5 architecture (original image
published by LeCun Y. et al. [6]). It consists of two sets of convolutional and average pooling
layers, followed by a flattening convolutional layer, then two fully-connected layers and finally a
softmax classifier.

The convolution makes a series of products and sums between the starting matrix and a kernel
matrix or filter of size n. On the other hand, the sub-sampling reduces the dimension of the input
matrix by dividing it into sub-regions and allowing the generalization of the characteristics (Figure 4).

There are different architectures that are currently considered as the state of the art, such as
AlexNet, Inception or VGGNet, highlighting residual neural networks or ResNet [7] among them.
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(a) (b)
Figure 4. Matrix operators in convolutional neural networks. Convolution involves a sum of element
by element multiplication, which in turn is the same as a dot product on multidimensional matrices
which machine learning researchers call tensors. (a) Convolution. (b) Max Pooling.

2.1. Evolution of Convolutional Networks: ResNet, AlexNet, VGGNet, Inception

The task of training the whole network from the scratch can be carried out using a large dataset
like ImageNet using convolutional neural networks (CNN). The reason behind this is, sharing of
parameters between the neurons and sparse connections in convolutional layers. It can be seen in
Figure 3. In the convolution operation, the neurons in one layer are only locally connected to the input
neurons and the set of parameters are shared across the 2-D feature map.

Most CNNs have huge memory and computation requirements, especially while training. Hence,
this becomes an important concern. Similarly, the size of the final trained model becomes important
to consider if you are looking to deploy a model to run locally on mobile. As you can guess, it takes
a more computationally intensive network to produce more accuracy. Therefore, there is always a
trade-off between accuracy and computation.

Apart from these, there are many other factors like ease of training, the ability of a network to
generalize well, etc. There are other architectures that are the most popular ones and are presented
in the order that they were published and they also had increasingly better accuracy from the earlier
ones, see Table 1.

• AlexNet [8]: This architecture was one of the first deep networks to push ImageNet Classification
accuracy by a significant stride in comparison to traditional methodologies. It is composed of
5 convolutional layers followed by 3 fully connected layers, as depicted in Figure 1. AlexNet,
proposed by Alex Krizhevsky, uses Rectified Linear Unit (ReLu) for the non-linear part, instead of
a Tanh or Sigmoid function which was the earlier standard for traditional neural networks.
The advantage of the ReLu over sigmoid is that it trains much faster than the latter because the
derivative of sigmoid becomes very small in the saturating region and therefore the updates to the
weights almost vanish. This is called vanishing gradient problem. In the network, ReLu layer is
put after each and every convolutional and fully-connected layer (FC). Another problem that this
architecture solved was reducing the over-fitting by using a Dropout layer after every FC layer.
Dropout layer has a probability associated with it and is applied at every neuron of the response
map separately. It randomly switches off the activation with the probability. The idea behind the
dropout is similar to the model ensembles. Due to the dropout layer, different sets of neurons
which are switched off, represent a different architecture and all these different architectures are
trained in parallel with weight given to each subset and the summation of weights being one.
For n neurons attached to DropOut, the number of subset architectures formed is 2n. It amounts
to prediction being averaged over these ensembles of models. This provides a structured model
regularization which helps in avoiding the over-fitting. Another view of DropOut being helpful is
that since neurons are randomly chosen, they tend to avoid developing co-adaptations among
themselves thereby enabling them to develop meaningful features, independent of others.

• VGG16 [9]: This architecture is from VGG group, Oxford. It was an improvement over AlexNet
by replacing large kernel-sized filters (11 and 5 in the first and second convolutional layer,
respectively) with multiple 3 × 3 kernel-sized filters one after another. With a given receptive field
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(the effective area size of input image on which output depends), multiple stacked smaller size
kernel is better than the one with a larger size kernel because multiple non-linear layers increases
the depth of the network which enables it to learn more complex features, and that too at a lower
cost. For example, three 3 × 3 filters on top of each other with stride 1 ha, a receptive size of 7,
but the number of parameters involved is 3(9C2) in comparison to 49C2 parameters of kernels
with a size of 7. Here, it is assumed that the number of input and output channel of layers is C.
In addition, 3 × 3 kernels help in retaining finer level properties of the image.

• GoogLeNet/Inception [9]: While VGG achieves a phenomenal accuracy on ImageNet dataset,
its deployment on even the most modest sized GPUs is a problem because of huge computational
requirements, both in terms of memory and time. It becomes inefficient due to large width
of convolutional layers. In a convolutional operation at one location, every output channel
is connected to every input channel, and so we call it a dense connection architecture.
The GoogLeNet builds on the idea that most of the activations in a deep network are either
unnecessary (value of zero) or redundant because of correlations between them. Therefore the
most efficient architecture of a deep network will have a sparse connection between the
activations. There are techniques to prune out such connections which would result in a sparse
weight/connection. Kernels for sparse matrix multiplication are not optimized in BLAS or CuBlas
(CUDA for GPU) packages which render them to be even slower than their dense counterparts.
Therefore, GoogLeNet devised a module called inception module that approximates a sparse
CNN with a normal dense construction. Since only a small number of neurons are effective,
the width/number of the convolutional filters of a particular kernel size is kept small. In addition,
it uses convolutions of different sizes to capture details at varied scales. Another salient point
about the module is that it has a so-called bottleneck layer. It helps in the massive reduction of the
computation requirement.

• ResNet [9]: According to the evolution of CNN, increasing the depth should increase the accuracy
of the network, as long as over-fitting is taken care of. The problem with increased depth is the
signal required to change the weights, which arises from the end of the network by comparing
ground-truth and prediction becomes very small at the earlier layers, because of increased depth.
It essentially means that earlier layers are almost negligibly learned. This is called vanishing
gradient. The second problem with training the deeper networks is performing the optimization
on huge parameter space and therefore naively adding the layers leading to higher training error.
Residual networks allow training of such deep networks by constructing the network through
modules called residual models as shown in the figure. This is called degradation problem.
The architecture is similar to the VGGNet consisting mostly of 3 × 3 filters. From the VGGNet,
a shortcut connection as described above is inserted to form a residual network. This can be seen
in the figure which shows a small snippet of earlier layer synthesis from VGG-19.

Table 1. Convolutional neural networks architectures evolution (The top-1 accuracy rate is the ratio
of images whose ground truth category is exactly the prediction category with maximum probability,
while the top-5 accuracy rate indicates the ratio of images whose ground-truth category is within the
top-5 prediction categories sorted by the probabilities, accuracy is obtained using ImageNet dataset).

Architecture Top-1 Accuracy Top-5 Accuracy Year

Alexnet 57.1 80.2 2012
Inception-V1 69.8 89.3 2013

VGG 70.5 91.2 2013
Resnet-50 75.2 93 2015

Inception-V3 78.8 94.4 2016
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2.2. Programming Language

Among the most popular programming languages in the field of machine learning, two of them
stand out: Python and R, being the latter largely oriented towards statistical analysis. In terms of deep
learning, the clear dominator is Python, thanks in part to the large number of libraries and frameworks
developed for this language, such as PyTorch, Caffe, Theano, TensorFlow or Keras. That is why Python
has been chosen in its version 3.6. In addition, different libraries implemented for this language will be
used to facilitate the development process. Some of the most relevant packages are the following:

• NumPy, focused on the scientific computation, provides vectors or arrays as well as powerful
mathematical tools on them. Pandas for the analysis of data, mainly the reading process of the
different CSV files needed. Pandas allows quick access to the data, as well as a powerful treatment
of it.

• Scikit-learn, a machine learning library, with powerful statistical tools that will be used mainly
during the pre-processing of the data, prior to the implementation of the neural network.

• Python Imaging Library (PIL) used for reading and converting images. In the development phase,
although eliminated in the final version, the Matplotlib library has been used in order to create
the needed graphs. More specifically, it has been used only for visualization and to obtain the
images, both original and processed, during the elaboration of this document. Therefore, it lacks
relevance and usefulness in the final versions.

• Developed by Google in order to meet their needs along the machine learning environment,
TensorFlow is a library for numerical calculations that mainly uses data flow diagrams. Published
under a license of open code in 2015, it has since become one of the most popular benchmarks in
the development of deep learning systems and neural networks.

• Born with flexibility and usability in mind, Keras is a library for high level neural networks that
was developed for Python. One of the biggest advantages when it comes to Keras usage is that it
seeks to greatly simplify the development-related tasks. It is possible to run it with libraries such
as TensorFlow, Theano or CNTK as a backend, understanding each other as an interface rather
than as a framework. In 2017, Keras was integrated into the source code of TensorFlow allowing
its development with a higher level of abstraction. Deep learning and its development have been
greatly facilitated by the use of Graphics Processing Unit (GPUs). The high number of calculations
that are carried out and their high complexity, especially during the training of a neural network,
make high-performance hardware an actual need. GPUs come into play in this current scenario,
as long as its usage in the training of neural networks allows to reduce considerably the time
taken, compared to the exclusive use of CPUs. This is due to its high number of cores that allow
parallel processing.

• çDIA parallel calculus architecture, next to cuDNN, its library for deep neural networks, allows the
use of GPUs in TensorFlow.

The performance of the application can vary considerably depending on the available
specifications, being critical in the final results and, especially, in the total execution time.

The system used has an Intel Core i7-8700 6-core processor with a base frequency of 3.2 GHz up to
4.6 GHz and 16 GB of DDR4 RAM. It also has a NVIDIA GeForce GTX 1060 graphics card with 3 GB of
VDR DDR5 memory with a total of 1152 CUDA cores. This hardware is able to perform the training of
the neural network and the processing of images in a comfortable way, however different approaches
to the problem would require more memory allocated in the GPU. Please note that all code, datasets
and samples are available at https://github.com/javiermzll/CCN-Whale-Recognition.

3. State-of-the-Art in Kaggle Competition: Humpback Whale Identification Methods

After centuries of intense whaling, recovering whale populations still have a hard time adapting
to warming oceans and struggle to compete every day with the industrial fishing industry for food.
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To aid whale conservation efforts, scientists use photo surveillance systems to monitor ocean activity.
They use the shape of whales’ tails and unique markings found in footage to identify what species of
whale they are analyzing and meticulously log whale pod dynamics and movements. For the past
40 years, most of this work has been done manually by individual scientists, leaving a huge trove of
data untapped and underutilized.

”In this competition, you’re challenged to build an algorithm to identify individual whales
in images. You will analyze Happywhale’s database and Gulf of Maine Humpback Whale
Catalog of over 25,000 images, gathered from research institutions and public contributors.
By contributing, you will help to open rich fields of understanding for marine mammal
population dynamics around the globe. Note, this competition is similar in nature to this
competition with an expanded and updated dataset. We’d like to thank Happywhale and
Gulf of Maine Humpback Whale Catalog for providing this data and problem. Happywhale
is a platform that uses image process algorithms to let anyone to submit their whale photo
and have it automatically identified.”

Next, find a brief state-of-the-art of more interesting and catchy methods used by other researchers
in terms of accuracy, see Table 2 for a quick overview.

• SIFT-Based [10]. This is one of the most beautiful and, at the same time, unusual. David, now a
Kaggle Grandmaster (Rank 12), was 4th on the Private LeaderBoard and shared his solution as a
post on Kaggle Discussions forum. He worked with full-resolution images and used traditional
key point matching techniques, utilizing SIFT and ROOTSIFT. In order to deal with false positives,
David trained a U-Net to segment the whale from the background. Interestingly, he used smart
post-processing to give classes with only one training example more chance to be in the TOP-1
prediction. The takeaway is that we should never be blinded by the power of deep learning and
underestimate the abilities of traditional methods.

• Pure Classification [11,12]. The team Pure Magic thanks radek (7th place), consisting of Dmytro
Mishkin, Anastasiia Mishchuk and Igor Krashenyi, pursued approach that was a combination
of metric learning (triplet loss) and classification, as Dmytro described in his post. They tried
Center Loss to reduce overfitting when training classification models for a long time, along with
temperature scaling before applying softmax. Among the numerous backbone architectures
that were used, the best one was SE-ResNeXt-50, which was able to reach 0.955 LeaderBoard.
Their solution is way more diverse than that, and I highly suggest you to refer to the original post.

• CosFace, ArcFace [13]. As it was mentioned in the post by Ivan Sosin (his team BratanNet was
9th in this competition), they used CosFace and ArcFace approaches. From the original post:
Among others Cosface and Arcface stand out as newly discovered state-of-the-art (SOTA) for face
recognition task. The main idea is to bring examples of the same class close to each other in cosine
similarity space and to pull apart distinct classes. Training with cosface or arcface generally is
classification, so the final loss was CrossEntropy. When using larger backbones like InceptionV3
or SE-ResNeXt-50, they noticed overfitting, so they switched to lighter networks like ResNet-34,
BN-Inception and DenseNet-121.The team also used carefully selected augmentations and
numerous network modification techniques like CoordConv and GapNet. What was particularly
interesting in their approach is the way they dealt with new whales. From the original post:
Starting from the beginning we realized that it is essential to do something with new whales
in order to incorporate them into the training process. Simple solution was to assign each new
whale a probability of each class equal to 1/5004. With the help of weighted sampling technique
it gave us some boost. Then we realized that we could use softmax predictions for new whales
derived from the trained ensemble. Therefore, we came up with distillation. We choose distillation
instead of pseudo labels, because new whale is considered to have different labels from the train
labels. Though it might not really be true. To further boost the model capability we added
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test images with pseudo labels into the train dataset. Eventually, our single model could hit
0.958 with snapshot ensembling. Unfortunately, ensembling trained this way did not give any
score improvement.

• Siamese Networks [14]. One of the first architecture was a siamese network with numerous
branch architectures and custom loss, which consisted of a number of convolutional and dense
layers. The branch architectures that were used included ResNet-18, ResNet-34, Resnet-50 and
SE-ResNeXt-50. A progressive learning was used, with the resolution strategy 229 × 229 →
384 × 384 → 512 × 512. That is, first the network is trained on 229 × 229 images with little
regularization and larger learning rate. After convergence, the net resets the learning rate
and increased regularization, consequently training the network again on images of higher
resolution. The models were optimized using Adam optimizer with an initial learning rate of 1−4,
reducing 5 times on plateau. The best-performing single model with ResNet-50 scored 0.929.

• Metric Learning [15]. Another approach that was used was metric learning with Margin
Loss. Numerous ImageNet-pretrained backbone architectures were used, which included:
ResNet-50, ResNet-101, ResNet-152, DenseNet-121 and DenseNet-169. The networks were trained
progressively mostly using 448 × 448 → 672 × 672 strategy. Adam optimizer is used, decreasing
the learning rate 10 times after 100 epochs. We also used a batch size of 96 for the whole training.
The most interesting part is a 2% boost right away. It is a metric learning method that was
developed by Sanakoyeu, Tschernezki, et al. [16]. What it does is every n epochs it splits the
training data as well as the embedding layer into k clusters. After setting up the bijection between
the training chunks and the learners, the model trains them separately while accumulating the
gradients for the branch network. As a result of the huge class imbalance, heavy augmentations
were used, which included random flips, rotate, zoom, blur, lighting, contrast and saturation
change. During inference, dot products between the query feature vector and the train gallery
feature vectors were calculated and a class with the highest dot product value was selected as
the TOP-1 prediction. It is noteworthy to mention that the best-performing single model with a
DenseNet-169 backbone scored 0.931.

• Classification on Features [17]. It trains the classification model using the features extracted
from all previous models and concatenated together (after applying PCA). The head for the
classification consisted of two dense layers with dropout in between. The model trained very
quickly because precomputed features were used. This approach allowed to get a 0.924 score and
brought even more diversity in the overall ensemble.

• New Whale Classification. One of the most complicated parts of this competition was to correctly
classify the new whales (as about 30% of all images belonged to the new_whale class). The popular
strategy to deal with this was to use a simple threshold. That is, if the maximum probability
that the given image X belongs to some known whale class is smaller than the threshold, it was
classified as the new_whale. For each best-performing model and ensemble, its TOP-4 predictions
are taken, sorted in descending order. Then, for every other model, probabilities for the selected
4 classes are used. The goal was to predict whether the whale is new or not based on these features.
A combination of LogRegression, Support Vector Machines (SVM), several k-NN models and
LightGBM is used. The combination of all scores is 0.9655.

This paper reports about a network that is not necessarily the best competitor in Kaggle challenge,
but this work tries to minimize resources using an image downsampling and a small architecture,
interesting for embedded systems, see accuracy results in Table 2.
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Table 2. State-of-the-art of Kaggle competition models vs. proposed model. Note that Kaggle
submissions are evaluated according to the Mean Average Precision @ 5 (MAP@5). Proposed method
uses a straight forward convolutional neural network, main advantages are the low resources needed
and fast training process to be embedded in a small computing device. The method is not the best one
but it has a good accuracy.

Method Score/Accuracy

SIFT-Based 0.967
New Whale Classification 0.965

Pure Classification 0.955
CosFace, ArcFace 0.958
Metric Learning 0.931

Siamese Networks 0.929
Classification on Features 0.924

Proposed method 0.785

4. Design

Over the last five years, convolutional neural nets have offered more accurate solutions to many
problems in computer vision, and these solutions have surpassed a threshold of acceptability for many
applications. Convolutional neural networks have supplanted other approaches to solving problems
in these areas, and enabled many new applications. While the design of convolutional neural nets is
still something of an art form, in our work we have try to minimize the storage amount for CNN model
parameters and processor load using an image downsampling and a small architecture, interesting for
embedded systems, such as: cameras mounted on the ship, single board computers, etc. in order to
classify images online.

4.1. Dataset

The key aspect to face the construction of a neural network is the study and analysis of the dataset
on which it is intended to work. The dataset is constituted by a set of images of humpback whales,
more specifically their tails, see Figure 5.

(a) (b) (c) (d)
Figure 5. Humpback whale tail images in the dataset. (a) 1a36b244. (b) 1c5d333f. (c) 1efa630a.
(d) 2c77045a.

As the images show, the tails present different characteristics. The most notable difference a
priori is the variation of color between them, which can be presented both in greyscale or in color.
The contrast of resolutions, or the presence of elements external to the whale itself, such as annotations,
is also a relevant aspect.

There are approximately 25,000 images divided into two sets, one training 9851 images while the
other one evaluates 15,600 images. This distribution hinders the subsequent training of the network
since the size of the training set is notably smaller to its homologous. Alongside the images, the training
set provides a CSV file that collects the labels of each image, check Table 3. Our neural network will
deal with the following problem: Identify humpback whale specimens and if there is no record of
it, catalogue it as a new whale with the label new_whale, counting in total with 4251 different classes
or individuals. This paper focuses on an identification problem, that is, since it is an identification
challenge, each whale is a separate class and whales were photographed multiple times and one
attempts to identify a whale class in the testing set.
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Table 3. Header of the training file.

Image Id

0 00022e1a.jpg w_d15442c
1 000466c4.jpg w_1287fbc
2 00087b01.jpg w_da2efe0
3 001296d5.jpg w_19e5482
4 0014cfdf.jpg w_f22f3e3

Data training samples is the focus of every CNN algorithm whether the training process can
achieve effective convergence or whether it will produce overfitting. In this study, the discussion on
setting the number of training samples is quite meaningful.

The origin of the 1000-image magic number comes from the original ImageNet classification
challenge, where the dataset had 1000 categories, each with a bit less than 1000 images for each class.
This was good enough to train the early generations of image classifiers like AlexNet, and so proves
that around 1000 images is enough. It seems to get trickier to train a model from scratch in some
cases until you get into the low hundreds. The biggest exception is when a transfer learning on an
already-trained model is used. It is using a network that has already seen a lot of images and learned
to distinguish between the classes, therefore it could usually teach it new classes in the same domain
with as few as ten or twenty examples.

What does in the same domain mean? It is a lot easier to teach a network that has been trained on
photos of real world objects to recognize other objects, but taking that same network and asking it to
categorize completely different types of images like x-rays, faces or satellite photos is likely to be less
successful, and at least require a lot more training images.

Another key point is the representative modifier. That is there because the quality of the images
is important, not just the quantity. What is crucial is that the training images are as close as possible
to the inputs that the model will see when it is deployed. ImageNet consists of photos taken from
the web, so they are usually well-framed and without much distortion. A smaller amount of training
images that were taken in the same environment that it will produce better end results than a larger
number of less representative images.

Augmentations are important too. The training data can be augmented by randomly cropping,
rotating, brightening, or warping the original images. TensorFlow controls this with command line
flags like flip-left-to-right and random-scale. This has the effect of effectively increasing the size of
your training images, and is standard for most ImageNet-style training pipelines. It can be very useful
for helping out transfer learning on smaller sets of images as well though. Distorted copies are not
worth quite as much as new original images when it comes to overall accuracy, but if dataset only has a
few images it is a great way to boost the results and will reduce the overall number of images needed.

The real situation is to try, so if a dataset has fewer images than the rule suggests, do not let it
stop you, but this rule of thumb will be a good starting point for planning an approach at least.

4.2. Image Processing

It is necessary to process each image in advance in order to facilitate the extraction of the present
features present in it. If all the data is homogenized, this effect is achieved.

Firstly, the image is converted to a grey scale (Figure 6), ranging from three different channel
colors to a single one. There is a double reason behind this conversion—the existence of original images
in the black and white dataset and the absence of color characteristics and information. This fact
provokes that only the pattern of the tail stands out as useful information.
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(a) (b) (c) (d) (e)
Figure 6. RGB image to grey image conversion. (a) Original image. (b) Red component. (c) Green
component. (d) Blue component. (e) Grey image.

The neural network requires the dimension of the input vectors to be fixed, and that is why each
image must be rescaled beforehand, resulting, in this case, in 100 × 100 size matrices with a single
channel. The proposal of such downsampling method for inferring the resolutions of images and
downsampling images of higher resolution as a preprocessing step in whale recognition. Some authors
have demonstrated that image downsampling increases the identification performance of recognition
and re-identification [18].

Each pixel has a value ranging between 0 and 255. This amplitude of range, due to the operation
of the convolutional networks, allows the incorrect identification of the characteristics for each vector.
To correct this disadvantage, it is convenient to normalize the image previously, in a process known as
zero mean and unit variance normalization (Figure 7).

(a) (b)

182 179 179 · · · 102 101 104
202 202 195 · · · 95 99 102
172 175 179 · · · 114 118 122

· · ·
64 64 179 · · · 95 100 126
64 64 64 · · · 30 81 114
68 72 68 · · · 135 106 151

(c)
Figure 7. Scale image process. From an HD image to a resized and gray image represented as a
matrix (such representation is needed to train the model). (a) HD image. (b) Gray and scaled image.
(c) Matrix representation.

The first step is to center the image on the value 0 by subtracting its mean from each value of
the matrix.

M =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

67.8595 64.8595 · · · −13.140503 −10.140503
87.8595 87.8595 · · · −15.140503 −12.140503

· · ·
−50.140503 −50.140503 · · · −33.140503 −0.14050293
−46.140503 −42.140503 · · · −8.140503 36.859497

⎫⎪⎪⎪⎪⎪⎬⎪⎪⎪⎪⎪⎭
(2)

Subsequently, the range is compressed dividing each value between matrix’s standard deviation.

M =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

1.4328924 1.3695457 · · · −0.2774693 −0.21412258
1.855204 1.855204 · · · −0.31970045 −0.25635374

· · ·
−1.0587456 −1.0587456 · · · −0.6997808 −0.0029668
−0.97428334 −0.88982105 · · · −0.17189142 0.7783096

⎫⎪⎪⎪⎪⎪⎬⎪⎪⎪⎪⎪⎭
(3)

4.3. Data Augmentation and Imbalance Class

Neural networks are primarily used for classification tasks where the network learns by looking
at data points belonging to different classes. Imagine you have a classification problem where you
have to identify whether a picture shown to the network has a dog in it or a cat. Now assume that your
training set has a total of 10,000 images, 9998 images are of dogs and there is only one image which has
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a cat and the remaining image has none of them. This is largely what class imbalance looks like [19],
when you have unequal distribution of labeled data in different classes, see Figure 8. A common
practice within the classification of images through neural networks is the increase of data present
in the dataset (data augmentation). This is especially useful where the proportion of classes is not
balanced and there are numerous categories with only one sample.

Figure 8. General representation of the problem of classifier trained with imbalance class.

In order to increase the number of data available for the training, a series of processes are
performed on an original image, thus generating a series of derived images. Among the possible
modifications are the rotation (Figure 9), translation, noise reduction, etc.

Figure 9. Image rotation.

The effectiveness of this technique lies in the way neural networks understand the images and
their characteristics. If an image is slightly modified, it is perceived by the network as a completely
different image belonging to the same class.

This decreases the chances of the network to focus on irrelevant orientations or positions while
maintaining the relevance of the desired characteristics such as the pattern of the tail in this paper.

An increase of the training set has been made following the following criteria: If a class has less
than 10 images, the difference with its original sample number is generated. Therefore, if a specimen
had 4 samples, an additional one would be generated from the images associated with a whale,
see Figure 10.
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Figure 10. Augment over specimen w_964c1b3.

4.4. Neural Network Architecture

The implemented network presents the structure shown in Table 4. A convolutional layer is
established, followed by batch normalization [20] and a max pool reduction. Following this fact,
another convolutional layer is defined, followed by a reduction by mean or average pooling. This firstly
allows extracting the most important characteristics of the image. Secondly, at the next level of depth,
smoothing the extraction ensures the lack of loss of relevant information. In both layers, a Rectified
Linear Unit (ReLU) activation function is used, defined by:

f (x) = x+ = max(0, x) (4)

where x is the input of the neuron, returning the value x if it is positive or 0 if it is negative. This allows
to considerably accelerate the training to be easily computable in comparison to other activation
functions such as softmax.

Finally, a conventional multilayer neural network is connected. This network is formed by
450 neurons with dropout (Figure 11), followed by a dense output layer which is completely connected
to softmax as an activation function, as well as 4251 neurons that are equivalent to the total number
of classes to classify. The first layer receives as input a vector of one dimension, which is achieved
compressing the output of two dimensions obtained from the convolutional layers.

The dropout allows ignoring a percentage of input units or neurons during training, in this case
80%. This ignorance disembogues in a neural network smaller than the original and with therefore
fewer parameters, which decreases the dependencies between neurons and thus avoids overtraining.

The softmax activation function is used in classification problems with multiple options, as in this
case, and it returns the probabilities of each class. The aforementioned function is given by:

f (xi) =
exi

∑4251
j=1 exj

(5)

It compresses the values between 0 and 1 and makes the sum of all the resulting values equal to 1,
being x an input vector of size equal to the number of units or neurons of the layer (4251).
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Table 4. Architecture of the implemented network.

Layer (Type) Output Shape Param

conv0 (Conv2D) (none, 94, 94, 32) 1600
bn (BatchNormalization) (None, 94, 94, 32) 128
activation (Activation) (None, 94, 94, 32) 0
max_pool (maxPooling2D) (None, 47, 47, 32) 0
conv1 (Conv2D) (None, 45, 45, 64) 18496
activation_1 (Activation) (None, 45, 45, 64) 0
avg_pool (AveragePooling2D) (None, 15, 15, 64) 0
flatten (Flatten) (None, 14400) 0
ReLU (Dense) (None, 450) 6480450
dropout (Dropout) (None, 450) 0
softmax (Dense) (None, 4251) 1917201

Total params: 8,417,875
Trainable params: 8,417,811
Non-trainable params: 64

Figure 11. Dropout schema used in convolutional neural networks (Input layer in blue, hidden layers
in green, output layer in purple and dropout neurons in red).

4.5. Training

TensorBoard tool (belonging TensorFlow) is used in this section to monitor and visualize our
neural network during the training phase, performing a simulation while obtaining the precision and
loss graphs.

A key aspect of neural networks is the loss function that reveals about how far away the
predictions of a model are (ŷ) from the real labels y. It is a positive value that improves the performance
of the model while decreasing.

The loss function used on the implemented model is Categorical Cross-Entropy (CCE) [21,22],
which is especially useful in problems where several excluding classes exist. CCE is preferred for
training deep networks with softmax outputs, since: It puts more emphasis on correct classification
and can distinguish better between “almost correctly classified” and “totally wrongly classified” than
0-1-loss, It corresponds to maximum likelihood for networks with softmax output and It has an
information-theoretical interpretation based on probability and therefore makes sense to use with
probabilities (which is the nature of our predictions). The function is given by:

H(y, ŷ) = ∑
x

yx log
1
ŷx

= −∑
x

yx log ŷx (6)

where x is a discrete variable and ŷ is the prediction for the real distribution y. The accuracy of the
model during the training increases while the value of the loss function decreases, see Figure 12.
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(a) (b)
Figure 12. Loss/Accuracy during the >7000 iterations in the training process. (a) Loss during training.
(b) Accuracy during the training.

The simulation of the training takes as reference the exit of the first dense layer before proceeding
to the classification. This does not allow an exact representation of what would be the final output
with the total classes, but easily exemplifies the behavior of the neural network and the data during
the training phase.

Apart from the performance aspect, it is also important to know what the model has learned.
This is necessary so as to ensure that the model has not learned something discriminatory or biased.
One way of approaching this problem is from a data visualization perspective. By visualizing how the
model groups the data, we can get an idea of what the model thinks are similar and dissimilar data
points. This is beneficial in order to understand why a model makes certain predictions and what kind
of data is fed into the algorithm.

An embedding is essentially a low-dimensional space into which a high dimensional vector can
be translated. During translation, an embedding preserves the semantic relationship of the inputs by
placing similar inputs close together in the embedding space. Multidimensional space helps to group
semantically related items together while keeping the dissimilar items apart. This can prove to be
highly useful in a machine learning task. Consider the following visualizations of real embeddings,
see Figures 13 and 14.

The Embedding Projector is open-sourced and integrated into the TensorFlow platform or can be
used as a standalone tool at projector.tensorflow.org. It offers four well-known methods for reducing
the dimensionality of the data. Each method can be used to create either a two- or three-dimensional
view for exploration.

• Principal Component Analysis (PCA) is a technique which extracts a new set of variables
called Principal Components from the existing data. These Principal Components are a linear
combination of original features and try to capture as much information from the original dataset.
The Embedding Projector computes the top 10 principal components for the data, from which we
can choose two or three to view.

• t-SNE or T-distributed stochastic neighbor embedding visualizes high-dimensional data by giving
each data point a location in a two or three-dimensional map. This technique finds clusters in
data thereby making sure that an embedding preserves the meaning in the data.

• A custom projection is a linear projection onto the horizontal and vertical axes which have been
specified using the data labels. The custom projections mainly help to decipher the meaningful
directions in data sets.

• UMAP stands for Uniform Manifold Approximation and Projection for Dimension Reduction.
t-SNE is an excellent technique to visualize high dimensional datasets but has certain drawbacks
like high computation time and loss of large scale information. UMAP, on the other hand, tries to
overcome these limitations as it can handle pretty large datasets easily while also preserving the
local and global structure of data.
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Four situations are differentiated during the execution in the case of study. The beginning,
where the network is not trained (Figure 13). The first iterations (Figure 14) where most samples are
considered belonging to the new whale class due to their common characteristics among all the images
and to their greater proportion in comparison to the other classes. The phase where features from
other classes are starting to be noticed (Figure 14a). The final phase, where the network completes its
training and differentiates with greater precision (Figure 14c). A group with similar characteristics has
been selected to follow its grouping using a t-SNE projection.

The t-SNE algorithm comprises two main stages. First, t-SNE constructs a probability distribution
over pairs of high-dimensional objects in such a way that similar objects have a high probability of
being picked while dissimilar points have an extremely small probability of being picked. Second,
t-SNE defines a similar probability distribution over the points in the low-dimensional map, and it
minimizes the Kullback–Leibler divergence (KL divergence) between the two distributions with respect
to the locations of the points in the map. Note that while the original algorithm uses the Euclidean
distance between objects as the base of its similarity metric, this should be changed as appropriate
(see [23]).

(a) (b) (c) (d)
Figure 13. Different states in the simulation (Figures 13 and 14 are obtained in the training phase,
and Figure 13b,d are obtained in testing phase) using a T-distributed stochastic neighbor embedding
(t-SNE) projector. (a) Init state. (b) Init state. (c) First iterations. (d) First iterations.

(a) (b) (c) (d)
Figure 14. Different states in simulation (Figure 14a,c in training, and Figure 14b,d in testing) using a
t-SNE projector. (a) Last iterations. (b) Last iterations. (c) Final stage. (d) Final state.

4.6. Optimization Algorithm

The learning process is summarized in one idea: the minimization of the loss function by updating
the parameters, w, of the network, turning it into an optimization problem. Adam or Adaptive Moment
Estimation [24] is an optimization algorithm that allows modifying the learning rate as the training is
performed. Specifically, it is a variant of the stochastic gradient descent.

The neural network has a series of hyper parameters among them the learning rate α.
This parameter allows the gradient descent algorithms to determine the following point, so:

wj = wj − α
∂ f (wj)

∂wj
(7)
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where wj is one of the parameters, f the loss function and α the learning rate.
If its value is too small, the convergence, and therefore the learning, will take too long, in the same

way as if the rate is sufficiently large the next point will exceed the minimum, making it impossible
to reach it. It is therefore true that an adequate value of the learning rate is the key for the correct
performance during the training.

The descent of the gradient, see Figures 15 and 16, is an iterative process where the weights are
updated in each iteration, which is the reason why, in order to obtain the best result, it is necessary to
process the dataset more than once. As long as processing a complete dataset in an iteration is difficult
by memory restrictions, it is divided into parts called batches of a certain size, so if the dataset contains
1000 images and a batch size of 100, there will be 10 divisions in total.

Figure 15. Learning rate α values. A small value produces slow convergence while a high value could
overshoot and even diverge.

Figure 16. Learning trend using different gradient descent methods (batch, mini-batch and stochastic).

Thus, the learning process is carried out through iterations over the different batches. Depending
on the size, the frequency with which the weights of the network are updated varies, so the smaller
the size, the higher the frequency of update. Smaller sizes are generally used for the size of the dataset,
mini-batch. If the size is equal it is called batch, and if it is equal to 1 it is known as stochastic.

A batch size of 128 over a total of 9850 images of the training set has been defined, which produces
a total of 77 iterations for the achievement of the totality of the data. In addition, 100 epochs or tours
on the complete dataset have been established.

The dataset subjected to an increase during the intermediate stages of development has a total of
124,065 images, a massive number compared to the original 9850 images. This fact produces a total of
970 iterations per epoch, having been limited to 50.

4.7. Label Coding

Due to the mathematical operations they perform, most of machine learning algorithms do not
allow working on categorical data (labels), requiring numerical values. The encoding technique known
as One-Hot has been used for the implementation, where a vector is generated for each category where
only one of the values can be 1, being the rest 0.
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The coding process involves two operations:

V =
[

Blue Red Green White Black
]

(8)

First off, the categories are converted into a whole value V = [0, 3, 4, 1, 2]. Being subsequently
codified as One-Hot vectors.

M =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

1 0 0 0 0
0 0 0 1 0
0 0 0 0 1
0 1 0 0 0
0 0 1 0 0

⎫⎪⎪⎪⎪⎪⎬⎪⎪⎪⎪⎪⎭
(9)

Kaggle submissions are evaluated according to the Mean Average Precision @ 5 (MAP@5).

MAP@5 =
1
U ∑ u = 1U ∑ k = 1min(n,5)P(k)× rel(k) (10)

where U is the number of images, P(k) is the precision at cutoff k, n is the number predictions per
image and rel(k) is an indicator function equaling 1 if the item at rank k is a relevant (correct) label,
zero otherwise.

Once a correct label has been scored for an observation, that label is no longer considered relevant
for that observation, and additional predictions of that label are skipped in the calculation. For example,
if the correct label is A for an observation, the following predictions all score an average precision
of 1.0.

5. Results and Evaluation

One of the main drawbacks during training is the overfitting or under fitting of the data. If the
training data does not contain enough information, the system will not be able to correctly recognize
images. On the contrary, if a model is over trained it will increase the precision on the training set but
it will be incapable of generalizing when new data is received.

That is why the training data is usually split into two; a training set and an evaluation set. The test
set must be representative of the total dataset and must be large enough to be effective, usually between
70% and 80% of the original size. There may also be a third set of tests to check the final version of a
model, providing new data and ensuring an unbiased evaluation.

This allows to obtain closer results to reality since the data of the validation set remains hidden
from the network during training and thus avoids overfitting.

In the implemented application, the validation set has been established at 10% of the total,
while the training set was 90%. It has only been divided during the phase of development, by increasing
the data set as described, to adjust the network’s hyper parameters and study their performance,
using the entire original dataset in advanced versions of the model and not the increased dataset.
This is due to two factors: the considerable increase in both the time of image pre-processing and in
the training time of the neural network as well as the improvement in the percentage of final success
of only 1%. However, if the goal is to achieve the maximum precision, the data increase in the final
version is to be incorporated, in addition to a more aggressive processing on the data.

The decisions that justify the need to establish a process of image enhancement are several. First,
the asymmetrical distribution of the data set, existing categories with a single example, which would
result in the presence of values exclusively in one of the sets when dividing them during the evaluation
results in counterproductive. The second and most important reason is the existence of a set of test
data, with unknown values, provided by Kaggle [25], allowing us to generate a CSV file with the
results, upload them to the competition and compare the performance of the model. Therefore, this set
of tests will be used as a validation set in the final versions of the application.
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The whole process of designing, implementing and training a neural network is summarized
in the prediction stage, where it is expected that the network responds with a certain precision to
a series of entries. The model implemented reaches a precision of 0.4407 that can be considered
promising, due to the characteristics of the selected dataset (4251 asymmetric classes) and to the
hardware limitations that could exist in terms of memory. If we compare the public classification of
the Kaggle competition, the developed model would be placed in the 54th position out of a total of
528 participants, with the highest probability being 0.78563 and the second 0.64924, see Table 2.

To extract the results and the resulting classes it is necessary to reverse the labels coding process.
In order to achieve this goal, the vector of predictions of length 4251 for each input is obtained, where a
probability is established for each class. Then, the five highest probabilities are selected and their
positions in the array are reverted to the original label.

This paper tried to minimize resources using an image downsampling and a small architecture.
To perform calculations efficiently and save resources, the algorithm process must be simplified, or the
size of the data file must be strictly controlled. Sensitivity analysis of convolutional neural networks
is related to the concept of adversarial and rubbish examples. Adversarial examples are slightly
modified images which show a significant change in the model output compared to the original image.
The idea of rubbish examples studies random noise images that lead to arbitrary classification decisions
although their appearance can not be related to the particular object category or any natural image at
all. See Figure 17 corresponding to the sensitivity analysis of proposed model.

Figure 17. Sensitivity analysis showing candle chart of original method versus rubbish and adversarial
modifications.

As for the input data preprocessing, image conversion, feature extraction or band combination
are all effective ways to increase the value of the input data and reduce noise. Collect labeled data
is expensive. For images, proposed method applies data augmentation with simple techniques
like rotation, random cropping, shifting, shear and flipping to create more samples from existing
data (other color distortion includes hue, saturation and exposure shifts could be also applied).
It is possible to add training data with non-labeled classes. For samples with high confidence
prediction, they have been added to the training dataset with the corresponding label predictions.
Another interesting approach consists of building a hierarchy of classifiers for image classification
with a large number of classes Subcategory classification is another rapidly growing subfield
of image classification. Using object part information is beneficial for fine-grained classification.
Generally, the accuracy can be improved by localizing important parts of objects and representing
their appearances discriminatively. Part annotation information is used to learn a compact pose
normalization space. All the above-mentioned methods make use of part annotation information
for supervised training. However, these annotations are not easy to collect and these systems have
difficulty in scaling up and to handle many types of fine-grained classes. To avoid this problem, it is
possible to find localized parts or regions in an unsupervised manner.
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6. Conclusions and Further Work

The original approach to this paper has been the study and deepening in the fields of artificial
intelligence, deep learning and convolutional neural networks. That is why, despite the fact that the
accuracy achieved does not imply a value close to the state of the art, the different methods and
techniques used during the development of systems that allow recognizing images have to be explored.
Likewise, the influence and importance of previous work on the neural networks themselves has been
analyzed, such as the processing of images and the comprehension of data sets.

During the development of this work, several of the original design decisions were altered. The usage
of a single library for neural networks, TensorFlow, was raised, but in later versions Keras was also due to
two factors: its previous inclusion in the TensorFlow library and the possibility of achieving a greater
extent to offer a higher abstraction approach at a programming level compared to TensorFlow.

It has been possible to verify how the importance of the performance of a neural network does
not reside exclusively in the architecture that it may have, but that the data set available substantially
alters the final result, being a balanced dataset and a large number of samples a critical aspect.
The main complications found are divided between the two most relevant goals: the pre-processing of
images and the model. The selected dataset has greatly weighed the final accuracy of the application,
requiring a much more aggressive data increase than has currently been done. Nonetheless, despite not
providing the best results, it offers a clear vision about the importance of the available data, as well
as the functioning of the neural networks in terms of the perception of images and how they are
treated. In terms of the problems that have occurred in the implementation of the model, there are
large hardware demands, especially in terms of RAM memory, that is not available in the equipment
used, which has made it impossible to implement a more efficient architecture.

The case study of this paper, the identification of whales by their tail pattern where there are
numerous classes belonging the same species, shares similarities with facial recognition applications.
Within this field, one of the techniques with the greatest impact and performance are the Siamese
networks and the use of triplet loss [26].

However, as promising, the triplet loss has not been implemented due to the memory restrictions,
the hardware used and the required large amount of memory and data sets (not available).
Nevertheless, the use of a conventional CNN with the available data sets can be considered a valid,
interesting and promising method for humpback tail recognition.
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Abstract: In machine learning, performance is of great value. However, each learning process
requires much time and effort in setting each parameter. The critical problem in machine learning
is determining the hyperparameters, such as the learning rate, mini-batch size, and regularization
coefficient. In particular, we focus on the learning rate, which is directly related to learning efficiency
and performance. Bayesian optimization using a Gaussian Process is common for this purpose. In this
paper, based on Bayesian optimization, we attempt to optimize the hyperparameters automatically
by utilizing a Gamma distribution, instead of a Gaussian distribution, to improve the training
performance of predicting image discrimination. As a result, our proposed method proves to be more
reasonable and efficient in the estimation of learning rate when training the data, and can be useful in
machine learning.

Keywords: bayesian optimization; gaussian process; learning rate; acauisition function; machine learning

1. Introduction

At Google’s I/O 2017 conference, its CEO, Sundar Pichai, made some rather striking comments on
AutoML. He said “AutoML means machine learning designed by machine learning”. Since then, they
have opened the Cloud AutoML site, offering automated machine learning related to sight, language,
and structured data. An important question is how freely our model can train the data. The parameters
in machine learning can be considered the final result after learning, which are determined by many
tests. Therefore, AutoML should be able to estimate the variables in advance for machine learning, or
estimate these parameters for learning.

Related research on AutoML has typically considered automated feature learning [1], architecture
search [2], and hyperparameter optimization; where hyperparameter optimization includes optimizing
the Learning Rate, Mini-batch Size, and Regularization Coefficient. Therefore, it must be decided which
are the most appropriate values for each model’s learning rate, mini-batch size, and normalization
coefficient which should be set in advance for learning. However, in most cases, the default parameters
of the existing researchers are used as they are.

The learning rates used in the AlexNet [3] model and for various learning models using CNN
since 2011 have been defined in previous studies. Table 1 below shows the parameters of currently
existing machine learning methods. However, even with this, if these values are used as they are, it will
be difficult to derive optimal learning results because the data sets used in previous studies are different
from actual data sets [4]. To solve this problem, we will consider optimizing the hyperparameters using
grid search and random search [5]. However, there is a problem: a large number of result values must
be derived and compared. In order to calculate the most appropriate learning rate with a minimum
preliminary result value, a Tree-structured Parzen Estimator (TPE) [6] has been studied. Regarding
optimization, techniques using Taub search [7] or other methods [8,9] have been presented.
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Table 1. Examples of hyperparameters for machine learning.

Category Learning Rate Epochs Batch Size Regularization Coefficient

AlexNet Gradient Descent (lr = 0.01) 10 128 Random
Normalization

GoogleNet
SGD (lr = 0.1, decay = 1
×10−6, momentum = 0.9)

Related
to steps 64 Alpha = 0.001,

beta = 0.75

ResNet
SGD (if batch size <8192, plr = 0.5, epochs = 5; Mean = 127,

Stddev = 60elif batch size <16,384, plr=10.0, epochs = 5; else:
(Depends on batch size)

Bayesian optimization estimates the parameter distribution using prior values. The most typical
Gaussian distribution is used, and this is called the Gaussian Process [10]. Each parameter has
an individual problem, which contributes towards solving the multidimensional problem. In this
regard, Bayesian optimization has been studied in relation to the Manifold Gaussian Process (mGP) [11]
in higher dimensions, and Bayesian optimization using exponential distributions has also been actively
researched. Therefore, various researchs have been conducted to automatically search configuration
coefficients such as learning rate using Bayesian optimization.The most common algorithm is to
estimate the hyperparameter using loss values [12].

In this paper, we attempt to optimize several parameters, based on Bayesian optimization.
For this, we focus on the automation of selecting the learning rate at each epoch by utilizing a Gamma
distribution. The exponential and gamma distributions are based on the Poisson distribution, and
the Poisson distribution is used in the case where n is large and p is small in X to B(n, p), following
the binomial distribution [13]. Therefore, when the learning rate is estimated, it is judged to be the
most similar. In Section 2, we show the related works on Bayesian optimization and Acquisition
Functions. In Section 3, we describe an objective function called a black box. In Section 4, the results
of an experiment on the MNIST data set are presented, and we propose the method of validation in
Section 5, and we prove the experiment for the proposed searching technique in Section 6. Finally,
we conclude in Section 7.

2. Related Work

2.1. Bayesian Optimization

The most common use of Bayesian Optimization (BO) is to solve global optimization problems,
where the objective is related to a black box function [4]. In this regard, a number of approaches for
this kind of global optimization have been studied in the literature [14–17]. Stochastic approximation
methods, such as interval optimization and branch and bound methods, are efficient in optimizing
unknown objective functions in machine learning [11]. Therefore, hyperparameter optimization [10] in
machine learning refers to values set before learning, and BO can serve as an alternative to one of the
optimization methods for setting these values automatically.

The general objective is to find the optimal solution x∗ which maximizes the function value f (x)
using an unknown objective function f which receives an input value x, where the actual objective
function is unknown [18,19]. However, we need two things to examine the function values sequentially
for the input value candidates and find the optimal solution x∗ which maximizes f (x): The first
is a surrogate model, which performs probabilistic estimation of the type of unknown objective
function based on input values and function values investigated so far. The second is composed of an
Acquisition Function, which derives the optimal input value x∗ based on the probabilistic estimation
results up to present. Gaussian Processes (GPs) [20] have used in probabilistic models, which have been
widely used as Surrogate Models [10]. Gaussian Processes provide models for Gaussian distributions,
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as well as several other random variables commonly used in probabilistic statistics. The relevant model
is shown in Equation (1):

f (x) ∼ gp(m(x), k(x, x
′
)), (1)

where the function f is distributed as a GP with mean function m and covariance function k.

2.2. Acquisition Functions for Bayesian Optimization

An Acquisition Function is based on the probability of improvement over the incumbent f (x+),
where x+ = argmaxxi∈x1:t f (xi); which appears as [18] Equation (2)

PI (X) = P ( f (x) ≥ f (x+)) ,

= Φ
(

μ(x)− f (x+)
σ(x)

)
.

(2)

This function is called Maximum Probablity of Improvement (MPI), or P-algorithm. However,
its performance can be improved by the addition of a trade-off parameter ξ ≥ 0, as shown in
Equation (3):

PI (X) = P ( f (x) ≥ f (x+) + ξ) ,

= Φ
(

μ(x)− f (x+)−ξ

σ(x)

)
.

(3)

With regards to the theory, few researchers have studied the impact of different values of ξ in
certain domains [14,21,22]. An Acquisition Function [10] is a function which recommends the next
function value candidate x(t + 1) to investigate, based on the probabilistic estimated results up that
point. Among exploration points, exploitation is the strategy of looking near the point where the
function value is maximum, and Exploration is the strategy of looking where there is the possibility
that the optimal input value x∗ may exist. Expected Improvement (EI) denotes the appropriate use
of these two strategies. Trying many observations using these functions is more efficient than using
the objective function directly. In order to find the optimum saddle, many observations are required.
When observation is performed using the objective function, a lot of time and resources are required.

Therefore, faster observation can be achieved by using an Acquisition Function. In fact, it has
been shown that, the higher the observation point, the more reliably the observation point can be
estimated [23]. The related equation is shown in Equations (4) and (5).

EI(x) =

{
(μ(x)− f (x+)− ξ)Φ(Z) + σ(x)φ(Z) i f σ(x) > 0

0 i f σ(x) = 0
, (2)

where

Z =

⎧⎪⎨⎪⎩
(μ(x)− f (x+)− ξ)

σ(x)
i f σ(x) > 0

0 i f σ(x) = 0
. (3)

In Equation (4), Φ(.) and φ(.) are the Cumulative Distribution Function (CDF) and Probability
Density Function (PDF) of a standard normal distribution, respectively.

Figure 1 shows, simply how the Bayesian Optimization (BO) operates, where it is assumed that it
is predicted for a one-dimensional continuous input; the figure on the top shows the objective function
and the bottom figure describes the Acquisition Function. The Objective function, which is Black Box
we have to estimate, consists of two initial points and a deriviation. If we, then, continuously add the
x, we can compute y. However, as shown already, this method involves a high cost in terms of time
and performance. So, we typically first use the Acquisition Function. The y value (high point of the
blue line) of the Acquisition Function is calculated corresponding to the selected x value, and checked
to determine whether it is the optimal point. Currently, the area marked with a red area is the most
likely high point candidate. Then, to decide the candidate point, it is finally computed for the real
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result. If it is not a saddle point, we return to the first process. This advantage of the process is that
we can avoid calculating the black box directly; this mean that, by only computing the Acquisition
Function, we can predict the type of distribution that the black box has.

Figure 1. Illustration of Bayesian Optimization, maximizing an objective function f with a one-dimensional
continuous input [20].

2.3. Gaussian Distribution and Gamma Distribution

The Gaussian distribution is used to represent continuous value distributions in discrete values
in binomial distributions, such as selecting a coin’s side, and a distribution with an average of 0 and
a standard deviation of 1 is called the standard normal distribution.

The Gamma distribution represents the time taken for a total number of Poisson events which
occur on average λ times per unit time, and is used under the normal data distribution assumption.
The Poisson distribution is used when the event number N is large and the probability P is low, and is
used for discrete distributions. For continuous variables, the Gamma distribution is used [13].

3. Proposed Object Function

An object function is the function to be predicted finally. In this paper, we need to predict the
function of the result of the MNIST learning module. In previous papers, Bayesian Optimization (BO)
has been used to predict the accuracy by returning accuracy and setting the relationship between
this value and learning rate as a function, then setting this as the objective function. However,
the problem in the existing studies is that the value varied greatly, even with a small change in the
learning rate, due to the sensitivity of the accuracy value. This means that the graph was not stable,
as a whole. Therefore, we applied the loss value, which is typically used to evaluate well-training in
machine learning.

However, the result was worse than the existing accuracy. The reason for this is that the loss value
is usually set to a low value. Also, low loss does not necessarily mean high accuracy. In order to solve
this problem, we propose a method that considers the loss value and estimation accuracy, as follows
(Equation (6)):

κ =

{
λ × Ma(x)− log(Ml(x)) i f Ml(x) > 0

0 i f Ml(x) ≤ 0
. (4)
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In Equation (6), Ma stands for accuracy, Ml stands for loss, λ was inserted as the adjusted value
in the range from 0 to 1, and log was applied to the Ml function as we could not estimate the range of
the loss value. This is because we hope that Ml will have the lowest value and that Ma will have the
highest value. For this, we subtract Ml from Ma to determine the satisfied result; note that the result
may be negative.

This study is related to the Acquisition Function, rather than the Surrogate Model of BO. In existing
Expected Improvement (EI), the distribution of the Surrogate Model (SM) is referred to, and the area
expected to have the next highest value is searched for, as shown in Figure 2.

Figure 2. An example of the region of probable improvement [18].

As shown in Figure 2, the Gaussian Process (GP) in Figure 3 shows areas for EI.

Figure 3. An example of region of probable improvement using a Gamma Distribution [24].

The maximum observation is x+. In the overlapping Gaussian, over the dotted line, the dark
shaded area can be used as a measure of improvement, I(x). In this model, sampling at x3 is more
likely to be improved at f (x+), as compared to at x1. However, using a gamma distribution rather than
a Gaussian distribution results in a higher PI(x) value, which results in better results in the objective
function of the MNIST model. In this study, the same method was applied, as follows: Figure 4

137



Electronics 2019, 8, 1267

shows the test for BO, where it can be seen that the optimal value was found 10 consecutive times.
The noise-free object function used in the test was a curve with a paddle point (left) and a local point
(right), and The black points in this curve describe the newly discovered location in the test. As shown
in Figure 5, it can be confirmed that the sixth saddle point was found in the existing study. In Figure 4,
the distance value (left) and the calculation value of EI (right) are shown.

Figure 4. Tested of Gaussian Process with Gaussian distribution.
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Figure 5. Tested results of distances and the best selected samples to Gaussian distribution.

Figure 6. Tested of Gaussian process with Gamma distribution.
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Figure 7. Tested results of distances and the best selected samples to Gamma distribution.

In Figure 6, we can see that the fourth highest distance value in the left figure was found to
be higher than the local point, following which, we search around the paddle point and find the
highest point. Figures 6 and 7 show the results when applying the method presented in this study,
from which it can be confirmed that the paddle point was already found in the fourth iteration,
unlike the conventional method. In other words, since it proceeds in the form of searching left
to right within the entire range, it was easily found that there is a position higher than the local
point. The distance calculation for each round can be confirmed to be decreasing flatter than when
the Gaussian distribution was used. The reason for measuring the distance is that, the greater the
distance from the estimated point, the greater the uncertainty will be. In this regard, it is related
to the Exploration–exploitation trade-off. Additionally, in sampling, we can see that the value has
been changed from the fourth to the higher value, which shows that the sub-probability between the
points in the general GP was passive and, so, the local maximum may be particularly useful in many
graphs [18].

As shown in Figure 7, at the third time point the actual local point was passed, but it was found
that the paddle point was more stable than the existing one. In other words, the proposed method
shows that the Gamma distribution can converge faster by using the existing Gaussian process as
a method of determining the next measurement point.

4. Experiment on MNIST

We applied grid search, random search, and Bayesian optimization to MNIST and compared the
Gaussian Process of Bayesian optimization with the Gaussian and Gamma distributions. In addition,
a MNIST model objective function is proposed as a method of applying the loss value and accuracy
together in the existing technique. In order to obtain the result quickly, the training data was limited to
500, and the verification data was set to 20%. In other words, the experiment was conducted with
the purpose of providing the values for constructing the objective function. The graph part of some
programs was detailed in Martin Krasser’s Blog, and the Gaussian Process Regression (GPR) was
provided by the scikit-learn package and PyOpt. The detailed conditions of MNIST, which are generally
used, are shown in Table 2.

Table 2. Circumstances of test on MNIST.

Circumstances of Test Contents

Data Set 500 images
Verification Data Total data set of 20%

Hidden Layer 6
Loss Function Cross Entropy Error

Optimizer SGD
Activative Function ReLU

Initial Value of Weight Kaiming He
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Figure 8 shows a graph of the MNIST learning module in a grid method using 100 LRs. Among
them, graphs of the accuracy value of the verification data as the y value are shown above, and graphs
of the loss value as the y value are shown below. The bounds of LR were set from 0–0.5.

Figure 8. Estimation graph of objective function for the MNIST model. The 1 epoch and 50 epoch
graphs in the top row are objective functions with accuracy as y values, and the two plots in the bottom
row show the loss values.

As can be seen from the above Figure 8, a well-trained model indicates the highest accuracy or
the lowest loss value. Importantly, there were many local maxima in the graph, and it is important to
overcome these local maxima and find the saddle point. Generally, training evaluation in the machine
learning module uses the loss value. However, in this study, the estimation accuracy and loss values
were considered together, as shown in Figure 9. Figure 8, it shows a graph with κ as y values for 100
LR values. The highest accuracy is 90 and the corresponding LR value is 0.13. Compared to the case
of using only the existing loss value or the accuracy only, it that can be seen that the local maxima
disappeared significantly before the LR = 0.2 point. By using two values at the same time, the local
maxima of the objective function can be minimized; this makes the objective function easier to estimate.

Figure 9. Estimation graph of objective function to MNIST model using κ.
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Therefore, the method presented in this paper is of great importance, and the results are explained
below, based on the accuracy comparison in Section 5 and the comparison using Gaussian distribution
and Gamma distribution. In addition, the graphs after LR 0.2 seem problematic. However, if LR shows
the highest accuracy at 0.13, it may be excluded; but further research is needed.

Figure 10. Comparison of Gaussian distribution and Gamma distribution at 1 epoch. The yellow
dashed line shows non-free observations of the objective function f at 300 points; that is, the graph of
the y value with an input of 100 x values (grid type) directly for the objective function. The blue line is
an estimated graph of the objective function for the x values, which is 10 times sequentially calculated
using the Acquisition Function. The red x points represent the final predicted points for each step.

Figure 10 shows the results at 1 epoch, using MNIST as the objective function. The left side
shows the results of using the Gaussian distribution search and the right side shows the results of
using the Gamma distribution search. The purpose of this paper is to estimate the distribution of the
objective function of the MNIST module using the minimum number of estimates. Regarding the
minimum number of times between the Gaussian and Gamma distribution searches, we could confirm
that it had an advantage over the existing results. However, compared with the grid search, existing
research has been applied only to the search times, such that a clear comparison between the searching
techniques could not be carried out. In this regard, more accurate analysis would be possible if the
comparison was made based on accuracy and, thus, the maximum difference value could be compared,
with a comparison of when similar accuracy values were derived. In addition, the experiment was
conducted by utilizing κ, as in described Section 3 of this paper. As shown in Figure 10, the accuracy
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of the proposed method was 47%, and the number of search iterations was the smallest in finding
the highest accuracy. The method using the Gaussian distribution search was 39%, and the number
of search iterations was nine. Finally, for the grid method, the accuracy was 46% and the number of
iterations was 100.

In other words, the number of iterations needed for a similar level of accuracy were lower than
the Gaussian distribution search, as the difference of accuracy was 7% and difference in number of
iterations was one. In addition, the LR of the proposed method was about 0.11, where grid search
showed a result of about 0.32. In this case, it is not clear whether the optimal position of the LR was
0.11 or around 0.32.

As described above, it was found that the Local maximum frequently occurred again after a certain
LR value. Considering this, the accurate saddle point could be estimated as 0.11.

Figure 11 shows the results at 50 epochs. For the proposed technique, the accuracy was 94% and
the LR was about 0.12; for the Gaussian distribution search, the accuracy was 93% and the LR was
about 0.2. In the case of the grid search, the accuracy was 93% and the LR was 0.16. As a result, in the
case of grid search, an estimated 100 iterations were required, but the proposed method had similar
effects with about only 7 iterations.

Figure 11. Comparison of Gaussian distribution search and Gamma distribution search at 50 epochs.
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5. Performance Evaluation

In terms of performance evaluation, the evaluation metrics used to measure the predictive
performance of the model include the sensitivity, specificity, accuracy, and MCC (mathew correlation
coefficient) of the evaluation. TP, FP, TN, and FN are shown as true positive, false positive, true negative,
and false negative, respectively. In addition to the following equations, this study evaluates the analysis
speed based on the time required for learning to the level that the accuracy is matched based on the
number of grids [25].

Sensitivity =
TP

TP + FN
(5)

Speci f icity =
TN

TN + FP
(6)

Accuracy =
TP + TN

TP + FP + TN + FN
(7)

MCC =
(TP × TN)− (FP × FN)√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(8)

6. Evaluation

The grid search, Gamma distribution search, and Gaussian distribution search methods were
compared to the existing methods (except for random search, as the uncertainty in the method is large).
The actual random search method is excellent, in terms of learning speed, but the number of epochs or
steps may increase infinitely when learning a lot of data. In particular, the final evaluation was made
by comparing the accuracy with and without the added κ value in Table 3 and Figures 11 and 12.

Table 3 shows the comparative evaluation of the existing system and the proposed system.
The proposed method can improve the performance by applying κ in the previous research to derive
more convex output value from the objective function. Epoch did not proceed further. Because the
evaluated data is the small data, further progression does not affect the accuracy (use small data).
However, there is no shortage in comparing the proposed system with the existing system. In other
words, it is possible to confirm the high value in terms of accuracy, sensitivity, or specificity.

Figures 12 and 13 are visual representations of the results in Table 3, with the vertical axis
representing the actual label and the horizontal axis representing the value of the result inferred from
learning. The darker the color, the more inconsistent.

Table 3. Comparison of random search, Gaussian distribution search, and Gamma distribution search
using 400 traing data set and 100 validation data set.

Epoch Category
Existing System Proposed System

Sens Spec Acc MCC Sens Spec Acc MCC

1
Grid Search 43.69 93.94 47.0 35.61 46.98 94.61 52.0 38.20

Gaussian Distn Search 42.78 93.42 42.0 35.48 43.05 94.40 50.0 41.23
Gamma Distn Search 44.02 94.00 46.0 38.90 47.46 94.42 50.0 39.89

2
Grid Search 90.04 98.67 88.0 87.61 91.76 99.02 91.0 89.50

Gaussian Distn Search 89.37 98.55 87.0 86.86 88.70 98.70 88.0 85.92
Gamma Distn Search 89.38 98.56 87.0 86.83 90.13 98.80 89.0 87.36
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Figure 12. Existing comparison of grid search, Gaussian distribution search, and Gamma
distribution search.

Figure 13. Proposed comparison of grid search, Gaussian distribution search, and Gamma
distribution search.
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Table 4 shows the training results using 60,000 training data and 10,000 verification data in units
of epoch. From the learning results, it can be seen that the Gamma distn search method shows the
maximum 98.36% in 2 Epoch. This table is not compared with previous studies, but the results were
smaller than the current results without κ. Compared with the general CNN, it shows that the learning
accuracy is high. In Table 4, 1 epoch means that is 10 epoch to the same learning model because we
try to 12 optimization per 1 epoch. Thus, the above results represent accuracy for a total of 24 epochs.
Figure 14 shows the result of Table 4.

Table 4. Comparison of random search, Gaussian distribution search, and Gamma distribution search
using 60,000 traing data set and 10,000 validation data set. Detailed results are in Appendix A.

Epoch Category Sens Spec Acc MCC

1
Grid Search 95.59 99.51 95.62 95.10

Gaussian Distn Search 95.73 99.53 95.75 95.25
Gamma Distn Search 95.61 99.52 95.64 95.12

2
Grid Search 98.15 99.80 98.18 97.97

Gaussian Distn Search 98.11 99.79 98.13 97.91
Gamma Distn Search 98.35 99.82 98.36 98.17

3
Grid Search 97.81 99.76 97.83 97.58

Gaussian Distn Search 98.19 98.21 98.21 98.00
Gamma Distn Search 98.21 99.80 98.23 98.03

Figure 14. Proposed comparison of grid search, Gaussian distribution search, and Gamma
distribution search.

Table 5 shows the results of examining the increase and decrease for each epoch using CIFAR-10.
The model applied the model suggested by keras and shows a learning effect of 79% at a maximum of
50 epochs. This data set was chosen to increase the discrimination of the proposed method regardless
of the model. As the result, the method presented in this paper shows that the accuracy increases
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regardless of the model type, and shows high values of sensitivity and specificity. Figure 15 shows the
agreement for each epoch.

Table 5. Comparison of keras CNN, Gaussian distribution search of keras CNN, and Gamma
distribution search of keras CNN using 50,000 traing data set of CIFAR-10 and 10,000 validation
data set of CIFAR-10.

Epoch Category Sens Spec Acc MCC Loss

1
Keras CNN 48.76 94.41 49.09 42.69 1.4160

Keras CNN+Gaussian Distn Search 32.37 92.37 29.95 21.83 1.8700
Keras CNN+Gamma Distn Search 46.69 94.03 45.79 39.25 1.4728

10
Keras CNN 73.36 96.80 70.72 68.19 0.8619

Keras CNN+Gaussian Distn Search 56.64 95.20 56.30 51.14 1.2100
Keras CNN+Gamma Distn Search 74.35 97.06 73.07 95.12 0.7942

20
Keras CNN 76.32 97.29 75.30 72.73 0.7133

Keras CNN+Gaussian Distn Search 65.43 96.18 65.30 95.25 0.9930
Keras CNN+Gamma Distn Search 76.71 97.36 76.06 73.48 0.6998

50
Keras CNN 76.76 97.31 75.55 73.15 0.7362

Keras CNN+Gaussian Distn Search 63.84 95.98 63.45 59.19 1.0278
Keras CNN+Gamma Distn Search 83.22 98.10 82.78 80.92 0.5169

Figure 15. Proposed comparison of grid search, Gaussian distribution search, and Gamma
distribution search.

Table 6 shows the comparison of the grid search, Gaussian distribution search, and Gamma
distribution search methods, to which 10 optimizations and 1 epoch were applied. We can see that,
the larger the grids, the more the accuracy was increased in the grid search; however, the time required
increased accordingly. When comparing the averages, the time required for the Gaussian distribution
search and the proposed search were almost unchanged and similar, but the accuracy was more than
7% improved, which was in agreement with that suggested in the previous studies.
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Table 6. Comparison of grid search, Gaussian distribution search and Gamma distribution search,
applying 10 counts of optimization and 1 epoch. LT, learning time.

Number of Grid

Existing System Proposed System

Grid Search Gaussian Distn Search Gamma Distn Search

Acc (%) LT (Sec) Acc (%) LT (Sec) Acc (%) LT (Sec)

100 47 5.3 42 4.4 52 4.3
200 49 10.4 42 4.1 48 4.2
300 50 16.6 42 4.7 47 4.7
400 52 20.1 37 5.1 41 4.9
500 49 25.6 39 4.6 51 4.3

Avg 49.4 15.6 40.4 4.58 47.8 4.48

Table 7 describes the comparison of the grid search, Gaussian distribution search, and Gamma
distribution search, with 10 optimizations and 50 epochs. In particular, even though the number
of grids increased, the accuracy was not affected significantly. Comparing the average for grid
size from 100–500, there was a 0.7% difference between the suggested search and the grid search.
However, the time of grid search was 729.9 s, and the suggested search took 29.38, which was about
24.8 times faster. Additionally, in comparison with the Gaussian distribution search, it was confirmed
that the proposed method showed a 2% increase in accuracy. To confirm the improvement when
comparing both the loss value and the accuracy estimate, the experiment was conducted again with
20 optimizations. The results are shown in Table 8.

Table 7. Comparison of grid search, Gaussian distribution search, and Gamma distribution search,
applying 10 counts of optimization and 50 epochs. LT, learning time.

Number of Grid

Existing System Proposed System

Grid Search Gaussian Distn Search Gamma Distn Search

Acc (%) LT (Sec) Acc (%) LT (Sec) Acc (%) LT (Sec)

100 87 226.2 87 27.0 90 27.1
200 90 443.5 89 27.2 88 26.9
300 91 679.2 87 26.8 89 27.0
400 89 881.3 86 25.9 89 26.1
500 87 1419.3 81 39.2 84 39.8

Avg 88.8 729.9 86 29.22 88 29.38

As mentioned earlier, Table 8 will be compared with existing research data, and we will also study
LR. It is important to see whether the actual optimized point was a saddle point or not. However,
for points obtained by grid search, we can think of them as an approximations to a saddle point.
In other words, with high accuracy and similar LR to a saddle point, we can expect to find a more
accurate point if we increase the number of optimizations.

Comparing the average values in Table 7, κ can be used to confirm the overall improvement
in learning speed, compared to previous studies. Compared with grid search, the time difference
was much higher than the accuracy difference. When looking at the accuracy of time, the existing
method was faster and had higher accuracy. Furthermore, the results of the proposed method were
higher in accuracy than the Gaussian distribution search. In addition, in the case of LR, the proposed
method had a value closer to that of LR of grid search than the Gaussian distribution search; in other
words, the proposed search method was superior to the existing systems, in terms of accuracy and
required time.
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Table 8. Comparison of grid search, Gaussian distribution search, and Gamma distribution search
applying 20 counts of optimization and 50 epochs. LT, learning time; LR, learning rate.

Number of Grid

Existing System Proposed System

Grid Search Gaussian Distn Search Gamma Distn Search

Acc (%) LT (Sec) LR Acc (%) LT (Sec) LR Acc (%) LT (Sec) LR

100 93 215.9 0.085 92 26.1 0.307 93 27.7 0.265
200 92 459.1 0.070 88 28.55 0.075 91 27.8 0.113
300 94 647.58 0.156 91 27 0.117 92 26.7 0.178
400 94 899.84 0.096 93 28.1 0.138 92 27.9 0.077
500 94 1124.46 0.078 93 26.58 0.186 94 26.4 0.230

Avg 93.4 669.38 91.4 27.266 92.4 27.3

7. Conclusions

At present, Google is indispensable for machine learning, and even more so for AutoML. In view
of recent issues, it is expected that AutoML will become pivotal in future machine learning. Variables
directly related to AutoML include learning rate, mini-batch size, and normalization coefficients,
and these variables have always been created and distributed by the machine trainers. In this regard,
when the data set is changed and needs to be retrained, the problems that need to be reviewed for
the hyperparameters and the decisions about variables expected by the actual person or guessed are
closely related to the time, cost, and performance. For this, unfortunately, a full understanding of the
learning parameters, expert experience, and numerous experiments are required. However, if possible,
the smart way to solve this problem is to let the machine obtain these parameters for you.

In this study, we attempted to find a solution for the learning rate, among these problems.
Therefore, we reviewed the commonly used random search, grid search, and Bayesian optimization
methods by applying the well-known MNIST data, and presented a method to apply a Gamma
distribution to the acquisition function for Bayesian optimization.

In addition, we presented a method for evaluating the learning rate by using both the accuracy
and loss values in the sampling, in order to analyze the distribution of the objective function of the
MNIST model.

Although the results of some experiments showed higher values than the existing methods,
as seen in the Section 6, it was proved that the proposed search technique presented better results,
in most evaluations.

In addition, we can confirm that the result of using the κ function has a convex distribution;
if we can predict a more convex distribution, we can expect to find a more reasonable saddle point.
In further research, we will study the construction of the more convex models, among the studies on
the values output from the black box.
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Appendix A. Training Progress Detailed Results

Gamma Distn Search Maximum Acurracy Detail

—————-epoch————–(step: 0 ) gamma-bounds: [[1.e-04 5.e-01]]”’ gaussian-bounds: [[1.e-04 5.e-01]]
grid-bounds: [[1.e-04 5.e-01]] Gamma Best- acc: [0.9564] lr: [0.15058182] index: 3 Gaussian Best- acc: [0.9575] lr:
[0.20195701] index: 3 grid-acc: [0.9562] lr: [0.110078] grid-counts: 100 grid-time: 1525.9515149593353 second —
gamma gaussian: 320.44497871398926 seconds — ————————-Gamma———————— accuracy: 0.99128
confusion: 4545.6265772727265 precision: 0.9561963371512057 recall: 0.9560669819496841 mcc: 0.9512168890174788
sensitivity: 0.9560669819496841 specificity: 0.9951604430746006 ————————-Gaussian————————
accuracy: 0.9914999999999999 confusion: 4545.906891110488 precision: 0.9573654579832793 recall:
0.9573670489406423 mcc: 0.9525345363214628 sensitivity: 0.9573670489406423 specificity: 0.9952837099770188
————————-Grid———————— accuracy: 0.99124 confusion: 4545.906947140898 precision:
0.956117721154721 recall: 0.9558912053696996 mcc: 0.9510239135134221 sensitivity: 0.9558912053696996
specificity: 0.9951402792741156 —————-epoch————–(step: 1 ) gamma-bounds: [[0.06023273 0.21081454]]
gaussian-bounds: [[0.0807828 0.28273981]] grid-bounds: [[0.0440312 0.1541092]] Gamma Best- acc: [0.9836] lr:
[0.06023273] index: 0 Gaussian Best- acc: [0.9813] lr: [0.0807828] index: 0 grid-acc: [0.9818] lr: [0.06934914]
grid-counts: 100 grid-time: 3392.1185035705566 second — gamma gaussian: 308.5484368801117 seconds
— ————————-Gamma———————— accuracy: 0.99672 confusion: 4562.803546984866 precision:
0.9835683589709514 recall: 0.9835058725009371 mcc: 0.9817028741071395 sensitivity: 0.9835058725009371 specificity:
0.9981785294864007 ————————-Gaussian———————— accuracy: 0.99626 confusion: 4545.908262967948
precision: 0.981316407524821 recall: 0.9810898959265562 mcc: 0.9791059831360185 sensitivity: 0.9810898959265562
specificity: 0.997922830382359 ————————-Grid———————— accuracy: 0.9963599999999999
confusion: 4545.908146741083 precision: 0.981879115324593 recall: 0.9815012472351764 mcc: 0.9796568657792945
sensitivity: 0.9815012472351764 specificity: 0.9979768937659553 —————-epoch————–(step: 2
) gamma-bounds: [[0.02409309 0.08432582]] gaussian-bounds: [[0.03231312 0.11309592]] grid-bounds:
[[0.02773966 0.0970888 ]] Gamma Best- acc: [0.9823] lr: [0.02409309] index: 0 Gaussian Best- acc: [0.9821]
lr: [0.03550456] index: 6 grid-acc: [0.9783] lr: [0.02982013] grid-counts: 100 grid-time: 5223.958828687668
second — gamma gaussian: 343.67405676841736 seconds — ————————-Gamma————————
accuracy: 0.9964599999999999 confusion: 4545.632518181818 precision: 0.9823391951737168 recall:
0.982118716591801 mcc: 0.9802569569051883 sensitivity: 0.982118716591801 specificity: 0.9980324760992
————————-Gaussian———————— accuracy: 0.99642 confusion: 4545.635281241946 precision:
0.9820085701478038 recall: 0.9819438346460284 mcc: 0.9799852874924644 sensitivity: 0.9819438346460284 specificity:
0.9980115536490326 ————————-Grid———————— accuracy: 0.99566 confusion: 4546.037013372861
precision: 0.9781982768860729 recall: 0.978143086587466 mcc: 0.9757536738243268 sensitivity: 0.978143086587466
specificity: 0.9975895338444459 —————-epoch————–(step: 3 ) gamma-bounds: [[0.00963724 0.03373033]]
gaussian-bounds: [[0.01420183 0.04970639]] grid-bounds: [[0.01192805 0.04174818]] Gamma Best- acc: [0.9813]
lr: [0.02185781] index: 2 Gaussian Best- acc: [0.9812] lr: [0.0207021] index: 2 grid-acc: [0.9837] lr: [0.01312086]
grid-counts: 100 grid-time: 7069.49636721611 second — gamma gaussian: 350.1422553062439 seconds
— ————————-Gamma———————— accuracy: 0.99626 confusion: 4545.63475035308 precision:
0.9812261638722205 recall: 0.9811773662104988 mcc: 0.9791226848339004 sensitivity: 0.9811773662104988 specificity:
0.9979225414069898 ————————-Gaussian———————— accuracy: 0.9962399999999999 confusion:
4545.635264046948 precision: 0.9810652055934064 recall: 0.9810538040503666 mcc: 0.9789703109590817 sensitivity:
0.9810538040503666 specificity: 0.9979120643565299 ————————-Grid———————— accuracy: 0.99674
confusion: 4546.036578721596 precision: 0.9836110493048572 recall: 0.9834916677629966 mcc: 0.9817387961353237
sensitivity: 0.9834916677629966 specificity: 0.998189550424739
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Abstract: Recent advances in deep learning have shown exciting promise in various artificial
intelligence vision tasks, such as image classification, image noise reduction, object detection,
semantic segmentation, and more. The restoration of the image captured in an extremely dark
environment is one of the subtasks in computer vision. Some of the latest progress in this field
depends on sophisticated algorithms and massive image pairs taken in low-light and normal-light
conditions. However, it is difficult to capture pictures of the same size and the same location
under two different light level environments. We propose a method named NL2LL to collect the
underexposure images and the corresponding normal exposure images by adjusting camera settings
in the “normal” level of light during the daytime. The normal light of the daytime provides better
conditions for taking high-quality image pairs quickly and accurately. Additionally, we describe the
regularized denoising autoencoder is effective for restoring a low-light image. Due to high-quality
training data, the proposed restoration algorithm achieves superior results for images taken in
an extremely low-light environment (about 100× underexposure). Our algorithm surpasses most
contrasted methods solely relying on a small amount of training data, 20 image pairs. The experiment
also shows the model adapts to different brightness environments.

Keywords: low light; image restoration; denoise; noise reduction; deep leaning; machine learning

1. Introduction

Image restoration is a challenging task, particularly in an extremely dark environment. For example,
the recovery of images captured in a scene where the light is very dark is a difficult problem. There are
two ways to solve the problem: relying on hardware and relying on software. In the aspect of hardware,
the adjustment of the camera settings can partially solve the problem, but there are still difficulties:
(1) a higher sensitivity value of the image sensor increases brightness, but it also increases high
sensitivity noise, and, although the ISO value in the latest cameras can be set to 25,600, the images with
an ISO over 400 should have more noise; (2) the larger aperture receives more light, but it also leads to
worse sharpness and a shallower depth of field; (3) extending exposure time is one of the most direct
solutions, but a little movement should lead to blurred imaging under the condition; (4) the larger size
of the photosensitive element receives more photons, although the size of the photosensitive element is
limited by camera size and cost; (5) using flash helps to capture more light, however, the flash range is
limited and flash is forbidden in some situations.

In addition to the suitable hardware settings, some sophisticated algorithms have been designed
to restore the images in the dark. Many denoising, deblurring, color calibration, and enhancement
algorithms [1–5] are applied to low-light images. These algorithms only deal with normal low-light
images but are inefficient for the extremely low-light images with brightness as low as 1 lumen.
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An alternative method, burst alignment algorithms [6–8], uses multiple pictures taken continuously.
However, this kind of method still loses efficacy on the pictures in extremely low-light conditions.
Chen et al. [9] proposed a deep learning end-to-end method which can restore images with only
0.1 lumens. However, this method was trained with massive amounts of training data and needed
a huge computational cost. It is well known the deep learning algorithms require big data. One of the
reasons is that the quality of partial data is poor. By obtaining better training data, the algorithm can
accomplish the same result with less data.

In the past, the low-light data were basically collected in the low-light environment, while the
ground truth data were collected by long exposure. This collecting method had many difficulties
and generated low-quality training data. We propose a new method to collect dark pictures and
corresponding normal exposure pictures by adjusting camera settings in the daytime.

We use an end-to-end neural network to restore the extremely low-light image only by
20 high-quality image pairs based on the work of [9,10]. Our contributions in this paper are summarized
as follows: (1) we propose a new low-cost method to capture high-quality image pairs, including
dark pictures and corresponding normal exposure pictures; (2) we use the theory of the regularized
denoising autoencoder to explain why the algorithm works effectively; (3) our proposed algorithm can
restore images taken in an extremely dark environment (100× underexposure light level) by only using
20 image pairs.

The rest of this paper is organized as follows. Related work about low-light images restoration is
proposed in Section 2. The image acquisition method and the framework of the neural network are
shown in Section 3. The detailed experimental results are shown in Section 4. Several problems that
require further research are put forward in Section 5. The paper concludes with Section 6.

2. Related Work

The restoration of low-light images has been extensively studied in the literature. In this section,
we provide a short review of related work.

2.1. Low-Light Image Datasets

Well-known public image datasets, such as PASCAL VOC [11], ImageNet [12], and COCO [13]
have played a significant role in traditional computer vision tasks. Because less than 2% of the images
in these datasets were taken in a low-light environment, the public datasets were unsuitable for training
low-light image restoration.

Many researchers proposed low-light image datasets. LLnet [14] darken the original images to
simulate low-light images. The original images were used as a ground truth; the generated dark
images were artificial. The authors of [5] proposed a new dataset of 3000 underexposed images,
each with an expert-retouched reference. PolyU [15] collected real-world noisy images taken from
40 scenes, including indoor normal lighting, dark lighting, and outdoor normal-light scenes. However,
the brightness of the images from these datasets is dusky, not extremely black. SID [9] proposed an
extremely dark image dataset captured by Sony and Fuji cameras, including 5094 short exposure
images and 424 long-exposure images. LOL [16] consists of 500 image pairs. The ExDARK [17] dataset
is made up of images captured in real environments, containing various objects. Because the images
need careful adjustment of the camera settings in dark conditions, the previously mentioned databases
have two common problems: the high cost of collecting data and very few high-quality images.

2.2. Image Denoising

According noise is one of the significant obstacles in the restoration of low-light images; denoising
is a notable subtask in low-light enhancement tasks. A classic traditional method of dealing with
the low-light image is scaling luminosity and the followed denoising procedure. Image denoising
is an often-traversed topic in low-level computer vision. Many approaches have been proposed,
such as total variation [18], sparse coding [19], and 3D transform-domain filtering (BM3D) [20], etc.
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These approaches are grouped into traditional denoising methods. Their effectiveness is often based
on an image prior’s information, such as smoothness, low rank, and self-similarity, etc. Unfortunately,
most traditional methods only work more effectively for the synthetic noise data, such as salt pepper
and Gaussian noise, but the performance of the methods sharply drops for noisy images taken in
real-world environments.

Researchers have also widely explored the application of deep learning networks to image
denoising. Important methods of deep learning include deep illumination estimation [5], end-to-end
convolutional networks [9,21], autoencoders [22,23], and multi-layer perceptron [24]. Generally, most
methods based on deep learning work better than traditional methods. However, the former has the
requirement of huge amounts of training data.

Except for single image denoising, the alternative, multiple-image denoising [6,7,25], achieves
better results since more information is collected. However, it is difficult to select the “lucky image”
and the correspondence estimation between images. On some occasions, taking more than one image
was infeasible.

2.3. Low-Light Image Restoration

One basic method is histogram equalization to expand the dynamic range of the images. The recent
effort on low-light image restoration is the learning-based methods. For instance, the authors of [14]
proposed a deep autoencoder approach. WESPE [26] proposed a weakly supervised image-to-image
network based on a Generate Adversarial Network (GAN). However, WESPE was more focused on
image enhancement. In addition, other methods include the approach based on dark channel prior [27],
the wavelet transform [23], and illumination map estimation [28], etc. These methods mentioned above
only deal with the images captured in a normal dark environment, such as dusk, morning, and shadow,
etc. The end-to-end model proposed by Chen et al. [9] could restore extremely low-light images using
RAW sensor data. However, its model was heavyweight. In sum, the current research suggests that
either the image in the extreme dark cannot be restored or the algorithms require big data.

3. The Approach

3.1. The End-to-End Pipeline Based on Deep Learning

The pipelines based on deep learning and the traditional method can be used to restore low-light
images. Two kinds of pipelines are shown in Figure 1. The deep learning model (the top sub-image)
is an end-to-end method. This method generates a model from image pairs, while the traditional
method cascades a sequence of low-level vision processing procedures, such as luminosity scaling,
demosaicing, denoising, sharpening, and color correction, etc. In Figure 1, luminosity scaling and
cBM3D are selected as the major procedures in the traditional method.

 
Figure 1. The two categories of pipelines concerning low-light restoration. The top sub-image shows the
pipeline based on deep learning. The bottom sub-image shows a traditional image processing pipeline.
The toy images on the right side are the results of the two pipelines, respectively. The sub-image
surrounded by a red line box is the zoom-in image. BM3D = 3D transform-domain filtering.

155



Electronics 2020, 9, 1011

In the pipeline of the traditional method, the first step is luminosity scaling. The images taken by
the camera Nikon D700 are Nikon Electric Film (NEF) RAW images with 14 bits. This means that the
maximum brightness value is 214, that is, 16,384. Due to the image in the extremely dark condition,
the brightness values of the pixels are distributed between 1 and 50. The procedure of light scaling can
be expressed as a formula: vx/vmax × 16,384. The parameter vx in the formula represents the brightness
value of a pixel, and vmax represents the max brightness value of all pixels. The simple luminosity
scaling also amplifies the noise information in the images. The high noise is demoed in the zoom-in
image surrounded by the red box after luminance scaling. The second step is noise reduction by BM3D.

In our work, the deep learning neuron network is proposed for direct single image restoration of
extremely low-light images. Specifically, a convolutional neural network [29] U-net [10] is used for
processing, inspired by the recent algorithms in the work of [9,10]. The structure of the network is
shown in Figure 2, and the details about the structure are listed in Table 1.

 
Figure 2. The structure of the network. The input array is a 4D data converted from the original
RAW image. Convolutional block is abbreviated as “Conv Block”, which represents a convolutional
block including 2D convolutional layer and pooling layer. The red dotted arrow represents copy and
crop operations.

Table 1. The parameters of the neuronal network. The parameter “32 [3,3]” represents that the output
array size is 32 and the convolutional kernel size is 3 × 3.

ID of the Block The First Layer The Second Layer The Third Layer

Block 1 Conv2d(32, [3,3]) Conv2d(32, [3,3]) Max pooling2d
Block 2 Conv2d(64, [3,3]) Conv2d(64, [3,3]) Max pooling2d
Block 3 Conv2d(128, [3,3]) Conv2d(128, [3,3]) Max pooling2d
Block 4 Conv2d(256, [3,3]) Conv2d(256, [3,3]) Max pooling2d
Block 5 Conv2d(512, [3,3]) Conv2d(512, [3,3]) none
Block 6 Conv2d(256, [3,3]) Conv2d(256, [3,3]) none
Block 7 Conv2d(128, [3,3]) Conv2d(128, [3,3]) none
Block 8 Conv2d(64, [3,3]) Conv2d(64, [3,3]) none
Block 9 Conv2d(32, [3,3]) Conv2d(32, [3,3]) Conv2d(12, [1,1])

3.2. Regularized Denoising Autoencoder

In our study, we selected an autoencoder neural network [30,31] similar to U-net to restore dark
images. The autoencoder is a neural networks that is trained to attempt to map the input to the output.
In other words, it is restricted in some ways to learn the useful properties of the data. It has many
layers internally called the hidden layer. The network is divided into two parts: an encoder function
h = F(x) and a decoder function G(h) which generates the reconstruction.

Regularized technology [32,33] is used to solve the invalidation of the over-complete autoencoder.
The case is called over-complete when the hidden dimension is greater than the input. The over-complete
autoencoders fail to learn anything useful if the encoder and decoder have a large number of parameters.
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Regularized autoencoders use a loss function to learn useful information from the input. The useful
information includes the sparsity of the representation, robustness to noise, and robustness to the
missing input. In particular, the clear and real image data is useful information, hidden in the dark
background. In one word, regularization enables the nonlinear and over-complete autoencoder to
learn useful information about the data distribution.

The denoising autoencoder (DAE) [34,35] is one of the autoencoders with corrupted data as
input and clear data as output by a trained model. The structure of a DAE is shown in Figure 3.
It aims to learn a reconstruction distribution precontstruct(y|x) by the given training pairs (x,y). The DAE
minimizes the function L(y,G(F(x))) to obtain the useful properties, where x is a corrupted data relative
to the original data y. Specifically, in our study, data x indicates the images with dark noise and data
y indicates the ground truth images.

 
Figure 3. The structure of a denoising autoencoder (DAE). The input data tagged as x and output data
tagged as y represent the noisy data and ground truth, respectably. The function F(x) and G(h) represent
the encoder and decoder. The map M(x|y) represents the procedure of generating x from y.

The first step is sampling y from the training data. The second step is sampling the corresponding
data point x by M(x|y). The third step is estimating the reconstruction distribution by pdecoder(y|h)
with h the output of encoder and pdecoder defined by the decoder G(h). DAE is a feedforward network
and trained by the methods of any other feedforward network. We can perform gradient-based
approximate minimization on the negative log-likelihood. For example, the stochastic gradient descent
can be written by:

− Ey∼p̂data(y)Ex∼M(x|y)log pdecoder(y
∣∣∣h = F(x)) (1)

In Equation (1), the pdecoder is the distribution calculated by the decoder and the p̂data is the training
data distribution.

3.3. The Procedure of Collecting Data

The traditional low-light enhancement methods cascade the procedures: scaling, denoising,
and color-correcting. The traditional methods do not need the ground truth images during processing.
On the contrary, a deep learning neural network must train the data before the testing phase. The training
and testing phases are shown in Figure 4. The upper part of this figure shows that the training data
consists of two parts: the low-light (dark) images and corresponding normal-light images. Every image
pair in the two parts has the same size and shooting range and aligns pixel by pixel. There are only
a few low-light image datasets available, an example from one of these datasets is seen in the upper
left. The learned-based model can learn the fitting parameters to map the image pairs. The mapping
relationship from the low-light images to normal-light images is non-linear, and thus deep learning
is appropriate.

The bottom sub-image of Figure 4 shows the test phase. In the test phase, the low-light images
are inputted into the trained model and the restored normal-light images are outputted. In addition,
the output restored image (bottom right corner) is unknown, the other three kinds of images are known.
Another significant point is that the training and the test images are independent.
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Figure 4. The schematic diagram of the train and test phase in the deep learning approach. The upper
sub-image shows the training phase. The bottom sub-image shows the test phase using the trained
model generated in the training phase.

In order to improve the effectiveness of the restoration, we can start from the two aspects
of the algorithm and the training data. In this section, we describe the training data. Due to
the large computational cost of the training data, data collection becomes an obstacle to the deep
learning algorithms.

The data collecting method in other deep learning literature is shown as the upper sub-image of
Figure 5. The low-light datasets based on deep learning in the computer vision community are almost
collected in low-light conditions, shown as the left box of the upper of Figure 5. The corresponding
ground truth images are also taken in low-light conditions, shown as the right box of the upper.
For taking normal exposure images, the camera is set to a higher ISO, larger aperture, longer exposure
time, larger light-sensing element, and flash. However, such settings reduce the quality of the images.

 
Figure 5. The different light conditions during the phase of collecting training images in deep learning.
The upper sub-figure shows that the image pairs both captured in low-light conditions. In the below
sub-figure, our proposed image acquisition method captures images during the daytime. In our method,
the low-light images are taken in the normal-light condition.

We collected the training data during the daytime, normal-light condition, shown as the button
sub-image of Figure 5. We named the collecting method the NL2LL (normal-light to low-light).
The environment with enough light brings convenience to shoot high-quality data. Three pillars of the
photography: shutter speed, ISO, and aperture can be set as “better” parameters during the daytime.
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We set the shorter exposure speeds, lower ISO, and larger aperture values to take the dark images
during the daytime.

The influence of the aperture is rarely discussed in the relevant literature. Aperture is defined
as the opening in the lens through which light passes to enter the camera. Small aperture numbers
represent a large aperture opening size, whereas large numbers represent small apertures. The critical
effect of the aperture is the depth of field. Depth of field is the amount of the photograph that appears
sharp from front to back. According to the principles of optics, a larger aperture size (smaller aperture
value) leads to a shallower depth of field and therefore more defocus blur.

The effect of the aperture size on the image depth of field is shown in Figure 6. The left half
of this figure has a “thin” depth of field, where the background is completely out of focus. On the
contrary, the right sub-image of Figure 6 has a “deep” depth of field, where both the foreground and the
background are sharp; the camera focuses on the foreground. Because the zoom-in images surrounded
by the solid red box are near the focus point, both images (the first and the third image at the bottom)
are clear. However, the distance between the dotted red region and the camera is far from that between
the focus point and the camera. According to the principles of optics, the background area away from
the focus point becomes blurred with a large aperture camera setting. The zoom-in sub-image taken in
the big aperture size (the second image at the bottom) is more blurred than the respective sub-image
taken in the small aperture size (the fourth image at the bottom).

. 
Figure 6. The influence of the aperture size on the image quality. The aperture of the left and right
images is set as 4 (large aperture size) and 25 (small aperture size), respectively. The center of the red
circle is the location of the focal point. The area surrounded by the solid red box and dotted red box is
in foreground and background, respectively.

If the images are taken in dark conditions, the aperture must be set as large as possible to receive
more light. The large aperture setting in the camera inevitably results in a large amount of background
blur. The training dataset used in deep learning has many image pairs. Every image pair consists of
a low-light image and a corresponding normal-light image. To achieve high-quality data, each pixel
pair in both images must match one-to-one. Unfortunately, the blur of some pixels impacted the quality
of the training data [9,14].

The large aperture size should blur the image. It is also plain to see that the longer exposure time
and the higher ISO reduces the quality of the image pair. More specifically, it is harder to align the two
images pixel by pixel. When there is less light at night, the exposure time must be increased to capture
more light for the images. Then, during the day it is important to decrease the exposure time; this will
in turn reduce the amount of light that enters the apparatus. The exposure time of the ground truth in
the literature [9] is 10 s and 30 s, while the respective exposure time in our data is between 1/10 s to 3 s.
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The parameter ISO plays the same role. The value of ISO can then be adjusted to the smaller value
(the better quality) in the daytime and set to 100 in our first experiment.

Moreover, we adopted Wi-Fi equipment to remotely adjust the camera settings, and the camera was
fixed on the tripod. The hardware devices ensure the stability of the camera while taking image pairs.

Most researchers consider that the training data used for low-light restoration methods based on
deep learning must be collected in low-light conditions. On the contrary, our experiments have shown
that the training data can be collected in normal-light conditions. As opposed to previous methods to
photograph in a low-light environment, our proposed method takes images in a bright environment.
Figure 7 shows all the training images in our experiment. The shooting parameters are listed in Table 2.
Our algorithm achieves exciting results only using 20 image pairs. The camera parameters in our
method make it easier to take a high-quality image.

 
Figure 7. All images in our dataset. Normal-light images (ground truth) are shown at the front.
The low-light images (extremely dark) are shown behind.

Table 2. The EXIF parameters of the training images. The first ID column indicates the number of
image pairs. The order of ID is from left to right of every line, then the next line, and so on. The second
column EXIF indicates the photos’ parameters. GT = ground truth. All the parameters of the dark
images are as same as that of GT except shutter time.

ID EXIF ID EXIF ID EXIF ID EXIF

1 GT: F16.0, 1/8 s, ISO 100
Dark: 1/800 s 2 GT: F16.0, 1 s, ISO 100

Dark: 1/100 s 3 GT: F16.0, 1/4 s, ISO 100
Dark: 1/400 s 4 GT: F16.0, 1/8 s, ISO 100

Dark: 1/800 s

5 GT: F16.0, 1/10 s, ISO 100,
+1.0 EV Dark: 1/1000 s 6 GT: F16.0, 1/10 s, ISO 100,

+1.0 EV Dark: 1/1000 s 7 GT: F16.0, 1/10 s, ISO 100,
+1.0 EV Dark: 1/1000 s 8 GT: F16.0, 1/8 s, ISO 100,

+1.0 EV Dark: 1/800 s

9 GT: F16.0, 1/4 s, ISO 100,
+1.0 EV Dark: 1/400 s 10 GT: F16.0, 1/4 s, ISO 100,

+1.0 EV Dark: 1/400 s 11 GT: F16.0, 1/4 s, ISO 100,
+1.0 EV Dark: 1/400 s 12 GT: F16.0, 1/2 s, ISO 100,

+1.0 EV Dark: 1/200 s

13 GT: F16.0, 1/5 s, ISO 100,
+1.0 EV Dark: 1/500 s 14 GT: F16.0, 1/8 s, ISO 100,

+1.0 EV Dark: 1/800 s 15 GT: F16.0, 1/8 s, ISO 100,
+1.0 EV Dark: 1/800 s 16 GT: F16.0, 3 s, ISO 100,

+1.0 EV Dark: 1/30 s

17 GT: F16.0, 3 s, ISO 100,
+1.0 EV Dark: 1/30 s 18 GT: F16.0, 2 s, ISO 100,

+1.0 EV Dark: 1/50 s 19 GT: F16.0, 1/4 s, ISO 100,
+1.0 EV Dark: 1/400 s 20 GT: F16.0, 1/4 s, ISO 100,

+1.0 EV Dark: 1/400 s

4. Experiments

4.1. Dataset

The images in our dataset were collected from real-world scenes instead of by the artificial
brightness adjustment. The images in our training dataset were taken in a cloudy environment by
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a Nikon D700 made in Japan. The lens was the fixed-focus lens labeled as AF-S NIKKOR 50 mm
f/1.4G. Because the RAW format can save more low-light information than the sRGB format, the images
were saved in the RAW format. The data collection environments of various algorithms are shown
in Table 3. The dataset was divided into the training data and the test data. All the training images
were taken outdoors and selected randomly from the image pairs. The training data included the
20 image pairs shown in Figure 7. To avoid overfitting, the test images were taken separately in
the low-light environment and independent of the training data. The test images were taken from
a variety of scenes, such as a bedroom and outdoors. They were taken from the environment about
1 lumen, approximately 100 times lower brightness than that of the training images. Some of the
test images are shown in Figure 8. The exposure time of the training pictures was reduced exactly
100 times compared to the test data picture. The training images and test images were independent
and identically distributed (i.i.d.) to guarantee the effectiveness of our algorithm.

Table 3. The environments of collecting images in various algorithms.

Class of Methods The Training Data The Test Data

Traditional methods [20] None Low-light environment
Methods based on deep learning [5,9,14] Low-light environment Low-light environment

Our methods Normal-light environment Low-light environment

 
Figure 8. The results of the various algorithms. The images marked with a red dotted box on the
second row are the zoom-in images of the region surrounded by the small red dotted box in line 1,
respectively. The images surrounded by the orange boxes in the fourth line are also the magnified
images from the solid orange box region in line 3. The indoor test image (upper left sub-image) was
taken with the parameters: exposure compensation +1.0, f 6.1, 0.1 s and ISO 400. The outdoor test
image (third line and first column) was taken with the parameters: f 3.5, 0.2 s and ISO 400. The first
column shows the test images taken in an extremely dark condition. The second column shows our
results by the end-to-end deep learning model. The third column shows the results by the traditional
method which cascades luminosity scaling and BM3D [20]. The fourth to the seventh columns show
the results by the Robust Retinex Model algorithm [36], by JED [37], by LIME [28] and SID [9]. The last
column shows the ground truth taken with a long exposure time.

4.2. Qualitative Results and Perceptual Analysis

The methods as a comparative baseline include the traditional method and the “modern” method.
The traditional method cascades a luminosity scaling algorithm and a denoising algorithm. BM3D was
selected as the classic denoising algorithm in our research because it outperforms most techniques
facing the images with real noise. The modern data-driven approach selects some machine learning
algorithms that have been proposed in recent years.
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The process of determining the level of image quality is called Image Quality Assessment (IQA).
IQA is part of the quality of experience measures. Image quality can be assessed using two kinds
of methods: subjective and objective. In the subjective method, the corresponding result images
processed by different pipelines were presented to students, who determine which image had higher
quality. The images were presented in a random order, with a random left–right order without any
indication of the provenance. A total of 100 comparisons were performed by five students. The students
found the results using the traditional method (the third column) still had a good aspect of light,
but there were some yellow patches in the large white region and noise particles. Other “modern”
algorithms [28,36,37] did not work well in the extremely dark real environments. Our results were
superior in the aspects of the image contrast, color accuracy, dynamic range, and exposure accuracy.
Our pipeline significantly outperformed the traditional method and the “modern” methods in the
aspect of denoising and color collection, respectively. The results by the various algorithms are shown
in Figure 8.

4.3. Quantitative Analysis

The objective IQA methods were used to quantitatively measure the results. The objective methods
can be classified into full-reference (FR) methods, reduced-reference (RR) methods, and no-reference
(NR) methods.

FR metrics try to assess an image quality by comparing it with a reference image (ground truth)
that is assumed to have perfect quality. The classical FR methods, the peak signal-to-noise ratio (PSNR)
and the structural similarity index (SSIM [38]) were selected in our quantitative analysis. The higher
the value of the two FR methods, the better the image quality.

The ENIQA [39] and Integrated Local NIQE (IL-NIQE) [40] present the high-performance
general-purpose NR IQA methods based on image entropy. IL-NIQE uses a feature-enriched completely
blind image quality evaluator. NIQE [41] makes a completely blind image quality analyzer and is also
one of the NR methods. SSEQ [42] evaluates image quality assessment based on spatial and spectral
entropies without a reference image. The lower scores calculated by these NR methods represents
better image quality.

The quantitative IQA of the experimental results is shown in Tables 4 and 5. The size of the
toy image in Table 4 was set to 512 × 339 pixels. The size of the bicycle image in Table 5 was set to
512 × 340 pixels. The images in the PNG format were evaluated by the following IQA algorithms,
except SID [9]. The original model in SID only accepted the 16-bit raw image taken by the Sony camera
and 14-bit raw image taken by the Fuji camera. Our test images were taken with a Nikon DSLR D700
made in Japan. Therefore, we modified the test code of SID to accept our test images.

Table 4. The Image Quality Assessment (IQA) of the recovery results about the toy image. The first
column shows the various IQA methods. The columns (from second to seventh) show the corresponding
IQA scores of the image results by various algorithms. The last column shows the score of the ground
truth. The bold font and “(1)” indicate the value that is the best score. The underline and “(2)” represent
second place.

Assessment Methods Our Method The Traditional Method Robust Retinex Model JED LIME SID Ground Truth

PSNR 27.4600 (2) 22.1908 12.5453 12.3313 14.3542 21.7659 Inf (1)

SSIM [38] 0.9479 (2) 0.8593 0.3019 0.2726 0.3442 0.5128 1 (1)

ENIQA [39] 0.0762 (2) 0.2004 0.5808 0.5499 0.3101 0.1900 0.0709 (1)

IL-NIQE [40] 34.3996 (3) 37.4977 71.1242 75.1293 70.9793 34.3299 (2) 30.9900 (1)

NIQE [41] 4.6251 (1) 5.5973 8.5458 7.6560 7.9087 5.1727 4.7387 (2)
SSEQ [42] 5.3654 (1) 29.0665 37.1942 19.3989 35.3465 30.2516 15.8142 (2)

Similar to the qualitative assessment, our method also exceeds most methods in quantitative
analysis. The Robust Retinex Model, JED, and LIME can achieve better effect in this degree of light at
dusk, but these methods do not work in extremely dark environments.
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Table 5. The IQA of the recovery results about the bicycle image. The first column shows the various
IQA methods. The columns (from second to seventh) show the corresponding IQA scores of the image
results by various algorithms. The last column shows the score of the ground truth. The bold font and
“(1)” indicate the value that is the best score. The underline and “(2)” represent second place.

Assessment Methods Our Method The Traditional Method Robust Retinex Model JED LIME SID Ground Truth

PSNR 30.8136 (2) 21.1950 11.9917 11.9579 13.7948 23,4298 Inf (1)

SSIM [38] 0.9535 (2) 0.8106 0.1963 0.1832 0.2072 0.8374 1 (1)

ENIQA [39] 0.1320 (2) 0.2860 0.1476 0.2346 0.2048 0.1658 0.0995 (1)

IL-NIQE [40] 25.1430(3) 25.5302 50.0900 47.2871 46.7496 23.6752 (1) 24.7926 (2)
NIQE [41] 3.6368 (1) 4.1941 7.0819 5.7749 7.0317 3.7191 (2) 3.7534
SSEQ [42] 15.6676(1) 38.2989 35.0894 28.4950 42.2645 24.2338 19.7217 (2)

Due to the lack of reference images, the NR methods do not know which image is the ground
truth. By NIQE and SSEQ (Line 5 and Line 6), the scores of our result even are a little better than that
of ground truth. The close scores of ours and ground truth calculated by NIQE mean that our restored
images are well.

Next, we analyzed the generalization performance of the network model. The generalization
performance of a learning algorithm refers to the performance on out-of-sample data of the models
learned by the algorithm. The test images in Figure 8 were shot in an environment that is as bright
as that of the training images. In this experiment, the test images were taken with different camera
parameters in an extremely low-light environment by different parameters. The camera metering
system indicated the setting (F5, 50 s, ISO 400) can achieve normal exposure. The test images with
different levels of darkness were collected by only adjusting the shutter time. For example, the exposure
time was set to 0.5 second to 100 × less exposure, as shown in the second column of Figure 7. Similarly,
the exposure times were set to 1 s, 1/4 s, 1/8 s, and 1/15 s, which means 50×, 200×, 400×, and 750× less
exposure, respectively.

The curves are smooth in the second line of Figure 9. However, some line deformation can be
found in the fourth line of Figure 9. The details of the line illustrate that our method has more powerful
capabilities to restore details than the traditional method. The sub-images from the first to third
column show that our algorithm adapts to the environments with varying degrees of darkness. Even in
extreme exposure condition (750× less exposure), our method can restore the acceptable details.

 

Figure 9. The restoration results in different brightness environments. The first line shows the
restoration results of the test images with different black levels by our algorithm. The second line
shows the details of the results. The bottom two lines show the results handled by traditional methods.
The columns represent the different original brightness levels.
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In addition to subjective analysis, several objective IQA methods were adopted to evaluate image
quality. The quantitative analysis of the effect of different exposures is shown in Table 6. It is obvious
to see our method surpasses the traditional approach.

Table 6. The IQA of the recovery results about the image with different exposures. In line 1, the word
“n”× (“n” indicates a number) indicates n times reduction of exposure amount on the bases of normal
exposure. The first column indicates the assessment methods and restoration algorithm. The traditional
method is abbreviated as TM. Bold numbers represent the best results in this line. Underlined numbers
indicate better results in different algorithms.

Assessment Methods
(Restoration Algorithm)

50× 100× 200× 400× 750×
ENIQA [39] (Ours) 0.0694 0.0701 0.0800 0.1369 0.1856

ENIQA (TM) 0.2583 0.2318 0.2793 0.4141 0.5599
IL-NIQE [40] (Ours) 36.5769 38.7293 47.2164 58.6588 71.5074

IL-NIQE (TM) 50.1786 50.9244 62.1660 80.4942 96.9210
NIQE [41] (Ours) 6.1894 5.9605 6.0204 6.7881 7.0984

NIQE (TM) 7.5423 7.5152 8.4179 8.6997 9.1467
SSEQ [42] (Ours) 2.4008 4.0506 4.6036 9.4805 13.3380

SSEQ (TM) 21.6355 22.9971 19.5719 17.6767 15.8840

4.4. Implementation Details

In our study, the input images are the RAW images with the size H ×W × 1. H and W are the
abbreviations of the height and the width and are equal to 2832 and 4256, respectively. The input
images were packed into four channels and correspondingly cut in half in each dimension. Thus, the
size of the channels was 0.5 H × 0.5 W × 4. The packed data was fed into a neural network. Because
the U-net network has a residual connection [43,44] and supports the full-resolution image in GPU
memory, we selected a network with the architecture similar to U-net [10]. The output of the deep
learning network was a 12-channel image with the size 0.5 H × 0.5 W × 12. Lastly, the 12-channel
image was processed by a sub-pixel layer to recover the RGB image with the size H ×W × 3.

Our implementation was based on TensorFlow and python. In all of our experiments, we used L1
loss, the Adam optimizer [45], and the Leaky ReLU (LRelu) [46] activation function. We trained the
network for the Nikon D700 camera images. The initial learning rate was set to 0.0001, weight decay
to 0.00001, and dampening to 0. The initial learning rate decreased according to the cosine function.
According to the practical effect of the experiment, we set the training epoch as 4000.

5. Discussion

In this work, we shared a new collecting image method that can be used for future research on
machine learning. Our algorithm was only trained with 20 image pairs and achieved the inspiring
result in the restoration of the extremely low-light images with the help of a high-quality dataset.
The method can be used in most supervised learning tasks.

In the future, we will try to improve our work in the following points. (1) It is known that
Restricted Boltzmann Machines (RBMs) [47] can be used to preprocess the data and help the machine
learning process become more efficient. The NL2LL model based on RMB might provide even better
results. (2) Improved U-net networks can be used to improve performance. (3) The generalization
performance of the method still needs to be studied. In our study, the recovered images were poor
when the brightness of test images was magnified more than 400 times. Prior information about the
environment light can be used for the algorithm. (4) The shooting environment can be extended to
more complex scenarios, such as the condition with dark and blur and the condition with dark and
scatting, etc. (5) The method can be used for low movement data (spatiotemporal data) and 3D objects
(3D geometry).

Our research is of great significance in areas such as underwater robots and surveillance.
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6. Conclusions

To see in the extreme dark, we have proposed a new method, NL2LL (collecting a low-light dataset
in normal-light condition) to collect image pairs. The method has many potential implementations
in convolutional neural network, dilated convolutional NN, regression, and graphical models.
Our end-to-end approach is simple and highly effective. We have demonstrated its efficacy in
low-light image restoration. The experiment shows that our approach can achieve inspiring results by
only using 20 image pairs.
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Abstract: Recently, convolutional neural networks (CNNs) have achieved great success in scene
recognition. Compared with traditional hand-crafted features, CNN can be used to extract more robust
and generalized features for scene recognition. However, the existing scene recognition methods
based on CNN do not sufficiently take into account the relationship between image regions and
categories when choosing local regions, which results in many redundant local regions and degrades
recognition accuracy. In this paper, we propose an effective method for exploring discriminative
regions of the scene image. Our method utilizes the gradient-weighted class activation mapping
(Grad-CAM) technique and weakly supervised information to generate the attention map (AM) of
scene images, dubbed WS-AM—weakly supervised attention map. The regions, where the local
mean and the local center value are both large in the AM, correspond to the discriminative regions
helpful for scene recognition. We sampled discriminative regions on multiple scales and extracted
the features of large-scale and small-scale regions with two different pre-trained CNNs, respectively.
The features from two different scales were aggregated by the improved vector of locally aggregated
descriptor (VLAD) coding and max pooling, respectively. Finally, the pre-trained CNN was used to
extract the global feature of the image in the fully- connected (fc) layer, and the local features were
combined with the global feature to obtain the image representation. We validated the effectiveness
of our method on three benchmark datasets: MIT Indoor 67, Scene 15, and UIUC Sports, and obtained
85.67%, 94.80%, and 95.12% accuracy, respectively. Compared with some state-of-the-art methods,
the WS-AM method requires fewer local regions, so it has a better real-time performance.

Keywords: convolution neural network; scene recognition; vector of locally aggregated descriptor;
weakly supervised attention map

1. Introduction

Scene recognition, as a sub-problem of image recognition, has attracted increasing attention. It has
important applications in robotics, intelligent security, driving assistant technique, and human-computer
interaction, etc. However, scene recognition is quite different from general object recognition:

• Scene images, especially indoor scene images, commonly contain a large number of objects and
a complex background;

• Human ability in scene recognition is much lower than that in object recognition;
• The number of datasets of scene recognition is much less than that of object recognition.

There are also several difficulties in scene recognition, such as variances of illumination, scale,
and so on. The variability and difference of scene content lead to inter-class similarity and intra-class
variation. Figure 1 shows some difficulties in scene recognition.
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The focus of scene recognition is to extract more robust and generalized features, including
hand-crafted features and learning-based features. Traditional scene recognition methods generally
use hand-crafted features, e.g., oriented texture curves (OTC) [1], census transform histogram
(CENTRIST) [2], histogram of oriented gradient (HOG) [3], and scale-invariant feature transform
(SIFT) [4]. Hand-crafted features are constructed based on image color, texture, structure, and other
information. They have no semantic information and are difficult to use in complex scene recognition.
With the wide use of deep learning in computer vision, learning-based features have been applied to
scene recognition. Convolutional neural network (CNN) is a typical representative of learning-based
features [5–8]. Latent feature representation containing high-level semantic information can be learnt
from large-scale data without human intervention. Even though the CNN features perform well in
scene recognition [9], they still use global information while ignoring local information, and cannot
satisfactorily solve between-class similarity and within-class difference.

 
Figure 1. Some difficulties in scene recognition. (a) inter-class similarity. (b) intra-class variations.
(c) illumination problem. (d) shooting angle problem.

Intuitively, the images of scene recognition are different from the general images of object
recognition. Many scene images contain a large number of objects, especially indoor scenes, and have
a complex background, which brings severe difficulties for feature extraction. Many CNN-based
methods extract features from local regions at different scales and complement global representation;
however, they do not sufficiently consider the relationship between the local region and the context of
the scene. Many extracted local regions are redundant and degrade the classification results of scenes.
The scene images of different categories often contain the same and similar object regions, while the
scene images of the same category probably contain very different object regions. In this paper, we focus
on the discriminative regions in scene images. The feature extraction of discriminative regions can
effectively solve the problems of between-class similarity and within-class difference. Figure 2 shows
the images of two categories (‘bedroom’ and ‘children’s room’) of MIT indoor 67 dataset [10]. It can be
seen from each column that the samples of different scene categories are very similar. Significant
intra-class differences are remarkable in each row, which is caused by different backgrounds, objects,
and angles. In order to achieve significant recognition results, a suitable way is to find discriminative
region blocks that are good representations helpful to classification.

In this paper, we propose a weakly supervised attention map (WS-AM) method, which uses
the gradient-weighted class activation mapping (Grad-CAM) [11] technique to obtain a small-scale
attention map (AM) for each image. WS-AM uses the maximum output value information of the
last fully-connected (fc) layer of CNN, but the image-level label information is absent, so it can be
considered as weakly supervised. The regions with large local mean and large local center value in AM
correspond to the regions of the original image that have strong discriminative power, while the others
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correspond to the redundant regions in the original image. The features are extracted from multi-scale
discriminative regions per image. The features in small-scale regions are extracted in the softmax
layer using CNN that is pre-trained on the ImageNet dataset [12] (i.e., ImageNet-CNN), and then
they are coded by improved vector of locally aggregated descriptor (VLAD) [13] and normalized with
L2-normalization. The features of large-scale regions are extracted in the softmax layer using CNN that
is pre-trained on the Places365 dataset [9] (i.e., Places365-CNN), and then they are aggregated by max
pooling. In order to obtain the global feature of the image, we use Places205-CNN (i.e., CNN pre-trained
on Places205 dataset) [9] to extract the feature vector in the first fc layer (i.e., fc6 layer), and they are
normalized with L2-normalization. Finally, the three feature vectors are concatenated to form the final
image representation. In order to verify the effectiveness of WS-AM, the experiments were carried out
on three datasets and achieved good performance.

 

Figure 2. Images of two categories from the MIT indoor 67 dataset. Each row shows the difference
within the class. Each column shows the similarity between classes.

The remainder of this paper is organized as follows. The related works are reviewed in
Section 2. Section 3 introduces our method, including the pipeline and details of the whole algorithm.
Sections 4 and 5 introduce the experiments and analysis in detail. Finally, we summarize the whole
work in Section 6.

2. Related Work

In this section, the related work is briefly reviewed, including scene representation, discriminative
region discovery, feature coding, and scene classification.

2.1. Scene Representation

In traditional scene recognition, hand-crafted features are widely used because they are relatively
simple and have low computational cost. Traditional scene recognition can be divided into the following
steps: extract patches, represent patches, encode features, and pool features. In the patch representation,
the features, such as SIFT, HOG, and speeded-up robust features (SURF) [14], are extracted from local
regions. Effective hand-crafted features can not only depict the texture characteristics but also reflect
the deep structure information. The Bag of Features (BOF) model based on SIFT feature has been widely
used in scene recognition, but the lack of location information makes it difficult to use in a complex
scene. Lazebnik et al. [15] improved the BOF model based on SIFT feature and proposed the spatial
pyramid matching (SPM) model, which achieved good results in scene recognition. HOG feature was
initially used in pedestrian detection. Later, Felzenswalb et al. [16] proposed the deformable parts
model (DPM) on the basis of HOG feature. Pandey et al. [17] improved the DPM and applied it to
large-scale scene image recognition. After clustering and coding of local features of scene images,
pooling operations are needed. Max pooling and average pooling are commonly used in pooling
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operations. The experimental results of Yang et al. [18] on several benchmark databases show that the
effect of max pooling is better than that of average pooling.

Recently, CNNs have made prominent progress on computer vision, especially in image recognition.
AlexNet [19] won the championship in the ImageNet image recognition competition in 2012. Since then,
CNNs have made breakthroughs in object detection, semantic segmentation, and image generation.
Benefiting from large-scale well-labeled datasets, more CNN structures have been proposed, such
as VGGNet [20], GoogLeNet [21], and ResNet [22]. CNNs are also widely used in scene recognition.
Zhou et al. [9] used CNNs to train and test on a new large-scale scene dataset Places and achieved great
results. Although the global features extracted by CNN have achieved remarkable results in scene
recognition, they only represent the global information, and ignore the local information. Shi et al. [5]
recently proposed a novel approach which utilized the visually sensitive features combining with
CNN features for scene recognition. Wang et al. [23] proposed a multi- resolution CNN structure to
capture visual content and structure at multiple levels of images. Javed et al. [24] proposed a deep
network structure, which uses the position relations of a group of objects to infer the scene category,
and then establishes the semantic context model of the scene. Many methods do not train CNNs from
scratch, but directly use the CNNs, namely Places205-CNN, Places365-CNN, and ImageNet-CNN,
pre-trained on the three large datasets (i.e., Places205, Places365, and ImageNet) to extract features.

2.2. Discriminative Region Discovery

Local region information is very important for scene recognition, but current methods do not
sufficiently focus on the discriminative region of the scene image. Some methos densely sampled
local regions in a multi-scale way for scene images [6,25,26]. Dense sampling extracts all regions of
the image, but it inevitably produces many redundant regions, most of which are in the background
without objects or contain similar regions in different scene categories. Dense sampling also leads to
high computational cost. Uijlings et al. [27] proposed a selective search method for generating a set of
regions that are likely to contain objects. Selective search is a region proposal method and widely used
in object detection. Intuitively, most scenes consist of many objects, so the region proposal method
can be used to generate local regions containing objects. Wu et al. [8] used multi-scale combinatorial
grouping (MCG) [28] to generate high-quality local regions for scene images. Javed et al. [24] utilized
edge boxes [29] to extract image candidate regions, and feature maps of the same size can be generated
by region of interest (RoI) pooling for the candidate regions. However, those unsupervised region
proposal approaches fail to consider the relationship between object regions and scene categories,
and still produce some redundant regions. Discriminative power analysis [30,31] can help judge
whether the regions are discriminative or redundant.

Zhou et al. [32] proposed a method to generate class activation mapping (CAM) using the
global average pooling (GAP) in CNNs. The CAM of a specific category represents the discriminative
image region for identifying this category. CAM forces the CNN structure to include GAP, but some
CNN structures do not have GAP, such as AlexNet and VGGNet. In order to solve this problem,
Selvaraju et al. [11] put forward the Grad-CAM technique, which uses the gradient of the interested
class to propagate back to the convolutional layer to generate a coarse localization map. It highlights
the discriminative regions to predict the interested category. Recently, the attention mechanism has
been widely used in computer vision tasks, such as fine-grained image recognition [33–35], scene text
recognition [36–38], and so on. Fu et al. [33] proposed a novel recurrent attention convolutional neural
network (RA-CNN) for fine-grained image recognition. RA-CNN learns discriminative region attention
and region-based feature representation in a recursive way, without the use of any bounding box
annotation information. Gao et al. [37] introduced a text attention module in the text feature extraction
process to focus on text regions and avoid background noise. These works utilize attention modules to
capture category-specific objects and parts. Lorenzo et al. [39] proposed a new attention-based CNN for
selecting bands from hyperspectral images. This method uses gating mechanisms to obtain the most
informative regions of the spectrum. Attention mechanisms are also widely used in other network
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structures, e.g., long short-term memory (LSTM) [40] and gated recurrent (GRU) [41] neural networks.
Vaswani et al. [42] proposed a new simple network architecture based on attention mechanisms, called
the Transformer. The Transformer has achieved outstanding results on two machine translation tasks.
Inspired by these works, we apply the attention module to scene recognition. Our Grad-CAM based
method has obvious advantages:

• Our method uses pre-trained CNN as the backbone network of the attention module, instead of
training from scratch or fine-tuning;

• Different from other attention modules that select a fixed number of regions per image,
our method obtains an adaptive number of regions for each image, which is more conducive to
scene recognition;

• Different from other attention modules, our AM does not use image-level label information.
• Compared with other methods, our method is simpler and does not require adding new

components to the network structure to drive the attention mechanism.

2.3. Feature Coding

In traditional scene recognition, clustering and coding local features are needed to obtain image
embedding. The feature coding methods can be mainly divided into two types: global coding and
local coding. Global coding is usually used to estimate the probability density distribution of features,
while local coding is used to describe each feature. Typical feature coding includes bag of visual words
(BoVW) [43,44], fisher vector (FV) [45,46], VLAD, and salient coding (SC) [47]. FV coding uses the
Gaussian mixture model (GMM) to estimate the distribution of features. GMM consists of weights,
means, and covariance matrices of several Gaussian distributions, each of which reflects a feature
pattern. As a simplification of FV, VLAD calculates the residuals between the features and the nearest
neighbor visual dictionary. VLAD takes into account the value of each dimension of features and
describes the local information of images in a more detailed, simple, and effective way, so it has been
widely used in scene recognition.

Feature coding is also important for scene recognition based on deep learning. Many traditional
feature coding methods have been improved to be more suitable for deep learning. Dixit et al. [6]
proposed semantic FV for scene recognition by combining the local features extracted from traditional
FV and CNNs. Khan et al. [48] proposed Deep Un-structured Convolutional Activation (DUCA),
which extracts the features from middle-level regions of images through CNNs and encodes them
according to their association with the codebook of representative regions of scenes.

2.4. Scene Classification

There are mainly two types of classifiers for scene classification: discriminative models and
generative models. The learning of the discriminative model is a conditional probability, which mainly
focuses on the classification boundary of data. The discriminative model seeks the optimal separating
hyperplane between different categories and reflects the difference between the different types of data.
The advantages of the discriminative model are as follows:

• It can distinguish well the differences between categories;
• It is suitable for the identification of more categories;
• It is relatively simple and easy to understand.

However, the discriminative model does not reflect well the characteristics of the data. Commonly
used discriminative models include k-nearest neighbor (KNN), logistic regression (LR), and support
vector machine (SVM). In particular, SVM is widely used in scene recognition [6,8,25].

Different from the discriminative model, the generative model learns the joint probability
distribution, which represents the distribution of data from a statistical perspective and can reflect the
similarity of similar data. The generative model gives the joint probability density, which contains more
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information, and its training speed is much faster than the discriminative model. However, the learning
and calculation process of the generative model is complex, and the accuracy of the classification
problem is lower than that of the discriminative model. The widely used generative models include
the naive Bayesian model (NBM), hidden Markov model (HMM), and GMM.

3. Proposed Method

In order to distinguish one scene category from another, the most effective approach is to obtain
category-specific objects or regions. Although many methods can obtain regions containing objects,
many objects are not category-specific. Some regions contain objects that are common in different
scenes, which introduce noise for feature extraction. To avoid common object regions, we propose
a Grad-CAM based method to capture regions that only contain category-specific objects. The proposed
method can be divided into two parts: WS-AM and scene representation. Figure 3 shows the main flow
of our method. First, Grad-CAM is employed to generate AM for the input image, in which weakly
supervised information (i.e., the maximum output value of the last fc layer) is used. The regions with
large local mean and large local center value in AM correspond to the regions with strong discriminative
power in the images. Second, we extract the multi-scale CNN features from these discriminative
regions. Different scale regions are input to different pre-trained networks (i.e., ImageNet-CNN and
Places365-CNN) and the feature vectors are extracted in the softmax layer. The features extracted from
small-scale regions are aggregated by improved VLAD coding and normalized by L2-normalization.
While max pooling is used for the features extracted from large-scale regions. The global feature is
extracted in the first fc layer (i.e., fc6 layer) on Places205-CNN and normalized by L2-normalization.
Finally, the three extracted features are concatenated to form the final image representation.

 

Figure 3. The framework of our method. The framework can be divided into two parts: WS-AM and
scene representation.

3.1. Weakly Supervised Attention Map

WS-AM is used for discovering discriminative regions in scene images. Scene recognition is
different from general object recognition, which is composed of complex background and various
objects. Inspired by the work of Grad-CAM on the visual interpretation of CNNs, we use this method
to generate the AM for each image. The backbone network for Grad-CAM is VGGNet pre-trained
on the Places205 dataset, i.e., Places205-VGGNet. We do not use Place205-VGGNet to fine-tune the
datasets, so the image-level label information is not used. Instead, the maximum output value in
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the last fc layer of Places205-VGGNet is used as the backpropagation information to generate AM,
which can be considered as weakly supervised. The gradient information is back-propagated to the
last convolution (conv) layer to calculate the importance of each neuron to the final classification.

As shown in Figure 4, the input image I is resized into the size of 224 × 224 and propagated
forward through the CNN to obtain the output value of the last fc layer. The maximum output value S
is back-propagated to calculate the gradient of the feature maps A at the last conv layer, i.e., ∂S/∂A.
Ak represents the kth feature map of A, so the gradient of Ak is ∂S/∂Ak. Then the gradients of kth feature
map are averaged to obtain the neuron importance weight αk as follows:

αk =
1
Z

∑
i

∑
j

∂S
∂Ak

ij

(1)

where Z denotes the size of the kth feature map, which is 14× 14. The weight αk represents the local
linearization of the feature map Ak, and also indicates the importance of the kth feature map to the
maximum output value S. We take the sum of weighted feature maps, and by the activation function
ReLU to obtain AM:

AM = ReLU

⎛⎜⎜⎜⎜⎜⎝∑
k

αkAk

⎞⎟⎟⎟⎟⎟⎠ (2)

 

Figure 4. The pipeline of WS-AM. We use weakly supervised information to generate the attention
map for each image.

ReLU is applied to linear combinations of feature maps and weights because we are only interested
in those features which have a positive impact on the maximum output value, and the intensity of
those feature pixels should be increased to enhance the category with the maximum output value [11].
The backbone network we used for Grad-CAM is VGGNet, so the AM size is 14 × 14. In order to
facilitate calculation and visualization, the values in AM are normalized to the range of (0, 255). If the
AM is up-sampled to the input image size (i.e., 224× 224), each pixel value in the AM represents the
importance of the corresponding pixel in the input image to the final classification result. Figure 5
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shows four Grad-CAM visualization examples of the VGGNet pre- trained in the Places205 dataset.
We only use weakly supervised information, but the discriminative region for each image is consistent
with a human attention mechanism.

 

Figure 5. Some examples of Grad-CAM visualization.

A sliding window with 3 × 3 size and 1 stride is used to slide AM. In order to obtain the
discriminative regions, two strategies are employed:

• The mean of the 9 numbers in the window is greater than the AM mean;
• The value of the window center is the maximum value of the 9 numbers and needs to be greater

than the threshold value.

If both strategies are satisfied, the corresponding regions in the original image are considered as
discriminative regions. The first strategies eliminate the exception window of AM in which the center
value is larger than the threshold but other values are too small. Each discriminative region of the
original image is cropped in the size of s× s in a multi-scale way, where s ∈ {64, 80, 96, 112, 128, 144}.
Then, we resize each scale region into the size of 224 × 224 in order to adapt to the input size of
VGGNet. Intuitively, small-scale regions (s = 64, 80, 96) contain ‘object’, while large-scale regions
(s = 112, 128, 144) contain ‘scene’, so ImageNet-CNN and Places365-CNN are respectively used to
extract local features.

3.2. Improved Vlad

In general, VLAD coding first carries out k-means cluster for local features and then calculates the
accumulated residuals between the local features and their nearest neighbor cluster centers, and finally
forms the image embedding as the local representation through pooling. VLAD has two shortcomings:

• It only considers the residual with the nearest neighbor cluster center;
• The encoded feature dimension is too high.

Furthermore, the number of small-scale regions is unbalanced, so the general VLAD coding
cannot work well. To solve the above problems, VLAD coding is improved.

The feature vectors l = [l1, . . . , l j, . . . , lM] of the small-scale local regions in each image are
non-Euclidean, so they are difficult to carry out for VLAD coding, M denotes the number of the
small-scale local features of each image. Natural parameterization is used to transform these feature
vectors into linear Euclidean space as follows:

vj =
√

l j (3)

where vj is the transformed feature vector. The conversion from non-Euclidean space to linear
Euclidean space is more conducive to VLAD coding. Mini Batch k-means method clusters all
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small-scale local features, and obtains codebook with k cluster centers c = [c1, . . . , ci, . . . , ck]. For the
local features v = [v1, . . . , vj, . . . , vM] of each image, we calculate the residuals between each feature vj
and all clustering centers. Then, the residuals of each cluster center are aggregated, and the formula
is as follows:

ri =
M∑

j=1

wji(vj − ci) (4)

wji =
1

1 + dij
(5)

where wij is the weight of the residual vj − ci, which is a decreasing function of the Euclidean distance
dij between vj and ci. VLAD embedding result is:

Z = [r1 . . . ri . . . rk] (6)

Each small-scale region is inputted into ImageNet-CNN to extract feature vectors with 1000
dimensions of the softmax layer, so each cluster center and VLAD embedding are both 1000-dimensional
vectors. In this way, each image obtains a k× 1000 dimensional local representation of the small-scale
local regions. We do not use the vectors directly, because the dimensions are too large, so they are not very
computationally friendly. Max pooling is conducted on [r1, . . . , ri, . . . , rk] to form a 1000-dimensional
vector. Finally, we average the results to eliminate the impact of an unbalanced number of features in
each image. The final local representation of the small-scale local regions is:

V{64,80,96} =
1
M

max− pooling([r1, . . . , ri, . . . , rk]
)

(7)

The numbers of feature in small-scale regions extracted for the images are different, which leads
to a large difference in the residual of each cluster center. Averaging the results can eliminate this effect.

3.3. Multi-Scale Fusion Feature

Multi-scale feature fusion is widely used in scene recognition. Different scales need to be unified
in order to fuse. Fusion makes features more robust and easier to learn [49–51]. WS-AM generates
many discriminative regions for each image, and multi-scale (s = 64, 80, 96, 112, 128, 144) are taken for
each discriminative region pi. The form of local regions extracted from each image is:

P = [p1, . . . , pi, . . . , pN] (8)

where N represents the number of local regions. Small-scale regions (s = 64, 80, 96) can be considered
to contain ‘object’, so they are inputted to ResNet18 pre-trained on ImageNet (i.e., ImageNet-ResNet18)
to extract the 1000-dimensional feature vectors in the softmax layer. The large-scale regions
(s = 112, 128, 144) which can be considered to contain ‘scene’, are inputted to ResNet18 pre-trained on
Places365 (i.e., Places365-ResNet18) to extract the 365-dimensional feature vectors in the softmax layer.
After improved VLAD coding and pooling, we obtain feature vectors V{64,80,96} for the small-scale
region. Also, we use max pooling to aggregate the features of large-scale regions and obtain the
feature vector V{112,128,144} for each image. In order to get the global information, we resize each
image into the size of 224 × 224 and input the entire image into VGGNet pre-trained on Places205
(i.e., Places205-VGGNet) to extract the feature vector VGR of the fc6 layer. We use L2-normalization on
V{64,80,96} and VGR to obtain V{64,80,96}−L2 and VGR−L2, respectively. L2-normalization is not used on
V{112,128,144} because the feature vectors are extracted from the softmax layer which can play the role of
normalization. Finally, three feature vectors are concatenated to form the final image representation:

[VGR−L2 V{112,128,144} V{64,80,96}−L2] (9)
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Table 1 shows the tensor dimensionalities in the processing pipeline.

Table 1. The tensor dimensionalities in the processing pipeline.

Tensor Dimensionality

input image 3× 224× 224
feature map 512× 14× 14

gradient 512× 14× 14
weight 512× 1× 1

attention map 1× 14× 14
VGR / VGR−L2 1× 4096
V{112,128,144} 1× 365

V{64,80,96} / V{64,80,96}−L2 1× 1000
[VGR−L2 V{112,128,144} V{64,80,96}−L2] 1× 5461

3.4. Classification

In this paper, linear SVM classifier implementing ‘one-vs-the-rest’ multi-class strategy is trained
on three datasets. Other kernel functions, such as the polynomial kernel, radial basis function (RBF),
and sigmoid kernel, are not suitable for our task. Compared with other kernel functions, the linear
kernel function has two advantages:

• The linear kernel has fewer hyperparameters and faster training speed.
• The linear function is suitable for high-dimensional features. In this paper, each image has

a 5461-dimensional feature vector.

Therefore, we choose linear SVM as the classifier. Penalty parameter C, as an important parameter
for the SVM model, represents the tolerance of error. Here C = 1.0.

4. Experiments and Results

The experiments are performed on three datasets: MIT indoor 67, Scene 15 [15] and UIUC
Sports [52]. The three datasets contain different types of scene images: MIT indoor 67 mainly contains
indoor scene images; Scene 15 contains both indoor and outdoor scene images; UIUC Sports contains
event scene images. Then, some parameters of our method are evaluated, including the number of
cluster centers, the threshold to extract discriminative regions on AM, different backbone networks
of Grad- CAM, and the different scales of the discriminative region. Figure 6 shows some images in
the three datasets.

 

Figure 6. Some image examples of the three scene datasets.
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4.1. Datasets

MIT indoor 67: This dataset contains 67 categories of indoor scene images. There are 15620 images
in total, with at least 100 images in each category. We follow the division of training set and test set in
ref. [10]; 80 images of each category are used for training, and 20 images are used for testing.

Scene 15: There are 15 categories in this dataset, a total of 4485 grayscale indoor and outdoor
images. The dataset does not provide criteria for dividing the training set and test set. We randomly
divide the dataset five times, 100 images of each category are for training, and the rest are used as test
images. Finally, we calculated the average accuracy of five times of division.

UIUC Sports: This dataset contains eight sports event scene categories, including rowing,
badminton, polo, bocce, snowboarding, croquet, sailing, and rock climbing. There are 1579 color
images. The dataset does not provide criteria for dividing the training set and the test set. We randomly
divide the dataset five times and select 70 training images and 60 test images for each category. Finally,
we calculate the average accuracy of five times of division.

4.2. Comparisons with State-of-the-Art Methods

MIT indoor 67 dataset mainly verifies the performance in indoor scenes, while Scene 15 verifies
the performance both in indoor and outdoor scenes. UIUC Sports verifies the performance in event
scenes. The experimental parameters are the same on the three datasets.

Table 2 shows the performance of our method on MIT indoor 67 dataset and its comparison with
other methods. The references [1,2,15,53–55] are traditional methods, which mainly use some low-level
features and mid-level features, such as SIFT, Object Bank [53], and BOF. Because these features only
consider the shape, texture, and color information without any semantic information, they do not have
high recognition accuracy. The references [5,6,8,56,57] are based on CNNs, and their overall recognition
accuracies are higher than those of traditional methods. The CNN features of scene image have certain
semantic information, and these features are learnt from a large number of well-labeled data, while not
designed artificially. Our method is remarkably superior to the compared state-of-the-art methods in
Table 2, which uses both semantic information and discriminative regions. In addition, the number of
local regions used by our method is less than those in other methods, so the overall running time is
significantly reduced. Figure 7 shows the confusion matrix of the MIT indoor 67 dataset. We see that
the probability of classification is mostly concentrated on the diagonal line, and the overall performance
is great. However, some categories have lower recognition accuracy than others, such as ‘museum’
and ‘library’ categories. These categories do not work well because the images of these categories are
similar to each other and have complex backgrounds.

Table 2. Accuracy comparison on MIT indoor 67 dataset.

Method Accuracy (%)

SPM [15] 34.40
CENTRIST [2] 36.90

Object Bank [53] 37.60
Discriminative Patches [54] 38.10

OTC [1] 47.33
FV + Bag of parts [55] 63.18

Places-CNN [56] 68.24
Hybrid-CNN [56] 70.80
Semantic FV [6] 72.86

MetaObject-CNN [8] 78.90
VS-CNN [5] 80.37

LS-DHM [57] 83.75
Our WS-AM {64,80,96,112,128,144} 81.79

Our WS-AM {64,80,96,112,128,144} + fc6 features 85.67
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Figure 7. Confusion matrix of MIT indoor 67 dataset.

The experiments are carried out on Scene 15 dataset, which contains both outdoor and indoor
scenes. Table 3 tabulates the comparison results in Scene 15 dataset. Our method achieves the recognition
accuracy of 94.80% and is markedly superior to the compared state-of-the-art methods. Figure 8 shows
the confusion matrix of Scene 15 dataset. The accuracy of the ’CALsuburb’ class reaches 100%.
The accuracies of ‘MITcoast’, ‘MITforest’, ‘MIThighway’, and ‘MITmountain’ categories is very high,
and it can be concluded that our method also performs well in outdoor scenes. However, it can be
clearly seen from the confusion matrix that the accuracies in outdoor scenes are relatively lower than
those in indoor scenes.

Table 3. Accuracy comparison on Scene 15 dataset.

Method Accuracy (%)

LDA [15] 59.00
BoW [15] 74.80

Object Bank [58] 80.90
SPMSM [59] 82.30

OTC [1] 84.37
Places-CNN [56] 90.19
Hybrid-CNN [56] 91.59

DGSK [60] 92.30
Our WS-AM {64,80,96,112,128,144} 92.58

Our WS-AM {64,80,96,112,128,144} + fc6 features 94.80

Table 4 tabulates the comparison results on UIUC Sports dataset. Our method achieves an accuracy
of 95.12% and is superior to the compared state-of-the-art methods. UIUC Sports is a dataset of sport
event scenes, which is different from the general scenes. The confusion matrix of the UIUC Sports
dataset is indicated in Figure 9. We see that the recognition accuracy of the ‘sailing’ category reaches
100%, and the accuracies of the classes except ‘bocce’ and ‘croquet’ are good. It is because the contents
of these two scene categories are similar, e.g., ‘people’ and ‘ball’.
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Figure 8. Confusion matrix of Scene 15 dataset.

Table 4. Accuracy comparison on UIUC Sports dataset.

Method Accuracy (%)

GIST-color [61] 70.70
MM-Scene [62] 71.70

Object Bank [53] 76.30
CENTRIST [2] 78.25
SPMSM [59] 83.00
DF-LDA [7] 87.34

VC + VQ [63] 88.40
ISPR + IFV [64] 92.08

Our WS-AM {64,80,96,112,128,144} 93.07
Our WS-AM {64,80,96,112,128,144} + fc6 features 95.12

 
Figure 9. Confusion matrix of UIUC Sports dataset.
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5. Experiments Analysis

In this section, we evaluate several important parameters of our method. First, we compare the
performance of different backbone network structures for the Grad-CAM method. Second, we evaluate
the impact of different scale combinations of discriminative regions on the results. Third, the effect
of different thresholds is evaluated. Fourth, the number of cluster centers is very important for the
aggregation of local features, so the influence of a different number of cluster centers is compared.
Fifth, we prove the importance of L2-normalization. Sixth, we compare the performance of the different
parameter C. Finally, in order to demonstrate the effectiveness of the WS-AM method for obtaining
discriminative regions of scene images, we visualized discriminative regions of some categories.
All of these evaluations are performed on MIT indoor 67 dataset.

5.1. Evaluation

Backbone network. In our WS-AM method, VGGNet pre-trained on Places205 dataset
(i.e., Places205-VGGNet) from ref. [65] is used as the backbone network to obtain AM. Three pre-trained
networks are evaluated including VGG11, VGG16, and VGG19. Table 5 lists the recognition results of
three backbone networks on the MIT indoor 67 dataset. It shows that VGG11 performs better than the
other networks, and its accuracy is 2.17% (1.72%) higher than that of VGG19 because the discriminative
regions extracted from VGG11 are more representative. On the other side, the VGGNet is also used to
extract the global feature in fc6 layer for each image, so the final recognition accuracy is affected by
two factors: discriminative regions and global features.

Table 5. Performance of different backbone networks on MIT indoor 67 dataset.

Network Accuracy (%) (+fc6 Features)

VGG11 81.79 (85.67)
VGG16 80.07 (84.25)
VGG19 79.62 (83.95)

Scale. Six rectangular regions of different scales (s = 64, 80, 96, 112, 128, 144) are cropped for each
discrimination region and the performances of different scale combinations are compared on MIT
indoor 67 dataset. The regions at the scales of (s = 64, 80, 96) contain ‘object’, while the regions at the
scales of (s = 112, 128, 144) contain ‘scene’, so these regions with two different scales are inputted into
different CNNs to extract features in the softmax layer. Table 6 indicates the influence of different scale
combinations on recognition accuracy. We see that the scales of (s = 64, 80, 96, 112, 128, 144) perform
better than other combinations of scales because the objects in the scene are basically multi-scale,
and we can obtain features containing more scale information by using more scales. On the one hand,
from rows 1–3, 4–6, and 7–9 in Table 6, it can be seen that the coarse local scales (s = 112, 128, 144) are
important to extract global information. On the other hand, from rows 2, 5, 8, and 3, 6, 9 in Table 6,
we can see that the fine local scales (s = 64, 80, 96) are significant to extract local information.

Table 6. Performance of different scales on MIT indoor 67 dataset.

Scale Accuracy (%) (+fc6 Features)

64, 112 78.65 (83.50)
64, 112, 128 80.37 (84.32)

64, 112, 128, 144 80.74 (84.77)
64, 80, 112 79.02 (83.95)

64, 80, 112, 128 80.82 (84.25)
64, 80, 112, 128, 144 81.19 (84.92)

64, 80, 96, 112 80.00 (84.32)
64, 80, 96, 112, 128 81.26 (84.62)

64, 80, 96, 112, 128, 144 81.79 (85.67)
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Threshold. Two strategies are used in Section 3 to screen the discriminative regions in AM.
For the first strategy, different thresholds (0, 50, 100, 150) are experimented on MIT indoor 67 dataset
and its impact evaluated on the recognition results. From the results in Figure 10, we see that the
recognition accuracy is the highest when the threshold is 100 and the lowest when the threshold is 150
(without fc6 features). This indicates that more discriminative regions will improve the performance of
the recognition, and fewer regions will result in a lack of local information. However, when the global
features (fc6 features) are combined, the recognition accuracy is the highest when the threshold is 100,
which is 85.67%. It is because the threshold only affects local representations, and when combined
with global features, the overall trend will change. In this paper, 50 spacing is used to evaluate the
threshold without considering smaller spacing. In future work, further optimization may lead to
performance improvement.

 
Figure 10. The recognition accuracies of different thresholds on MIT indoor 67 dataset.

Cluster center. To evaluate the impact of a different number of cluster centers, an experiment on
MIT indoor 67 dataset is carried out with a various number of cluster centers. Figure 11 shows the
effects of a various number of cluster centers. It can be seen that when the number of centers is 40 and
70, the recognition accuracy is the highest (82.23% without fc6 features). The unreasonable number of
cluster center leads to poor generality, and further, degrades accuracy. However, combined with the
global features (fc6 features) the recognition accuracy reaches 85.67% when the number of centers is 10
because the VLAD centers only affect local representations.

L2-normalization. Normalization is the process of scaling individual samples to have unit norm.
After normalization, features are easier to be trained by SVM, which means it is easier to find the
classification hyperplane of features. If the features are not normalized, SVM may not converge
because the numerical range of each dimension is different. In this paper, features are normalized with
L2-normalization. Table 7 shows the accuracy with L2-normalization or without L2-normalization on
the MIT indoor 67 dataset. We can see that the feature with L2-normalization achieves better results.
However, when V{112,128,144} is normalized, the accuracy is reduced by 0.97%. It is because the feature
vectors are extracted from the softmax layer which can play the role of normalization.

Parameter C. Penalty parameter C is an important parameter for the SVM model. C represents
the tolerance of error. When the parameter C is large, the SVM model will be over-fitting. Therefore,
a suitable C will bring better results to the recognition. Table 8 shows the accuracy of the different C on
MIT indoor 67 dataset. It can be seen that with the increase of C, the accuracy will decline.
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Figure 11. The recognition accuracies of a different number of cluster centers on MIT indoor 67 dataset.

Table 7. Accuracy with L2-normalization or without L2-normalization on MIT Indoor 67 dataset.

VGR V{112,128,144} V{64,80,96} Accuracy (%)

� � � 81.86
� � � 84.70
� � � 85.67
7 �: without L2-normalization; �: with L2-normalization.

Table 8. Accuracy of the different parameter C on MIT indoor 67 dataset.

Parameter C Accuracy (%)

1 85.67
2 84.55
3 84.40
4 84.17
5 84.02

5.2. Visualization of Discriminative Regions

In order to demonstrate that the extracted regions are discriminative, we visualize some
discriminative regions of four scene categories (‘nursery’, ‘museum’, ‘croquet’, ‘industrial’) from
different datasets. In Figure 12, we show some examples of discriminative regions from four
categories. The discriminative regions correspond to the visual mechanism of human observation
scenes, for examples, a baby’s cot in a nursery, a ball club on a court, and a painting of a museum. This
indicates that the discovered regions contain the objects specific to the context of the scene image, and
they are helpful to scene recognition.
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Figure 12. Examples of discriminative regions discovered by our WS-AM method.

6. Conclusions

In this paper, we proposed a WS-AM method to discover discriminative regions in scene
images. Combined with the improved VLAD coding, we could extract more robust features for scene
images. Compared with existing methods, our method selects fewer local regions containing semantic
information to avoid the influence of redundant regions. The improved VLAD coding is more suitable
for our method than the general VLAD coding. The experiments were carried out on three benchmark
datasets: MIT indoor 67, Scene 15, and UIUC Sports, and obtained better performance. Our work was
inspired by fine-grained image recognition, whose main task was to find the discriminative regions
within the class. In the future, we will improve our methods and apply them to other recognition tasks.
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Abstract: Most existing rate control algorithms are based on the rate-quantization (R-Q) model.
However, with video coding schemes becoming more flexible, it is very difficult to accurately model
the R-Q relationship. Therefore, in this study we propose a novel ρ domain rate control algorithm
for multiview high efficiency video coding (MV-HEVC). Firstly, in order to further improve the
efficiency of MV-HEVC, this paper uses our previous research algorithm to optimize the MV-HEVC
prediction structure. Then, we established the ρ domain rate control model based on multi-objective
optimization. Finally, it used image similarity to analyze the correlation between viewpoints, using
encoded information and frame complexity to proceed in bit allocation and bit rate control of the
inter-view, frame lay, and base unit. The experimental simulation results show that the algorithm can
simultaneously maintain high coding efficiency, where the average error of the actual bit rate and the
target bit rate is only 0.9%.

Keywords: multiview high efficiency video coding; ρ model; bit allocation; rate control; image
similarity; frame complexity

1. Introduction

Recently, three-dimensional video (3DV) has become increasingly popular, because it provides real
depth perception, immersive vision, and novel visual enjoyment for multimedia application. With the
development and application of information technology, traditional two-dimensional video technology
cannot meet the user’s visual demands, and high-definition (HD), three-dimensional (3D), and wireless
mobile have become the mainstream trends in video application. However, the compression efficiency of
existing coding standards remains insufficient to address HD and ultra HD video applications, and more
efficient coding compression schemes are still needed. The Telecommunication Standardization Sector
and Moving Picture Experts Group established the Video Coding Joint group (Joint Collaborative Team
on Video Coding, or JCT-VC) to solve this problem. In 2013, the first generation of the high-efficiency
video coding (HEVC) standard was completed [1]. In 2015, multi-view high-efficiency video coding
(MV-HEVC), as one of the new 3D standards based on HEVC, was introduced; it had a strong sense of
stereoscopic and flexible interaction, which can vividly present a video scene, and showed promise of
having wide application in the areas of 3DTV, video conferencing, and so on [2,3]. It has become one
research focus in the field of international video coding [4,5].

Rate control plays an important role in video application, particularly in real-time communication
applications. Bit rate control makes the generated bitstream conform with the needs of different
channel bit rates, by controlling the encoding parameters and achieving a high quality of coding. It is
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one of the very important technologies for video coding. When any video compression standard lack
rate control, its application will be limited. Previous video compression standards, such as MPEG-2,
MPEG-4, H.263, H.264, and multi-view video coding (MVC), have provided a bit rate control model.
Currently, the internationally published test model of MV-HEVC has not yet provided an effective
code rate control algorithm [6].

2. Discussion of the Pros and Cons of the Various Approaches

Recently, researchers have been working on the MV-HEVC code rate control, both locally and
abroad; most researchers are engaged in research on the MVC code rate control. Woo et al. studied the
optimal bit allocation problem in 3D video coding, based on rate distortion theory [7]. They proposed a
reasonable bit allocation algorithm, but the coding complexity is high, the computation is large, and it
is difficult to meet the application requirements. Lim et al. proposed a code rate control algorithm
based on the multi-view video bit rate control of the binomial model [8]. The algorithm, using motion
prediction and parallax forecast spatial structure relations, places all the images into a variety of coding
types. Then, it models various types of images and calculates the target bit number and frame level
quantization parameters of each type of frame, according to the parameters of the model. However,
in video coding of a multi-view point, the parallax prediction feature of each viewpoint has a large
difference; thus, the encoding image with the same prediction relation may have different encoding
characteristics. At this time, the target bit number obtained using the same model parameter will be
biased. South Korea’s Seanae Park and others have considered MVC using the effect of a hierarchical B
frame. It performs bit allocation on MVC based on H.264 and maintains efficient coding efficiency [9].
However, its bit rate control error is relatively large, and the average bit rate control error is greater than
1%, which is not operable in practical applications. At the German Karlsruhe Institute of Technology,
Bruno Boessio Vizzotto used a uniform buffer for both the right and left views in the bit rate control
algorithm of stereo video coding, and then used MPEG-2′s code rate control model, termed TM5,
to control the code flow rate [10]. However, the accuracy of the target bit allocation based on TM5
worsens with an increase in the encoding image type in the MVC.

The aforementioned code rate control models for MVC were based on H.264. Currently, there is
limited research on video coding bit rate control based on HEVC. In 2013, Shao et al. established the
distortion equation of texture bit and virtual viewpoint, and the distortion equation of depth bit and
virtual viewpoint [11]. They combined a texture and depth virtual viewpoint distortion function to
solve the texture and depth code rate, and minimize distortion of the viewpoint. However, this method
does not consider the efficiency of the bit rate of the texture and depth. The virtual viewpoint distortion
caused by the texture, and the virtual viewpoint distortion caused by the depth map, are regarded as
the same weight. In 2014, Pan et al. proposed a deep 3D-HEVC code rate control algorithm, with a
fixed color and depth bit rate ratio of 4:1 [12], but it could not obtain the optimal rendering quality
of virtual viewpoints. In 2015, Zhao Zhenjun and others proposed a joint bit allocation algorithm
based on 3D-HEVC multi-view texture and depth, which is based on the statistical properties of video
series [13]. This algorithm establishes a model of texture bit rate and depth map bit rate, and virtual
viewpoint distortion to control the bit rate. Xiao et al. proposed the depth and texture grading bit rate
control algorithm [14]. Wang et al. proposed the 3D-HEVC bit rate control algorithm based on the
binomial R-D model [15]. The accuracy of the code rate control is low because of the direct use of the
H.264 rate control model. In 2016, Yang et al. solved the bit rate of texture and depth, by combining the
texture and depth virtual view distortion functions [16]. However, this method does not consider the
efficiency of the bit rate of texture and depth, and the error of the bit rate control accuracy is lower
than the average bit rate of 2.4%. Li et al. proposed the rate control algorithm for high efficiency
video coding [17], but it is necessary to further study the optimal model of 3D-HEVC bit rate control.
Lei J et al. proposed a novel rate control algorithm based on the region adaptive R-λ model, which can
achieve considerable bjøntegaard delta peak signal-to-noise rate (BD-PSNR) gains [18].
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The above studies have not taken into consideration the relationship between the MV-HEVC
bit rate control model and related coding performance. Most of the studies are engaged in research
on rate control for HEVC or MVC [19–27]. There have been many studies on rate control for HEVC
based on scene switching [28,29], but most of the rate control algorithms for HEVC are concentrated
in the single-channel video coding standard, which is not applicable to multiview video coding.
Li et al. proposed the rate control algorithm for HEVC, but it is necessary to further study the optimal
model of MV-HEVC bit rate control [30]. We also preliminarily explored the MVC bit rate control model,
and proposed an MVC bit rate control optimization algorithm based on the binomial R-D model [31].
We believe the MV-HEVC bit rate control model in the design can also be seen as a multi-objective
optimization problem. It needs to adaptively adjust the parameters of the rate control model, according
to the characteristics of the video content and the requirements of the specific application, so that
the accuracy of the bit rate control and the subjective quality cannot fluctuate significantly and the
best balance between the two is achieved. The experimental simulation results show that the average
error between the actual bit rate and the target bit rate of this rate control algorithm is only 0.90%.
At the same time, efficient coding efficiency has theoretically reached the basic requirements for
practical application.

This paper is structured as follows: In Section 2, we review the previous work on rate control.
Section 3 addresses the ρ domain rate control model, and describes the rate control for MV-HEVC based
on this model in detail. In Section 4, extensive experiments are conducted to evaluate the performance
of the proposed method. Finally, conclusions are drawn in Section 5.

3. ρModel for MV-HEVC

The reference code of the latest video coding standard, HEVC, usually adopts the rate-Lambda
(R-Lambda) model for bit rate control, but the R-Lambda model allocates too many target bit rates
for I-frames, causing subsequent video frames to have insufficient target bit rates. The quality of
reconstruction has deteriorated severely. In High Efficient Video Coding (HEVC), the bit rate control
algorithm achieves good results for both the accuracy and efficiency of the bit rate output, but the
algorithm does not take into account the complexity of the actual video encoding content.

The rate control algorithm based on the ρ domain is proposed by He Zhihai [32,33], where ρ
represents the percentage of the zero coefficients, after the quantization of the transform coefficients to
all the coefficients. Through a large number of experiments and theoretical proofs, the paper reached
the following conclusion: For video signals, ρ has a linear relationship with the texture bit encoding
rate T (ρ). The linear model is:

T(ρ) = θ(1− ρ) (1)

In order to introduce the ρ model into rate control algorithm for MV-HEVC, we have done a
lot of experiments to study the relationship between ρ and the encoding bit rate of textured parts.
The platform used in the experiment is the MV-HEVC test model published internationally in 2016 [6].
Using the “Exit” test sequence, the frame rate is 25 frames/second, and the quantization parameter
(QP) ranges from 0 to 51. Figure 1 shows the R(ρ) curve. It can be seen from the figure that R(ρ) is
approximately a quadratic curve passing through the (1, 0) point. Our previous research has shown
that ρ has the following quadratic relationship with the texture bit encoding bit rate R(ρ):

R(ρ) = χ · (1− ρ)2 +ψ · (1− ρ) (2)

where, χ,ψ can be provided by the following statistical analysis method. Let
(ρ1, R1(ρ), (ρ2, R2(ρ)), · · · , (ρn, Rn(ρ)) be the existing n sample values, thus
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⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩
R1(ρ) = χ · (1− ρ1)

2 +ψ · (1− ρ1)

R2(ρ) = χ · (1− ρ2)
2 +ψ · (1− ρ2)

...
Rn(ρ) = χ · (1− ρn)

2 +ψ · (1− ρn)

(3)

Suppose that ρ′1i(ρ) = (1− ρi)
2,ρ′2i = 1− ρi, and

ρ′ =

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝
ρ′11 ρ′21
ρ′12 ρ′22

...
...

ρ′1n ρ′2n

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠ R =

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝
R1

R2
...

Rn

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠ X =

(
χ

ψ

)
(4)

Using multiple regression techniques, the model parameter, N, can be calculated as follows:

χ = ((ρ′T · ρ′)−1 · ρ′T ·R)11 (5)

ψ = ((ρ′T · ρ′)−1 · ρ′T ·R)21 (6)

where ρ′T is the transpose matrix of ρ′, and (ρ′Tρ′)−1
is the inverse matrix of ρ′Tρ′.

  

Figure 1. Experimental results for R(ρ) curve.

4. Rate Control Algorithm for MV-HEVC

To be compatible with the latest video coding standard HEVC, the bit allocation and bit rate
control proposed in this study is based on the HEVC bit rate control algorithm. In order to further
improve the efficiency of MV-HEVC, this paper uses our previous research algorithm to optimize the
MV-HEVC prediction structure, before performing rate control for MV-HEVC [34]. The main problem
of the rate control algorithm for MV-HEVC is how to perform bit allocation among viewpoints and
how to use the correlation among viewpoints to perform bit allocation. The key steps of the MV-HEVC
bit rate control algorithm are as follows:
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4.1. View Layer Rate Control

In this study, reasonable allocation of bits to different viewpoints were based on viewpoint
similarity and encoded information. The weight, wk, was used to indicate the degree of importance
of the viewpoint, k. The larger wk was, the more important the viewpoint was. The total number of
bits allocated to the Kth viewpoint, GOPK, within each coded GGOP picture group, is provided by
Equation (7).

TGOP(nk,0) = TGGOP(sni,0) ·wk (7)

The initial value of wk(k = 0, 1, 2, L, Nview − 1) is provided by Equation (8).

wk =

1
N ·

N−1∑
j=0, j�k

S(Vj, Vk)

N−1∑
k=0

1
N−1 ·

N−1∑
j=0, j�k

S(Vj, Vk)

(8)

where N is the number of encoded viewpoints, and S(Vj, Vk) is the similarity between viewpoints
Vj and Vk. The bilinear similarity measurement algorithm was adopted. This algorithm has been
successfully used in the field of image retrieval. The algorithm is superior to traditional distance
metrics, and there are no restrictions Among them, Sd

j and Sd
k are the feature vectors of the two

images, respectively.

S(Vj,Vk) =
Sk

j · Sd
k∣∣∣∣Sd

j

∣∣∣∣ · ∣∣∣Sd
k

∣∣∣ (9)

4.2. Frame Layer Rate Control

In the HEVC frame layer rate allocation, the bit allocation per frame is determined by the frame
rate, target buffer capacity, actual buffer size, etc. The residual energy of the coded frame is not
considered, which is likely to cause image quality degradation and a jump phenomenon in the frame.
Previous research results in [15] have proposed the following optimal frame target bit allocation
method, according to the residual energy of the coded frame:

T( j) =
MADj

MADa
·
(T − M∑

m=1
Cm)

M
+ Cj (10)

In the aforementioned equation, T is the sum of the number of bits consumed for encoding an M
frame; MADa represents the average of all frame MAD (mean absolute deviation difference); MADj
represents MAD at frame j; Cj and Cm occupy bits of the header information of the j-th frame and the
m-th frame, respectively. In Equation (10), it can be seen that the larger a and b were, the more target
bits were allocated to image frames.

In the multi-view video code, the target bit of the j frame assignment is as follows:

T′r( j− 1) =
[MADj−1

MADa
· (TGOP(nx,0)

N(i)
−Ca) + Cj−1

]
(11)

In Equation (10), Ca represents the average value of the bits consumed for encoding the header
information of the encoded frame in the current GOP.

In general, the smaller the active time domain of the frame, the fewer bits are needed; conversely,
the larger the active time domain of the frame, the more bits are needed. To make the MVC rate control
more accurate, the code rate control method in Equation (11) was further improved. The current frame
target bit is calculated using Equation (12):
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Tr( j) = T′r( j− 1) ·

L∑
l=1

W(l) · 2n

L∑
l=1

MADl−1
MADa

· FD(l−1)2

1
L−1 ·

L−1∑
k=1

FD(k)2
·W(l) +

L∑
l=1

WB(l) · (2n − 1)
+ Tj (12)

In Equation (12), Tj is the bit consumed by the frame header information of the frame, and j and
n represent the current time level. FD( j) is the temporal activity for jth frame. W(l) represents the
weight of each frame complexity. WB(l) represents the weight of the B frame.

4.3. Macroblock Layer Rate Control

According to macroblock layer rate control algorithm for HEVC, it is known that the bits allocated
in each frame are evenly distributed to each basic unit layer of the frame, so that different macroblocks
in the same basic unit layer are encoded using a uniform quantization parameter (QP). However,
even the macroblocks in the same basic unit have great differences in the complexity of image content,
texture, and active time domain. Therefore, in order to control the MV-HEVC bit rate more accurately,
different quantization values are used, according to the complexity of its image content, texture,
and active time domain. ρ can be obtained from the ρ model. Our previous research has obtained
the relationship between ρ and the quantization parameter (QP) [31]. Therefore, we can calculate the
quantization parameter (QP) of the basic unit layer. The specific algorithm flow is shown in Figure 2.

 

Figure 2. Rate control algorithm based on ρmodel for MV-HEVC.
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The main steps of the rate control algorithm based on the ρmodel for MV-HEVC are as follows:

Step 1: Firstly, establish a framework for continuous encoding of multiple viewpoints, and realize
continuous encoding for multiple viewpoints. Multi-view sequence is then decomposed into several
GGOPs (the group of group of pictures), and the programming parameters are initialized.
Step 2: GGOP (the group of group of pictures) layer bit allocation and code rate control—Get the
current target number of GGOP bits according to the frame rate, bandwidth, buffer, etc.
Step 3: GOP (group of pictures) layer bit allocation and code rate control—Firstly, calculate the weight
factor (Wk) of the GOP of each viewpoint according to the correlation between viewpoints. Then obtain
the target number of bits of a GOP for the current viewpoint.
Step 4: Frame layer bit allocation and code rate control—Obtain the number of bits allocated to the
current encoding frame, according to the frame complexity.
Step 5: Macroblock layer bit allocation and code rate control—According to the number of frame
bits obtained in Step 4, the number of bits allocated by the current coding basic unit is then obtained
according to the complexity of the basic unit; then, ρ is calculated according to the code rate control
model (ρmodel), and finally the quantization parameters of the current macroblock are determined.
Step 6: Encode the current macroblock according to the quantization parameter calculated in Step 5.
Step 7: Determine whether all macroblocks in the current frame are encoded. If they are all encoded,
go to Step 8; if they are not all encoded, repeat Steps 5 to 6 until they are all encoded, then go to Step 8.
Step 8: Determine whether all the frames in the current GOP are encoded. If they are all encoded, go to
Step 9; if they are not all encoded, repeat Steps 4 to 7 until all the frames of the current GOP are edited.
Step 9: Determine whether all GOPs in the current GGOP are encoded. If they are all encoded, go to
Step 10; if they are not all encoded, repeat Steps 3 to 8 until all GOPs in the current GGOP are edited.
Step 10: Determine whether the current GGOP is the last GGOP. If it is the last GGOP, the entire code
rate control process ends; otherwise, repeat Steps 2 to 9.

5. Experimental Classification Results and Analysis

In order to verify the algorithm of this paper, on the platform of the MV-HEVC system provided
by The Joint Collaborative Team on 3D Video Coding Extension Development (JCT-3V), this paper
compares the coding performance of this bit rate control algorithm with the multi-view point bit
rate control algorithm proposed in [17,18]. Due to experimental platforms and technical limitations,
some algorithms in the references are just simulated data. This paper uses five standard 3DV test
sequences from Poznanstreet, Akko & Kayo, Rena, Breakdancers, Uli, and Balloons. The resolution of
the sequence includes 1920 × 1088 pixels, 1024 × 768 pixels and 640 × 480 pixels.

Compared with [17,18], Figure 3 shows that the rate control algorithm proposed in our paper
can distribute more bits consumed in the dramatic motion scene frame to several subsequent frames,
thus avoiding the large fluctuation in video quality. From Figure 3, it show that the frame quality of
the algorithm proposed in this paper fluctuates most smoothly after the video scene is switched.

The performance measures include the x and the x variation (σx), which is calculated as

σx =
1
N

N∑
i=1

(xi − 1
N

N∑
i=1

xi)
2 (13)

where N denotes the number of total encoded frames.
Figure 4 shows the PSNR fluctuation for the sequences “Balloons” and “Poznanstreet.” The results

show that the bit rate control algorithm used in this study significantly reduces the PSNR fluctuations
and improves the subjective effect.
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(a) 

 
(b) 

Figure 3. Experimental results of sequences: (a) “Balloons”, and (b) “Poznanstreet”.

 
(a) 

 
(b) 

Figure 4. Experimental results of sequences: (a) “Balloons”, and (b) “Poznanstreet”.
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Table 1 shows the simulation results of MV-HEVC rate control. Our method can accurately control
the output bit rate of MV-HEVC. The synthesized virtual views algorithm is similar to [18]. In most
cases, the actual bit rate and target bit rate error can be controlled to approximately 1.0% or less.
Compared to [17] and [18], Table 1 shows that the rate control algorithm proposed in this study has
a more accurate bit rate, smaller bit rate deviation, and a small average error rate of 1%, which can
meet practical application requirements. The main reason for this is that not only is there reasonable
bit rate control between viewpoints, but also that the bit rate control performs well at both the frame
layer and the base unit layer. When the target bit of “Poznanstreet” sequence is 1350 kbps, the bit
rate control error in [17] is relatively large (2.85%). This is mainly because “Balloons” had a relatively
intense sequence of motion, and it was difficult to perform accurate bit allocation. The rate control error
proposed in our study is controlled to 0.9%. The main reason is that the similarity between viewpoints
deviates, resulting in inaccurate bit allocation between viewpoints. Table 1 shows that the code rate
control algorithm proposed in this study also improved, compared to that of [17,18]. The experimental
simulation results show that the algorithm can maintain high coding efficiency, and that the average
error between the actual bit rate and the target bit rate is only 0.90%.

Table 1. Simulation results of our method.

Sequence
Target Bit

Rate
(Kbps)

Actual Generated Bits (kbps) Rate Control Error (%)

Fixed
Ratio

[17] [4] [31] [18] Proposed
Fixed
Ratio

[17] [4] [31] [18] Proposed

VGA

Akko & Kayo

250.00 256.90 255.70 254.70 254.18 253.23 251.88 2.76 2.28 1.88 1.67 1.29 0.75
400.00 411.20 408.96 408.76 406.76 405.04 402.36 2.80 2.24 2.19 1.69 1.26 0.59
500.00 512.75 509.60 508.60 507.85 506.55 503.35 2.55 1.92 1.72 1.57 1.31 0.67

1000.00 1022.00 1015.40 1014.70 1013.60 1009.50 1004.90 2.20 1.54 1.47 1.36 0.95 0.49

Rena

250.00 256.70 255.00 254.58 253.35 252.63 251.25 2.68 2.00 1.83 1.34 1.05 0.50
400.00 411.52 409.44 408.84 407.04 405.52 403.16 2.88 2.36 2.21 1.76 1.38 0.79
500.00 514.70 511.20 509.85 508.65 507.05 505.20 2.94 2.24 1.97 1.73 1.41 1.04

1000.00 1027.80 1019.70 1017.80 1015.40 1013.00 1008.30 2.78 1.97 1.78 1.54 1.30 0.83

XGA

Break Dancers

500.00 515.00 510.70 509.65 510.00 507.55 505.80 3.00 2.14 1.93 2.00 1.51 1.16
760.00 786.98 779.23 776.49 774.82 771.48 767.83 3.55 2.53 2.17 1.95 1.51 1.03

1000.00 1030.50 1023.30 1019.80 1016.90 1013.10 1009.60 3.05 2.33 1.98 1.69 1.31 0.96
2050.00 2118.06 2106.17 2097.15 2080.55 2077.27 2070.50 3.32 2.74 2.30 1.49 1.33 1.00

Uli

500.00 518.45 514.90 513.15 510.95 509.20 506.50 3.69 2.98 2.63 2.19 1.84 1.30
760.00 782.80 777.63 775.20 774.14 771.02 767.83 3.00 2.32 2.00 1.86 1.45 1.03

1000.00 1026.80 1020.30 1017.10 1015.00 1012.10 1008.90 2.68 2.03 1.71 1.50 1.21 0.89
2050.00 2121.34 2110.68 2100.84 2091.21 2081.98 2071.32 3.48 2.96 2.48 2.01 1.56 1.04

HD

Balloons

1530.00 1575.75 1563.66 1555.70 1555.40 1549.58 1540.10 2.99 2.20 1.68 1.66 1.28 0.66
800.00 829.92 823.36 819.84 813.52 812.00 806.56 3.74 2.92 2.48 1.69 1.50 0.82
450.00 466.38 462.47 460.53 460.35 458.73 455.72 3.64 2.77 2.34 2.30 1.94 1.27
265.00 274.33 272.16 271.33 269.77 268.84 267.36 3.52 2.70 2.39 1.80 1.45 0.89

Poznan-Street

3900.00 4029.48 4008.81 3986.19 3960.06 3954.21 3931.59 3.32 2.79 2.21 1.54 1.39 0.81
1350.00 1398.33 1388.48 1387.13 1386.99 1380.92 1374.17 3.58 2.85 2.75 2.74 2.29 1.79
600.00 616.80 613.32 612.90 608.76 607.68 603.60 2.80 2.22 2.15 1.46 1.28 0.60
300.00 310.86 308.34 307.05 304.74 304.17 302.19 3.62 2.78 2.35 1.58 1.39 0.73

Average 3.11 2.41 2.11 1.76 1.42 0.90

Figure 5 shows the experimental results of the sequences “Newspaper” and “Poznan Hall2”.
Compared with [17,18], the algorithm in this paper can effectively control the bit rate of MV-HEVC and
maintain a high coding efficiency at the same time. Mathematical quantity analysis of the Figures 3 and 4
is shown in Table 2. For data unification, the data in Table 2 is obtained after further processing.

Table 2. Mathematical quantity analysis of the Figures 3 and 4.

Sequence
σPSNR (Figure 3) σbuffer (Figure 4) Compared with (%)

R-λ Ref. [18] Proposed MV-HEVC Proposed R-λ Ref. [18] MV-HEVC

Balloons 0.72 0.66 0.53 0.42 0.28 26.39 19.70 33.33
Poznanstreet 0.51 0.48 0.37 0.21 0.13 27.45 22.92 38.10
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In summary, the proposed rate control algorithm is more accurate than that of [17,18].
The simulation results show that the proposed algorithm achieves up to 0.23–0.78 dB in improvement
in PSNR. Meanwhile, it can efficiently control the bit rate with an average rate control error of
0.90%. The main reason is that this paper not only uses our previous research algorithm to optimize
the MV-HEVC prediction structure, but also performs rate control algorithm based on ρ model
for MV-HEVC.

 
(a) 

 
(b) 

Figure 5. PSNR results. (a) Experimental results for the sequence “Poznanstreet”, and (b) Experimental
results for the sequence “Balloons”.
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6. Conclusions

The current research on multi-view video coding rate control based on the MV-HEVC has not
been expanded thoroughly. In this paper, by analyzing the deficiency of the bit rate distortion model
and the characteristics of multi-view video coding in current video bit rate control, a bit code rate
control algorithm based on MV-HEVC multi-view video coding was proposed. The algorithm involves
the entire bit rate control process, from the bit rate model design to each model’s bit allocation and bit
rate control, to ensure the accuracy of the bit rate control algorithm. The experimental results show
that the proposed MV-HEVC bit allocation and bit rate control algorithm can effectively control the bit
rate, based on the given coding parameters. It will further study the correlation between viewpoints
and improve the bit rate control algorithm. In addition, this paper has not considered multi-view scene
switching, which is the focus of future work research.
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Abstract: The fundamental motion model of the conventional block-based motion compensation in
High Efficiency Video Coding (HEVC) is a translational motion model. However, in the real world,
the motion of an object exists in the form of combining many kinds of motions. In Versatile Video
Coding (VVC), a block-based 4-parameter and 6-parameter affine motion compensation (AMC) is
being applied. In natural videos, in the majority of cases, a rigid object moves without any regularity
rather than maintains the shape or transform with a certain rate. For this reason, the AMC still has
a limit to compute complex motions. Therefore, more flexible motion model is desired for new video
coding tool. In this paper, we design a perspective affine motion compensation (PAMC) method
which can cope with more complex motions such as shear and shape distortion. The proposed PAMC
utilizes perspective and affine motion model. The perspective motion model-based method uses four
control point motion vectors (CPMVs) to give degree of freedom to all four corner vertices. Besides,
the proposed algorithm is integrated into the AMC structure so that the existing affine mode and
the proposed perspective mode can be executed adaptively. Because the block with the perspective
motion model is a rectangle without specific feature, the proposed PAMC shows effective encoding
performance for the test sequence containing irregular object distortions or dynamic rapid motions
in particular. Our proposed algorithm is implemented on VTM 2.0. The experimental results show
that the BD-rate reduction of the proposed technique can be achieved up to 0.45% and 0.30% on Y
component for random access (RA) and low delay P (LDP) configurations, respectively.

Keywords: video coding; motion estimation; motion compensation; affine motion model; perspective
motion model; VVC

1. Introduction

Video compression standard technologies are increasingly becoming more efficient and complex.
With continuous development of display resolution and type along with enormous demand for
high quality video contents, video coding also plays a key role in display and content industries.
After standardizing H.264/AVC [1] and H.265/HEVC [2] successfully, Versatile Video Coding (VVC) [3]
is being standardized by the Joint Video Exploration Team (JVET) of ITU-T Video Coding Experts
Group (VCEG) and ISO/IEC Moving Picture Experts Group (MPEG). Obviously, the HEVC is
a reliable video compression standard. Nevertheless, more efficient video coding scheme is required
for higher-resolution and the newest services such as UHD and VR.
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To develop the video compression technologies beyond HEVC, experts in JVET have been actively
conducting much research. VVC provides a reference software model called as VVC Test Model
(VTM) [4]. At the 11th JVET meeting, VTM2 [5] was established with the inclusion of a group of new
coding features as well as some of HEVC coding elements.

The basic framework of VVC is the same as HEVC, which consists of block partitioning, intra
and inter prediction, transform, loop filter and entropy coding. Inter prediction, which aims to obtain
a similar block in the reference frames in order to reduce the temporal redundancy, is an essential
part in video coding. The main tools for inter prediction are motion estimation (ME) and motion
compensation (MC). Finding precise correlation between consecutive frames is important to final
coding performance. Block matching based ME and MC have been implemented in the reference
software model of the previous video compression standards such as H.264/AVC and H.265/HEVC.
The fundamental motion model of the conventional block-based MC is a translational motion model.
In the early research, a translational motion model-based MC cannot address complex motions in
natural videos such as rotation and zooming. Such being the case, during the development of the
video coding standards, further elaborate models are required to handle non-translational motions.

Non-translational motion model-based studies have also been presented in the early research on
video coding. Seferidis [6] and Lee [7] proposed deformable block based ME algorithms, in which
all motion vectors (MVs) at any position inside a block can be calculated by using control points
(CPs). Besides, Cheung and Siu [8] proposed to use the neighboring block’s MVs to estimate the affine
motion transformation parameters and added an affine mode. After those, affine motion compensation
(AMC) has begun to attract attention. A local zoom motion estimation method was proposed to
achieve more coding gain by Kim et al. [9]. In this method, they used to estimate some zoom-in/out
cases of the object or background part. However they dealt with just zoom motion cases using the
H.264/AVC standard.

Later, Narroschke and Swoboda [10] proposed an adjusted AMC to HEVC coding structure by
investigates the use of an affine motion model with analyzing variable block size. Huang et al. [11]
extended the work in [8] for HEVC and included the affine skip/direct mode to improve coding
efficiency. Also, Heithausen and Vorwerk [12] investigated different kinds of higher order motion
models. Moreover, Chen et al. [13] proposed the affine skip and merge mode. In addition,
Heithausen [14] developed a block-to-block translational shift compensation (BBTSC) technique which
related to the advanced motion vector prediction (AMVP) [15] and improved the BBTSC algorithm by
applying the translational motion vector field (TMVF) in [16]. Li [17] proposed the six-parameter affine
motion model and extended by simplifying model to four-parameter and adding gradient-based fast
affine ME algorithm in [18]. Because the trade-off between the complexity and coding performance is
attractive, the scheme in [18] was proposed to JVET [19] and was accepted as one of the core modules of
Joint Exploration Model (JEM) [20,21]. After that, Zhang [22] proposed a multi model AMC approach.
At the 11th JVET meeting in July 2018, modified AMC of JEM was integrated into VVC and Test Model
2 (VTM2) [5] based on [22].

Although AMC has significantly improved performance over the conventional translational
MC, there is still a limit to finding complex motion accurately. Affine transformation is a model that
maintains parallelism based on the 2D plane, and thus cannot work efficiently for some sequences
containing object distortions. In actual videos, motion by a non-affine transformation appears more
generally than by an affine transformation with such restriction. Figure 1 shows an example of
a non-affine transformation in nature video. When a part of an object is represented by a rectangle,
the four vertices must operate independently of each other to illustrate the deformation of the
object most similarly. Even though different frames have the same object, if the depth or viewpoint
information changes, the motion can not be completely estimated by affine transformation model.
For this reason, more flexible motion model is desired for new coding tool to raise the encoding quality.

The method using basic warping transformation model results in high computational complexity
and bit overhead because of the large number of parameters. Therefore, it is necessary to apply a model
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that is not greatly increased for bit overhead compared to the existing AMC and has flexibility enough
to replace the warping transformation model.

In this paper, we propose a perspective affine motion compensation (PAMC) method which
improve coding efficiency compared with the AMC method of VVC. Compared to prior-arts, this paper
presents two practical contributions to AMC. First, a perspective transformation model is designed
in the form of MVs so that it can be used in AMC. It is an eight parameter based motion model that
requires four CPMVs. Second, we propose a multi-motion model switch approach based framework
to operate adaptively with AMC. In other words, six and four parameter model-based AMC and eight
parameter-based perspective ME/MC are performed to select the best coding mode adaptively.

This paper is organized as follows. In Section 2, we first present AMC in VVC briefly. The proposed
perspective affine motion compensation (PAMC) is introduced in Section 3. The experimental results
are shown in Section 4. Finally, Section 5 concludes this paper.

Figure 1. Example of a non-affine transformation [23].

2. Affine Motion Estimation/Compensation in VVC

HEVC standard apply translational motion model to find a corresponding prediction block.
The translational motion model cannot describe complex motion such as rotation and zooming.
Moreover, it cannot represent combined multiple motion. In VVC, an affine motion compensation
(AMC) is implemented which supports 4-parameter and 6-parameter motion model. The motion model
for the AMC prediction method in the VVC is defined for three motions: translation, rotation and
zooming. Affine transformation is based on the use of a 6-parameter model. Furthermore, a simplified
4-parameter model is applied for AMC in VVC. In addition, two affine motion modes namely affine
inter-mode and affine merge-mode are added to AMC module. If affine inter-mode is used for a coding
unit (CU), algorithm for affine inter-mode is designed to predict the MVs at CPs. In prediction process,
a gradient-based ME algorithm is used as an encoder. When a CU is applied in affine merge-mode,
the MVs at CPs are derived from the spatial neighbouring CU.

2.1. 4-Parameter and 6-Parameter Affine Model

As shown in Figure 2, the affine motion vector field (MVF) of a CU is described by control point
motion vectors (CPMVs): (a) two CPs (4-parameter) or (b) three CPs (6-parameter). CP0, CP1 and CP2

are defined as the top-left, top-right and bottom-left corners. For 4-parameter affine motion model,
MV at sample position (x, y) in a CU is derived as⎧⎪⎪⎨⎪⎪⎩

mvh(x, y) = mvh
1−mvh

0
W x − mvv

1−mvv
0

W y + mvh
0,

mvv(x, y) = mvv
1−mvv

0
W x +

mvh
1−mvh

0
W y + mvv

0.

(1)

For 6-parameter affine motion model, MV at sample position (x, y) in a CU is derived as
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⎧⎪⎪⎨⎪⎪⎩
mvh(x, y) = mvh

1−mvh
0

W x +
mvh

2−mvh
0

H y + mvh
0,

mvv(x, y) = mvv
1−mvv

0
W x +

mvv
2−mvv

0
H y + mvv

0.

(2)

where (mvh
0, mvv

0), (mvh
1, mvv

1) and (mvh
2, mvv

2) are MVs of CP0, CP1 and CP2 respectively. W and H
present width and height of the current CU. The mvh(x, y) and mvv(x, y) are the horizontal and vertical
components of MV for the position (x, y).

CP 0 CP 1

Current CU

(a)

CP0 CP1

Current CU

CP2

(b)

Figure 2. Affine motion vector control points: (a) 4-parameter motion model, (b) 6-parameter
motion model.

To simplify the AMC, a block based AMC is applied. Figure 3 shows an example of sub block
based MV derivation in a CU. The MV at the center position of each 4 × 4 sub block is derived from
CPMVs and rounded to 1/16 fraction accuracy. Then the motion compensation interpolation filters are
used to generate the prediction block of each sub-block with derived motion vector.

Figure 3. Affine motion vector field per sub-block.

2.2. Affine Inter Mode and Merge Mode

If a CU is coded with affine inter-mode, {mv0, mv1} for 4-parameter model or {mv0, mv1, mv2} for
6-parameter model are signaled directly from the encoder to the decoder. At this moment, the difference
of the CPMV of current CU and the control point motion vector prediction (CPMVP) is signaled in the
bitstream. Moreover, flags for parameter type and affine mode are also signaled. Affine inter mode can
be applied for CUs with both width and height larger than or equal to 16. The CPMVP candidate list
size is 2 and it is derived by using the three types of CPMVP candidate generation phase in order:

1. CPMVPs extrapolated from the CPMVs of the spatial neighbour blocks
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2. CPMVPs constructed using the translational MVs of the spatial neighbour blocks
3. CPMVPs generated by duplicating each of the HEVC AMVP candidates

As shown in Figure 4, neighboring blocks A, B, C, D, E, F and G are involved for generating
CPMV candidate. First, if there are affine coded blocks through searching from A to G, add the
CPMVs of the neighbour blocks to the CPMVP candidate list of the current CU. If the number
of candidate list is smaller than 2, construct virtual CPMVP set which is composed of translational
MVs {(mv0, mv1, mv2)|mv0 = {mvA, mvB, mvC}, mv1 = {mvD, mvE}, mv2 = {mvF, mvG}, }. When the
number of candidate list is still less than 2, finally, the list padded by the MVs composed by duplicating
each of the AMVP candidates. An RD cost check process is applied to determine best CPMVP of
current CU and an index indicating best CPMVP is signaled in bitstream.

Current CU

A B

C

D E

F

G

mvA

mvB

mvC

mvD

mvE

mvF

mvG

Figure 4. CPMVP candidate list for affine inter mode.

When a CU is applied in affine merge mode, the process finds the first coded block by affine mode
among the neighbour candidate blocks. The selection order for the candidate block is from left, above,
above right, left bottom to above as shown in Figure 5. After the CPMVs of the current CU are derived
from the first neighbour block according to the affine motion model equation, the motion vector field
of the current CU is generated. Like the affine inter mode, mode flag is signaled in bitstream.

A

B C

D

E

Current CU

Figure 5. Candidate list for affine merge mode.

3. Proposed Perspective Affine Motion Estimation/Compensation

Affine motion estimation in the VVC is applied since it is more efficient than translational motion
compensation. The coding gain can be increased by delicately estimating motion on the video sequence
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in which complex motion is included. However, still it has a limit to accurately find all motions in the
natural video.

Affine transformation model has properties to maintain parallelism based on the 2D plane,
and thus cannot work efficiently for some sequences containing object distortions or dynamic motions
such as shear and 3D affine transformation. In real world, numerous moving objects have irregular
motions rather than regular translational, rotation and scaling motions. So, more elaborated motion
model is needed for video coding tool to estimate motion delicately.

The basic warping transformation model can estimate motion more accurately, but this method is
not suitable because of its high computational complexity and bit overhead by the large number of
parameters. For these reasons, we propose a perspective affine motion compensation (PAMC) method
which improve coding efficiency compared with the existing AMC method of the VVC. The perspective
transformation model-based algorithm adds one more CPMV, which gives degree of freedom to all
four corner vertices of the block for more precise motion vector. Furthermore, the proposed algorithm
is integrated while maintaining the AMC structure. Therefore, it is possible to adopt an optimal mode
between the existing encoding mode and the proposed encoding mode.

3.1. Perspective Motion Model for Motion Estimation

Figure 6 shows that the proposed perspective model with four CPs (b) can estimate motion
more flexible compared with the affine model with three CPs (a). Affine motion model-based MVF
of a current block is described by three CPs which are matched to {mv0, mv1, mv2} in illustration.
On the other hand, one more field is added for perspective motion model-based MVF. It is composed
of four CPs which are matched to {mv0, mv1, mv2, mv3}. As can be seen from Figure 6, one vertex
of the block can be used additionally, so that motion estimation can be performed on various types
of rectangular bases. Each side of the prediction block obtained through motion estimation based
on the perspective motion model has various lengths and does not has to be parallel. The typical
eight-parameter perspective motion model can be described as:⎧⎪⎨⎪⎩

x′ = p1x+p2y+p3
p7x+p8y+1 ,

y′ = p4x+p5y+p6
p7x+p8y+1 .

(3)

where p1, p2, p3, p4, p5, p6, p7 and p8 are eight perspective model parameters. Among them, parameters
p7 and p8 serve to give the perspective to motion model. With this characteristic, as though it is
a conversion in the 2D plane, it is possible to obtain an effect that the surface on which the object is
projected is changed.

Reference Picture

Current Picture

Prediction

Block

Current

Block

(a)

Reference Picture

Current Picture
Prediction

Block

Current

Block

(b)

Figure 6. The motion models: (a) 6-parameter affine model with three CPs, (b) perspective model with
four CPs.

Instead of these eight parameters, we used four MVs to equivalently represent the perspective
transformation model like the technique applied to AMC of the existing VTM. In video codecs, using
MV is more efficient in terms of coding structure and flag bits. Those four MVs can be chosen at any
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location of the current block. However, in this paper, we choose the points at the top left, top right,
bottom left and bottom right for convenience of model definition. In a W x H block as shown in Figure 7,
we denote the MVs of (0, 0), (W, 0), (0, H), and (W, H) pixel as mv0, mv1, mv2 and mv3. Moreover,
we replace p7 · W + 1 and p8 · H + 1 with a1 and a2 to simplify the formula. The six parameters p1, p2,
p3, p4, p5 and p6 of model can solved as following Equation (4):⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

p1 =
a1(mvh

1−mvh
0)

W ,

p2 =
a2(mvh

2−mvh
0)

H ,

p3 = mvh
0,

p4 =
a1(mvv

1−mvv
0)

W ,

p5 =
a2(mvv

2−mvv
0)

H ,

p6 = mvv
0.

(4)

In addition, p7 · W and p8 · H can solved as Equation (5):⎧⎪⎪⎪⎨⎪⎪⎪⎩
p7 · W =

(mvh
3−mvh

2)(2mvv
0−mvv

1)+(mvv
3−mvv

2)(mvh
1−2mvh

0)

(mvv
3−mvv

2)(mvh
3−mvh

1)+(mvh
3−mvh

2)(mvv
3−mvv

1)
,

p8 · H =
(mvh

3−mvh
1)(2mvv

0−mvv
1)+(mvv

3−mvv
1)(mvh

1−2mvh
0)

(mvv
3−mvv

1)(mvh
3−mvh

2)+(mvh
3−mvh

1)(mvv
3−mvv

2)
.

(5)

Based on Equations (4) and (5), we can derive MV at sample position (x, y) in a CU by following
Equation (6): ⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

mvh(x, y) =
a1(mvh
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Figure 7. The representation of vertices for perspective motion model.

With the AMC, the designed perspective motion compensation also is also applied by 4 × 4 sub
block-based MV derivation in a CU. Similarly, the motion compensation interpolation filters are used
to generate the prediction block.
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3.2. Perspective Affine Motion Compensation

Based on the aforementioned perspective motion model, the proposed algorithm is integrated
into the existing AMC. A flowchart of the proposed algorithm is shown in Figure 8. Each motion model
has its own strength. As the number of parameters increases, the precision of generating a prediction
block increases. So at the same time, more bit signaling for CPMVs is required. It is effective to use the
perspective motion model with four MVs is appropriate for reliability. On the other hand, if only two
or three MVs are sufficient, it may be excessive to use four MVs. To take advantage of each motion
model, we propose an adaptive multi-motion model-based technique.

Save results for best predic�on mode

is_affine

0 1

Transla�onal 

mode

affine_type

0 21

4-parameter 

affine mode 

6-parameter 

affine mode 

Perspec�ve 
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<Flag for best predic�on mode>

Start perspec�ve predic�on

Conduct perspec�ve ME

Check best mode 

between result in step (1) and step (2)

Conduct MC

Step (2)

Start affine predic�on

Conduct affine ME for 4-parameter

Compute affine4paramCost

Update affineCost

Conduct affine ME for 6-parameter

Compute affine6paramCost

affineCost < hevcCost*1.05

affineCost < affine6paramCost 

Reset to 4-parameter affine inter mode

Update affineCost

hevcCost < affineCost

Reset to hevc me result

Conduct MC

Step (1)

Figure 8. Flowchart of the proposed overall algorithm.

After performing fundamental translational ME and MC as in HEVC, the 4-parameter and
6-parameter affine prediction process is conducted first in step (1). Then, the proposed perspective
prediction process is performed as step (2). After that, we check the best mode between result in
step (1) and step (2) by RD cost check process in a current CU. Once the best mode is determined,
the flag for prediction mode are signaled in the bitstream. At this time, two flags are required: affine
flag and affine type flag. If the current CU is finally determined in affine mode, the affine flag is true
and false otherwise. In other words, if the affine flag is false, only translational motion is used for
ME. An affine type flag is signaled for a CU when its affine flag is true. When an affine type flag is 0,
4-parameter affine motion model is used for a CU. If an affine type flag is 1, 6-parameter affine motion
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model-based mode is used. Finally, when an affine type flag is 2, it means that the current CU is coded
in the perspective mode.

4. Experimental Results

To evaluate the performance of the proposed PAMC module, the proposed algorithm was
implemented on VTM 2.0 [24]. The 14 test sequences used in the experiments were from class A
to class F specified in the JVET common test conditions (CTC) [25]. Experiments are conducted under
random access (RA) and low delay P (LDP) configurations and four base layer quantization parameters
(QP) values of 22, 27, 32 and 37. We used 50 frames in each test sequence. The objective coding
performance comparison was evaluated by the Bjontegaard-Delta Rate (BD-Rate) measurement [26].
The BD-Rate was calculated by using piece-wise cubic interpolation.

Table 1 shows the overall experimental results of the proposed algorithm for each test sequence
compared with VTM 2.0 baseline. Compared with the VTM anchor, we can see that proposed PAMC
algorithm can bring about 0.07% and 0.12% BD-Rate gain on average Y component in RA and LDP
cases respectively, and besides it can be up to 0.45% and 0.30% on Y component for random access (RA)
and low delay P (LDP) configurations, respectively. Especially in LDP, shows better gain averagely.
Compared to the RA, which allow bi-directional coding schemes so have two or more prediction
blocks, LDP has one predication block. For the inter prediction algorithm, the coding performance
depends on the number of reference frames. For these reason, when the novel algorithm is applied to
the existing encoder, the coding efficiency is higher in the LDP configuration.

Table 1. BD-Rate (%) performance of the proposed algorithm, compared to VTM 2.0 Baseline.

Class Sequence Resolution
RA LDP

Y U V Y U V

A Campfire 3840 × 2160 −0.09% −0.02% 0.06% - - -
CatRobot1 3840 × 2160 −0.10% 0.41% 0.33% - - -

B
RitualDance 1920 × 1080 −0.04% 0.15% 0.22% −0.06% 0.55% 0.01%

BasketballDrive 1920 × 1080 −0.14% −0.05% 0.44% −0.06% 0.28% 0.47%
BQTerrace 1920 × 1080 −0.08% −0.11% −0.03% −0.08% 0.38% −0.16%

C BasketballDrill 832 × 480 −0.09% −0.12% −0.16% −0.02% 0.04% −0.15%
PartyScene 832 × 480 −0.06% −0.21% −0.04% 0.01% 0.46% 0.24%

D BQSquare 416 × 240 0.03% 0.45% −0.04% −0.03% −0.42% −1.87%
RaceHorses 416 × 240 0.07% −0.76% 0.09% −0.25% 0.21% 0.49%

E FourPeople 1280 × 720 - - - −0.16% −0.58% 0.15%
KristenAndSara 1280 × 720 - - - 0.07% −0.22% 0.03%

F
BasketballDrillText 832 × 480 −0.01% −0.18% 0.25% −0.07% −0.57% −0.28%

SlideEditing 1280 × 720 −0.07% −0.03% −0.03% −0.28% −0.22% −0.47%
SlideShow 1280 × 720 −0.30% 1.29% 0.19% −0.45% −1.39% 0.08%

Avg. −0.07% 0.07% 0.11% −0.12% −0.12% −0.12%

Although there were a small BD-rate losses of chroma components, the chroma components are
usually less sensitive to the perception of human eye for recognition. So the luminance component is
more important to measure the performance. The proposed algorithm achieved up to 0.45% and in the
most of sequences, the coding gain was obtained in Y component (luminance component) although
they were small value in some sequences such as BasketballDrill, PartyScene, and BQsquare with RA
configuration. For RaceHorse, SlideEditing, and FourPeople sequences in LDP configuration, 0.25%,
0.28%, and 0.45% of DB-rate savings of Y component were observed in Table 1.

Some examples of rate-distortion (R-D) curves are shown in Figure 9. The R-D curves also verify
that the proposed perspective affine MC can achieve better coding performance compared with the
VTM baseline. It can be seen from Figure 9 that the proposed algorithm works more efficiently than
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the existing affine MC algorithm in both the LDP and RA configurations. For LDP coding condition,
it is more efficient in QP = 32 and QP = 37 cases and for RA coding condition, it seems to have an effect
on QP = 22 and QP = 27.

(a) SlideShow in LDP mdoe.

(b) SlideShow in RA mdoe.
Figure 9. The R-D curves of the proposed perspective affine MC framework.

To improve the coding efficiency through the proposed algorithm, the test sequence have to
contain irregular object distortions or dynamic rapid motions. Figure 10 shows the examples of
perspective motion area in test sequences. Figure 10a–c present the examples of sequence “Campfire”,
“CatRobot1” and “BQTerrace”, respectively. The class A sequence “Campfire” contains a bonfire
that moves inconsistently and steadily. Also “CatRobot1” contains a lot of flapping scarves and
a flipped book, and class B sequence “BQTerrace” involves the ripples on the surface of the water.
All of such moving objects commonly include object distortions whose shape changes. Because of
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this, those sequences can be compressed more efficiently by the proposed framework. The results of
“Campfire” and “CatRobot1” sequences show that proposed PAMC achieves 0.09% and 0.10% BD-Rate
savings respectively on Y component in RA. The result of “BQTerrace” sequence shows a coding gain
of 0.08% on Y component for both RA and LDP.

Figure 11 shows an example of comparing AMC in VVC and the proposed PAMC using
“CatRobot1” sequence. It is a result for POC 24 encoded by setting QP 22 in RA. Figure 11a presents
the coded CU with affine mode in VVC baseline and Figure 11b shows the coded CU with affine and
perspective mode in the proposed framework. If the unfilled rectangles imply the CUs coded in affine
mode and the filled rectangles imply the CUs coded in perspective mode, in Figure 11b, some filled
rectangles can be found on scarves and on the pages of a book. The class B sequences “RitualDance”
and “BasketballDrive” and class C sequence “BasketballDrill”, which contain dynamic fast movements,
can also be seen to bring coding gains in both RA and LDP configurations. For the three sequences
mentioned above, performance result shows that proposed PAMC results in 0.04%, 0.14%, and 0.09%
BD-Rate savings respectively on Y component in RA. In LDP configuration, BD-Rate gains are 0.06%,
0.06% and 0.02% respectively on Y component.

In class F which has the screen content sequences, rapid long range motions as large as half
a frame often happen like browsing and document editing. Even in this case, the proposed PAMC
algorithm can bring BD-Rate gain. In particular, the “SlideShow” sequence gives the largest coding
gain resulting in 0.30% and 0.45% BD-Rate savings on Y component in RA and LDP respectively.
Besides, on U component in LDP, it brings 1.39% of BD-Rate gain.

When the resolution of sequence is too small such as class D, the sequence contains a small
amount of textures and object content. Therefore, it is possible to estimate the motion accurately with
only using further enhanced configuration. For that reason, it can be seen from the result of class D that
proposed algorithm contributes to overall coding gain in LDP but not in RA. The result of “BQSquare”
sequence shows that proposed PAMC achieves 0.03%, 0.42% and 1.87% BD-Rate savings on Y, U and V
components respectively in LDP. For “RaceHorces” sequence, the result shows 0.25% of BD-Rate gain
on Y component in LDP.

As the proposed algorithm is designed to better describe the motion with distortion of object shape,
some equirectangular projection (ERP) format sequences [27] are selected to verify the performance of
the proposed algorithm. Figure 12 shows an example of ERP sequence. Figure 12a presents a frame of
the “Broadway” sequence and Figure 12b shows a enlarged specific area of the frame. Figure 12c shows
a picture in posterior frame for the same area. The ERP produces significant deformation, especially in
the pole area. It can be obviously seen from Figure 12 that the distortion of the building object occurs.
Perspective motion model can take such deformation into account when compressing the planar video
of panoramic content.

The R-D performance of the proposed algorithm for the ERP test sequences is illustrated in Table 2.
From Table 2, we can see that the proposed framework can be up to 0.15% on Y component for low
delay P (LDP) configuration. The experimental results obviously demonstrate that the proposed
perspective affine motion model can well represent the motion with distortion of object shape.

As shown in some video coding research [28,29], the results show 0.07% and 0.12% BD-Rate
gain on average, respectively. Furthermore, several advanced affine motion estimation algorithms in
JVET meeting documents [30–32], the results show 0.09%, 0.09% and 0.13% BD-Rate gain on average
Y component. Compared with these results, the performance of the proposed algorithm is also
competitive. Moreover, our proposed method contributes in that the encoder can be more robust in
natural videos by proposing a flexible motion model for affine ME, one of the main inter prediction
tools of the existing VTM codec.
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(a) Campfire. (b) CatRobot1.

(c) BQTerrace.

Figure 10. An examples of perspective motion area in test sequences.

(a) AMC in VVC.

(b) Proposed PAMC.

Figure 11. An example of CUs with affine or perspective motion, CatRobot1, RA, QP22, POC24.
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Figure 12. An example of the ERP format sequence (Broadway).

From experimental results, the designed PAMC achieved better coding gain compared to VTM 2.0
Baseline. It means that the proposed PAMC scheme can be applied for providing better video quality
in terms of a limited network bandwidth environment.

Table 2. BD-Rate (%) performance of the proposed algorithm for ERP format sequences compared to
VTM 2.0 Baseline.

Sequence Resolution
LDP

Y U V

Broadway 6144 × 3072 −0.15% 0.03% −0.19%
Freefall 6144 × 3072 −0.13% 0.12% 0.35%

BranCastle2 6144 × 3072 −0.08% −0.11% −0.28%
Balboa 6144 × 3072 −0.10% −0.06% 0.17%

Avg. −0.12% −0.01% 0.01%

5. Conclusions

In this paper, an efficient perspective affine motion compensation framework was proposed to
estimate further complex motions beyond the affine motion. Affine motion model has properties
which maintains parallelism, and thus cannot work efficiently for some sequences containing object
distortions or rapid dynamic motions. In the proposed algorithm, an eight-parameter perspective
motion model was first defined and analyzed. Like the technique applied to AMC of existing VTM,
we designed four MVs based motion model instead of using eight parameters. Then the perspective
motion model-based motion compensation algorithm was proposed. To take advantage of each
affine and perspective motion model, we proposed an adaptive multi-motion model-based technique.
The proposed framework was implemented in the reference software of VVC. We experimented
with two kinds of sequences. In addition to experimenting with JVET common test condition
sequences, we demonstrated the effectiveness of the proposed algorithm by showing the results for
the equirectangular projection format sequences. The experimental results showed that the proposed
perspective affine motion compensation framework could achieve much better BD-Rate performance
compared with the VVC baseline especially for sequences that contain irregular object distortions or
dynamic rapid motions.

Although the proposed algorithm improved the inter-prediction of the VVC video standard
technology, there is still room for further improvement. For future studies, the higher-order motion
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models should be investigated and applied for three-dimensional modeling of motion. Higher-order
models can improve the accuracy of irregular motion, but they can result in an increase in the number
of bits, as these parameters must be sent together. Considering these points, an approximation model
should also be conducted to be compatible for the VVC standard.
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Abstract: MCJ2K (Motion-Compensated JPEG2000) is a video codec based on MCTF (Motion-
Compensated Temporal Filtering) and J2K (JPEG2000). MCTF analyzes a sequence of images,
generating a collection of temporal sub-bands, which are compressed with J2K. The R/D
(Rate-Distortion) performance in MCJ2K is better than the MJ2K (Motion JPEG2000) extension,
especially if there is a high level of temporal redundancy. MCJ2K codestreams can be served by
standard JPIP (J2K Interactive Protocol) servers, thanks to the use of only J2K standard file formats.
In bandwidth-constrained scenarios, an important issue in MCJ2K is determining the amount of data
of each temporal sub-band that must be transmitted to maximize the quality of the reconstructions
at the client side. To solve this problem, we have proposed two rate-allocation algorithms which
provide reconstructions that are progressive in quality. The first, OSLA (Optimized Sub-band Layers
Allocation), determines the best progression of quality layers, but is computationally expensive.
The second, ESLA (Estimated-Slope sub-band Layers Allocation), is sub-optimal in most cases, but
much faster and more convenient for real-time streaming scenarios. An experimental comparison
shows that even when a straightforward motion compensation scheme is used, the R/D performance
of MCJ2K competitive is compared not only to MJ2K, but also with respect to other standard scalable
video codecs.

Keywords: quantization (signal); video coding; channel allocation; scalable video coding

1. Introduction

The JPEG2000 (J2K) standard [1] is a still-image codec which also encompasses the compression
of sequences of images that goes by the name Motion J2K (MJ2K). The standard relies on the J2K
Interactive Protocol (JPIP) [2] to transmit J2K codestreams between client/server systems, offering a
high degree of scalability (spatial, temporal and quality). These features make J2K (and its extension
MJ2K) especially suitable for the management of video repositories, and for the implementation
of interactive image/video streaming services [3]. In particular, JPIP has proven very effective for
visualization of petabyte-scale image data of the Sun (Helioviewer Project [4,5]), allowing researchers
and the general public alike to explore time-dependent image data from different space-borne
observatories, interactively zoom into areas of interest and play sequences of high-resolution images
at various cadences. Figure 1 shows an example of an interaction with the JHelioviewer service.
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Figure 1. Different instants of a remote browsing (on a 2048 × 2048 pixels display) of a
4096 × 4096 pixels image sequence of extreme ultraviolet images of the Sun, taken by NASA’s Solar
Dynamics Observatory (SDO), using the JHelioviewer application. Initially, users retrieve the sequence
of images with a resolution that fits in their display (left subfigure). Notice that the information of the
highest spatial resolution level (4096 × 4096) is not transmitted because can not be displayed. In any
moment of the transmission users can select a Window Of Interest (WOI), which in this example starts
at pixel 1000 × 500 and have a (image) resolution of 1024 × 1024 (center subfigure), retrieving this WOI
at the highest resolution. In the rest of the transmission (right subfigure), only the code-stream related
to that WOI will be transmitted. Image credit: NASA/SDO/AIA.

MCJ2K (Motion-Compensated JPEG2000) is a combination of two fundamental stages: (1) MCTF
(Motion-Compensated Temporal Filtering) and (2) J2K. Basically, MCTF is a transform that inputs a
sequence of images and outputs a sequence of MCTF-coefficients (which will simply be called coefs),
grouped in a collection of temporal sub-bands. Then, these coefs are compressed with J2K, resulting in
a collection of J2K codestreams that can be transmitted using JPIP. The R/D performance of MCJ2K
can clearly be better than that of J2K, depending on the temporal correlation among the input images.
As an example, Figure 2 shows a Sun image (of a sequence) decompressed with MJ2K and MCJ2K,
at similar bitrates.

Original MJ2K MCJ2K

Figure 2. Reconstruction of one image of a sequence of Sun images using MJ2K and MCJ2K. Left:
original Sun image with 512 × 512 pixels and a cadence of 1

12 images/second. Center: same image
(progressively) decompressed with MJ2K at 0.08 kbps. Right: same image (progressively) decompressed
with MCJ2K at 0.04 kbps. Image credit: NASA/SDO/AIA.

MCJ2K is a straightforward extension of MJ2K, and it has been proposed previously [6].
However, the adaptation of MCJ2K to standard JPIP services, such a Helioviewer, is a novel
contribution. Furthermore, two novel RA (Rate-Allocation; in this document this term refers to
the action of sorting the code-stream to provide some kind of scalability, and the term “rate control”
is used to decide which information is represented by the code-stream in rate-constrained scenarios)
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algorithms: OSLA (Optimized Sub-band Layers Allocation) and ESLA (Estimated-slope Sub-band
Layers Allocation) are herein proposed and experimentally evaluated. Both algorithms are run at
post-compression time to determine an efficient progression of quality layers.

The rest of this document is structured as follows. Section 2 describes the most relevant works
related to MCJ2K and RA in wavelet-based video coding. MCJ2K, OSLA and ESLA are detailed
in Section 3. Section 4 presents the results of an empirical performance evaluation, and Section 5
summarizes our findings and outlines future research in Section 6.

2. Background and Related Work

The combination of MCTF and J2K has been proposed in previous works. Secker et al. use these
techniques to create LIMAT [7], but no RC (Rate Control) or RA algorithms are proposed. The motion
information is simply placed first, followed by the texture data.

In [6], Cohen et al. propose two ME (motion estimation)-based J2K codecs. The first is a
2D-pyramid codec with an MCTF step on each spatial level, and a closed-loop coding structure,
similar to H.264/SVC [8] and HEVC [9]. The second codec is open-loop, similar to MCJ2K, but the
authors do not address the problem of RA among temporal texture sub-bands and motion information.

A similar approach to [7] was designed in [10] and extended in [11] by André et al.
Also Ferroukhi et al. [12] have recently proposed a similar codec based on second generation J2K.
In these works, using RDO (Rate-Distortion Optimization) [13], an RC algorithm is proposed to
determine the contribution of each temporal sub-band. None of these works provide an RA algorithm.

In [14] Barbarien et al. provide some interesting ideas to perform optimal RC at compression time.
Before using a 2D-DWT (Discrete Wavelet Transform) [15], all the residue coefficients resulting from the
MCTF stage are multiplied by a scaling factor to approximate MCTF to a unitary (energy preserving)
transformation. As in [11], an optimal RC among motion and texture data is proposed using RDO.
An interesting alternative was proposed in [3], where, similar to the use of quantization in hybrid
video coding, a set of R/D slopes can be specified to control the composition of each quality layer
(by including those layers whose R/D slopes are higher than or equal to the slope of the corresponding
layer). These approaches are optimal only in linear transformation scenarios, a condition which is
difficult to satisfy (as will be shown in the experimental results) when ME/MC techniques are used.
The compatibility with JPIP is not studied in these works.

As previously mentioned, RA can be performed at decompression time. However, in this
case, it can be implemented by the sender (server), receivers (clients) or both. FAST, proposed
by Aulí-Llinàs et al. in [16] and improved by Jimenez-Rodriguez et al. in [17], is a sender-driven
RA algorithm for MJ2K sequences. Another interesting MJ2K/MCJ2K sender-driven RA proposal
was introduced by Naman et al., which uses Conditional Replenishment (CR) [18] and Motion
Compensated (MC) [19]. In Naman’s proposals, a server sends those J2K packets related to the
regions that the clients should refresh to optimize the quality of the video after considering bandwidth
constraints. These proposals are not fully J2K compliant at the server side (a requirement in standard
JPIP services) because some kind of non-J2K-standard logic must be used.

Receiver-driven RA solutions have also been proposed in previous studies. For example,
in DASH [20], clients retrieve video streams, requesting (GOP by GOP) those code-stream segments
that maximize the user’s QoE (Quality of Experience), and the buffer fullness. In [21], Mehrotra et al.
propose an improvement of the previous approach in which clients use the R/D information of the
video to select (taking into account the desired startup latency, the buffer size, and the estimated
network capacity) the optimal number of quality layers (in the case of H.264/SVC), or which
quality-version of each GOP (in the case of H.264/simulcasting) will be transmitted.

As in [11], in [14] the authors also propose an optimal RA among motion and texture data based
on Lagrangian RDO, considering that the distortions are additive (something that can be sub-optimal
in those cases where the MCTF is not linear). Such optimization minimizes the distortion for a known
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bitrate, but not for any possible bitrate (note that when transmitting an image or a sequence of images,
such bitrates established at compression time might not be met at decompression time).

3. MCJ2K

3.1. Codec Overview

MCJ2K is a two stages codec (see Figure 3): MCTF performs temporal filtering and MCJ2K
compress the sequence of sub-bands. The resulting code-stream (see Figure 4) is a collection of
compressed texture (each one composed by coefs) and motion sub-bands. MCJ2K is an open-loop
“t+2D” structure. The “t” corresponds to a T-levels MCTF (a T-levels 1/3 linear 1D-DWT, denoted by
MCTFT) and the “2D” to a 2D-DWT, provided by the standard J2K codec. MCTFT exploits the temporal
redundancy and 2D-DWT, included as a part of the MJ2K compressors, the spatial redundancy. The set
of MJ2K compressors inputs the coefs of each temporal sub-band generated by MCTFT and perform
entropy layered coding.

In Figure 3, s represents the original sequence and [s]Q a progressive approximation of s,
reconstructed with MCJ2K using Q quality layers. MCTFT transforms s into a collection of T + 1
temporal texture sub-bands {LT , {Ht; 1 ≤ t ≤ T}}, and T motion-“sub-bands” {Mt; 1 ≤ t ≤ T}.
In Figure 3, the number of levels of MCTF is T = 2.

Compared to the MPEG/ITU standards, all the coefs (in our case, the images of index i × 2T ; i =
0, 1, · · · of s) of LT are I-type, and all the coefs of {Ht; 1 ≤ t ≤ T}) are B-type. More details about how
MCTF has been implemented can be found in [22], and in our implementation published on GitHub
(https://github.com/vicente-gonzalez-ruiz/MCTF-video-coding).
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Figure 3. Codec architecture.

Figure 4 shows an example of the organization of an MCJ2K code-stream. Nine images have
been compressed (although only the first six s0, · · · s5 have been shown) using a GOP size G = 4
(i.e., T = 2 (G = 2T)), except for the first GOP, which always has only one image. MCTF2 transforms
(see Figure 3) the input sequence s into 3 texture sub-bands {L2, H2, H1} and 2 motion sub-bands
{M2, M1}. L2 is the low-frequency texture sub-band, and represents the low-frequency temporal
components of s. {H2, H1} contains the high-frequency temporal components of s. {M2, M1} stores a
description of the motion detected in s. In Figure 4, arrows over the motion fields indicate the decoding
dependencies between the coefs. When the inverse transform is applied, a succession of increasing
temporal resolution levels {L2, L1, L0} are generated. By definition, L0 = s.
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Figure 4. Example of a code-stream for MCTF2.

MCJ2K implements a full/sub-pixel telescopic-search [23] bidirectional block-matching ME
algorithm [24]. The block size B is constant (inside a coef), and a search area of A pixels is configurable.
Exhaustive and logarithmic searches [25] are available. ME/MC operations are performed at
the maximum spatial resolution of the sequence. This design decision, which is convenient for
a progressive-quality visualization of the full-resolution video, implies that the inverse motion
compensation process must be performed at the maximum resolution to avoid a drift error [26],
when a reduced resolution of the images is decoded. Obviously, in this case, the decoder increases the
computing requirements, but this does not significantly increase the memory usage if all the blocks are
not processed in parallel. As an advantage, the quality of the reconstructions is higher than for the
case in which the ME/MC state is performed at a lower resolution because the motion information is
always used with the accuracy used at the compression, which can be sub-pixel.

Motion data is temporally and spatially decorrelated, and lossless MJ2K-compressed as a sequence
of 4-component (2 vectors per macro-block) single-layer (Q = 1) images. (Usually, the use of
approximate motion information generates severe artifacts in the reconstructed images and increases
the non-linearity of the codec. Therefore, only one quality layer and lossless coding was used for
the motion sub-bands.) The decorrelation process uses an algorithm in which, when no motion data
is received, the inverse MCTF process supposes that all the motion vectors are zero. Thus (in the
transmission process), when the decoder knows MT , then it is supposed that the motion vectors
of MT−1 are half of the value of MT , and this linear prediction is used for the remaining temporal
resolution levels [27].

3.2. Bitrate Control

RC is performed at compression time. In the MJ2K stage, each coef of each texture sub-band
is J2K-compressed, producing a layered variable-length code-stream (in the Figure 4, Q = 3 quality
layers). Let Si

q be the q-th quality layer of the compressed representation of the coef Si of sub-band S,
and (Si)

q the quality (i.e., the decrease in distortion) provided by Si
q in the progressive reconstruction

of Si. Assuming that the distortion metric is additive, we define

[Si]
q =

q

∑
j=1

(Si)
j, (1)
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which is the quality of the reconstruction of the coef Si using q layers. (In this notation, the first quality
layer, in the layers decoding order, has the index 1.) We define the q-th R/D slope of coef Si as

λSi
q =

[Si]
q − [Si]

q−1

l(Si
q)

=
(Si)

q

l(Sq
i )

, (2)

where l(Si
q) represents the length of Si

q.
Owing to how the R/D slopes are chosen in the MJ2K stage, it holds that for any two different

coefs i and j of sub-band S
λSi

q = λSj
q∀q ∈ {1, · · · , Q}. (3)

We define a sub-band layer (SL) Sq (of motion (In the case of the motion, the definition is identical, but
there is only one quality layer.) or texture) as the collection of quality layers

Sq = {Si
q, i = 0, · · · , 2T − 1}. (4)

For example, in Figure 4, SL L21
= {L2

0
1, L2

1
1} and SL M10

= {M1
0

0, M1
1

0}.
Equation (3) has two implications: (1), in general, the total length of the code-stream of each coef

will be different (depending on its content), and (2) the bitrate allocation is optimal for each sub-band
layer [28].

The q-th R/D slope of SL Sq is defined as

λSq =
[S]q − [S]q−1

l(Sq)
=

(S)q

l(Sq)
, (5)

where l(Sq) represents the length of SL Sq, [S]q the quality of the GOP obtained after decompressing q
layers, and (S)q the quality provided by the SL Sq.

3.3. Post-Compression R/D Allocation

RA is typically performed at decompression time. In accordance with Part 9, Section C.4.10 of the
J2K standard [2], JPIP clients can request J2K images by quality layers. Moreover, as previously shown
in [29], it is also possible to perform JPIP request for a range of images. Therefore, by extension, the JPIP
standard can also be used for retrieving complete sub-band layers using a single JPIP request. For
example (see Figure 4), if T = 2, we decompose a sequence in 3 temporal sub-bands, and the sub-band
layer H21 has, for each GOP, only one coef H2

0 with two quality layers {H2
0

1, H2
1

1}, which would be
that which is requested by a client to retrieve the sub-band layer H21.

It is easy to see that the SLs in a MCJ2K code-stream are

LT1, HT1, HT−11, · · · , H11,
LT2, HT2, HT−22, · · · , H12,
...

...
...

...

LTQ, HTQ, HT−1Q, · · · , H1Q,
MT , MT−1, · · · , M1,

(6)

and that there are Q(T + 1) SLs in this set, which is also the number of optimal truncation points of a
MCJ2K code-stream.

At decompression time, the order in which the SLs are retrieved from the JPIP server should
minimize the R/D curve, for any bitrate. For this task, we propose the following two approaches.
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3.3.1. Optimized SL Allocation (OSLA)

Starting at LT1, the optimal order of the remaining SLs of a GOP can be determined by
applying Equation (5) to each feasible SL, and sorting them by slope. Thus, after retrieving LT1

(which always contributes to the quality of the reconstruction more than any other SL), several
alternatives {MT , MT−1, · · · , M1, HT1, HT−11, · · · , H11} should be checked to determine the next SL
with the highest possible contribution. Considering that λMT > λMt , ∀t ∈ {T − 1, · · · , 1}, for example,
if λMT > λHt1 , ∀t ∈ {T, · · · , 1}, the following SL to decode should be MT and the next set of

alternatives would be {MT−1, HT1, HT−11, · · · , H11}. Otherwise, if for example, λ
HT1 > λMt and

λHT > λHt , ∀t = T − 1, · · · , 1, after LT1 the next SL to decode should be HT1, and the current set of
feasible SLs of would be {MT , HT2, HT−11, · · · , H11}. Notice also that other SLs could follow LT1,
such as LT2.

This idea was implemented in the OSLA algorithm (see Algorithm 1). For each GOP, the input
sequence of Q(T + 1) SLs is S sorted in descending order by their R/D slopes to reconstruct the GOP
(see Equation (5)). The output list Λ of sorted-by-slope SLs can be stored in a COM segment of the
header of the coef of LT (the SL LT1 is always the first in Λ). Next, JPIP clients retrieve the quality
layers of each coef of the GOP in the order specified in Λ.

Algorithm 1: OSLA algorithm.

1. for each GOP:
2. Λ = []; i = 0

3. Λ[i ++] = input LT1

4. S = input {LT2, MT , HT1, · · · , H11}
5. while S �= ∅:
6. s = arg max

s∈S
(λs ≥ λs′ ∀s′ ∈ S)

7. Λ[i ++] = s
8. S = S \ {s}
9. if s = Mi:

10. S = S ∪ {Mi−1}
11. else if s = LTi:

12. S = S ∪ {LTi−1}
13. else /* s = Hti */:

14. S = S ∪ {Hti−1}
15. output Λ

3.3.2. Estimated-slope SLs Allocation (ESLA)

Ignoring any possible effect of the non-linear behavior of the ME/MC stage, our implementation
of MCTF approximates to a biorthogonal transform and, therefore, each sub-band {LT , HT , · · · , H1}
contributes with a different amount of energy to the reconstruction of the sequence. This can easily
be verified by comparing the energy that the different coefs of each temporal sub-band contribute to
reconstruction of the sequence [30]. How much energy a coef must contribute to the code-stream to
approximate MCTF to an orthonormal (energy preserving) transform is represented by attenuation
values (see Table 1)

αHt =
E(LT)

E(Ht)
, (7)

where E(·) represents the signal energy. These attenuations are empirical, specifically determined for
the 1/3 ME-driven DWT implemented in our codec (for a different transform, other values would
be obtained).
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Table 1. L2-norm (energy) of the MCTF basis functions for the temporal sub-bands, expressed as
attenuation values.

MCTF1 MCTF2 MCTF3 MCTF4 MCTF5 MCTF6 MCTF7

Ht at Ht at Ht at Ht at Ht at Ht at Ht at

H1 1.246 H2 1.250 H3 1.160 H4 1.088 H5 1.046 H6 1.023 H7 1.012
H1 1.865 H2 2.122 H3 2.130 H4 2.079 H5 2.043 H6 2.023

H1 3.167 H2 3.888 H3 4.061 H4 4.063 H5 4.039
H1 5.802 H2 7.431 H3 7.936 H4 8.031

H1 11.089 H2 14.522 H3 15.688
H1 21.669 H2 28.707

H1 42.835

The ESLA algorithm incorporates these attenuations to scale the R/D slopes of each SL of each
GOP, when these slopes have been determined taking into consideration only the reconstruction of the
corresponding coef (not the reconstruction of the full GOP, as OSLA does (notice that for this reason,
OSLA does not need to use such attenuations). Thus, for example, an R/D slope for a quality layer of
a coef of the sub-band H3 resulting from an MCTF5 is divided by 4.061. In cases where there is more
than one coef in a temporal sub-band, as in this example, the average of all the scaled slopes is used to
determine the contribution of the corresponding SL.

This idea was implemented in ESLA (see Algorithm 2). As in OSLA, for each GOP, the input
sequence of Q(T + 1) SLs S is sorted in descending order by their estimated R/D slope, but now the
slopes of the SLs are computed directly as a weighted average of the R/D slopes of the quality layers
of the corresponding coefs. If these slopes are predefined (the compression of the coefs uses the same
slopes set of Q slopes for all the coefs), ESLA can be run at the receiver side without sending any
R/D information. This means that the JPIP client can determine the order of SLs Λ for all the GOPs
of the sequence after receiving only T, Q, and knowing the sub-band attenuations (Table 1), which
does not depend on the sequence. For this reason, ESLA is more suitable than OSLA for real-time
streaming scenarios.

Algorithm 2: ESLA algorithm.

1. for each GOP:
2. Λ = []; i = 0
3. for each q ∈ {1, · · · , Q}:
4. Λ[i ++] = input{λHT q , · · · , λH1q}
5. for each λk ∈ Λ:
6. λk = λk/αk
7. Λ[i ++] = input{λLT 1 , · · · , λL1Q}
8. sort_in_descending_order Λ
9. output Λ

4. Evaluation

The performance of MCJ2K was evaluated for different working configurations and compared to
previous proposals.

4.1. Materials and Methods

Several test videos were used for our evaluation:

1. Mobile (http://trace.eas.asu.edu/yuv/mobile/mobile_cif.7z) (YUV 4:2:0, 352 × 288 pixels,
30 Hz), a low-resolution video with complex movement.

2. Container (http://trace.eas.asu.edu/yuv/container/container_cif.7z) (YUV 4:2:0, 352 × 288 pixels,
30 Hz), a low-resolution video with simple movement.
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3. Crew (ftp://ftp.tnt.uni-hannover.de/pub/svc/testsequences/CREW_704x576_60_orig_01_yuv.
zip) (YUV 4:2:0 704 × 576 pixels, 60 Hz), a medium-resolution video with complex movement.

4. CrowdRun (ftp://vqeg.its.bldrdoc.gov/HDTV/SVT_MultiFormat/) (YUV 4:2:0, 1920× 1080 pixels,
50 Hz), a high-resolution video with a high degree of movement.

5. ReadySetGo (http://ultravideo.cs.tut.fi/video/ReadySetGo_3840x2160_120fps_420_8bit_YUV_
RAW.7z) (YUV 4:2:0 3840 × 2160 pixels, 120 Hz), a high-resolution high degree of movement.

6. Sun (http://helioviewer.org/jp2/AIA/2015/06/01/131/) (monochromatic, due to represent only
one frequency of the spectrum radiated by the Sun, 4096 × 4096 pixels, 1/30 Hz) a sequence of
images of the Sun with only small-scale frame-to-frame motion (which is, however, complex to
predict due to the random motions of magnetic flux concentrations in the Sun’s photosphere).

In all experiments, 129 images were compressed, and the search range for ME was 4 pixels using
full-pixel accuracy of (A = 0). The block size (B) was 32 × 32 for Mobile, Container and Crew, 64 × 64
for CrowdRun and ReadySetGo, and 128 × 128 for Sun. The parameters used for compressing the coefs
and the images were 5 levels for the DWT, no precinct partition and code-blocks of 64 × 64 coefficients.
The number of quality layers (Q) was 8, which provides a good tradeoff between the compression
performance and the granularity for the rate-allocation. In the case of the motion data, Q = 1 and no
DWT were used.

4.2. Impact of Motion Compensation

Figure 5 shows the performance of MCJ2K compared to MJ2K for different GOP sizes. Each video
was compressed once and decompressed progressively, sorting the subband layers using OSLA. MCJ2K
was in most of cases superior to MJ2K, depending on the temporal correlation found in each video.
For example, MCTF is very efficient in Container, in which it can be seen that, for example, at 300 Kbps,
MCJ2K is about 10 dB better than MJ2K. However, in the case of ReadySetGo, in which MCTF is not
able to generate accurate predictions, the use of a GOP size larger than 4 does not increase the quality
of the reconstructions. Therefore, the GOP size has a high impact on the performance of MCJ2K and
is a parameter that should be optimized for every video sequence. Nevertheless, it can be expected
that GOP sizes of 4 and 8 should work well for most sequences. We would like to highlight here that
the MC model used in MCJ2K is very basic. More advanced predictors, such as those used in the last
video coding standards cited earlier, would facilitate the use of larger GOP sizes and, therefore, higher
compression ratios.
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Figure 5. MCJ2K (OSLA) vs. MJ2K for different GOP sizes and sequences.

4.3. MCJ2K (Using OSLA or ESLA) vs. MJ2K

Using the information provided by the previous experiments, we selected a suitable GOP size for
each sequence and compared the performance of OSLA and ESLA, respect to MJ2K. The results are
shown in Figure 6. As can be seen, the performance of both RA algorithms is similar, which means
that although the MCTF process used by MCJ2K is not linear, a reasonable prediction of the impact of
the SLs can be made in ESLA, which runs much faster than OSLA. For this reason, in the following
experiments only ESLA will be used.
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4.4. MCJ2K vs. Other Video Codecs

Figure 7 shows the compression performance of MCJ2K (using ESLA and optimized compression
parameters found in previous experiments) and other standard video codecs. Dashed lines
represent a non-embedded decoding, while solid lines, a progressive decoding provided by
scalable codecs. As can be seen, compared with non-scalable video codecs (which generally
produce videos with a better R/D ratio than scalable video codecs), such as HEVC (https://hevc.
hhi.fraunhofer.de/svn/svn_HEVCSoftware using trunk/cfg/encode_randomaccess_main.cfg) or
AVC (http://www.videolan.org/developers/x264.html using –profile high–preset placebo–tune
psnr), MCJ2K needs approximately 50% more data to achieve the same quality, but this
difference is much smaller when it is compared with SHVC (https://hevc.hhi.fraunhofer.de/
svn/svn_SHVCSoftware/ using branches/SHM-dev/cfg/encoder_randomaccess_scalable.cfg and
branches/SHM-dev/cfg/misc/layers8.cfg) where MCJ2K produces better results for some of the
test videos (even using a very basic MCTF scheme). In the case of MPEG-2 (http://linux.die.net/
man/1/mpeg2enc, a codec that implements an MCTF scheme similar to the used in MCJ2K), MCJ2K
outperforms it consistently. These results are consistent with the ME prediction model used in MCJ2K,
which is not the focus of this research work.
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Figure 7. MCJ2K (using ESLA) vs. other codecs for different sequences.
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5. Conclusions

This work presents MCJ2K, a straightforward extension (JPIP compatible) of the MJ2K standard
that can be used to exploit the temporal redundancy of the sequences of images. Two different
rate-allocation algorithms (OSLA and ESLA) are proposed to be used in a streaming scenario where
quality scalability is used, generating a reconstruction at the receiver proportional to the amount of
decoded data. After analyzing MCJ2K and the proposed rate-allocation algorithms, the following can
be concluded:

1. The compression ratio obtained by MCJ2K is superior to MJ2K if enough time redundancy can be
exploited in the MCTF stage. Our experiments show that the quality of the reconstructions can
be up to 10 dB in terms of PSNR.

2. The increment in the compression ratio provided by OSLA compared to ESLA is small.
Considering that the RD performance of OSLA is better than ESLA when the MCTF process is
not linear, we conclude (1) that MCDWT is almost linear, and (2) that the position of the motion
information in the progression generated by ESLA is near optimal.

3. Considering that ESLA requires less computational resources than OSLA, and that ESLA needs
to be run only at the receiver, ESLA should be the rate-allocation algorithm used by default
in MCJ2K.

4. MCJ2K implies recompressing the sequences of images but not modifying the JPIP servers at all.
Only the JPIP clients need to implement the logic needed by MCJ2K.

5. The compression ratio obtained by MCJ2K is comparable to SHVC, when the movement of the
video can be modeled using our ME proposal. However, the quality granularity and the range
of decoding bitrates is higher in MCJ2K, which makes MCJ2K more suitable than SHVC for
streaming scenarios.

6. In MCJ2K the GOP size G significantly affects the RD performance. G should be high if the
temporal correlation of the video can be removed by the MCTF stage, and vice versa.

7. Compared to the state-of-the-art non-scalable video compressors (such as HEVC), MCJ2K require
more bitrate because HEVC use more effective ME schemes than MCJ2K (an aspect out of the
scope of this paper). However, at very low bitrates this gap is usually small.

6. Future Research

Future lines of work should be focused on:

1. Like the rest of video codecs based on MC, MCJ2K has a cost in terms of temporal scalability.
A study on the number of bytes required for obtaining the same quality in both codecs, MJ2K and
MCJ2K, when only one image of the sequence is decoded could prove worthwhile, especially in
interactive browsing systems such as Helioviewer.

2. Find a quality scalable representation of the motion data. Such a contribution should reduce the
minimal number of bytes required for rendering the image sequence.

3. The use of more accurate MCTF schemes should increase the compression ratios.
4. The use of encoding schemes where the motion information can be estimated at the decoder

(to avoid being sent as a part of the code-stream). This can be carried out in those contexts where
the large-scale motion is predictable, such as image sequences of the Sun, whose rotation rate is
stable and well known.

5. How MCJ2K affects the spatial/WOI scalability provided by the J2K standard.
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Abstract: Multi-focus image fusion is a very essential method of obtaining an all focus image from
multiple source images. The fused image eliminates the out of focus regions, and the resultant image
contains sharp and focused regions. A novel multiscale image fusion system based on contrast
enhancement, spatial gradient information and multiscale image matting is proposed to extract the
focused region information from multiple source images. In the proposed image fusion approach,
the multi-focus source images are firstly refined over an image enhancement algorithm so that the
intensity distribution is enhanced for superior visualization. The edge detection method based
on a spatial gradient is employed for obtaining the edge information from the contrast stretched
images. This improved edge information is further utilized by a multiscale window technique to
produce local and global activity maps. Furthermore, a trimap and decision maps are obtained
based upon the information provided by these near and far focus activity maps. Finally, the fused
image is achieved by using an enhanced decision maps and fusion rule. The proposed multiscale
image matting (MSIM) makes full use of the spatial consistency and the correlation among source
images and, therefore, obtains superior performance at object boundaries compared to region-based
methods. The achievement of the proposed method is compared with some of the latest techniques
by performing qualitative and quantitative evaluation.

Keywords: image fusion; multi-focus; trimaps; focus maps

1. Introduction

During image acquisition, one of the most important objectives is obtaining a focused region
of interest. However, because of the limited field depth, the focused region contains sharp edges,
whereas the other regions get blurred. Recently, multi-focus image fusion (combine images with
different focused objects) has received tremendous attention amongst the researchers. This fused
image offers high quality containing more detailed information [1,2]. Several methods are developed
to fuse multiple images, which are broadly grouped into transform and spatial domains [3,4].

Transform domain methods fuse the corresponding transform coefficients and employ inverse
transformation to construct the fused image. Spatial domain methods are further classified into
pixel [5,6] and region based methods [7,8]. The spatial domain methods form the fuse image by
choosing the pixels/regions/blocks that are focused. Transform domain-based methods in dynamic
scenes merge these coefficients without considering the spatial properties, resulting in artifacts in the
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fused image. Furthermore, pixel and region-based methods are unable to produce the best fusion
results for images with complicated texture patterns [1].

Zhang et al. [9] used morphological operations to extract focus regions. However, this technique
suffers from block artifacts. De et al. [10] utilized morphological processes to detect the focused region
and suggested a technique for calculating an optimized block size. The fused result still suffers from
blocking effects. Later on, Bai et al. [11] presented a novel quadtree decomposition and a weighted
focus based image fusion technique. However, this technique also provides inaccurate segmentation
and low visual effects because of the smooth regions. Yin et al. [12] proposed a method based on
joint dictionary and singular value decomposition (SVD) methods. Still, this method is not effective
computationally because of the individual training for sub dictionaries and SVD computation.

Li et al. [13] explored guided filtering (GFF) and spatial information to improve the fusion results
by mitigating the block effects. Zhang et al. [14] proposed a multifocus image scheme based upon
a visual saliency method. Recently, image matting has been used for effectively differentiating the
focused and out-of-focus regions. These methods can be broadly categorized as supervised matting
and unsupervised matting techniques. Supervised methods require a user specified foreground and
background regions known as trimap. Therefore, such techniques require human experts, are time
consuming, and produce inconsistent results for images with high-textured backgrounds. However,
unsupervised methods are better than supervised ones because user interaction is not required for
achieving a good matting result. Chen et al. [15] used a parametric edge based method. However,
these methods do not consider the artifacts among the smooth regions, and much of it depends
on the performance of hand crafted features, which require much expert knowledge. Li et al. [16]
proposed multifocus matting (MFM) based image fusion by combining together the focus region and
its neighboring pixels. This method marginally improves the fusion results and also overcomes some
shortcomings of spatial domain methods.

Xiao et al. [17] used depth information to segment an image into focus and blur regions.
Zhang et al. [18] made use of log spectrum, Fourier transform, and Bayesian techniques. In [19],
a definite focus region is detected by using a novel multi scale gradient information. Liu et al. [20]
proposed a transform (which is scale invariant) to detect focus regions. However, this technique fails
to offer sharp edges of the focus regions. Furthermore, in [21], the focus information was extracted by
using texture features. Baohua et al. [22] performed the near and far focus region detection by using a
sparse representation and guided filter techniques. In [23], a structure tensor was used for the detection
of high and low frequency components. However, this technique fails to provide a visible difference
between focus and defocus regions in many cases. Yu at.al. [24] presented a convolutional neural
network (CNN) based multifocus image fusion technique. However, in this method, the precision of
recognizing the focus block is very low.

In this paper, a novel multi-focus image fusion method is presented using contrast stretching
and spatial gradients to enhance the edges from the source images. A multiscale sliding window
method is used for detecting the local and global intensity variations to generate initial activity maps.
These multiple activity maps are further processed to generate a trimap. An enhanced image matting
technique is used for generating the decision maps. Finally, the fused image is obtained after processing
the source images, enhanced decision maps, and employing the fusion rule.

2. Proposed Fusion Technique

The schematic diagram of the proposed algorithm is shown in Figure 1. It can be observed that
in the first step, a contrast enhancement scheme is applied on the source images. In the second step,
the outcome of the intensity transformed image is processed through an edge detection method. In a
multi-focus image fusion scheme, the selection of near focus and far focus region plays a vital role.
The region that is in focus during image acquisition tends to have sharp edges as compared to the
out-of-focus region. Therefore, these sharp edges can be detected easily by applying an appropriate
edge detection method.
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The edge detection schemes rely heavily on the intensity distribution of an image. A poor
intensity distribution can lead to an oversaturated, undersaturated, dark, or bright image. In either
of those images, the edge detection algorithm cannot perform well. In order to improve the intensity
distribution of an image, an intensity transformation can be performed. In Figure 2, the improvement
in edge information is shown by comparing the images before and after applying the contrast
enhancement scheme. In the next step, a sliding window technique with two different scales is
applied on both edges of the detected images to generate activity maps. In this step, both local and
global intensity variations are analyzed. The fine details are more prominent under a small sliding
window scale. These masks are further fused together and processed to generate a trimap. Next,
the trimap undergoes an image matting transformation to produce refined decision maps, which
produces the final fused image. The proposed fusion scheme, along with the equation references,
is also elaborated in Algorithm 1.

Let Ii be the source color images with M × N dimensions where, m = 1, 2, . . . , M, n = 1, 2, . . . , N
and i ∈ [1, 2] represents near and far focus images, respectively.

Figure 1. Schematic diagram of the proposed approach for the image fusion algorithm.

Algorithm 1: Proposed MSIM based Fusion Technique.

Require: Ii, i ∈ [1, 2].

Step 1. Apply contrast enhancement on Ii using Equation (1).

Step 2. Apply edge map on Íi using Equation (2) to Equation (5).

Step 3. Compute activity maps, ´Gi,σ
σ = 1←−−− w, Zi using Equation (6).

Step 4. Compute Smooth Activity maps, Gi,σ
Sum Filter, σ = 1←−−−−−−−−− ´Gi,σ using Equation (7).

Step 5. Compute Score maps, ζi,σ
σ = 1←−−− Gi,σ using Equations (8) and (9).

Step 6. Repeat Steps 3, 4, and 5 with σ = 3.

Step 7. Compute Near focus (D1) and Far focus (D2) using Equation (10).

Step 8. Generate Trimap T using Equation (11).

Step 9. Generate Alpha Matte α using Equation (14).

Step 10. Generate Fused Image AF using Equation (15).
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2.1. Contrast Enhancement

Improving the enhancement of the low contrast image, the histogram equalization seems an
effective method. Non-parametric modified histogram equalization (NMHE) [25] is integrated to
enhance the contrast and preserves the mean brightness of the source image Ii, i.e.,

Íi
NMHE←−−−−−− Ii (1)

Image development in contrast centrally improves and concentrates pixel details. Figure 2
shows the enhancement in edge information. Figure 2a,b shows the far and near focus source
image, respectively, and their gradients are shown in Figure 2c,d. Contrast enhanced of near and far
focus images are displayed in Figure 2e,f, and their respective edge maps are shown in Figure 2g,h,
respectively. From the images, it can be clearly seen that after the enhancement algorithm, the gradients
of the source image were greatly improved.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 2. Results of edge detection after contrast enhancement. (a) Near focus image, (b) far focus
image, (c,d) gradients of (a,b) achieved by a spatial stimuli sketch model (SSGSM) [26], (e,f) contrast
enhancement using non-parametric modified histogram equalization (NMHE) [25], (g,h) gradients of
(e,f) achieved by SSGSM [26].

2.2. Edge Detection

The edges of the images after contrast enhancement is done by a spatial stimuli sketch model
(SSGSM) [26] technique, which principally focuses on focal intensity points and edges in an image,
and then the unknown region is calculated in the coarse decision maps by implementing the
concentrated information in both the activity level maps. The weight of the local stimuli is deliberated
by detecting the local variation in the perceived brightness at the respective positions. The discerned
brightness, Pi of a specific image is given in Equation (2) as,

Pi = ϑlog10( Íi) (2)

where, Íi represents the source images, and ϑ denotes the scaling factor.
Gradients illustrate the sharp intensity variations in the image. Mathematically, the weight is

computed as the total difference of the perceived brightness on x and y directions. The intensity
variations of Pi on the x and y axis are represented by �x

i and �
y
i , respectively. These variations are

calculated by using their respective gradients Bx
i and By

i , given as in Equations (3) and (4):

[Bx
i , By

i ]
gradient←−−−−−−− Pi (3)
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�x
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i (e
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The weight of local stimuli Zi is expressed by using Equation (5):

Zi =
√
(�x

i )
2 + (�

y
i )

2 (5)

2.3. Focus Maps

A multiscale sliding window technique is applied to acquire diverse focus maps from activity
maps Zi. Two sliding windows are selected for the generation of focus maps. Firstly, a 9 × 9 window is
initialized by setting k = 9, l = 9 and σ = 1 in Equation (6). The activity maps are divided into blocks
of 9 × 9 pixels by using spatial domain filters, as in Equations (6) and (7):

´Gi,σ(m, n) =
σ×k

∑
q1=−σ×k

σ×l

∑
q2=−σ×l

w(q1, q2)Zi(m + q1, n + q2) (6)

Gi,σ(s, t) = ∑
(m,n) ε Ω

´Gi,σ(m, n) (7)

The activity of each block is stored in the form of map scores. Furthermore, the sum of intensity
levels in each near (G1,σ=1(s, t)) and far focus block (G2,σ=1(s, t)) are calculated and compared with
one another to update the score maps (ζi,σ=1), as given in Equations (8) and (9).

ζ1,σ(m, n) =

{
1, if G1,σ(s, t) > G2,σ(s, t)

0, Otherwise
(8)

ζ2,σ(m, n) = 1 − ζ1,σ(m, n) (9)

Similarly, 27 × 27 block of pixels are generated by setting k = 9, l = 9 and σ = 3 in Equation (6).
The activity maps in each near (G1,σ=3(s, t)) and far focus block (G2,σ=3(s, t)) are calculated and
compared with one another to update the score maps (ζi,σ=3), as in Equations (8) and (9).

These multiple sliding windows result in multiple near and far focus maps. This multiscale
sliding window technique reduces the blocking artifacts in the coarse decision maps. Each map offers
different characteristic information, which plays a key role in improving the focus maps and the
fused image. These multiscale windows extract the information from original images at different
scales. It is noted that this approach has demonstrated better visual quality than the existing methods.
Each scale offers different information for image fusion, for example, a small window size focuses
on local intensity variations, whereas a large size window size extracts global variations in an image.
The information from these multiscale near-focus (ζ1,σ=1 and ζ1,σ=3) and far-focus maps (ζ2,σ=1 and
ζ2,σ=3) are combined together to form a single near-focus (D1) and far-focus (D2) map, respectively,
carrying the attributes of both scales, as in Equation (10).

Di(m, n) AND←−−−−− ζi,σ=1, ζi,σ=3 (10)

After obtaining the focus maps, the next step is to generate a trimap that segments the given
images into the three different regions, i.e., focused, definite defocused, and unknown. Pixels from the
focused region have greater focus value than pixels in the defocused region [27]. The trimap T of A1 is
processed by using D1, D2 as in Equation (11).

T
Tri Map←−−−−−− Di (11)
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In a given image I, the image matting considers it a composite of foreground IFore and background
Iback. Each pixel is assumed to be a linear combination of IFore and Iback. Let α denote the pixel
foreground opacities then an image I can be represented as,

Ii = αi IFore
i + (1 − αi)Iback

i (12)

In [28], the quadratic cost function for α is derived as,

J(α) = αT Lα (13)

where, L is defined as a matting laplacian matrix of N × N dimension.
The L is a symmetric positive definite matrix and is defined in [28] as L = H - W, where, H is a

diagonal matrix and W is a symmetric matrix. The neighborhood WM is given as,

WM(i, j) =
K

∑
k/(i,j)εwk=0

1
|wk|

(
1 + (χi − φk)(νk +

ε

|wk|Γ)
−1(χj − φk)

)
(14)

where, |wk| denotes the number of pixels in the window, φk and νk represents mean and variance of
intensities in the window wk, respectively. χ represents the pixel color, ε is a regularization parameter
and Γ is an identity matrix.

Finally, the obtained alpha matte α from the source images and trimap is same as the focused
region of Ii is constructed as in Equation (15).

IF(m, n) = α(m, n)I1(m, n) + (1 − α(m, n))I2(m, n) (15)

3. Results and Discussion

To show the superiority of the proposed MSIM, a comparison was performed with discrete wavelet
transform (DWT) [29], guided filtering based fusion (GFF) [13], discrete cosine transform (DCT) [30],
dense sift (DSIFT) [20], multi-scale morphological focus-measure (MSMFM) [9], and convolutional
neural network (CNN) [24] on a multifocus image dataset [31]. The proposed method was evaluated
by performing both subjective and objective assessments. These algorithms were tested on a Acer
laptop Intel(R) CoreTM i7 2.6GHz processor with 12GB RAM under a Matlab R2018b environment.
All the algorithms were executed by using the original codes made available by the authors.

3.1. Comparison of Image Matting Result

Generally, an unsupervised trimap produces better results than the supervised ones. Hence,
in practice, user specified trimaps are often necessary to achieve the high quality matting results;
however, the making of a user supervised trimap takes time, skills, and is not available for all kind of
images. In this paper, two image matting techniques have been proposed, i.e., focus maps matting and
feature based matting. The results of the proposed method are compared with feature based matting
and the closed form matting [28]. It is clearly observed that the proposed matting produces better
results compared to the existing technique (Figure 3).
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(a)
Source image I1

(b) MFM (c) CFM (d)
Proposed MSIM

(e) MFM (f) CFM (g)
Proposed MSIM

Figure 3. Results of Trimap and Alpha matte on flower image (b–d) trimaps of (a), (e–g) alpha mattes
of Figure 3a.

3.2. Comparison of Image Fusion with Other Methods

The proposed technique is tested on gray scale, color, and dynamic images. Figure 4 shows the
results of the proposed MSIM for “Lab” image. The source near and far focus inputs are presented in
Figure 4a,b, respectively. The fused results produced by other methods and the proposed technique
are given in Figure 4c–i. To further investigate the effectiveness, the difference of the near-focus
image with the fused images is shown in Figure 4j–p. The close up views enclosed by red and yellow
boxes are also shown at the bottom of their respective difference image. It is noted that the DWT,
DCT, and DSIFT methods produce poor edge information and contain artifacts (as shown in the
close-ups). Furthermore, GFF, MSMFM, and CNN methods also provide limited information of the
focused regions as compared to the proposed MSIM technique. Similarly, Figure 5 illustrates the
results produced by several existing and proposed algorithms for “Globe” images. To further analyze
the results, close-up views of important regions are placed at the bottom of each difference image.
In this image, the boundary region of the hand is difficult to detect since it lies on the focus transition
point. The results of fusion by other techniques in Figure 5j–o show the distorted regions and lack of
sharpness in the highlighted region. However, the proposed MSIM method has successfully fused
the complementary information from both the images, as shown in Figure 5p. It is very important
to evaluate the results of different algorithms on the color dataset shown in Figures 6a,b and 7a,b.
The outcomes of the existing techniques and the proposed method on “Flower” and “Boy” are shown
in Figures 6c–i and 7c–i, respectively. The difference between the fused and out of focus source images
is illustrated in Figures 6j–p and 7j–p, respectively. It is noted that in both the flower and boy images,
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the existing techniques are unable to mitigate the artifacts and blur in the focus transition area (as noted
in the close-ups of difference images). The proposed MSIM is able to preserve contrast and details
using the edge feature and multi scale image matting technique.

(a)
Near focus image

(b)
Far focus image

(c) DWT (d) GFF (e) DCT (f) DSIFT (g)
MSMFM

(h) CNN (i)
Proposed MSIM

(j) DWT (k) GFF (l) DCT (m)
DSIFT

(n)
MSMFM

(o) CNN (p)
Proposed MSIM

Figure 4. Results of image fusion and their difference images on the “Lab” source images. (c–i) Fused
images obtained through fusion schemes. (j–p) Difference images obtained from the fusion results and
Figure 4b.
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(a)
Near focus image

(b)
Far focus image

(c)
DWT

(d) GFF (e) DCT (f)
DSIFT

(g)
MSMFM

(h)
CNN

(i)
Proposed MSIM

(j) DWT (k) GFF (l) DCT (m)
DSIFT

(n)
MSMFM

(o)
CNN

(p)
Proposed MSIM

Figure 5. Results of image fusion and their difference images on the “Globe” source images. (c–i) Fused
images obtained through fusion schemes. (j–p) Difference images obtained from the fusion results and
Figure 5b.
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(a)
Near focus image

(b)
Far focus image

(c) DWT (d) GFF (e) DCT (f) DSIFT (g)
MSMFM

(h) CNN (i)
Proposed MSIM

(j) DWT (k) GFF (l) DCT (m)
DSIFT

(n)
MSMFM

(o) CNN (p)
Proposed MSIM

Figure 6. Results of image fusion and their difference images on the “Flower” source images. (c–i)
Fused images obtained through fusion schemes. (j–p) Difference images obtained from the fusion
results and Figure 6b.
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(a)
Near focus image

(b)
Far focus image

(c)
DWT

(d) GFF (e) DCT (f)
DSIFT

(g)
MSMFM

(h)
CNN

(i)
Proposed MSIM

(j) DWT (k) GFF (l) DCT (m)
DSIFT

(n)
MSMFM

(o)
CNN

(p)
Proposed MSIM

Figure 7. Results of image fusion and their difference images on the “Boy” source images. (c–i) Fused
images obtained through fusion schemes. (j–p) Difference images obtained from the fusion results and
Figure 7a.
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Another challenge for multi-focus fusion includes the performance in dynamic scenes.
The scenario occurs either due to the movement of the camera or the motion of the object. So it
is important to verify the effectiveness of the MSIM result with the existing ones on such scenes.
Figure 8a,b shows near and far focus “Girl” images, respectively. The results of MSIM and existing
techniques are shown in Figure 8c–i, while Figure 8j–p shows difference images. As shown in the red
and yellow boxes, the DWT, GFF, DCT, DSIFT, and MSMFM methods are unable to completely fuse
the focus regions. Moreover, the CNN has produced erosion in the fused image, whereas the proposed
MSIM has successfully mitigated the inconsistencies and limitations of the existing techniques.

(a)
Near focus image

(b)
Far focus image

(c) DWT (d) GFF (e) DCT (f) DSIFT (g)
MSMFM

(h) CNN (i)
Proposed MSIM

(j) DWT (k) GFF (l) DCT (m)
DSIFT

(n)
MSMFM

Figure 8. Cont.
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(o) CNN (p)
Proposed MSIM

Figure 8. Results of image fusion and their difference images on the “Girl” source images. (c–i) Fused
images obtained through fusion schemes. (j–p) Difference images obtained from the fusion results and
Figure 8b.

It is observed from these visualizations that the existing methods produce artifacts, erosion,
halo effects and are unable to produce sharp boundaries of the near and far focus images. Note that
the MSIM technique not only perfectly identifies the near and far focus regions but also fuses the
complementary information in an effective manner.

3.3. Objective Evaluation Metrics

After evaluating the visual quality and quantitative assessment of different methods, it can be
clearly observed that MSIM produces a visually pleasant and high quality fusion result in almost all
cases and outperformed the existing fusion methods for multi-focus images. Five most commonly
used metrics are evaluated, i.e., Mutual Information (MI) [32], Spatial Structural Similarity (SSS)
QAB/F [33], Feature Mutual Information (FMI) [34], Entropy (EN) [35], and Visual Information Fidelity
(VIF) [36] to verify the superiority and effectiveness of the proposed MSIM method. Table 1 shows that
the proposed MSIM gives better objective assessment results than the existing methods. Although,
the results of existing techniques are comparable in some cases (Flower and Boy); however, the metric
values obtained using the proposed MSIM generally outperforms the existing techniques.

3.4. Comparison of Computational Efficiency

In this section, the computational efficiency of different fusion methods is compared.
The execution time of these schemes for different images is shown in Table 1. The results show
that the proposed MSIM, DSIFT, and GFF consume less time as compared to the other algorithms DCT,
DWT, MSMFM, and CNN. The MSMFM algorithm uses a multi-scale morphological gradient based
feature, therefore taking longer processing time than DSIFT. Whereas, GFF integrates the source images
by using a global weight based scheme; however, it still takes less computation time and produces
satisfactory results.

The proposed method utilizes the contrast enhancement, SSGSM based edge extraction, sliding
window based local and global operations to create activity maps and trimap. The sliding window
method, activity maps generation, their comparison, and a trimap generation are time consuming
tasks. Although, the proposed algorithm consumes more processing time as compared to the existing
ones; however, it produces the best unsupervised image matting and image fusion results.
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Table 1. The quantitative assessment of different fusion methods.

Images Fusion Methods MI [32] QAB/F [33] FMI [34] EN [35] VIF [36] Time/s

Lab

DWT [29] 8.2152 0.7239 0.8190 7.0474 0.9138 4.02

GFF [13] 7.9114 0.7279 0.8191 7.0602 0.9149 3.11

DCT [30] 8.5263 0.7460 0.9197 6.9819 0.9143 11.56

DSIFT [20] 8.5212 0.7478 0.9097 7.0759 0.9171 6.65

MSMFM [9] 8.7995 0.6864 0.9196 6.9885 0.9161 5.79

CNN [24] 8.6812 0.7471 0.9196 6.9974 0.9159 7.88

Proposed 8.8322 0.7474 0.9386 7.1759 0.9980 5.08

Globe

DWT [29] 8.1910 0.7246 0.8892 7.7037 0.9240 11.09

GFF [13] 8.7664 0.7726 0.8935 7.7412 0.9476 9.78

DCT [30] 9.1845 0.7731 0.8939 7.6990 0.9374 10.98

DSIFT [20] 9.1435 0.7746 0.8938 7.6989 0.9437 5.51

MSMFM [9] 9.3739 0.7711 0.8940 7.7389 0.9439 6.55

CNN [24] 9.2397 0.7701 0.8927 7.7458 0.9472 8.01

Proposed 9.4316 0.7733 0.8943 7.7479 0.9480 7.06

Flower

DWT [29] 5.6452 0.6536 0.8773 7.1701 0.9064 16.93

GFF [13] 7.3290 0.6944 0.8908 7.1915 0.9200 10.13

DCT [30] 7.8561 0.6785 0.8861 7.4331 0.9263 12.03

DSIFT [20] 8.0057 0.6947 0.8857 7.4316 0.9304 4.61

MSMFM [9] 7.9233 0.6930 0.8915 7.1873 0.9140 5.98

CNN [24] 3.0773 0.6951 0.8912 7.1872 0.9177 7.32

Proposed 8.1458 0.7940 0.8936 7.5897 0.9367 6.91

Boy

DWT [29] 7.5321 0.7206 0.8814 7.5371 0.8935 9.95

GFF [13] 7.6316 0.7448 0.8717 7.5310 0.8097 5.97

DCT [30] 8.0852 0.7409 0.8714 7.5669 0.9035 11.08

DSIFT [20] 8.1765 0.7437 0.8721 7.5388 0.9048 3.80

MSMFM [9] 8.2081 0.7418 0.8717 7.2402 0.9026 7.55

CNN [24] 2.9966 0.7466 0.8819 7.5386 0.9072 8.01

Proposed 8.2961 0.7487 0.8826 7.5673 0.9077 7.75

Girl

DWT [29] 5.6226 0.5939 0.8189 7.8477 0.6486 5.39

GFF [13] 8.0820 0.6902 0.8213 7.8475 0.6448 5.88

DCT [30] 8.7222 0.6788 0.8168 7.8226 0.7332 6.44

DSIFT [20] 8.8774 0.6834 0.8215 7.8429 0.7394 4.04

MSMFM [9] 9.0368 0.5427 0.8219 7.6549 0.7397 7.11

CNN [24] 8.8580 0.6919 0.8208 7.8607 0.7417 10.21

Proposed 9.0970 0.6936 0.8415 7.8749 0.7468 5.65

4. Conclusions

A multiscale image fusion technique is presented for accurate construction of tri-maps, decision
maps, and fused images. Firstly, the source images are pre-processed using a NMHE histogram
equalization method and their gradients are computed using SSGSM. A multiscale sliding window
technique calculates the focus maps from source images. Furthermore, the focus information is
processed so that an accurate focused region is extracted. The proposed MSIM is robust to noise
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interference and is flexible to combine various fusion strategies and provides better fusion performance
both visually and quantitatively when compared with other state of the art methods for multi-focus
images datasets. In the future, the proposed scheme will be further considered for other application
areas of image processing.
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Abstract: In this study, an edge-preserving nonlinear filter is proposed to reduce multiplicative
noise by using a filter structure based on mathematical morphology. This method is called the
minimum index of dispersion (MID) filter. MID is an improved and extended version of MCV
(minimum coefficient of variation) and MLV (mean least variance) filters. Different from these
filters, this paper proposes an extra-layer for the value-and-criterion function in which orientation
information is employed in addition to the intensity information. Furthermore, the selection function
is re-modeled by performing low-pass filtering (mean filtering) to reduce multiplicative noise. MID
outputs are benchmarked with the outputs of MCV and MLV filters in terms of structural similarity
index (SSIM), peak signal-to-noise ratio (PSNR), mean squared error (MSE), standard deviation,
and contrast value metrics. Additionally, F Score, which is a hybrid metric that is the combination
of all five of those metrics, is presented in order to evaluate all the filters. Experimental results
and extensive benchmarking studies show that the proposed method achieves promising results
better than conventional MCV and MLV filters in terms of robustness in both edge preservation
and noise removal. Noise filter methods normally cannot give better results in noise removal and
edge-preserving at the same time. However, this study proves a great contribution that MID filter
produces better results in both noise cleaning and edge preservation.

Keywords: non-linear filters; MCV and MLV filters; de-noising; noise removal; edge preserving

1. Introduction

Edge-preserving smoothing is an image processing method that smooths away textures while
preserving sharp edges. Most smoothing methods are generally linear low-pass filters that effectively
reduce noise at the same time wipe out edges. Since the edges might concern important image
information, they have to be protected in smoothing. Non-linear filters are employed for this purpose;
however, most of these techniques focus on the problem of reducing additive noise from images, since
it is by far the most popular type of corrupting multiplicative noise.

In the literature, there is various research on edge-preserving noise reduction algorithms.
Chinrungrueng et al. have presented a study based on edge-preserving noise reduction on ultrasound
images. They have introduced a modified 2D weighted Savitzky Golay filter based on the least-squares
fitting in a polynomial function to image intensities [1]. Petryniak has described a dynamic image
filter using both linear and non-linear image smoothing, based on the Gaussian function. Their filter
removes noises in the graphic while preserving information on edges [2]. Yuan and Wang have
suggested an edge-preserving and signal-preserving noise removing method based on a Bayesian
framework. This filter reduces the number of noises and also adaptively protects edges on signals [3].
Hofheinz et al. have introduced a novel study, which is suitable for bilateral filtering for noise reduction
and edge-preserving in the PET image dataset. Bilateral filtering exhibits a successful increase in
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the smoothing of the PET images while preserving spatial resolution at edges in order to maintain
the quantitative accuracy and obtain an acceptable signal-to-noise ratio (SNR) [4]. Pal et al. have
presented a survey of benchmark edge-preserving smoothing methods, presented in the literature for
computational photography. In their study, they have discussed various effects of the edge-preserving
filters also within their optimized modifications and extensions according to their mathematical
analysis [5]. Wang et al. have presented a study about a smoothing method with edge preservation for
single-image de-hazing (removing haze from image). A novel variational model (VM) that optimizes
the transmission in the dark channel has been proposed. This model has an effective linear time
complexity in performing transmissions [6]. Storath et al. have introduced a reconstruction framework
of edge-preserving and noise reducing for emerging medical imaging, magnetic particle imaging
(MPI). Tikhonov regularization, a basic image reconstruction method, is used for MPIs to handle
efficiently because of the high temporal resolution of 3D volumes. In their study, they improved
an efficient noise removing and edge-preserving reconstruction technique for MPI, giving higher
quality in reconstruction for the prototypical medical application of angioplasty [7]. A book chapter
for edge-preserving smoothing filters has been written by Burger and Burge. In this detailed and
extended study, they have presented noise reduction methods, adaptive smoothing filters for both
color and grayscale images. They have especially stressed three conventional types of edge-preserving
filters based on different strategies. These are the Kuwahara-type filters, the bilateral filters, and the
anisotropic diffusion filters [8]. Additionally, Muhammad et al. have proposed a Bayesian method
in which there is a hybrid filtering framework for images having more noises with an unknown
variance. The framework, including an automatic parameter selection mechanism, removes noises
by enabling an appropriate smoothing and feasible sharpening [9]. In another study, proposed by
González-Hidalgo et al., a salt and pepper noise removal system is implemented by a special filter
based on a fuzzy mathematical morphology [10]. Luengo et al. have studied noise removal differently
by using a supervised learning approach. Specifically, their filter, named CNC-NOS (class noise
cleaner with noise scoring), is designed on a noise scoring basis by using ensemble classifiers [11].
A noise-cleaning method for colorful images has been introduced by Pérez-Benito et al. A graph
structure is constructed for each of the image pixels in the image by considering some constraints and
criterions in order to characterize the pixels as the link cardinality of their connected components [12].
Tang et al. have prepared a detailed study of a smoothing method for edge-aware image manipulations
by using a minimization formula of a convex objective function in order to regularize edge and texture
pixels in the image [13]. Furthermore, Huang et al. have proposed a technique using an NP-hard
method, rank minimization with matrix ranks for regularization in order to remove white Gaussian
additive and Gamma multiplicative noises in an image [14].

Apart from those mentioned above, non-linear MCV (minimum coefficient of variation) and
MLV (mean least variance) filters are proposed by Schulze et. al. [15] in which multiplicative noise is
reduced while preserving the edge contours by employing sliding windows around the central pixel
and selecting the pixel that has the minimum amount of coefficient of variation (MCV) and variance
(MLV) in terms of intensity within its surrounding window to be low-pass filtered. By this approach,
the varying contours, edge lines, and textures are preserved while multiplicative noise is reduced.

In this paper, an extended version of MCV and MLV filters are proposed by modifying its value,
criterion, and selection functions to be better than MCV and MLV filters in terms of robustness in noise
reduction and edge preservation.

This paper has five sections. There is an introduction with a literature review related to this
proposed method in the first section above. Explanations and details of the suggested technique are
placed in the second chapter. There are validations of experimental results using statistical metrics and
discussion in the third section. Availability of the study is demonstrated in the fourth section. In the
last summary section, future work is presented and the contributions are summarized.
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2. Methods

In the literature, MCV and MLV filters are well-known filters, which eliminate noises in an image
while preserving edges. All these methods similarly use a certain kernel (mask) size, which represents
the size and shape of the neighborhood to be sampled while computing the corresponding value.
The kernel is a q× q square matrix where q is a small odd number, generally 3, 5, or 7.

2.1. MCV and MLV Filters

The MCV and MLV filters are edge-preserving noise removing filters based on the concepts of
mathematical morphology [16]. They are value-and-criterion filters that are aimed to filter an image
only over regions that are generally homogeneous, have low contrast and contain less amount of
edges or textures [16]. The difference between MCV and MLV filters is that MCV filter uses the
coefficient of variation as the criterion function whereas MLV employs the variance to perform better
on multiplicative noise [16].

The idea is basically sliding windows around each central pixel and finding the sub-window,
which has the minimum criterion function output, and apply the value function (mean value) of
the window belonging to the central pixel [17]. The coefficient of variation over a sliding kernel is
calculated by the ratio of the standard deviation to the mean over the sliding kernel. If the image is
uniform within the kernel, the variation coefficient becomes very low [17].

On the other hand, if the image has high amount of edge and texture within the kernel, both the
coefficient of variation and the standard deviation will return high values [18]. The selection function
of MCV and MLV filters is designed as the minimum so that the filtering operation can completely
be done over the kernel, which has the smallest output of the criterion function [18]. In other words,
the noise smoothing function only acts over these kernels with the smallest coefficient of variation for
MCV filter or the variance for the MLV filter [18].

As the value function, mean value is employed over the regions that have the minimum amount
of criterion function: The coefficient of variation for the MCV and variance for the MLV filters [18].
The filter structure and detailed explanation of filter design are explained in Section 2.2 within the
proposed method.

2.2. Proposed Method: Minimum Index of Dispersion (MID) Filter

The MID filter uses the same morphological structure with MCV and MLV filters to direct low-pass
filtering operation to only execute over regions decided to be most nearly constant by calculating the
index of dispersion as the criterion function. As previously explained in Section 2.1, MCV and MLV
filters employ the coefficient of variation and variance as the criterion function, MID filter employs the
index of dispersion as the criterion function. The index of dispersion is the ratio of the variance of a
random process to its mean and defined as in Equation (1).

D =

⎧⎪⎪⎨⎪⎪⎩ σ2

μ i f μ � 0
0 otherwise

(1)

where σ is the standard deviation and μ is the mean value of given elements of a set. For an image that
is corrupted only by stationary multiplicative noise, the index of dispersion in terms of intensity and
orientation in theory is constant at every point. Estimates of the index of dispersion show whether
a region is nearly constant under the multiplicative noise or it includes important features. Regions
that contain edges or other features generate higher estimates of the index of dispersion in terms of
intensity and orientation than areas that are approximately constant. Value, criterion, and selection
functions are defined as follows:

ω(x) = ϕ
{
f (x); N

}
(2)

γ(x) = δ
{
f (x); N

}
(3)
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ϕ(x) = ω(
{
x′ : x′ ∈ N′x; γ(x′) = β{γ(x); N′}}) (4)

where ω is the value function, γ is the criterion function, and ϕ is the selection function. Additionally,
f (x) denotes the intensity function that gets the intensity values of each pixel in each window that has
N number of elements (pixels) within the window. β is another value function that gets the value of
intensity with the minimum index of dispersion. x′ denotes the pixels within each sub-window around
the central pixel of x and N′ is the number of pixels in each sub-window. This filter structure can be
described as having a set of sub-windows within an overall filter window. The value-and-criterion
filter operation at a point is equivalent to examining each sub-window within the overall window
centered at that point and finding which sub-window has the output of optimal criterion function as
described by the selection function. Then, the value function output over this sub-window becomes
the final filter output for the current point. Value functions are interpreted in Equations (5) and (6)
as follows:

ω(x) =
1
|N|

∑
y ∈ Nx

f (y) (5)

θ(x) =
1
|N|

∑
y ∈ Nx

g(y) (6)

where ω represents the mean value of intensity and θ denotes the mean value of orientation. As the
second metric, in addition to intensity value, normalized gradient orientation values are employed
within their magnitudes defined as in Equation (7).

g(x) = arctan
(

Gy

Gx

)
×

√
Gy2 + Gx2 (7)

where Gy is the vertical gradient vector’s normalized magnitude and Gx is the horizontal one. A 3× 3
Sobel operator is employed to find the gradient vectors for each pixel of the input image. The regions
that have a chaotic distribution of orientations are also defined as noise since regular patterns of
orientation distributions land on the regions without noise. Therefore, orientation dispersion is also
employed as the second metric in the proposed filter. Less dispersion in the orientation will have more
impact on the intensity distribution. Thus, the criterion function is re-modeled as follows:

γ(x) =
1
|N|

∑
y ∈ Nx [ f (y) − ω(x)]2

ω(x)
×

⎛⎜⎜⎜⎜⎜⎜⎝1−
1
|N|

∑
y ∈ Nx [g(y) − θ(x)]2

θ(x)

⎞⎟⎟⎟⎟⎟⎟⎠ (8)

Elimination of multiplicative noise from images is commonly more difficult than additive noise
since the noise intensity varies with the signal intensity. In order to avoid this, selection function is
re-modeled by adding an alpha parameter, which adds a low-pass value to the output of selection
function. Alpha is a normalized parameter and it transforms the filter into a fully mean filter when it is
set to 1. The proposed selection function is defined as follows:

∀(x) = ω( {
x′ : x′ ∈ N′x; γ(x′) = min[ γ(y); y ∈ N′x ]

}
) (9)

MID
{
f (x); N

}
= ∀(x) × (1− α) +ω(x) × α (10)

The sample mean is accepted as the value function for the MID filter. Thus, the MID filter uses the
sample mean for a value function, the index of dispersion as a criterion function, and the minimum as
a selection function. This value-and-criterion filter is particularly designed to remove multiplicative
noise. Theoretically, index of dispersion in the images corrupted by noises is minimum in structuring
elements where there is the constant signal. The MID filter in images both preserves sharp edges
between flat areas and enhances the edges, which are not perfect step edges.
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This study especially indicates a structural design of a special filter, which is the extended version
of MCV, and MLV architectures. This filtering method is an edge-preserving noise reduction technique
designed for reducing multiplicative noise by using the structure of the value-and-criterion filter.
The theoretical mechanism of this method stands on the well-known fundamentals of geometrical
properties. The advantage of this method is that it successfully preserves edges in the regions corrupted
by the multiplicative noise and enhances them while preserving the morphological structures of
the image.

3. Experimental Results and Analysis

Mainly, all of the experiments have been performed on the Computational and Subjective Image
Quality (CSIQ) benchmark dataset [19] by using a normal computer. MID filtering is implemented
using Processing in Java and testing is performed in the MATLAB environment.

3.1. CSIQ Image Quality Database Specifications

The CSIQ database is a popular image quality-benchmark test set in order to evaluate algorithms.
The database includes 30 original images at the resolution of 512×512 pixels. The set is distorted
using one of six distortions with four to five different distortion levels. CSIQ images have been tested
based on linear image displacements on four calibrated LCD screens placed side by side with equal
viewing distance. This database contains 5000 subjective evaluations from 35 different observers and
the assessment are presented in the form of difference mean opinion scores (DMOS) in which a larger
one indicates greater visual impairments compared to the corresponding reference image.

3.2. Performance Measurement Criterions

De-noising a picture requires a successful method providing that edges are to be preserved.
In order to evaluate the performances of the methods, some quality metrics are preferred. Evaluation
of de-noising quality is performed five fundamental metrics. These are mean squared error (MSE),
peak signal-to-noise ratio (PSNR), the structural similarity index (SSIM), contrast, and standard
deviation [20]. Additionally, F Score, which is an original hybrid metric for comparison, is proposed in
this study by using the combinations of the basic measurements.

3.2.1. Mean Squared Error (MSE) and Peak Signal-to-Noise Ratio (PSNR)

Both MSE and PSNR are used to evaluate the performance for image manipulation algorithms.
They are similar to each other and derived from signal processing. Implementation and calculation are
straightforward, but the results are not always considered reliable as they show aspects in various
situations. Nevertheless, they have a great role in the performance evaluation domain.

The MSE between the two signals is described as seen in Equation (11).

MSE =
1

N ×M

N−1∑
i=0

M−1∑
j=0

[X(i, j) − Y(i, j)]2 (11)

where X and Y are two arrays of size N ×M. The closer Y is to X, the smaller MSE will be. When the
MSE is equal to zero, apparently, the maximum similarity is achieved.

The PSNR (in dB) accordingly is defined as follows:

PSNR = 10 log10
L2

MSE
(12)

In Equation (12) above, L is the maximum fluctuation in the data type of the input image.
For instance, if the input image has a double-precision floating-point data type, then L is defined as 1.
Similarly, if the input image has an 8-bit unsigned integer data type, L is defined as 255. Logarithm
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transforms the ratio into a decibel (dB) scale, which is a common scale operation in signal processing.
PSNR in decibels units calculates the PSNR between original and filtered images. The lower the PSNR
value, the worse the quality of de-noised image. MSE and PSNR are the two-error measurement
metrics used to compare the image de-noising quality.

MSE shows the cumulative squared error between filtered and original images. PSNR displays
the measure of the peak error. In a little while, the higher the MSE value, the higher the error. If there
are two identical images (in the absence of artificial noise), the MSE value becomes 0 and the PSNR
value becomes infinite [21].

3.2.2. The Structural Similarity Index Measurement (SSIM)

The SSIM measurement is a common and well-known quality criterion to determine the similarity
between two images. The SSIM index gives a similarity percentage in the interval of [0, 1].

This measurement style compares two images in the same size, the de-noised picture, and the
original picture. The original picture is assumed as it has perfect quality. The de-noised one is for test
and the original is for verification. SSIM index is defined as follows:

SSIM(x, y) =

(
2μxμy + C1

)(
2σxy + C2

)
(
μx + μy + C1

)(
σx + σy + C2

) (13)

where x and y are the two different images with μx and μy mean values of intensity and standard
deviations of σx and σy with contrast values C1 and C2 for the two images separately. When comparing
two images, MSE does not indicate highly perceived similarity while implementation is simple.
Structural similarity is aimed at addressing this hardship.

3.2.3. Contrast

Contrast of an image might be simply explained as the difference between the minimum and
maximum pixel intensity. Shortly, it is the difference in color or luminance for a group of objects. In this
project, edge-based contrast measure (EBCM) for image quality evaluation is selected as a performance
metric [22]. This metric is based on the fact that an enhanced image normally has more edge pixels
than the original image. The EBCM metric calculates the intensity of edge pixels in small windows of
the image.

3.2.4. Standard Deviation

The standard deviation of the pixel intensity values is used to quantify the amount of variation or
dispersion of a grayscale image. It is calculated by Equation (14).

σ =

√√√√
1

N ×M

N−1∑
i=0

M−1∑
j=0

(
xij − μ

)2
(14)

where σ is the standard deviation of matrix elements. N and M are the vertical and horizontal sizes of
the image. xij is the pixel of the ith line and jth column. μ is the arithmetic mean. A low standard
deviation value displays that the pixels tend to be close to the mean of the image, while a high value
shows that the pixels are spread out over a wider range of values.

3.2.5. A Hybrid Assessment Metric: F Score

Handling each of the metrics separately in image quality assessment might be difficult. A hybrid
approach is proposed to evaluate each of the filter methods as shown in Equation (15).

F Score = 100× PSNR× SSIM×Contrast
Std.Dev×MSE

(15)
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An optimal edge-preserving and noise-reducing filter should increase the PSNR, SSIM, and contrast
values while reducing the standard deviation and MSE values. Therefore, a compact formula of F
is generated in order to benchmark the filters. Higher values of PSNR, SSIM, and Contrast values
indicate that there is a successful smoothing operation.

In contrast, higher values of standard deviation and MSE shows poor smoothing results. In other
words, PSNR, SSIM, and contrast have a positive effect on image quality, whereas the others have a
negative impact.

In the experiments, F scores result in very tiny values, even very close to zero. Hence, the F score
results are multiplied by a constant value of 100 so as to optimize the outputs. A regularly higher F
score rate indicates the successful filtering performance.

3.3. Comparison Steps of Experimental Outputs

In the experimental, the overall procedural steps are illustrated in Figure 1.

Original 

images 

De-noised 

images 

Filters 

(MCV, MLV, MID) 

Comparison 

(SSIM, MSE, PSNR, 

Contrast, Std.Dev., F Score) 

Figure 1. Procedural steps for overall comparisons.

Firstly, the original images are synthetically noised with the multiplicative noise option, using
Equation (16) for an image I.

J = I + n× I (16)

where n is evenly distributed random noise with mean 0 and variance v. The default value for v is set
to 0.04. Then, each of the filtering methods (MCV, MLV, and MID) is employed to de-noise the noised
images. In other words, the noised images are filtered by the 3 filtering methods in order to clean the
noises. Each method produces individual outputs. Lastly, the outputs are compared with the original
images using the metrics of PSNR, MSE, SSIM, contrast, standard deviation, and F score.

As the experimental setup, artificial multiplicative noise is added to the 30 CSIQ images in order
to quantify the performance of filters in terms of robustness to noise and edge preservation. Filtered
images are compared with the original images with respect to five main metrics: PSNR, SSIM, MSE,
standard deviation, and contrast. Table 1 illustrates an original image and a multiplicative noise
added image.

In Table 1, the first image is the original gray-scale form of the CSIQ “1600.png” image, which
has a contrast value of 74.19 and standard deviation of 66.21. The second one is the multiplicative
noise-added gray-scale form of the CSIQ “1600.png” image, which has a contrast value of 67.25
and standard deviation of 75.83. After adding noise, standard deviation is increased and contrast is
decreased since the noise factor increases the deviation from the mean while it wipes out the edges,
which lowers the contrast accordingly.
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Table 1. Original and artificially noised “1600.png” image (the v variance parameter for multiplicative
noise is set to 0.04).

Original Picture Noisy Picture

  
Std.Dev.: 66.21
Contrast: 74.19

Std.Dev.: 75.83
Contrast: 67.25

3.4. Numerical Outputs and Discussion

As the experimental setup, pictures are compared with the original gray-scale pictures so that
selected metrics can be examined. For this purpose, pictures filtered out by MCV, MLV, and MID filters
are compared with respect to selected six metrics: PSNR, MSE, SSIM, standard deviation, contrast,
and F Score. In the performance assessments, it is observed that PSNR and SSIM values increase while
MSE decreases. Standard deviation decreases if the amount of noise is decreased. Also, the contrast is
increased if the edge contours are enhanced. F Score demonstrates the overall success rate. Table 2
demonstrates a set of sample experimental results for the selected gray-scale form of the “1600.png”
image as follows.

Table 2. Sample experimental results for a gray-scale picture taken from filters with 5 × 5 kernel size.

MCV Filter

 
PSNR: 14.16
MSE: 527.36
SSIM: 0.54

Contrast: 65.51
Std.Dev.: 62.58
F Score: 1.45

MLV Filter

 
PSNR: 14.24
MSE: 487.06
SSIM: 0.55

Contrast: 63.36
Std.Dev.: 64.89
F Score: 1.55

MID Filter (α = 0.00)

 
PSNR: 14.56
MSE: 466.09
SSIM: 0.56

Contrast: 64.48
Std.Dev.: 63.89
F Score: 1.74

According to the experimental outputs shown in Table 2, the highest F Score is obtained in the
MID Filter with the parameter (alpha = 0.0) when the comparison is performed among all filters.
It indicates that the highest amount of noise reduction occurs with the MID Filter.

Figure 2 demonstrates the MSE, PSNR, SSIM, contrast, standard deviation, and F score bar charts
of each filter as follows:
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Figure 2. Average peak signal-to-noise ratio (PSNR) rates in decibel (dB) (a), average mean squared
error (MSE) values (b), average structural similarity index (SSIM) rates (c), average contrast values
(d), average standard deviations (e), and average F scores (f) for the gray-scale computational and
subjective image quality (CSIQ) dataset.
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According to Figure 2, when MCV, MLV, and MID filters are compared in terms of PSNR, MSE,
and SSIM, MID filter leads in the group. It has the highest rate of SSIM, and the lowest amount of MSE
and the highest rate of PSNR.

Furthermore, the success rate of MID filter will increase when the alpha parameter is increased.
However, too much increment in alpha will ruin the structural similarity and reduce the contrast;
therefore, the optimal value of the alpha should be determined which will balance the ratio between
SSIM and contrast. According to experimental tests, optimal alpha value, which yields the best results,
is discovered as 0.30.

Observations through experiments are performed with respect to six metrics: PSNR, MSE, SSIM,
Standard Deviation, Contrast, and F Score. The most determinant metrics appear as PSNR and SSIM,
which indicates the percentage of noise reduction and similarity with the original pictures. Table 3
indicates the overall results with alternative values of alpha.

Table 3. Total average results of filtering experiments when the kernel size is set to 5.

PSNR MSE SSIM Std. Dev. Contrast F Score

MCV 15.44 437.0 0.635 56.81 84.4 5.42
MLV 15.16 512.6 0.609 55.71 91.6 5.67
MID (α = 0.0) 15.79 424.6 0.644 56.60 88.0 6.21
MID (α = 0.1) 16.00 401.5 0.655 56.12 87.3 6.78
MID (α = 0.2) 16.23 381.7 0.664 55.72 87.2 7.42
MID (α = 0.3) 16.42 365.7 0.672 55.34 87.0 8.00
MID (α = 0.4) 16.57 353.4 0.678 55.00 86.9 8.53
MID (α = 0.5) 16.70 344.5 0.682 54.70 86.9 8.99
MID (α = 0.6) 16.75 339.9 0.683 54.40 86.6 9.22
MID (α = 0.7) 16.75 338.9 0.681 54.14 86.4 9.30
MID (α = 0.8) 16.72 341.4 0.677 53.94 86.3 9.23
MID (α = 0.9) 16.62 347.8 0.671 53.75 86.2 8.97
MID (α = 1.0) 16.52 356.6 0.661 53.63 86.5 8.68

In Table 3, the average PSNR value with MID filter is obtained as 16.42 while MCV and MLV
filters attain 15.16 and 15.44, respectively. This proves that the MID filter is superior to the MCV and
MLV filters in terms of robustness to noise and the SSIM value is calculated as 0.672 while the MCV and
MLV filters reach 0.609 and 0.635, respectively. This also proves that the MID filter is better than the
MCV and MLV filters in terms of similarity with the original pictures, which means MID filter cleans
the noise while preserving the structural similarity with the original pictures. Mean squared error
(MSE) is also observed as lower than the MCV and MLV filters where the MSE of MCV is observed
as 512.6 and MSE of MLV is observed as 437.0, which is much higher than the MSE of the MID filter
obtained as 365.7 through the experiments. This also proves that the MID filter’s outputs are much
more similar to the original pictures and cleans the noise better than the MCV and MLV filters. As an
overall evaluation, the MID filter is better than the MCV and MLV filters in terms of robustness to
noise while preserving the edges.

Additionally, the rows of Table 4 contain some cropped sections from original and filtered images
of CSIQ “1600.png”, “family.png”, “turtle.png”, and “trolley.png”, respectively. These gray-scale
pictures are from the original picture, MCV, MLV, and MID filters using a kernel size of 5×5 matrix.
Table 4 demonstrates the visual performances of filters on edge preservation.

According to Table 4, in the first image in the first row, there are iron fences behind the people.
The fence is a good representation (sample) of edges. As it is seen, the fence in MCV is thinner than
in MLV. Edge contours of the fence are not well preserved by both MCV and MLV filters, whereby
MCV makes edges thinner and MLV makes thicker than normal. Furthermore, in the first and second
images in the first and second rows, the heads of people in MCV almost disappear since the mean
method shrinks the edges. On the other hand, the heads of people in MLV are oversized since the
method expands the edges [23]. However, the heads of people in the MID filtered image looks neither
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oversized nor shrunken since the proposed method employs orientation information that optimizes
the size of contours. In the third row, the head of the turtle loses its texture when MCV is applied,
and contours become thicker when MLV is applied. However, both edge contours and textures become
normal when the MID filter is applied. Additionally, in the fourth row, humans on the trolley almost
disappear when MCV is applied and contours become extremely thicker when MLV is applied. On the
other hand, both contours and texture look normal when the MID filter is executed.

Table 4. Some small cropped image sections from the outputs of filters.

Original Section MCV MLV MID

    

1600.png PSNR: 10.60
SSIM: 0.570

PSNR: 10.65
SSIM: 0.638

PSNR: 11.49
SSIM: 0.630

    

family.png PSNR: 9.44
SSIM: 0.430

PSNR: 11.29
SSIM: 0.600

PSNR: 11.82
SSIM: 0.617

    

turtle.png PSNR: 11.37
SSIM: 0.531

PSNR: 13.03
SSIM: 0.640

PSNR: 13.82
SSIM: 0.670

    

trolley.png PSNR: 10.78
SSIM: 0.507

PSNR: 11.37
SSIM: 0.582

PSNR: 12.24
SSIM: 0.605
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As it is widely accepted, preserving edges is a great issue in noise reduction operations. The primary
orientation of this study stands on two main principles, edge preservation and noise reduction.
Measuring the quality of edge preservation might be performed by the SSIM index. The performance
of noise-cleaning might be also assessed by the F score.

As it is seen in the experimental results above, the MID filter gives better results than the MCV
and MLV filters starting from when the alpha is set to 0.30 according to SSIM index. Since the SSIM
index indicates structural similarity of objects in the pictures, it also gives a sign about the rate of edge
preservation. The more alpha is increased, the more the filter behaves like a mean filter, which ruins
the edge preservation. Therefore, a minimum optimal value of alpha is necessary to get better results
in terms of both edge preservation and noise reduction. For this reason, 0.30 might be determined as
the optimum value of alpha. Even though the highest SSIM is gained when the alpha is set to 0.70,
the edges partly disappear since MID behaves like a mean filter. As the main purpose of the study is to
protect edges from deformations, the alpha parameter should be lessened as much as possible.

As a result, the shape of the objects changes with respect to type of filters. While MCV filters ruin
the object boundaries, the MLV filter over-blurs the edge contours, which results in thick borderlines
of the objects. However, the MID filter preserves the original contours of objects since the MID filter
employs orientation information as the criterion function. This is the most prominent contribution of
this study. This improvement can be recognized with the SSIM metric, which indicates the structural
similarity of objects within the image pairs. Additionally, F score is presented as a novel comparison
metric, which separates the filters in terms of edge preservation and robustness to noise.

4. Availability

This presented MID filtering model has been implemented in the Java Processing and tested
in MATLAB platforms. For examinations, further studies, and citations, all of the written original
codes, benchmark datasets, test images, outputs, and total experimental results including SSIM, MSE,
PSNR, contrast, standard deviations, and F scores for all cases can be publicly reachable at the website:
https://sites.google.com/site/bulutfaruk/study-of-mid-filtering.

5. Conclusions

In this paper, an extended version of MCV (minimum coefficient of variation) and MLV (mean least
variance) filters are proposed. The proposed approach is the MID (minimum index of dispersion) filter,
which employs orientation information of pixels in order to support value-criterion structure of the
MCV and MLV filters. The dispersion of orientations is employed as the criterion function, which yields
better results against multiplicative noise. Moreover, the value function is modified by adding an alpha
parameter, which acts as low-pass filtering by the amount of alpha. Experimental results show that the
proposed approach produces better results than MCV and MLV filters against multiplicative noise
and eliminates the weaknesses of MCV and MLV filters. As the metric for measuring the robustness
to noise, SSIM (structural similarity index), MSE (mean squared error), PSNR (peak signal-to-noise
ratio), standard deviation, and contrast values are employed. Additionally, F Score, a hybrid metric
that is the combination of five metrics is introduced in order to compare the filters. Benchmarking
study indicates the MID filter is superior to the MCV and MLV filters. By the increment of the alpha
parameter, the noise is blurred but the contrast is decreased, which acts by blurring the edges as well.
Therefore, a balanced alpha parameter value is necessary, which will enhance the edges and at the same
time blur the multiplicative noise. As the optimal value of the alpha parameter, 0.30 is determined
according to experimental tests. This study might be an innovative guide for those who are interested
in MCV and MLV filters and able to output different studies on the topic in the future.
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Abstract: In this paper, an altered adaptive algorithm on block-compressive sensing (BCS) is developed
by using saliency and error analysis. A phenomenon has been observed that the performance of BCS
can be improved by means of rational block and uneven sampling ratio as well as adopting error
analysis in the process of reconstruction. The weighted mean information entropy is adopted as the
basis for partitioning of BCS which results in a flexible block group. Furthermore, the synthetic feature
(SF) based on local saliency and variance is introduced to step-less adaptive sampling that works
well in distinguishing and sampling between smooth blocks and detail blocks. The error analysis
method is used to estimate the optimal number of iterations in sparse reconstruction. Based on the
above points, an altered adaptive block-compressive sensing algorithm with flexible partitioning
and error analysis is proposed in the article. On the one hand, it provides a feasible solution for the
partitioning and sampling of an image, on the other hand, it also changes the iteration stop condition
of reconstruction, and then improves the quality of the reconstructed image. The experimental results
verify the effectiveness of the proposed algorithm and illustrate a good improvement in the indexes
of the Peak Signal to Noise Ratio (PSNR), Structural Similarity (SSIM), Gradient Magnitude Similarity
Deviation (GMSD), and Block Effect Index (BEI).

Keywords: block-compressive sensing (BCS); saliency; error analysis; flexible partitioning; step-less
adaptive sampling

1. Introduction

The traditional Nyquist sampling theorem states that the sampling frequency of a signal must be
more than twice its highest frequency to ensure that the original signal is completely reconstructed
from the sampled value, while the compressive sensing (CS) theory breaks through the traditional
limitation of the Nyquist sampling theorem in signal acquisition and can achieve reconstructing a
high-dimensional sparse signal or compressible signal from the lower-dimensional measurement [1].
As an alternative to the Nyquist sampling theorem, CS theory is being widely studied, especially in the
current image processing. The research of CS theory mainly focuses on several important aspects such
as sparse representation, measurement matrix construction, and the reconstruction algorithm [2,3]. The
main research hotspot of sparse representation is how to construct a sparse dictionary of the orthogonal
system and an over-complete dictionary for suboptimal approximation [4,5]. The construction of the
measurement matrix mainly includes the universal random measurement matrix and the improved
deterministic measurement matrix [6]. The research of the reconstruction algorithm mainly focuses
on the suboptimal solution problem and a training algorithm based on self-learning [7,8]. With the
advancement of research and application about CS theory, especially in 2D or 3D image processing,
the CS technology faces several challenges, including computational dimensional disaster and the
spatial storage problem with the increase of the images geometric scale. To solve these challenges, the
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researchers proposed many fast-compressive sensing algorithms to solve the computation cost and the
block-compressive sensing (BCS) algorithm to solve the space storage problem [9–12]. This article is
based on the analysis of the above two points.

The CS recovery algorithm of images can mainly be divided into convex optimization recovery
algorithms, non-convex recovery algorithms, and hybrid algorithms. The convex optimization
algorithms include basis pursuit (BP), greedy basis pursuit (GBP), iterative hard threshold (IHT), etc.
Non-convex algorithms include orthogonal matching pursuit (OMP), subspace matching basis pursuit
(SP), and iteratively reweighted least square (IRLS), etc. The hybrid algorithms include sparse Fourier
description (SF), chain pursuit (CP), and heavy hitters on steroids pursuit (HHSP) and other mixed
algorithms [13–15]. The convex optimization algorithms based on l1 minimization have benefits on the
reconstruction effect, but with large computational complexity and high time complexity. Compared
with convex optimization algorithms, the non-convex algorithms, such as the greedy pursuit algorithm,
operate quickly, with a slightly poor accuracy based on l0 minimization, and can also meet the general
requirements of practical applications. In addition, the iterative threshold method has also been widely
used in both of them with excellent performance. However, the iterative threshold method is sensitive
to the selection of the threshold and the initial value of the iteration that affects the efficiency and
accuracy of the algorithm [16,17]. The selection of thresholds in this process often uses simple error
values (including absolute or relative values) or quantitative iterations as stopping criterion of the
algorithm, which does not guarantee algorithm optimization [18,19].

The focus of this paper is on three aspects, namely, the block partitioning under weighted
information entropy, the adaptive sampling based on synthetic features, and the iterative reconstruction
through error analysis. The mean information entropy (MIE) and texture saliency (TS) are introduced
in the block partitioning to provide a basis for promoting the algorithm. This part of adaptive sampling
mainly improves the overall image quality through designing the block sampling rate by means of
variance and local saliency (LS). The iterative reconstruction part mainly uses the relationship of three
errors to provide the number of iterations required for the best reconstructed image in different noise
backgrounds. Based on the above points, this paper proposes an altered adaptive block-compression
sensing algorithm with flexible partitioning and error analysis, which is called FE-ABCS.

The remainder of this paper is organized as follows. In Section 2, we focus on the preliminaries
of BCS. Section 3 includes the problem formulation and important factors. Then, the structure of the
proposed FE-ABCS algorithm is presented in Section 4. In Section 5, the experiments and results
analysis are listed to show the benefit of the FE-ABCS. The paper concludes with Section 6.

2. Preliminaries

2.1. Compressive Sensing

The algorithm theory of compressive sensing is derived from the sparse characteristic of natural
signals that can be sparsely represented under a certain sparse transform basis, enabling direct sampling
of sparse signals (sampling and compressing simultaneously). Set the sparse representation s of an
original digital signal x which can be obtained by the transformation of sparse basis Ψ with K sparse
coefficients and the signal x is observed by a measurement matrix Φ, then the observation signal y can
be expressed as:

y = Φx = ΦΨs = Ωs (1)

where, x ∈ RN, s ∈ RN, and y ∈ RM. Consequently, Ω ∈ RM×N is the product of the matrix Φ ∈ RM×N

and Ψ ∈ RN×N, named the sensing matrix, and the value of M is much less than N because of the
compressive sensing theory.

The reconstruction process is an NP-hard problem which restores the N-dimensional original signal
from the M-dimensional measurement value through nonlinear projection and cannot be solved directly.
Candès et al. pointed out that, the number M must meet the condition M = O(K log(N)) in order to
reconstruct the N-dimensional signal x accurately, and the sensing matrix Ω must satisfy the Restricted
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Isometry Property (RIP) [20]. Furthermore, the former theories proved that the original signal x can be
accurately reconstructed from the measured value y by solving the l0 norm optimization problem:

x̂ = Ψŝ, ŝ = arg min‖s‖0 s.t. y = Φx = ΦΨs (2)

In the above formula, ‖ ∗ ‖0 is the l0 norm of a vector, which represents the number of non-zero
elements in the vector.

With the wide application of CS technology, especially for 2D/3D image signal processing, it
inevitably leads to a dimensional computing disaster problem (because the amount of calculation
increases with the square/cube of dimensions), which is not directly overcome by CS technology itself.
Here, it is necessary to introduce block partitioning and parallel processing to improve the algorithm,
that is, the BCS algorithm improves its universality.

2.2. Block-Compressive Sensing (BCS)

The traditional method of BCS used in image signal processing is to segment the image and
process the sub-images in parallel for reducing the cost of storage and calculation. Suppose the original
image (IW × IH) with N = W ×H pixels in total, the observation with M-dimension and the definition of
total sampling rate (TSR =M/N), in the normal processing of BCS, the image is divided into small blocks
with a size of B× B, each of which is sampled with the same operator. Let xi represent the vectorized
signal of the i-th block through raster scanning, and the output vector yi of BCS measurement can be
written as:

yi = ΦBxi (3)

where, ΦB is an m × n matrix with n = B2 and m = 
n·TSR�. The matrix ΦB is usually taken as an
orthonormalized i.i.d Gaussian matrix. For the whole image, the equivalent sampling operator Φ in (1)
is thus a block diagonal matrix taking the following form:

Φ =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
ΦB · · · 0

...
. . .

...
0 · · · ΦB

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ (4)

2.3. Problems of BCS

The mentioned BCS algorithm for solving the storage space, dividing image into multiple
sub-images, reduces the scale of the measurement matrix on the one hand, and on the other hand
could be conducive to the parallel processing of the sub-images. However, BCS still has the following
problems that need to be investigated and solved:

• Most existing research papers of BCS do not perform useful analysis on image partitioning and
then segment according to the analysis result [21,22]. The common partitioning method (n = B × B)
of BCS only considers reducing the computational complexity and storage space problem without
considering the integrity of the algorithm and other potential effects, such as providing a better
foundation for subsequent sampling and reconstructing by combining the structural features and
the information entropy of the image.

• The basic sampling method used in BCS is to sample each sub-block uniformly according to the
total sampling rate (TSR), while the adaptive sampling method selects different sampling rates
according to the sampling feature of each sub-block [23]. Specifically, the detail block allocates a
larger sampling rate, and the smooth block matches a smaller sampling rate, thereby improving
the overall quality of the reconstructed image at the same TSR. But the crux is that the studies of
criteria (feature) used to assign adaptive sampling rates are rarely seen in recent articles.
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• Although there are many studies on the improvement of the BCS iterative construction
algorithm [24], few articles focus on optimizing the performance of the algorithm from the aspect
of iteration stop criterion in the image reconstruction process, especially in the noise background.

In addition, the improvement on BCS also includes blockiness elimination and engineering
implementation of the algorithm. Finally, although BCS technology still has some aspects to be solved,
due to its advantages, the technology has been widely applied to optical/remote sensing imaging,
medical imaging, wireless sensor networks, and so on [25].

3. Problem Formulation and Important Factors

3.1. Flexible Partitioning by Mean Information Entropy (MIE) and Texture Structure (TS)

Reasonable block partitioning reduces the information entropy (IE) of each sub-block to improve
the performance of the BCS algorithm at the same total sampling rate (TSR), and ultimately improves
the quality of the entire reconstructed image. In our paper, we adopt flexible partitioning with image
sub-block shape n = row× column = l× h to remove the blindness of image partitioning with the help
of texture structure (TS) and mean information entropy (MIE) instead of the primary shape n = B× B.
The expression of TS is based on the gray-tone spatial-dependence matrices and the angular second
moment (ASM) [26,27]. The value of TS is defined as follows using ASM:

gTS =
255∑
i=0

255∑
j=0

{
p(i, j, d, a)

}2

p(i, j, d, a) = P(i, j, d, a)/R
(5)

where, P(i, j, d, a) is the (i,j)-th entry in a gray-tone spatial-dependence matrix, p(i, j, d, a) is the
normalized form of P(i, j, d, a), (i, j, d, a) is the neighboring pixel pair with distance d, orientation a,
and gray value (i, j) in the image, and R denotes the number of neighboring resolution cell pairs. The
definition of MIE of the whole image is as follows:

gMIE =
1

N/n

N/n∑
i=1

(−
255∑
j=0

ei, j log2 ei, j) =
1

T1

T1∑
i=1

(−
255∑
j=0

ei, j log2 ei, j) (6)

where, ei, j is the proportion of pixels with gray value j in the i-th sub-image, and T1 is the number of
sub-images.

Suppose the flexible partitioning of BCS is reasonable, increasing the similarity between pixels
in each sub-block and reducing the MIE of the whole image sub-blocks will inevitably bring about a
decrease in the difficulty of image sampling and recovery, which means that the flexible partitioning
itself is a process of reducing order and rank. Figure 1 shows the effect on the MIE of four 256 ×
256-pixel-testing gray images with 256 gray levels by different partitioning methods when the number
of pixels per sub-image is limited to 256. The abscissa represents different 2-base partitioning modes,
the ordinate represents the MIE of the whole image in different partitioning modes. Figure 1 indicates
that images with different structures reach minimum MIE on different partitioning points which will
be used in flexible partitioning to provide a basis for block segmentation.
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Figure 1. Effect of different partitioning methods on mean information entropy (MIE) of images (the
abscissa represents flexible partitioning with shape n = l× h = 2i−1 × 29−i = 256).

Furthermore, the MIE guiding the partitioning of the image only considers the pixel level of the
image, i.e., gray scale distribution, without considering the image optimization of the spatial level,
i.e., texture structure. In fact, TS information is also very important for image restoration algorithms.
Therefore, this paper uses the method of gMIE combined with gTS to provide the basis for flexible
partitioning, that is, weighted MIE (WM) which is defined as follows:

gFB = cTS × gMIE = f (gTS) × gMIE (7)

where, cTS is the weighting coefficient, f (∗) is the weighting coefficient function, and its value is related
to the TS information gTS.

3.2. Adaptive Sampling with Variance and Local Salient Factor

The feature selection for distinguishing the detail block and the smooth block is very important
on the process of adaptive sampling. Information entropy, variance, and local standard deviation are
often used as criteria for features, respectively. The shortcomings are found in using the above features
individually as criteria for adaptive sampling, such as information entropy only reflects the probability
of gray distribution, the variance is also only related to the degree of dispersion of the pixels, and the
local standard deviation only focuses on the spatial distribution of the pixels. Secondly, the adaptive
sampling rate is mostly set using segment adaptive sampling instead of step-less adaptive sampling
in the previous literature [28], which leads to the discontinuity of sampling rate and the inadequacy
utilization of the distinguishing feature.

In order to overcome the shortcomings of individual features, this paper uses the synthetic feature
to distinguish between smooth blocks and detail blocks. The synthetic feature for adaptive sampling is
defined as:

J(xi) = L(xi)
λ1 ×D(xi)

λ2 (8)

where, D(xi) and L(xi) denote the variance and local salient factor in the i-th sub-image, and λ1 and λ2

are the corresponding weighting coefficients. The expressions of variance and local salient factor for
the sub-block are as follows:

D(xi) =
1
n

n∑
j=1

(xij − μi)
2

L(xi) =
1
n

n∑
j=1

q∑
k=1

∣∣∣∣∣xk
ij
−xij

∣∣∣∣∣
xij

(9)

269



Electronics 2019, 8, 753

where, xij is the gray value of the j-th pixel in the i-th sub-image, μi is the gray mean of the i-th sub-block
image, xk

ij is the gray value of the k-th pixel in the salient operator domain around the center pixel xij,
and q represents the number of pixels in the salient operator domain. The synthetic feature J(xi) can
not only reflect the degree of dispersion and relative difference of sub-image pixels, but also combines
the relationship between sensory amount and physical quantity of Weber’s Law [29].

In order to avoid the disadvantage of segmented adaptive sampling, step-less adaptive sampling
is adopted in this literature [30–32]. The key point of step-less adaptive sampling is how to select
a continuous sampling rate accurately based on the synthetic feature. The selection of continuous
sampling rates is achieved by setting the sampling rate factor (ηSR) based on the relationship between
the sensory amount and the physical quantity in Weber’s Law. The sampling rate factor (ηSR) and the
step-less adaptive sampling rate (cSR) are defined as follows:

ηSR(xi) =
log2 J(xi)

1
T1

T1∑
j=1

log2 J(xj)

(10)

cSR(xi) = ηSR(xi) × TSR (11)

where, TSR is the total sampling rate of the whole image.

3.3. Error Estimation and Iterative Stop Criterion in Reconstruction Process

The goal of the reconstruction process is to provide a good representative of the original signal:

x∗ =
[
x∗1, x∗2, · · · , x∗N

]T
, x∗ ∈ RN. (12)

Given the noisy observed output (ỹ) and finite-length sparsity (K), the performance of
reconstruction is usually measured by the similarity or the error function between x∗ and x. In
addition, the reconstruction method, whether it is a convex optimization algorithm or a non-convex
optimization algorithm, needs to solve the NP-hard problem by linear programming (LP), wherein
the number of the correlation vectors is crucial. Therefore, the error estimation and the selection of
the number of correlation vectors are two important factors of reconstruction. Especially in some
non-convex optimization restoration algorithms, such as the OMP algorithm, the selection of the
number of correlation vectors is linearly related to the number (v) of iterations of the algorithm. So, the
two points (error estimation and optimal iteration) need to be discussed below.

3.3.1. Reconstruction Error Estimation in Noisy Background

In the second section, Equation (1) was used to describe the relationship model between the
original signal and the noiseless observed signal, but the actual observation is always in the noise
background, so the observed signal in this noisy environment is as shown in the following equation:

ỹ = Φx + w = ΦΨs + w = Ωs + w (13)

where, ỹ is the observed output in the noisy environment, and w is an additive white Gaussian noise
(AWGN) with zero-mean and standard deviation σw. The M-dimension AWGN w is independent of
the signal x. Here, we discuss the reconstruction error in two steps, the first step confirms the entire
reconstruction model, and the second step derives the relevant reconstruction error.

Since the original signal (x) itself is not sparse, it is K-sparse under sparse basis (Ψ), so we have:

s = Ψ−1x, s = [s1, s2, · · · , sk, · · · , sN]
T (14)
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where, [s1, s2, · · · , sk, · · · , sN]
T is a vector of length N which only has K non-zero elements, i.e., the

remaining N-K micro elements are zero or much smaller than any of the K non-zero elements. Assuming
that the first K elements of the sparse representation s are just non-zero elements without loss of
generality, we can have:

s =
[

sK

sN−K

]
(15)

where, sK is a K dimensional vector and sN−K is a vector of length N-K. The actual observed signal
obtained by Equations (13) and (15) can be described as follows:

ỹ = y + w = Ωs + w =
[

ΩK ΩN−K
][ sK

sN−K

]
+ w = ΩKsK + ΩN−KsN−K + w (16)

where, Ω =
[
ω1 · · · ωK ωK+1 · · · ωN

]
is an M × N matrix generated of N vectors with

M-dimension.
In order to estimate the error of the recovery algorithm accurately, we define three error functions

using the l2 norm:

Original data error : ex =
1
N
‖x− x∗‖22 (17)

Observed data error : ey =
1
M
‖y− y∗‖22 (18)

Sparse data error : es =
1
N
‖s− s∗‖22 (19)

where, x∗, y∗, s∗ represent the reconstructed values of x, y, s, respectively. The three reconstructed values
are obtained by maximum likelihood (ML) estimation using l0 minimization. The number of iterations
in the restoration algorithm is v times, that is, the number of correlation vectors. In addition, in the
process of solving s∗ by using pseudo-inverse, which is based on the least-squares algorithm, the value
of v is smaller than M. Using Equations (13) and (15), the expressions of x∗, y∗, s∗ are listed as follows:

s∗ =
[

s∗v
s∗N−v

]
=

[
s∗v

0∗N−v

]
=

[
Ω+

v ỹ
0∗N−v

]
=

[
Ω+

v (Ωvsv + ΩN−vsN−v + w)

0∗N−v

]
=

[
sv + Ω+

v (ΩN−vsN−v + w)

0∗N−v

]
(20)

x∗ = Ψs∗ (21)

y∗ = Ωs∗ (22)

where, Ω+
v is the pseudo inverse of Ωv, and its expression is Ω+

v =
(
ΩT

v Ωv
)−1

ΩT
v .

Using Equations (20–22), the three error functions are rewritten as follows:

ex =
1
N
‖
[
−ΨvΩ+

v (ΩN−vsN−v + w) + ΨN−vsN−v
]
‖2

2
(23)

ey =
1
M
‖
[
−ΩvΩ+

v (ΩN−vsN−v + w) + ΩN−vsN−v
]
‖2

2
(24)

es =
1
N
‖
[ −Ω+

v (ΩN−vsN−v + w)

sN−v

]
‖

2

2
. (25)

According to the definition of Ψ, Ω and the RIP, we know:

es = ex (26)

(1− δK)es ≤ ey ≤ (1 + δK)es (27)
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where, δK ∈ (0, 1) represents a coefficient associated with Ω and K. According to Gershgorin circle
theorem [33], δK = (K − 1)μ(Ω) for all K < μ(Ω)−1, where μ(Ω) denotes the coherency of Ω:

μ(Ω) = max
1≤i< j≤N

∣∣∣∣〈ωi,ω j
〉∣∣∣∣

‖ωi‖2‖ω j‖2
. (28)

Using Equations (26) and (27), the boundaries of the original data error are as follows:

1
(1 + δK)

ey ≤ ex ≤ 1
(1− δK)

ey. (29)

Therefore, from the above analysis, we can conclude that the three errors are consistent, and the
minimizing of the three errors is equivalent. Due to the complexity and reliability of the calculation
(ex-too complicated, es-insufficient dimensions), ey is used as the target in the optimization function of
the recovery algorithm.

3.3.2. Optimal Iterative Recovery of Image in Noisy Background

The optimal iterative recovery of image discussed in this paper refers to the case where the error
function of the image is the smallest, as can be seen from the minimization of ey in the form of l2 norm:

vopt =
{
v
∣∣∣∣ argmin

v
ey

}
(30)

argmin ey = argmin
1
M
‖GvΩN−vsN−v −Cvw‖22 (31){

Gv = I −ΩvΩ+
v

Cv = ΩvΩ+
v

(32)

while Gv is a projection matrix of rank M− v, Cv is a projection matrix of rank v. Since the projection
matrices Gv and Cv in Equation (30) are orthogonal, the inner product of the two vectors GvΩN−vsN−v

and Cvw is zero and therefore:

ey =
1
M
‖Cvw‖22 +

1
M
‖GvΩN−vsN−v‖22 = ew

y + es
y (33)

According to [34], the observed data error ey is a Chi-square random variable with degree of
freedom v, and the expected value and the variance of ey are as follows:

M
σ2

w
ey ∼ χ2

v (34)

E
(
ey

)
=

v
M
σ2

w +
1
M
‖GvΩN−vsN−v‖22 (35)

var
(
ey

)
=

2v
M2

(
σ2

w

)2
(36)

The expected value of ey has two parts. The first part v
Mσ

2
w is the noise-related part, which is a

function that is positively related to the number v. The second part 1
M‖GvΩN−vsN−v‖22 is a function of

the unstable micro element sN−v, which is decreased as the number v increases. Therefore, the observed
data error ey is normally called a bias-variance tradeoff.

Due to the existence of the uncertain part es
y, this results in an impossible-to-seek optimal number

of iterations vopt by solving the minimum value of ey directly. As a result, another bias-variance tradeoff
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e∗y is introduced to provide probabilistic bounds on the es
y by using the noisy output ỹ instead of

noiseless output y:

e∗y =
1
M
‖ỹ− y∗‖22 =

1
M
‖GvΩN−vsN−v + Gvw‖22. (37)

According to [35], the second observed data error e∗y is a Chi-square random variable of order
M− v, and the expected value and the variance of e∗y are as follows:

M
σ2

w
e∗y ∼ χ2

M−v (38)

E
(
e∗y

)
=

M− v
M
σ2

w +
1
M
‖GvΩN−vsN−v‖22 =

M− v
M
σ2

w + es
y (39)

var
(
e∗y

)
=

2(M− v)
M2

(
σ2

w

)2
+

4σ2
w

M2 ‖GvΩN−vsN−v‖22 (40)

So, we can derive probabilistic bounds for the observed data error ey using probability distribution
of the two Chi-square random variables:

ey(p1, p2) ≤ ey ≤ ey(p1, p2) (41)

where, p1 is the confidence probability on a random variable of the observed data error ey, and p2 is
the validation probability on a random variable of the second observed data error e∗y. As both of the
two errors satisfy the Chi-square distribution, Gaussian distribution can be used to estimate them.
Therefore, confidence probability p1 and validation probability p2 can be calculated as:

p1 = Q(α) =

∫ α

−α
1√
2π

e
−x2

2 dx (42)

p2 = Q(β) =

∫ β

−β
1√
2π

e
−x2

2 dx (43)

where, α and β denote the tuning parameters of confidence and validation probabilities, respectively.
Furthermore, the worst case is considered when calculating the minimum value of ey, that is, by
calculating the minimum value of the upper bound of ey:

vopt =
{
v
∣∣∣∣ argmin

v
ey

}
=

{
v
∣∣∣∣ argmin

v
ey(p1, p2)

}
=

{
v
∣∣∣∣ argmin

v
ey(α, β)

}
=

{
v
∣∣∣∣ argmin

v
( 2v−M

M σ2
w + e∗y + α

√
2v

M σ
2
w + βvar

(
e∗y

)
)
} (44)

Normally, based on Akaike information criterion (AIC) or Bayesian information criterion (BIC),
the optimum number of iterations can be chosen as follows:

AIC: Set α = β = 0

ey = ey(α= 0, β= 0)= (
2v
M
− 1)σ2

w + e∗y (45)

BIC: Set α =
√

v log M and β = 0.

ey = ey
(
α =

√
v log M, β= 0

)
=

⎛⎜⎜⎜⎜⎝ (2 + √2 log M)v
M

− 1)σ2
w + e∗y (46)

where, e∗y can be calculated based on the noisy observation data and the reconstruction algorithm.
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3.3.3. Application of Error Estimation on BCS

The proposed algorithm (FE-ABCS) is based on block-compressive sensing, so the optimal
number of iterations (vopt) derived in the above section also requires a variant to be applied to the
above algorithm:

vi
opt =

{
vi
∣∣∣∣∣ argmin

vi
eyi

}
=

{
vi
∣∣∣∣∣ argmin

vi
eyi(p

i
1, pi

2)

}
=

{
vi
∣∣∣∣∣ argmin

vi
eyi(αi, βi)

}
=

{
vi
∣∣∣∣∣ argmin

vi
( 2vi−mi+αi

√
2vi

mi σ2
wi + βivar

(
e∗yi

)
+ e∗yi

)

} (47)

where, i = 1, 2, · · · , T1 represents the serial number of all sub-images. Similarly, the values of αi and βi
can be valued according to the AIC and BIC criteria.

4. The Proposed Algorithm (FE-ABCS)

With the knowledge presented in the previous section, the altered ABCS (FE-ABCS) is proposed
for the recovery of block sparse signals in noiseless or noise backgrounds. The workflow of the
proposed algorithm is presented in Section 4.1 while the specific parameter settings of the proposed
algorithm is introduced in Section 4.2.

4.1. The Workflow and Pseudocode of FE-ABCS

In order to better express the idea of the proposed algorithm, the workflow of the typical BCS
algorithm and the FE-ABCS algorithm are presented, as shown in Figure 2.

(a) 

(b) 

Figure 2. The workflow of two block-compressive sensing (BCS) algorithms. (a) Typical BCS algorithm,
(b) FE-ABCS algorithm.

According to Figure 2, compared with the traditional BCS algorithm, the main innovations of this
paper can be reflected in the following points:

• Flexible partitioning: using the weighted MIE as the block basis to reduce the average complexity
of the sub-images from the pixel domain and the spatial domain;

274



Electronics 2019, 8, 753

• Adaptive sampling: adopting synthetic feature and step-less sampling to ensure a reasonable
sample rate for each subgraph;

• Optimal number of iterations: using the error estimate method to ensure the minimum error
output of the reconstructed image in the noisy background.

Furthermore, since the FE-ABCS algorithm is based on iterative recovery algorithm, especially the
non-convex optimization iterative recovery algorithm, this paper uses the OMP algorithm as the basic
comparison algorithm without loss of generality. The full pseudocode of the proposed algorithm is
presented as follows.

FE-ABCS Algorithm based on OMP (Orthogonal Matching Pursuit) 
1: Input: Original image I, total sampling 

rate TSR, sub-image dimension n 
(

g
), sparse matrix , 

initialized measurement matrix  

2: Initialization: ; 

; //  

; //  
step1: flexible partitioning (FP) 

3: for j = 1,…,T2 do 

4:   

     

5:  ; 

; 

6:   ; 

// Weighted MIE--Base of FP 
7: end for  

8: ; 

9: ; ; 

; 
step2: adaptive sampling (AS) 

10: for i = 1,…,T1 do 
11:  ; ; ; 

// synthetic feature (J)--Base of AS 
12: end for 

13: ; 

14: ; 

// -- AS ratio of sub-images 

; 

15: ; 

16: ; 

17: ; 

step3: restoring based on error estimation 
18:

p g
; 

//  

19: ; 

20: for i = 1,…,T1 do 

21:  ; 

// -- column vector of  

22:  ; 

// calculate optimal iterative of sub-images 
23:    for 

p
  do 

24:      ; 

25:      ; 

26:      ; 

27:     end for 

28:  ; 

// --reconstructed sparse representation 

29:  ; 

// --reconstructed original signal 
30: end for 

31: ; 

// --reconstructed image without filter 
step4: multimode filtering (MF) 

32: ; //  

33:   
34:  

35: ; //  

36:  ; 

37: ; 
38:  
39:  

// --reconstructed image with MF 
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4.2. Specific Parameter Setting of FE-ABCS

4.2.1. Setting of the Weighting Coefficient cTS

The most important step in achieving flexible partitioning is to the minimum of the weighted
MIE, where the design of the weighting coefficient function is the most critical point. Therefore, this
section focuses on the specific design of the function which ensures optimal partitioning of the image:

cTS = f (gTS) =
{
( f (gTS)) j, 1, · · · , T2

}
=

{
( f ([gH

TS, gV
TS])) j, 1, · · · , T2

}

=

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩
ones(1, T2) gH

TS ≤ GTS&gV
TS ≤ GTS

[0, 1, · · · , b]/(b/2) gH
TS ≤ GTS&gV

TS > GTS

[b, · · · , 1, 0]/(b/2) gH
TS > GTS&gV

TS ≤ GTS
[b,log(n/2+2)

2 ,log(n/4+4)
2 ,··· ,log(4+n/4)

2 ,log(2+n/2)
2 ,b]

b/2+1 gH
TS > GTS&gV

TS > GTS

(48)

where, gH
TS and gV

TS represent the value of horizontal and vertical TS by using ASM, and GTS represents
the threshold at which the TS feature value reaches a significant degree.

4.2.2. Setting of the Adaptive Sampling Rate cSR

In the process of adaptive observation, the most important thing is to design a reasonable random
observation matrix, and the dimension of this matrix needs to be constrained by the adaptive sampling
rate, so as to assign the different sampling of each sub-image with a different complexity. Therefore,
the setting of cSR =

{
cSR(xi), i = 1, · · · , T1

}
is crucial, and its basic form is mainly determined by the

synthetic feature (J =
{
J(xi), i = 1, · · · , T1

}
) and the sampling rate factor (ηSR =

{
ηSR(xi), i = 1, · · · , T1

}
).

The definition of J(xi) can be implemented by setting the corresponding weighting coefficients
λ1 andλ2. This article obtains the optimization values for λ1 andλ2 through analysis and partial
verification experiments: λ1 = 1 andλ2 = 2.

The purpose of setting ηSR(xi) is to establish the mapping function relationship between J(xi)

and cSR by Equations (10) and (11). However, the mapping relationship established by Equation (10)
does not consider the minimum sampling rate. In fact, the minimum sampling rate factor (MSRF) is
considered in the proposed algorithm to improve performance, that is, the function between ηSR(xi)

and J(xi) should be modified as follows.

• Initial value calculation of ηSR(xi): get the initial value of the sampling factor by Equation (10).
• Judgment of ηSR(xi) through MSRF (ηmin): if the corresponding sampling rate factor of all image

sub-blocks meets the minimum threshold requirement (ηSR(xi) > ηmin, i ∈ {1, 2, · · · , T1}), there is
no need for modification, however, if it is not satisfied, modify it.

• Modifying of ηSR(xi): if ηSR(xi) ≤ ηmin, then ηSR(xi) = ηmin; if ηSR(xi) > ηmin, then use the
following equation to modify the value:

ηSR(xi) == (1 + (1− ηmin)
T1 − T1

′
T1
′ )

log2 J(xi)

1
T1
′

T′1∑
j=1

log2 J(xj)

(49)

where, T1
′ is the number of sub-images that can meet the requirement of the minimum threshold.
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4.2.3. Setting of the Iteration Stop Condition vopt

The focus of the proposed algorithm in the iterative reconstruction part is to make the best effect
of the rebuilt image by choosing vopt in the actual noisy background. This paper combines BIC and
BCS to propose the calculation formula of the optimal iteration number of the proposed algorithm:

vopt =
{
vi

opt, i = 1, · · · , T1
}
=

⎧⎪⎪⎨⎪⎪⎩vi

∣∣∣∣∣∣ argmin
vi

(
(2 +

√
2 log mi)vi −mi

mi σ2
wi + e∗yi

) , i = 1, · · · , T1

⎫⎪⎪⎬⎪⎪⎭. (50)

5. Experiments and Results Analysis

In order to evaluate the FE-ABCS algorithm, experimental verification is performed in three
scenarios. This paper first discusses the performance of the improved algorithm by flexible partitioning
and adaptive sampling in the absence of noise, and secondly discusses how to combine the number of
optimal iterations to eliminate the noise effect and achieve the best quality (comprehensive indicator)
under noisy conditions. Finally, the differences between this proposed algorithm and other non-CS
image compression algorithms is analyzed. The experiments were carried out in the matlab2016b
software environment, and 20 typical grayscale images with 256 × 256 resolution were used for testing,
which were selected from the LIVE Image Quality Assessment Database, the SIPI Image Database,
the BSDS500 Database, and other digital image processing standard test Databases. The performance
indicators mainly adopt Peak Signal to Noise Ratio (PSNR), Structural Similarity (SSIM), Gradient
Magnitude Similarity Deviation (GMSD), Block Effect Index (BEI), and Computational Cost (CC). The
above five performance indicators are defined as follows:

The PSNR indicator is an index that shows the amplitude error between the reconstructed image
and the original image, which is the most common and widely used objective measure of image quality:

PSNR = 20× log10(
255√

1
N

N∑
i=1

(xi − x∗i )
2

) (51)

where, xi and x∗i are the gray value of i-th sub-image of the reconstructed image and the original image.
The SSIM indicator is adopted to indicate similarity between the reconstructed image and the

original image:

SSIM =
(2μxμx∗ + c1)(2σxx∗ + c2)

(μ2
x + μ

2
x∗ + c1)(σ2

x + σ
2
x∗ + c2)

(52)

where, μx and μx∗ are the mean of x and x*, σx and σx∗ are the standard deviation of x and x*, σxx∗
represents the covariance of x and x*, constant c1 = (0.01L)2 and c2 = (0.03L)2, and L is the range of
pixel values.

The GMSD indicator is mainly used to characterize the degree of distortion of the reconstructed
image. The larger the value, the worse the quality of the reconstructed image:

GMSD = std(
{
GMS(i)|i = 1, · · · , N

}
) = std(

⎧⎪⎪⎨⎪⎪⎩ 2mx(i)mx∗(i) + c3

m2
x(i) + m2

x∗(i) + c3
|i = 1, · · · , N

⎫⎪⎪⎬⎪⎪⎭) (53)

where, std(∗) is the standard deviation operator, GMS is the gradient magnitude similarity between x and

x*, mx(i) =

√
(hH ⊗ x(i))2 + (hV ⊗ x(i))2 and my(i) =

√
(hH ⊗ x∗(i))2 + (hV ⊗ x∗(i))2 are the gradient

magnitude of x(i) and x*(i), hH and hV represent the Prewitt operator of horizontal and vertical direction,
and c3 is an adjustment constant.
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The main purpose of introducing BEI is to evaluate the blockiness of the algorithm in a noisy
condition, which means that the larger the value, the more obvious the block effect:

BEI = log2

⎡⎢⎢⎢⎢⎣ sum(edge(x∗)) − sum(edge(x)) + sum(
∣∣∣edge(x∗) − edge(x)

∣∣∣)
2

⎤⎥⎥⎥⎥⎦ (54)

where, edge(∗) denotes the edge acquisition function of the image, sum(∗) represents the function of
finding the number of all edge points of the image, and |∗| is an absolute value operator.

The Computational Cost is introduced to measure the efficiency of the algorithm, which is usually
represented by Computation Time (CT). The smaller the value of CT, the higher the efficiency of
the algorithm:

CT = tend − tstart (55)

where, tstart and tend indicate the start time and end time, respectively.
In addition, the sparse basis and the random measurement matrices use discrete cosine orthogonal

basis and orthogonal symmetric Toeplitz matrices [36,37], respectively.

5.1. Experiment and Analysis without Noise

5.1.1. Performance Comparison of Various Algorithms

In order to verify the superiority of the proposed ABCS algorithm, this paper mainly uses the
OMP algorithm as the basic reconstruction algorithm. Based on the OMP reconstruction algorithm,
eight BCS algorithms (including the proposed algorithm with the idea of flexible partitioning and
adaptive sampling) are listed, and the performance of these algorithms under different overall sampling
rates is compared, which is shown in Table 1. In this experiment, four normal grayscale standard
images are used for performance testing, the dimension of the subgraph and the iterative number of
reconstructions are limited to 256 and one quarter of the measurement’s dimension, respectively.

These 8 BCS algorithms are named as M-B_C, M-B_S, M-FB_MIE, M-FB_WM, M-B_C-A_S,
M-FB_WM-A_I, M-FB_WM-A_V, and M-FB_WM-A_S respectively, which in turn represent BCS with
a fixed column block, BCS with a fixed square block, BCS with flexible partitioning by MIE, BCS
with flexible partitioning by WM, BCS with a fixed column block and IE-adaptive sampling, BCS
with WM-flexible partitioning and IE-adaptive sampling, BCS with WM-flexible partitioning and
variance-adaptive sampling, and BCS with WM-flexible partitioning and SF-adaptive sampling (A
form of FE-ABCS algorithm in the absence of noise). Comparing the data in Table 1, there are the
following consensuses:

• Analysis of the performance indicators of the first four algorithms shows that for the BCS algorithm,
BCS with a fixed column block is inferior to BCS with a fixed square block because square
partitioning makes good use of the correlation of intra-block regions. MIE-based partitioning
minimizes the average amount of information entropy of the sub-images. However, when the
overall image has obvious texture characteristics, simply using MIE as the partitioning basis may
not necessarily achieve a good effect, and the BCS algorithm based on weighted MIE combined
with the overall texture feature can achieve better performance indicators.

• Comparing the adaptive BCS algorithms under different features in Table 1, variance has obvious
superiority to IE among the single features, because the variance not only contains the dispersion of
gray distribution but also the relative difference of the individual gray distribution of sub-images.
In addition, the synthetic feature (combined local saliency) has a better effect than a single feature.
The main reason for this is that the synthetic feature not only considers the overall difference of
the subgraphs, but also the inner local-difference of the subgraphs.

• Combining experimental results of the eight BCS algorithms in Table 1 reveals that using adaptive
sampling or flexible partitioning alone does not provide the best results, but the proposed
algorithm combining the two steps will have a significant effect on both PSNR and SSIM.
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Table 1. The Peak Signal to Noise Ratio (PSNR) and Structural Similarity (SSIM) of reconstructed
images with eight BCS algorithms based on OMP. (TSR = total sampling rate).

Images Algorithms
TSR = 0.2 TSR = 0.3 TSR = 0.4 TSR = 0.5 TSR = 0.6

PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

Lena

M-B_C 29.0945/0.7684 29.8095/0.8720 30.6667/0.9281 31.8944/0.9572 32.9854/0.9719
M-B_S 31.1390/0.8866 31.7478/0.9227 32.4328/0.9480 33.2460/0.9651 34.2614/0.9763
M-FB_MIE 30.7091/0.8613 31.2850/0.9115 32.0093/0.9413 32.9032/0.9600 33.8147/0.9737
M-FB_WM 31.1636/0.8880 31.7524/0.9236 32.4623/0.9479 33.2906/0.9645 34.2691/0.9763
M-B_C-A_I 29.1187/0.7838 29.8433/0.8803 30.8898/0.9305 32.0023/0.9577 33.2193/0.9732
M-FB_WM-A_I 31.1763/0.8967 31.8872/0.9344 32.7542/0.9584 33.7353/0.9732 34.8647/0.9827
M-FB_WM-A_V 31.2286/0.9087 32.0579/0.9433 33.0168/0.9643 34.1341/0.9775 35.4341/0.9856
M-FB_WM-A_S 31.3609/0.9138 32.0943/0.9487 33.1958/0.9681 34.3334/0.9807 35.8423/0.9878

Goldhill

M-B_C 28.4533/0.7747 28.9144/0.8718 29.3894/0.9080 29.7706/0.9315 30.2421/0.9495
M-B_S 29.5494/0.8785 29.9517/0.9089 30.3330/0.9341 30.8857/0.9514 31.4439/0.9640
M-FB_MIE 29.7012/0.8882 29.9811/0.9154 30.4465/0.9364 30.9347/0.9516 31.5153/0.9642
M-FB_WM 29.7029/0.8867 30.0277/0.9151 30.4827/0.9361 30.9555/0.9516 31.5333/0.9649
M-B_C-A_I 28.4436/0.7809 28.8691/0.8693 29.3048/0.9089 29.7046/0.9321 30.2355/0.9499
M-FB_WM-A_I 29.6708/0.8918 30.0833/0.9215 30.5120/0.9424 31.0667/0.9574 31.6899/0.9697
M-FB_WM-A_V 29.5370/0.8957 30.0891/0.9253 30.5379/0.9456 31.0922/0.9607 31.8011/0.9724
M-FB_WM-A_S 29.7786/0.8975 30.1482/0.9272 30.5689/0.9472 31.1310/0.9622 31.8379/0.9736

Cameraman

M-B_C 28.5347/0.7787 29.0078/0.8559 29.3971/0.9051 29.9417/0.9379 30.6612/0.9592
M-B_S 31.1796/0.8763 31.4929/0.9121 31.9203/0.9391 32.3009/0.9581 32.7879/0.9704
M-FB_MIE 31.1487/0.8782 31.5067/0.9123 31.8644/0.9403 32.3170/0.9577 32.7946/0.9703
M-FB_WM 31.2118/0.8675 31.4645/0.9072 31.8130/0.9365 32.2050/0.9559 32.6811/0.9686
M-B_C-A_I 28.5669/0.7852 28.8807/0.8612 29.3928/0.9164 29.9924/0.9461 30.6130/0.9639
M-FB_WM-A_I 31.2554/0.8901 31.5975/0.9296 32.0955/0.9533 32.6859/0.9701 33.4007/0.9802
M-FB_WM-A_V 31.2869/0.9085 31.8762/0.9550 32.5052/0.9746 33.3531/0.9848 34.4449/0.9904
M-FB_WM-A_S 31.3916/0.9287 31.9731/0.9621 32.6508/0.9790 33.6779/0.9877 34.8958/0.9918

Couple

M-B_C 28.6592/0.7582 29.0162/0.8557 29.5471/0.9109 30.2260/0.9440 30.9136/0.9640
M-B_S 30.1529/0.8912 30.6910/0.9289 31.2853/0.9541 31.9693/0.9695 32.7464/0.9796
M-FB_MIE 30.1920/0.8895 30.7257/0.9282 31.2948/0.9531 31.9509/0.9692 32.7424/0.9794
M-FB_WM 30.1357/0.8917 30.6890/0.9259 31.3185/0.9539 31.9520/0.9691 32.7622/0.9793
M-B_C-A_I 28.5694/0.7428 29.0442/0.8589 29.5828/0.9088 30.2127/0.9444 30.9839/0.9642
M-FB_WM-A_I 30.2105/0.9027 30.7783/0.9413 31.4680/0.9630 32.3143/0.9759 33.2604/0.9840
M-FB_WM-A_V 30.1896/0.9099 30.8541/0.9454 31.4990/0.9670 32.3769/0.9792 33.3260/0.9864
M-FB_WM-A_S 30.3340/0.9117 30.9047/0.9475 31.5496/0.9686 32.3788/0.9798 33.3561/0.9869

Figure 3 shows the reconstructed images of Cameraman using the above eight BCS algorithms
and multimode filter at the overall sampling rate of 0.5. Compared with other algorithms, the graph
(i) reconstructed by the proposed algorithm has good quality both in performance indicators and
subjective vision. Adding multimode filtering has improved the performance of the above eight
BCS algorithms. While comparing the corresponding data (SR = 0.5) in Figure 3 and Table 1, it was
found that PSNR has a certain improvement after adding multimode filtering, and so as to SSIM
under the first six BCS algorithms except the latter two algorithms. The reason is that the adaptive
sampling rates of the latter two algorithms are both related to the variance (the more variance, the
more sampling rate), and SSIM is related to both the variance and the covariance. In addition, to
filter out high-frequency noise, the filtering process will also lose some high-frequency components (a
contribution to the improvement of SSIM) of signal itself. Therefore, the latter two algorithms will
reduce the value of SSIM for images with a lot of high-frequency components (SSIM value of graph
(h) and (i) of Figure 3 is a little smaller than the corresponding value in Table 1), but for most images
without lots of high-frequency information, the value of SSIM is improved.
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Figure 3. Reconstructed images of Cameraman and performance indicators with different BCS
algorithms (TSR = 0.5).

Secondly, in order to evaluate the effectiveness and universality of the proposed algorithm, in
addition to the OMP reconstruction algorithm as the basic comparison algorithm, the IRLS and BP
reconstruction algorithms were also adopted and combined with the proposed method to generate
eight BCS algorithms, respectively. Table 2 shows the experimental data records of the above two types
of algorithms tested with the standard image Lena. From the resulting data, the proposed method has
a certain improvement for the BCS algorithm based on IRLS and BP, although it will bring a slightly
higher cost in computation time due to the increase of the proposed algorithm’s complexity itself.
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Table 2. The PSNR and SSIM of reconstructed images with eight BCS algorithms based on iteratively
reweighted least square (IRLS) and basis pursuit (BP).

Restoring
Method Algorithms

TSR = 0.4 TSR = 0.6

PSNR SSIM GMSD CT PSNR SSIM GMSD CT

IRLS

R-B_C 32.38 0.9361 0.1943 5.729 33.42 0.9790 0.1348 13.97
R-B_S 32.67 0.9634 0.1468 5.928 35.08 0.9843 0.0987 14.94
R-FB_MIE 32.14 0.9593 0.1658 5.986 34.44 0.9825 0.1094 13.79
R-FB_WM 32.46 0.9631 0.1441 6.071 34.80 0.9841 0.0992 14.25
R-B_C-A_I 30.55 0.9460 0.1882 6.011 34.08 0.9825 0.1238 14.46
R-FB_WM-A_I 33.05 0.9714 0.1346 6.507 36.01 0.9894 0.0863 14.98
R-FB_WM-A_V 33.25 0.9751 0.1216 6.994 36.71 0.9914 0.0691 17.34
R-FB_WM-A_S 33.59 0.9787 0.1188 7.456 37.23 0.9927 0.0661 19.38

BP

P-B_C 30.56 0.9380 0.1984 33.47 33.35 0.9787 0.1378 69.67
P-B_S 32.72 0.9638 0.1484 34.22 34.61 0.9823 0.1072 71.00
P-FB_MIE 32.00 0.9531 0.1627 34.04 34.14 0.9810 0.1149 68.78
P-FB_WM 32.82 0.9635 0.1512 35.08 34.57 0.9832 0.1070 69.48
P-B_C-A_I 30.72 0.9428 0.1973 33.84 33.57 0.9795 0.1335 70.27
P-FB_WM-A_I 33.01 0.9705 0.1442 35.63 35.70 0.9884 0.0888 70.73
P-FB_WM-A_V 33.32 0.9750 0.1277 36.98 36.37 0.9909 0.0742 72.59
P-FB_WM-A_S 33.49 0.9773 0.1210 37.85 37.45 0.9932 0.0662 74.41

Furthermore, comparative experiments of the proposed algorithm combined with different image
reconstruction algorithms (OMP, IRLS, BP, and SP) have also been carried out. Figure 4 is the data
record of the above experiments tested with the standard image Lena under the conditions of TSR
= 0.4 and TSR = 0.6, respectively. The experimental data shows that the proposal using these four
algorithms has little difference between the PSNR and SSIM performance index. However, in terms of
the GMSD index, the IRLS and BP algorithms are obviously better than the OMP and SP. In terms of
calculation time, BP is based on the l1 norm, its performance is significantly worse than the other three,
which is also consistent with the content of Section 1.

(a) (b) 

Figure 4. The comparison of the proposed algorithm with 4 reconstruction algorithms (OMP, IRLS, BP,
SP): (a) TSR = 0.4, (b) TSR = 0.6.

5.1.2. Parametric Analysis of the Proposed Algorithm

The main points of this proposed algorithm involves the design and verification of weighting
coefficients (cTS, λ1, λ2) and minimum sampling rate factor (ηmin). The design of the three weighting
coefficients of the algorithm in this paper was introduced in Section 4.2, and its effect on performance
was reflected in the comparison of the eight algorithms in Section 5.1.1. Here, only the selection
and effect of ηmin need to be researched, and the influence of ηmin on the PSNR under different TSR
is analyzed.

Figure 5 shows the analysis results of the test image Lena on the correlation between PSNR, TSR,
and MSRF (ηmin). It can be seen from Figure 5 that the optimal value (maximizing the PSNR of Lena’s
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recovery image) of minimum sampling rate factor (OMSRF) decreases as the TSR increases. In addition,
the gray value in Figure 5 means the revised PSNR of the recovery image (PSNR∗= PSNR−PSNR).

 
Figure 5. Correlation between PSNR*, MSRF, and TSR of test image Lena.

Then, many other test images were analyzed in this paper to verify the relationship between TSR

and OMSRF (ηopt =

⎧⎪⎪⎨⎪⎪⎩ηmin

∣∣∣∣∣∣argmax
ηmin

(PSNR(x, ηmin))

⎫⎪⎪⎬⎪⎪⎭), and the experimental results of eight typical test

images are shown in Figure 6. According to the data, the reasonable setting of MSRF (ηopt) in the
algorithm can be obtained by the curve fitting method. The baseline fitting method (a simple curve
method) is used in the proposed algorithm of this article (ηopt = 0.1 + 6× (0.8− TSR)/7).

 
Figure 6. Correlation between OMSRF (ηopt) and TSR.

5.2. Experiment and Analysis Under Noisy Conditions

5.2.1. Effect Analysis of Different Iteration Stop Conditions on Performance

In the case of noiseless, the larger the iterative number (v) of the reconstruction algorithm, the
better the effect of the reconstructed image. But in the noisy condition, the quality of the reconstructed
image does not become monotonous with the increase of v, which has been carefully analyzed in
Section 3.3. The usual iteration stop conditions are: (1) using the sparsity (ς) of signal as the stopping
condition, i.e., fixed number of iterations (vstop1 = ς·m), and (2) using the certain differential threshold
(γ) of the recovery value as the stopping condition, i.e., the difference between the adjacent two

results of the iterative output less than the threshold (vstop2 ==
{

v
∣∣∣∣argmin

v

(
‖y∗

v−1
− y∗v‖ ≤ γ

)}
). Since
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the above two methods could not guarantee the optimal recovery of the original signal in the noisy
background, the innovation of the FE-ABCS algorithm is to make up for the above deficiency and
propose a constraint (vopt) based on error analysis to ensure the best iterative reconstruction. Then
the rationality of the proposed scheme would be verified through experiments in this section, and
without loss of generality, OMP is used as the basic reconstruction algorithm, just like what was done
in Section 5.1.

The specific experimental results of test image Lena for selecting different iteration stop conditions
under different noise backgrounds are recorded in Table 3. The value of Noise-std represents the
standard deviation of additional Gaussian noise signal. From the overall trend of Table 3, selecting
vopt has better performance than selecting vstop1 as the stop condition for iterative reconstruction. This
advantage is especially pronounced as the Noise-std increases.

Table 3. The experimental results of Lena at different stop conditions and noise background (TSR = 0.4).

Sparsity
vς=0.1 vς=0.2 vς=0.3 vς=0.4 vς=0.5 vopt

Noise-std
PSNR and SSIM and GMSD and BEI and CT

5

32.95 32.71 32.39 32.12 31.96 32.48
0.961 0.965 0.961 0.957 0.955 0.960
0.165 0.160 0.169 0.173 0.178 0.171
10.63 10.25 10.04 9.92 9.98 10.09
0.741 0.949 1.166 1.567 1.911 1.481

10

32.40 31.81 31.30 31.07 30.92 32.23
0.957 0.955 0.949 0.941 0.937 0.956
0.169 0.179 0.190 0.194 0.200 0.177
10.29 10.04 10.14 10.15 10.20 10.21
0.741 0.922 1.233 1.637 1.961 0.926

15

31.63 30.87 30.46 30.27 30.12 31.81
0.948 0.937 0.926 0.917 0.912 0.949
0.180 0.202 0.213 0.220 0.223 0.185
10.32 10.25 10.32 10.38 10.39 10.25
0.727 0.933 1.154 1.550 2.063 0.798

20

30.97 30.08 29.83 29.66 29.61 31.48
0.936 0.916 0.898 0.887 0.879 0.941
0.197 0.219 0.236 0.244 0.247 0.191
10.45 10.34 10.39 10.43 10.43 10.50
0.720 0.914 1.203 1.476 2.348 0.739

30

30.03 29.34 29.04 28.94 28.89 30.75
0.901 0.862 0.832 0.816 0.803 0.920
0.227 0.257 0.266 0.272 0.275 0.204
10.59 10.52 10.54 10.55 10.67 10.62
0.901 0.947 1.237 1.500 1.996 0.690

40

29.38 28.77 28.57 28.50 28.45 30.14
0.856 0.795 0.756 0.734 0.717 0.899
0.252 0.277 0.286 0.290 0.291 0.221
10.79 10.57 10.71 10.68 10.67 10.72
0.736 0.791 1.169 1.534 2.047 0.678

In addition, in order to comprehensively evaluate the impact of different iteration stop conditions
on the performance of reconstructed images, this paper combined the above three indicators to form a
composite index PSB (PSB = PSNR × SSIM/BEI) for evaluating the quality of reconstructed images.
The relationship between PSB and Noise-std of the reconstructed image under different iterations
was researched in this article, so as to explore the relationship between PSB and TSR. Figure 7 shows
the corresponding relationship between the PSB, Noise-std, and TSR under the above six different
iteration stop conditions of Lena. It can be seen from Figure 7a that compared with the other five
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sparsity-based (ς) reconstruction algorithms, the vopt-based error analysis reconstruction algorithm
generally has relatively good performance under different noise backgrounds. Similarly, Figure 7b
shows that the vopt-based error analysis reconstruction algorithm has advantages over other algorithms
at different total sampling rates.

(a) (b) 

Figure 7. The correlation between the PSB, Noise-std, and TSR under the six different iteration stop
conditions of Lena: (a) PSB changes with Noise-std, (b) PSB changes with TSR.

Furthermore, the differential threshold (γ)-based reconstruction algorithm and the vopt-based error
analysis reconstruction algorithm were compared in this article. Two standard test images and two
real-nowadays images are adopted for the comparative experiment at the condition of Noise-std = 20
and TSR = 0.5. Experimental results show that the vopt-based error analysis reconstruction algorithm
has a significant advantage over the γ-based reconstruction algorithm in both PSNR and PSGBC
(another composite index: PSGBC = PSNR × SSIM/GMSD/BEI/CT), which can be seen from Table 4,
although there is a slight loss in BEI. Figure 8 shows the reconstruction images of these four images
with differential threshold (γ) and error analysis (vopt) as the iterative stop condition.

Table 4. The performance indexes of test images under different iterative stop condition.

Images Lena Baboon Flowers
Oriental

Gate
Index

Stop
Condition

γ = 300

32.17 29.84 31.40 33.05 PSNR
0.9562 0.8703 0.9744 0.9698 SSIM
0.1661 0.2095 0.1812 0.1636 GMSD
10.16 10.72 9.866 8.845 BEI

0.8310 0.855 0 0.844 0 1.050 CT
21.93 13.52 20.28 21.09 PSGBC

γ =1

31.99 29.75 31.50 32.66 PSNR
0.9574 0.8731 0.9768 0.9693 SSIM
0.1638 0.1738 0.1571 0.1459 GMSD
10.01 10.58 9.583 8.745 BEI
2.905 2.704 2.823 3.578 CT
6.429 5.224 7.240 6.934 PSGBC

vopt

32.75 30.03 31.78 33.15 PSNR
0.9603 0.8729 0.9771 0.9637 SSIM
0.1471 0.1956 0.1538 0.1471 GMSD
9.898 10.68 9.693 9.025 BEI
0.7630 0.8900 0.8500 0.8740 CT
28.31 14.10 24.50 27.53 PSGBC
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Figure 8. Iterative reconstruction images based on γ and vopt at the condition of Noise-std = 20 and
TSR = 0.5.

5.2.2. Impact of Noise-Std and TSR on vopt

Since vopt is important to the proposed algorithm in this paper, it is necessary to analyze its
influencing factors. According to Equation (44), vopt is mainly determined by the measurement
dimension of the signal and the added noise intensity under the BIC condition. In this section, the test
image Lena is divided into 256 sub-images, and the relationship between the optimal iterative recovery
stop condition (vi

opt) of each sub-image, the TSR and the Noise-std is analyzed, and the experimental
results are recorded in Figure 9. It can be seen from Figure 9a that the correlation between vopt and TSR
is small, but it can be seen from Figure 9b that vopt has a strong correlation with Noise-std, that is, the
larger the Noise-std, the smaller the vopt.
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(a) (b) 

Figure 9. Correlation between vopt, TSR, and Noise-std of sub-images: (a) Noise-std = 20, (b) TSR = 0.4.

5.3. Application and Comparison Experiment of FE-ABCS Algorithm in Image Compression

5.3.1. Application of FE-ABCS Algorithm in Image Compression

Although the FE-ABCS algorithm belongs to the CS theory which is mainly used for reconstruction
of sparse images at low sampling rates, the algorithm can also be used for image compression after
modification. The purpose of conventional image compression algorithms (such as JPEG, JPEG2000,
TIFF, and PNG) is to reduce the amount of data and maintain a certain image quality through
quantization and encoding. Therefore, the quantization and encoding module are added to the
FE-ABCS in Figure 2b to form a new algorithm for image compression, which is shown in Figure 10
and named FE-ABCS-QC.

Figure 10. The workflow of the FE-ABCS-QC algorithm.

In order to demonstrate the difference between the proposed algorithm and the traditional image
compression, without loss of generality, the JPEG2000 algorithm is selected as the comparison algorithm
and is shown in Figure 11. Comparing Figures 10 and 11, it is found that the modules of FDWT and
IDWT in the JPEG2000 algorithm are replaced by the observing module and the restoring module in
the proposal respectively, and the dimensions of the input and output signals are both different in
the observing and restoring module (M < T1 × n = N), that is different from the modules of FDWT
and IDWT in which dimensions of the input and output signals are the same (both T1 × n = N). These
differences make the proposed algorithm have a larger compression ratio (CR) and smaller bits per
pixel (bpp) than JPEG2000 under the same quantization and encoding conditions.
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Figure 11. The workflow of the JPEG2000 algorithm.

5.3.2. Comparison Experiment between the Proposed Algorithm and the JPEG2000 Algorithm

In general, the evaluation of image compression algorithms is performed by rate-distortion
performance. For the comparing of the FE-ABCS-QC and JPEG2000 algorithms, the indicators of PSNR,
SSIM, and GMSD are adopted in this section. In addition, the definition of Rate (bpp) in the above two
algorithms is as follows:

Rate =
K∗
N

(56)

where, K* is the number of bits in the code stream after encoding, and N is the number of pixels in the
original image.

In order to compare the performance of the above two algorithms, multiple standard images are
tested, and Table 5 records the complete experimental data for the two algorithms at various rates
when using Lena and Monarch as test images. At the same time, the relationship between PSNR (used
as the main distortion evaluation index) and the Rate of the two test images is illustrated in Figure 12.
Based on the objective data of Table 5 and Figure 12, it can be seen that, compared with the JPEG2000
algorithm, the advantage of the FE-ABCS-QC algorithm becomes stronger with the increase of the rate,
that is, at the small rate, the JPEG2000 algorithm is superior to the FE-ABCS-QC algorithm, while at
medium and slightly larger rates, the JPEG2000 algorithm is not as good as the FE-ABCS-QC algorithm.

Table 5. The comparison results of different test-images under the various conditions (bits per pixel
(bpp)) based on the JPEG2000 algorithm and the FE-ABCS-QC algorithm.

Method
JPEG2000

(PSNR/SSIM/GMSD)
FE-ABCS-QC

(PSNR/SSIM/GMSD)
ΔP/ΔS/ΔGTest Image

Lena

bpp = 0.0625 31.64/0.9387/0.1842 30.58/0.7341/0.2478 −1.06/−0.2046/0.0636
bpp = 0.125 33.38/0.9697/0.1399 32.79/0.9413/0.1702 −0.59/−0.0284/0.0303
bpp = 0.2 34.59/0.9807/0.1161 34.20/0.9710/0.1339 −0.39/−0.0097/0.0178
bpp = 0.25 35.25/0.9850/0.0996 37.80/0.9932/0.0612 2.55/0.0082/−0.0384

bpp = 0.3 35.73/0.9875/0.0917 38.28/0.9941/0.0554 2.55/0.0066/−0.0363

Monarch

bpp = 0.0625 30.56/0.8184/0.2335 27.52/0.3615/0.2726 −3.04/−0.4569/0.0391
bpp = 0.125 31.31/0.9074/0.1881 29.12/0.6388/0.2568 −2.19/−0.2686/0.0687
bpp = 0.2 32.49/0.9466/0.1554 32.91/0.9473/0.1507 0.42/0.0007/−0.0047

bpp = 0.25 32.81/0.9572/0.1476 35.77/0.9886/0.0682 2.96/0.0314/−0.0794

bpp = 0.3 33.40/0.9679/0.1305 36.17/0.9896/0.0664 2.77/0.0217/−0.0641
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(a) (b) 

Figure 12. Rate-distortion performance for JPEG2000 and FE-ABCS-QC: (a) Lena, (b) Monarch.

Furthermore, the experiment results are recorded in the form of images in addition to the objective
data comparison. Figure 13 shows the two algorithms’ comparison of the compressed image restoration
effects in the case of bpp = 0.25 when using Bikes as the test image. Comparing (b) and (c) of Figure 13,
the image generated by the FE-ABCS-QC algorithm is slightly better than the one of the JPEG2000
algorithm, either from the perception of objective data or subjective sense.

   
(a) Original  (b) JPEG2000  (c) FE-ABCS-QC 

Figure 13. The two algorithms’ comparison of test image Bikes at the condition of bpp = 0.25: (a)
original image, (b) JPEG2000 image (PSNR = 29.80, SSIM = 0.9069, GMSD = 0.1964), (c) image by the
FE-ABCS-QC algorithm (PSNR = 30.50, SSIM = 0.9366, GMSD = 0.1574).

Finally, the following conclusions could be gained by observing experimental data and
theoretical analysis.

• Small Rate (bpp): the reason why the performance of the FE-ABCS-QC algorithm is worse than
the JPEG2000 algorithm at this condition is that the small value of M which changes with Rate
causes the observing process to fail to cover the overall information of the image.

• Medium or slightly larger Rate (bpp): the explanation for the phenomenon that the performance
of the FE-ABCS-QC algorithm is better than the JPEG2000 algorithm in this situation is that the
appropriate M can ensure the complete acquisition of image information and can also provide a
certain image compression ratio to generate a better basis for quantization and encoding.

• Large Rate (bpp): this case of the FE-ABCS-QC algorithm is not considered because the algorithm
belongs to the CS algorithm and requires M << N itself.

6. Conclusions

Based on the traditional block-compression sensing theory model, an improved algorithm
(FE-ABCS) was proposed in this paper, and its overall workflow and key points were specified.
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Compared with the traditional BCS algorithm, firstly, a flexible partition was adopted in order to
improve the rationality of partitioning in the proposed algorithm, secondly the synthetic feature was
used to provide a more reasonable adaptive sampling basis for each sub-image block, and finally error
analysis was added in the iterative reconstruction process to achieve minimum error between the
reconstructed signal and the original signal in the noisy background. The experimental results show
that the proposed algorithm can improve the image quality in both noiseless and noisy backgrounds,
especially in the improvement of a reconstructed image’s composite index under a noisy background,
and will be beneficial to the practical application of the BCS algorithm, and the application of the
FE-ABCS algorithm in image compression.
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Abstract: Image recognition and classification have been widely used for research in computer vision
systems. This paper aims to implement a new strategy called Wiener-Granger Causality theory for
classifying natural scenery images. This strategy is based on self-content images extracted using a
Content-Based Image Retrieval (CBIR) methodology (to obtain different texture features); later, a Genetic
Algorithm (GA) is implemented to select the most relevant natural elements from the images which share
similar causality patterns. The proposed method is comprised of a sequential feature extraction stage,
a time series conformation task, a causality estimation phase, causality feature selection throughout the
GA implementation (using the classification process into the fitness function). A classification stage
was implemented and 700 images of natural scenery were used for validating the results. Tested in
the distribution system implementation, the technical efficiency of the developed system is 100% and
96% for resubstitution and cross-validation methodologies, respectively. This proposal could help with
recognizing natural scenarios in the navigation of an autonomous car or possibly a drone, being an
important element in the safety of autonomous vehicles navigation.

Keywords: classification; content–based image retrieval; genetic algorithms; image retrieval; image
classification; Wiener-Granger causality

1. Introduction

One of the challenges researchers face today is developing an artificial authentication system that has
acquisition and processing capabilities similar to those possessed by humans [1]. Artificial vision is defined
as the capacity of a machine to see the world that surrounds it in a 3-Dimensional form starting from a group
of 2-Dimensional images [2]. Since there is no effective algorithm that can fully recognize any object one
can imagine in the entire environment, computer vision is considered an open problem. A computer vision
system is composed of different stages that work together for solving a particular problem [3].

Automatic image recognition is among the problems that might be solved using computer vision
systems. Researchers are eager to develop these systems and different techniques have been implemented
for their improvement, such as machine learning, pattern recognition and evolutionary algorithms.

One of the tasks of an automated image recognition system is to successfully classify and identify
natural scenery images (It is said that a scene is natural if the image has no intervention or alteration by

Electronics 2019, 8, 726; doi:10.3390/electronics8070726 www.mdpi.com/journal/electronics
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human hands). Currently, thousands of images are generated via different kinds of sources on a daily
basis and the constant increase of the Internet has influenced human life.

More than half of the information on the Internet is images, 85% of which were taken with mobile
devices with a final estimation of 5 trillion images reported so far [4].

In order to use this information efficiently, an image recovery system based on Content-Based Image
Retrieval (CBIR) is necessary. It will help users to find relevant images based on their self-content features
or those which are “seen” to e related to them, from our visual perception, even when there is no previous
knowledge of the database, such as manual labeling of the images.

Our previous work successfully applied the CBIR technique to the face recognition problem [5,6].
The multiple textures, objects in unknown positions and their different compositions in natural scenery
images challenge the proposals that combine different techniques for obtaining a better performance
of natural scenery image classification. In this work, we use CBIR feature extraction as an input of a
texture causality engine to characterize 5 scenery types, manually defining a base dictionary conformed by
4 textures. In future work, conforming this dictionary is planned to be dynamical, considering more base
textures and scenery types to improve classification performance.

In this work, an image retrieval system of natural scenery images is developed by applying the
Wiener-Granger Causality (WGC) theory [7] as a tool for analyzing images throughout self-content
information. The causal relationships between local textures contained in an image were identified,
leading to characterization of a descriptive pattern of a set of scenes inside an image dataset.
The selection of causality relationships was carried out using genetic algorithm (GA) implementation as
an evolutionary process.

The major stages involved in the developed system are the following (See Figure 1):

1. Scenery reading: First, images are read from the data set and then a change of space color format is
applied from Red-Green-Blue RGB to Hue-Saturation-Intensity HSI.

2. Feature extraction: The statistical CBIR feature extraction is generated within a neighborhood in a grid.
3. Time series conformation: The texture features are organized as a time series for each image.
4. Causality analysis: The WGC analysis is applied to calculate the causal relationship matrix among

different textures.
5. Genetic Algorithm (GA) implementation: GA is executed to find the characterization of causality

relationships that perform better for natural element retrieval of the images that have similar causality
texture patterns for a particular scene.

Figure 1. Proposed general methodology applied for image recognition.
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The paper proposes a causality analysis of the natural scenery classes based on a pre-established
texture dictionary and the WGC analysis from the CBIR methodology [5,8] in order to provide a whole
dataset characterization.

This approach aims to improve the optimization process of evolutionary algorithms. In this case,
since the GA [9] shows a simple and fast implementation, it was employed to select the relationships of
the local-texture statistical features handled as time series.

Finally, an improvement in the classification accuracy obtained by our proposed strategy is reported,
getting 100% on re-substitution and up to 96% for cross-validation methodologies. This approach was
implemented using the computer power of a 19-processor cluster and the MPI parallel programming tool.

The current methodology was probed with two databases of natural scenery:

• Vogel and Shiele (V_S) [10], with 700 Images classified as: 144 coast, 103 forest, 179 mountain,
131 prairie, 111 river/lake and 32 sky/cloud.

• Oliva and Torralba (O_T) [11], with 1472 Images classified as: 360 coast, 328 forest, 374 mountain and
410 prairie.

Visualizing the future implementation of an autonomous system of recognition of natural scenes mounted
on a car—which will be managed by our proposal as the autonomous system [12–14]—recognizing natural
scenarios in the navigation of an autonomous car or possibly a drone, with a 100% certainty, this proposed
system will be an important element in the safety of autonomous vehicles.

The rest of the paper is organized as follows: Section 2 presents the state of the art of the problem of
image analysis from the CBIR criterion and the WGC theory used in our project, as well as the theoretical
support of the WGC model to be applied; in Section 3, the proposed methodology for applying the WGC
theory in the natural scenery image characterization is presented; in Section 4 our GA implementation
approach to optimize the selection of texture causality relationships is explained; the parallel implementation
of our proposal to get good efficiency when processing a large number of images is provided in Section 5;
finally, the results and conclusions are presented in Sections 6 and 8, respectively.

2. State of The Art

The problem of image classification and recognition has been studied with different approaches for
supporting visual search for different purposes.

Several techniques have been applied successfully to the face recognition problem [6,15–18].
The solutions are favored by controlling the way in which the images are obtained by determining
the amount of light, the orientation, the distance, and so forth, in order to obtain ideal face images.
In addition, the points to be identified on a face image are well known. The multiple textures, objects in
unknown positions and their different compositions make it quite difficult to recognize and identify
natural scenery in an image or group of images.

One of the most recent solutions for the classification of natural scenery is the use of the deep learning
technique [19], which consists of a set of neural networks connected with each other in successive layers,
where each layer network performs a convolution operation on the information of the previous layer, as we
can see in Reference [20]. This methodology has the disadvantage of requiring high-end computational
resources (memory and CPU) for the training task, unlike the CBIR technique which can be implemented
in systems with few resources.

When using CBIR for scenery image classification, significant descriptors are determined considering
the image self texture attributes to have an important and effective recovery. In this system, a user presents
an image query and the system returns similar images from the database. In Figure 2, the general diagram
of a CBIR-based classification system of natural scenery images is shown.
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Figure 2. Classical methodology of image classification.

One of the first papers that uses the CBIR methodology for natural scenery classification is that
by J. Vogel [21]; this work defines a regular 10 × 10 grid on the image; from each grid coordinate an
analysis window is opened. Local information is extracted from a window texture and compared with
a base texture dictionary; then, the author defines a classification system for natural scenery. A point to
be improved is the definition of the base texture dictionary that is set manually, including only typical
textures perceived by the researchers. This approach obtains up to 75% average for the cross validation
classification test.

Unlike a grid, in Reference [8], random points are thrown on the image and around each point a
window is opened; from each window, statistical texture local information is extracted to be grouped,
conforming dynamically to a base texture dictionary. The testing is performed considering the generated
dictionary obtaining an 85% classification average of natural scenery data bases.

In Reference [22], the CBIR approach is presented to classify natural scenery images through the
composition of relevant features in relation to the texture, like in Reference [23], the shape and distribution
of the luminosity.

CBIR, being an unsupervised learning technique, still has some disadvantages, since the information
extracted is only treated as a histogram that represents the composition of textures in a scenery. This way of
characterizing scenery has not been able to obtain more than 85% classification, that is why new proposals
that use hybrid methodologies to give CBIR greater robustness arise [24]

In References [24,25], the authors combine the CBIR information with certain semantic content
introducing high-level concept objects, trying to link content-based images to objects extracted inside them.
This work obtained a percentage of natural scenery classification not greater than that of References [21]
and [8].

In this work, a hybrid method of three components is presented. The basic component is CBIR,
which generates the information regarding the local texture features of the image. Unlike performing only
statistical management of the obtained features (using histograms), in this proposal the second component
is responsible for applying a causality technique based on the Wiener Granger causality theory to identify
the causal relationships that exist within the basic textures of a type of scenery. Since the causality
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component generates different configurations of causal relationships, the third component consists of a GA
that allows the selection of the configuration that obtains the best classification percentage for each scenery.

Evolutionary Computational Vision (ECV) as a research area is currently growing in artificial
intelligence through two areas of work—computational vision and evolutionary computation.
Beginning from a practical point of view, ECV seeks to design the software and hardware solutions
necessary to solve hard computer vision problems [1]. Bio-inspired computation within computational
vision contains a set of techniques that are frequently applied to hard optimization problems. Its chief
objective is to generate solutions formulated in a synthetic way and the artificial evolutionary process based
on the evolutionary theory developed by Charles Darwin is the one frequently applied in Reference [9].

2.1. Theoretical Fundamentals Of Wgc

The causal inference paradigm has been used in different fields of science, for example, in neurology
the WGC theory [26] is used to examine areas of the brain and the causal relationships among them.
WGC analysis was carried out using sensors [27,28], and, lately in MRI images [29–31], the WGC theory is
being used for the study of causal relationships among areas of the brain. Other science fields where WGC
theory has been applied is video processing for indexing and retrieval [32]. Video processing for massive
people and vehicle identification [33–35] and complex scenery analysis [36]. In this proposal, for the first
time, WGC theory is applied to a natural elements and natural scenes retrieval.

In this section, the theoretical framework of the WGC is established. For simplicity and in order to
avoid extending mathematically, the theory is presented only for three random processes, being extendable
to n−processes. In our approach, a random process corresponds to a signal reading associated to one type
of texture within a natural scenery; so, for the present analysis, each texture reading corresponds to one
stochastic process represented by Ti, being i the i-th texture which has a stochastic behavior disposed into
a scenery.

2.2. Stochastic Autoregressive Model

We assume that each texture can be represented by an autoregressive model into time series. In the
current analysis, we will only carry out with three signals, {T1, T2, and T3}, being easily extendable to
n signals/textures. Let T1, T2, and T3 be three stochastic processes, individually and jointly stationary.
Each stationary process can be represented by an autoregressive model in the following way:

T1(t) =
∞

∑
k=1

C1
T1(k)T1(t − k) + η1

T1, with ∑1
T1 = var(η1

T1), (1)

T2(t) =
∞

∑
k=1

C1
T2(k)T2(t − k) + η1

T2, with ∑1
T2 = var(η1

T2), (2)

T3(t) =
∞

∑
k=1

C1
T3(k)T3(t − k) + η1

T3, with ∑1
T3 = var(η1

T3), (3)

being η1
T1, η1

T2 and η1
T3 random Gaussian noise with zero mean and unit standard deviation; C1

T1(k), C1
T2(k)

and C1
T3(k) are the coefficients of the regression model for textures T1, T2 and T3, respectively.

The joint autoregressive model for the three textures is defined by the equations:

T1(t) =
∞

∑
k=1

C1,1
T1 (k)T1(t − k) +

∞

∑
k=1

C1,2
T2 (k)T2(t − k) +

∞

∑
k=1

C1,3
T3 (k)T3(t − k) + η2

T1,

with ∑2
T1 = var(η2

T1) (4)
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T2(t) =
∞

∑
k=1

C2,1
T1 (k)T1(t − k) +

∞

∑
k=1

C2,2
T2 (k)T2(t − k) +

∞

∑
k=1

C2,3
T3 (k)T3(t − k) + η2

T2,

with ∑2
T2 = var(η2

T2) (5)

T3(t) =
∞

∑
k=1

C3,1
T1 (k)T1(t − k) +

∞

∑
k=1

C3,2
T2 (k)T2(t − k) +

∞

∑
k=1

C3,3
T3 (k)T3(t − k) + η2

T3,

with Σ2
T3 = var(η2

T3) (6)

where ∑2
T1, Σ2

T2 and Σ2
T3 are the variance of the residual terms η2

T1, η2
T2 and η2

T3, respectively. On the other

hand, the terms Ci,j
Tl(k) ∀i, j, l ∈ [1, 2, 3], are the regression coefficients for textures T1(t), T2(t) and T3(t),

respectively.
Now let us analyze the variances/covariances of the residual terms η2

Ti by means of the following Σ
matrix form Equation (7):

Σ =

⎛⎜⎝ Σ2
T1 Υ1,2 Υ1,3

Υ2,1 Σ2
T2 Υ2,3

Υ3,1 Υ3,2 Σ2
T3

⎞⎟⎠ (7)

where Υ1,2 is the covariance between η2
T1 and η2

T2 (defined as Υ1,2 = cov(η2
T1, η2

T2)); Υ1,3 is the covariance
between η2

T1 and η2
T3 (defined as Υ1,3 = cov(η2

T1, η2
T3)), and so on.

Based on the earlier conditions and using the concept of statistical independence between two random
processes at the same time (in pairs), causality can be defined in time. An example of the causality between
T1 and T2 is as in the following expression:

FT2,T1 = ln

[
Σ1

T1 × Σ1
T2

ΣT12×Σ2
T2

]
(8)

The Equation (8) is commonly known as the causality in the time domain. From this equation, if the
random processes T1(t) and T2(t) are statistically independent, then FT1,T2 = 0; otherwise there will be
causality from one to another.

In the Equation (1), Σ1
T1 measures the precision of the autoregressive model to predict T1(t),

established on the past samples.
Then again, Σ2

T1 in the expression (4) measures the precision to predict T1(t) based on the previous
values of T1(t), T2(t) and T3(t) at the same time. Returning to the case of taking only 2 textures at the
same time T1(t) and T2(t) and according to References [37] and [7], if Σ2

T2 < Σ1
T1 then it is said that T2(t)

has a causal influence on T1(t). The causality is defined by the following equation:

FT2→T1 = ln

[
Σ1

T1
Σ2

T1

]
(9)

It is relatively easy to see that if FT2→T1 = 0 then there is no causal influence from T2(t) towards
T1(t), at any other values, the result will be otherwise. On the other hand, the causal influence of T1(t)
towards T2(t) is established using the following equation:

FT1→T2 = ln

[
Σ1

T2
Σ2

T2

]
(10)
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3. Methodology

In the current section, we describe the methodology developed for the WGC technique with a GA
support applied to natural scenery.

For the use of the CBIR, there are different determining factors that must be taken into account
while extracting the information from the images, such as luminosity, orientation, scale, homogeneity,
and so forth. The main characteristic in our proposed patterns is texture, such that we try to create a base
dictionary to later create the time series from the reading of the images and their comparison with the
dictionary, with which the theory of WGC was applied.

For the development of the dictionary, a set of k textures are manually selected on the images to be
studied, which we will call reference textures. The k generated textures represent parts of objects such as the
sky, clouds, grass, rock, and so forth, trying to make a manual segmentation of the scenery as shown in
Figure 3. In Section 6, the k = 4 textures test is shown for 6 scenery-classes.

Once the set of the k reference textures has been obtained, the values in the HSI color space of each of
them are examined to create a range of maximum and minimum values which represent them, these values
help us to define the thresholds of comparison for the test textures of a query image.

Figure 3. Example of segmentation texture zone in a natural scene.

The proposed methodology for the identification and classification of scenery by WGC is shown in
Figure 4. The blocks of the architecture are described below.

1. Natural Scenery Database (NSDB). Represents the set of images to be analyzed, it contains the images
of the natural scenery.

2. Reading the images. Is responsible for obtaining the images from the database, which will be
processed in (Red-Green-Blue) RGB color format.

3. Pre-processing. Pre-processing of the images, erasing the noise, to be used in the next step.
4. Change to the (Hue-Saturation-Intensity) HSI color space. The RGB color space does not give us the

necessary information for the feature extraction, therefore we pass them/it to the HSI color space,
which gives us the information related to the texture.

5. Feature extraction. This block consists of three important stages:

• Grid image. The work done in Reference [21] is taken as a reference, a regular grid of 10 × 10
windows is considered for the CBIR texture analysis; in our proposal, we use a grid of r × c
windows, which has the property of r �= c, where c :=number of windows in horizontal (columns),
and r :=number of windows in vertical (lines).
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• Neighborhood construction. In each of the resulting frames of the grid, the size of the
neighborhood p× p pixels is extracted, starting from the top left corner of each window, as shown
in Figure 5, such that p < r and p < c.

• CBIR feature extraction. The image is read from the neighborhoods in the following way: It starts
in the top left corner of the image and it moves following a descending vertical order through the
neighborhoods, processing each of them. Once it reaches the last line, it moves one step to the
right neighborhood and goes up to the first line; when the first line is attended again, it moves
to the right column within the neighborhood and goes down again (like a snake moving),
this reading is repeated for the entire image until the last neighborhood is reached, as shown
in Figure 6. Each neighborhood section creates a pattern of size 1 × 3, that is, one feature per
channel (HSI) of the image. After the feature extraction of all the neighborhoods was read in
the established order, a matrix Mi

s with size w × 3 is created, where w = r ∗ c is the number of
neighborhoods analyzed for each i-th image of the class Cs.

Figure 4. Learning and testing architecture for the classification system.
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6. Generation of time series.For each Mi
s of the previous step, each matrix entry is compared to the

k−textures of the dictionary to construct a discrete signal as a time series Ti
S, defined as a matrix of

size k × w.

In comparison, the value 1 is assigned if the feature neighborhood approaches the dictionary texture
and 0 if not, according to the threshold values which characterize each texture as they were previously
presented. After processing the entries of all Mi

s, the set of signals for each scenery is stored in the
FMs, the time series matrix corresponding to a class s that contains Imgs images.

7. Wiener-Granger Causality analysis. Each FMs matrix created in the previous step was carried to
the WGC analysis to obtain the causal relationships, contained among each one of the base textures.
A matrix of causality relationships, ηs, related to the training images was generated, as shown in
Figure 7; therein, darker colors represent stronger relationships and these can be depicted through a
state diagram where continuous lines represent only the stronger ones. The analysis of causality was
computed with the causality toolbox MVGC [38], which was invoked as an external system call.

Once the causality analysis has been made for each of the Cs scenery, we get a causality relationships
matrix ηs of size k × k, with the total of the causal relationships FTi ,Tj from the texture Ti → Tj
(as given in Equation (11)), such that if a value of FTi ,Tj = 0 means that there is no causal relationship
of the texture i → j, and in the measure that the value increases with respect to other ηs values,
we say that the causal relationship is significant with respect to others.

ηs =

⎡⎢⎢⎢⎢⎣
FT1,T1 FT1,T2 . . . FT1,Tk

FT2,T1 FT2,T2 . . . FT2,Tk
...

...
...

...
FTk ,T1 FTk ,T2 . . . FTk ,Tk

⎤⎥⎥⎥⎥⎦ (11)

The causality matrices ηs are normalized according to the total sum of their values, being
Ns = ∑k

i,j=1 FTi,Tj, such that ηN
s is the normalized matrix of the s−th scenario, for s = 1, . . . , Cs,

with Cs: the number of scenery types considered, as given in the Equation (12). From this resulting
matrix the values of the main diagonal are not taken into account because these values do not generate
force in the causality relationship; as observed in the theory, there is no causal relationship between
the same variables.

At the end, for Cs classes or scenery, the total concentration of the matrices, Γ, is defined as given in the
Equation (13).

ηN
s =

⎡⎢⎢⎢⎢⎣
FT1,T1 FT1,T2 . . . FT1,Tk

FT2,T1 FT2,T2 . . . FT2,Tk
...

...
...

...
FTk ,T1 FTk ,T2 . . . FTk ,Tk

⎤⎥⎥⎥⎥⎦ ∗ 1
Ns

(12)

Γ = ∪Cs
l=1η

N
l = {ηN

1 ,ηN
2 . . . ηN

Cs} (13)

The Γ matrices as entries serve as a descriptive pattern for each scenery or class contained in the database.
8. Selection of causal relationships by means of Genetic Algorithm. To look for the causal relationships

among different variables that are more important or relevant, for each of the scenes, this can be
accomplished in a simple way by eliminating the relationships that have a numerical value less than
a previously established threshold.
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However, one disadvantage of this method is the establishment of the threshold to be used,
because there is no a priori knowledge of the optimal value; in addition, the complexity increases
when the number of textures increases in the dictionary, along with the number of classes and
images to be examined. Other drawback of this solution is that some of the weak relationships could
also be important in order to characterize a scenery. So there is a need to implement an automatic
selection which discriminates the relevant relationships as a combinatorial optimization process.
Genetic algorithms (GA) have been used successfully in several computer vision problems together
with the digital image processing [39] and classification [1,9,40–42]. In this work the GA is also the
right solution for the required optimization.

Figure 5. A 10 × 10 grid partition image example, every grid has a window of 10 × 10 pixels size.

Figure 6. Reading image example among the grid neighborhood of the image.

Figure 7. Generation of a texture-based causality relationship matrix, ηs, using the WGC analysis.

4. Genetic Algorithm Proposal

Looking for the analysis of the Γ matrices generated by the WGC to find the significant causality
relationships for one scenery, we propose each matrix to be treated with a GA implementation. In this
section we provide the GA proposal in detail.

In this approach, each matrix ηN
s ∈ Γ is expressed using vector representation, see Figure 8 parts (a)

and (b); this is achieved only by concatenating the rows of the matrix ηN
s , then the entries of the diagonals

are eliminated as shown in Figure 8 part (c). In Figure 8, part (d), a reallocation of the values after the
previous elimination is adjusted. This provides a vector of continuous index having the size of each
vector 1 × (k2 − k) for each s−th row, one per scenery. Following this process, finally, the matrix τ is
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created, which contains the linear conformation of each matrix ηN
s , with s = {1, 2, . . . , Cs} in different

rows, as shown in Figure 8 part (e).

Figure 8. The τ matrix generation process, for every s−th row ∈ τ.

4.1. Individual Codification

An individual binary representation for one scenery, τ[i], is conformed in order to create a filter type
array of size 1 × (k2 − k) of zeros and ones, such that if an input or causal relationship is selected in that
array, the value 1 is used, and 0 if not. So we have Cs rows, one row per scenery, it is intended that each
row of the filter matrix could be different from the other lines, with the purpose of characterizing each
type of scenery in a unique way.

It is then necessary to apply an automatic process to determine which values of the matrix τ are
relevant features to distinguish the causal relationships of each scenery, and based on this result, it selects
which values are going to be removed for the preset number of textures. With the selection of the most
relevant causal values, it is sought to have a classification by means of a distance classifier, towards the
matrix τ for each one of the query images.

4.2. Fitness Function

The fitness evaluation of each individual is generated in several parts. First, the Equation (14) is
applied to the individual Gx, representing a texture relationships selection for the s−scenery in question,
using the matrix τ in Figure 9.
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ρGx
s =

k2−k
∏
l=1

Gx(l) ∗ τs,l

Cs
∑

m=1

k2−k
∏
l=1

Gx(l) ∗ τm,l

, such that Gx(l) �= 0 (14)

Figure 9. The Gx genome construction.

There, ∏ Gx(l) ∗ τs,l refers to the product of the τ entries located at s−scenery (row s) and column l,
specifying a causal relationship, accomplishing Gx(l) is a valid non zero entry of the genome. Thus ρGx

s is
the total probability for the individual Gx applied to all scenery.

Based on these data, by means of the probability theory, the individual Gx is required to meet the
condition: ρGx

s > ρGx
j , such that s ∈ {1, 2, . . . , Cs}, s �= j, and 1 ≤ j ≤ Cs.

That is, Cs probabilities corresponding to each scenery evaluating the individual Gx are obtained
with the calculation of ρGx

j . Equation (15) gives the first step for the optimization process, considering the
maximum probability related to the casual relationships which best characterized the s−scenery versus
the others.

Gx∨
s
=

⎧⎨⎩ ρGx
s if ρGx

s = Max{ρGx
j }

j=1,...,Cs

0 if ρGx
s �= Max{ρGx

j }
j=1,...,Cs

(15)

Then, the fitness function, fs(Gx), is determined as Equation (16).

fs (Gx) =

⎧⎪⎪⎨⎪⎪⎩
CPs if

Gx∨
s
> 0

0 if
Gx∨
s
= 0

(16)

To this end, the images contained in the s−scenery are consulted, using the re-substitution test.
Each image query gives the scenery which belongs to filling the information of a confusion matrix that
is used to calculate the percentage of classification. The image consult query process is described in
the following paragraph. Later, in Section 4.3 the global fitness is taken into account for the population
evolution in the GA loop process.

4.2.1. Creating a Query from a Single Image

In order to classify an s-scenery image considering the relationships specified in a Gx individual,
a related causal relationship matrix needs to be constructed.

The first step consists of creating a set of M synthetic images, L1, L2, . . . , LM, from a single L image is
performed. This is produced by means of manipulating the first reading of the image, making a circular
shift of d positions for each new synthetic image, in order to create several samples of the same image as
shown in Figure 10. In this way, the respective query matrix of size |k × w × M| (k := number of textures
in the dictionary, w := number of neighborhoods, and M := number of synthetic images) is generated to
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feed the WGC analysis process and to obtain the resulting normalized causal relationship matrix ηN
L of

size |k × k|. These steps are carried out by Equations (11) and (12).

Figure 10. Representation of a query image construction into N samples.

Then the manipulation of ηN
L is performed as shown in the stage presented in Figure 8 to obtain the

linear representation of the matrix. The last query step consists of applying the k-NN classifier (with k := 1)
to determine which τ scenery (line) has the closest relationship to the linear relationship representation of
image L, considering only the relationship indicated with the Gx non-zero values.

4.3. GA Implementation

A genetic algorithm is applied for each τ line to automatically select the most representative causal
relationship of each scenery. Figure 11a shows the general algorithm flowchart of this approach.

An initial population, PG, of sizeP individuals is randomly generated, where sizeP is an odd number
and each individual is of size k2 − k, the size in columns of the matrix τ.

Then the PG individuals are evaluated with the fitness function, Equation (16), for a particular
s−scenery, considering the total set of images that conform it, as shown in Figure 11b. The individual’s
fitness is stored inside a fitness array {•}, as in Equation (17). The {•} array is consequently ordered,
from highest to lowest, to find the best individual with the highest fitness.

{•} = { f1(Gx), f2(Gx), . . . , fsizeP(Gx)}, (17)

such that fp(Gx) ≥ 0 for 1 ≤ p ≤ sizeP. For this proposal, size population sizeP = 21, the genome length
is 12, and the number of iterations was maxGen = 100 generations.

To generate the new population, (sizeP − 1)
/

2 triplets of random numbers are generated, e.g., {1,5,1}
or {2,4,0}, where the first two numbers are the selected individual numbers that generate the new
individuals, the third element of the triplet is one of the two possible operations to be executed;
either crossover “1” or mutation “0”.
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(a) (b)

Figure 11. Flowchart showing the general GA algorithm implementation. (a) Implementation of the
proposed General flowchart GA, and (b) GA implementation for a particular s-scenery.

For derivatives of each triplet, we generate two new individuals if it is by crossover operator, or if
it is by mutation operator the two selected individuals are altered separately, in order to have two new
elements for the new generation, 1 mutated individual from one single individual.

The crossover operator is applied at one uniform random point of the two participating chromosomes,
and the mutation operator is performed over 10% of the elements of a chromosome, as shown in Figure 12.

Figure 12. Genetic operators application.

The genetic operations of mutation and crossover are applied to 30% and 70% of the population
respectively, favoring the selection of the highest fitness individuals to be reproduced. The individual
with the best fitness passes to the next generation applying elitism. In this way, the population will evolve
towards a selection of relevant causal relationships to be able to characterize each scenery.

The end of the GA or stop criteria is given when reaching the 100% classification percentage or a
number of generations is attained.

After the GA is applied Cs times, the individuals that contain the most relevant relationships for each
scenery are found. Then, the τ matrix is updated and its entries are replaced by a zero value whenever the
corresponding individual entries have a zero and they keep their value in other case.
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5. Parallel Approach

In this section, a parallel algorithm to speed-up the performance of the proposed WGC methodology
is presented. The parallel approach works on a distributed memory architecture using MPI library;
that is, there is a set of processes without shared memory, and these processes work in parallel, and the
communication goes through message exchange to determine the relevant causal relationships of all the
scenery. Each process can access the NSDB to extract and work with the corresponding set of images.
The algorithm complexity in this proposal is given for the Equation (18).

O(Nclass × k × CIP × r × c × nImg × tcomp × WGCtb) (18)

where, Nclass := number of classes, k := number of textures, CIP := constant for every image processing,
r := number of rows in the grid, c := number of cols in the grid, nImg := total number of images, tcomp :=
comparison time against the base textures, WGCtb := causality analysis time. (e.g., for an image of size
640x480 pixels, r = (640/20), c = (480/30), and p is the size of the neighborhood, such that 10 × 10
implies p = 10) That means, if the number of rows r, cols c in the grid increases, then the number of images
nImag in NSDB increases, and the number of base textures k in the dictionary increases, and the number
of classes Nclass increases, thus the computational cost increases. In this way it is necessary to conceive a
parallel architecture to solve this problem in a large number of images related to Big Data problems.

The Algorithm 1 shows the procedure which is executed simultaneously by each process and the
general process of this parallel proposal is depicted in Figure 13.

Figure 13. The proposed parallel algorithm structure.

At the beginning (line 2 of Algorithm 1, Figure 13, tag (1)), each process determines the amount set of images
to be read (ImgBlock), taking into consideration the total number of images (Total_IMGs), the total number of
processes (Total_procs) and the process identifier (rank). A single process can work with images belonging to
different scenery (e.g., Total_IMGs = 700, Total_procs = 70, imgBlock = 700/10 = 10 for the NSDB).
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Algorithm 1 Parallel algorithm for the causality matrix construction.

1: procedure CAUSALITY MATRIX CONSTRUCTION(rank)
2: initialization(ImgBlock,Total_IMGs,Total_procs,rank);
3: for every i in ImgBlock do
4: Img_RGBread(image, s, i);
5: Img_preprocessing(image);
6: RGB_to_HSI(image);
7: Mi

s= Feature_extraction(image);
8: Fi

s= time_series_construction(Mi
s, Texture_Dictionary);

9: Save_TimeSeries(Fi
s);

10: end for
11: Barrier_synchronization();
12: if rank in {Scenery coordinator ranks} then
13: Fs= Load_all_time_series(s);
14: ηs= System_call(MVGC(Fs));
15: τs= Fitting(ηs);
16: Genetic_Algorithm(τs);
17: Send(τs, s, General_coordinator rank);
18: end if
19: if (rank == General_coordinator rank) then
20: for (every id in {Scenery coordinator ranks}) do
21: Recv(τs, s, id);
22: τ(s)= τs;
23: end for
24: end if
25: end procedure

Each process works simultaneously with the section of the NSDB, ImgBlock, which was assigned
to it, performing the following steps (lines 3–10). The reading of the i-image in RGB space is the first
action to be executed, next up the scenery, s, such that i-image ∈ s, is also obtained (line 4). Then the
image preprocessing and the conversion from RGB to HSI domains are carried out (lines 5 and 6,
respectively). In line 7, the statistical features are calculated, including the construction of the image grid
and neighborhoods, then the CBIR features per each neighborhood generates the Mi

s matrix; Figure 13,
tag (2), represents the execution of lines 4 to 7 of Algorithm 1. Then, Mi

s and the texture dictionary are used
to construct the respective time series, Fi

s , that is stored on file (lines 8,9 of the algorithm, Figure 13, tag (3)).
Up to this point, all processes work independently; however, in order to ensure that every process has

fully accomplished its task, a parallel barrier synchronization (line 11 of the algorithm, Figure 13, tag (4))
should be introduced before continuing with the next step. Here (line 12), only the processes identified
as scenery coordinators (one process per scenery) continue with the construction of the corresponding Fs

matrix (line 13, Figure 13, tag (5)), by loading the respective set of Fi
s matrices (one per scenery image),

previously generated. Then, a system call is performed (line 14, Figure 13, tag (6)) to run the MVGC
toolbox and obtain the causality relationship matrix, ηs, from the WGC analysis.

The Fit(ηs) function in line 15 (Figure 13, tag (7)) is in charge of normalization and vector
representation of the causality relationship matrix, ηs. The respective τs is thus generated, corresponding
to the s-th row (scenery) of τ matrix. Line 16 of Algorithm 1 (Figure 13, tag (8)) shows the GA call that
is executed by each one of the Cs scenery coordinator processes, with Cs being the number of scenery.
After identifying the most relevant causal relationships by means of the GA, τs is updated and sent to the
general coordinator (line 17) through a message.

Finally, in lines 19–24, the general coordinator process receives, by means of several messages,
the results generated by the scenery coordinator processes (Figure 13, tag (9)). When all message receptions
are achieved, the matrix τ is successfully constructed.
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6. Experimental Results

The proposal evaluation was generated using the computer power of a 19-processor dual core cluster.
Each processor is an Intel c©Xeon c©CPU E5-2670 v3 2.30 GHz, and 74 GB RAM.

Four image textures k = 4 where selected to conform the base dictionary, as shown in Table 1. For each
texture the generated values were obtained manually within the images of the database, a set of 20 texture
samples were taken from a set of 5 images per class, from each texture the average was extracted in the
layer H plus twice the standard deviation, with this the maximum and minimum threshold values for
each texture were generated.

Table 1. HSI ranges of the base texture dictionary.

Texture H-max H-min S-max S-min I-max I-min

Cloud 180 0 25 0 255 61
Sky 113 93 255 25 61 255

Rock 24 6 255 20 190 30
Forest 102 28 255 10 229 3

The NSDB used for the evaluation consists of the following data:

• Vogel and Shiele (V_S) [10], including 6 scenery with 700 images classified as: 144 coast, 103 forest,
179 mountain, 131 prairie, 111 river/lake, and 32 sky/cloud.

• Oliva and Torralba (O_T) [11], including 4 scenery with 1472 Images classified as: 360 coast, 328 forest,
374 mountain and 410 prairie.

The images were adapted so that some typical classification challenges were considered. The whole
set of images was tested in a normal state and introducing Gaussian noise (GN), salt and pepper noise
(S&P) of 1%, 3%, and 10% levels respectively, as shown in Figure 14. A rotation transformation was also
introduced on each image considering 0◦, 45◦, 90◦, 135◦, and 180◦, as shown in Figure 15. An image
consult query was performed following the same procedure described in Section 4.2.1.

(a) G-N 1% (b) G-N 3% (c) G-N 10%

(d) S&P-N 1% (e) S&P-N 3% (f) S&P-N 10%

Figure 14. Example of images with Gaussian, salt, and pepper noise of 1%, 3%, and 10%, respectively.
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The results in this section are organized as follows. The image classification performance obtained
when applying the WGC theory is first presented. Then the execution times of the proposed parallel
methodology are shown.

(a) 0◦ (b) 45◦ (c) 90◦ (d) 135◦ (e) 180◦

Figure 15. Rotation degrees applied to the images set.

6.1. Classification Results

To show that the proposed GA implementation was a good solution to select some relevant texture
relationships describing a scenery, we compared our proposal (GA version) to the manual strategy (Manual
version) introduced in Reference [36]; under the manual strategy only the highest relationship values were
selected, establishing a specific threshold. In both versions, the methodology presented in Section 3 for the
construction of τ matrix, was executed. Table 2 shows the resulting τ values.

Because there were no a priori criteria to determine a threshold value, in the Manual version 25% of
the less significant causal relationships per scenery were deleted. Table 3 shows the updated τ matrix after
the manual selection.

Table 2. The obtained τ matrix values.

Scene/F FT1,T2 FT1,T3 FT1,T4 FT2,T1 FT2,T3 FT2,T4 FT3,T1 FT3,T2 FT3,T4 FT4,T1 FT2,T4 FT3,T4

Forest 0.370 0.289 0.0051 0.0269 0.037 0.0013 0.108 0.075 0.0849 0.00332 1.611 × 10−5 0.00062
Sky & cloud 0.0441 0.0481 0.0321 0.0269 0.343 0.197 0.0044 0.0385 0.211 0.011 0.0070 0.0371
Coast 0.0099 0.233 0.188 0.021 0.0363 0.0503 0.0542 0.0014 0.0646 0.1558 0.0772 0.109
Mountain 0.085 0.405 0.0132 0.0497 0.0799 0.0698 0.1115 0.0102 0.0162 0.1076 0.0392 0.0133
Prader 0.2401 0.1143 0.2400 0.0045 0.0140 0.0268 0.2151 0.1146 0.0006 0.0161 0.0140 0.0002
River 0.1619 0.4053 0.1112 0.0061 0.0046 0.0035 0.0377 0.0322 0.1794 0.0066 0.0084 0.0432

Table 3. The τ matrix resulting from the manual selection of the highest significant causal relationships.

Scene/F FT1,T2 FT1,T3 FT1,T4 FT2,T1 FT2,T3 FT2,T4 FT3,T1 FT3,T2 FT3,T4 FT4,T1 FT2,T4 FT3,T4

Forest 0.370 0.289 0.0051 0.0269 0.037 0 0.108 0.075 0.0849 0.00332 0 0
Sky & cloud 0.0441 0.0481 0.0321 0.0269 0.343 0.197 0 0.0385 0.211 0 0 0.0371
Coast 0 0.233 0.188 0 0.0363 0.0503 0.0542 0 0.0646 0.1558 0.0772 0.109
Mountain 0.085 0.405 0 0.0497 0.0799 0.0698 0.1115 0 0 0.1076 0.0392 0
Prader 0.2401 0.1143 0.2400 0 0.0140 0.0268 0.2151 0.1146 0 0.0161 0.0140 0
River 0.1619 0.4053 0.1112 0 0 0 0.0377 0.0322 0.1794 0 0 0.0432

When executing the GA version for the selection of τ matrix relationships, a larger space of solutions
was explored trying to look for the causal relationships that best represent one scenery. The obtained
individuals are presented in Table 4, and the updated τ matrix is shown in Table 5.

Both, GA and manual versions where tested using 300 images, 50 per scenery. The manual version
only obtained obtaining a 12.53% general classification percentage. The confusion matrix showing the
image association per scenery can be seen in Table 6; we observe that most of the images were associated
to the coast scenery, and as a result the manual selection test gave a poor classification percentage.
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Table 4. The best individuals resulting from the evaluation of the GA per scenery.

Scene/F 1 2 3 4 5 6 7 8 9 10 11 12

Forest 1 0 0 0 0 0 0 0 1 0 0 0
Sky 0 1 1 0 1 1 1 1 0 0 0 1
Coast 0 0 1 1 0 0 0 1 0 0 1 1
Mountain 1 0 0 1 0 0 1 1 0 0 0 1
Prader 1 0 1 0 1 0 1 1 1 0 1 0
River 0 0 1 1 0 0 1 1 0 0 0 1

Table 5. Final τ values, applying the better individuals of the GA.

Scene/F FT1,T2 FT1,T3 FT1,T4 FT2,T1 FT2,T3 FT2,T4 FT3,T1 FT3,T2 FT3,T4 FT4,T1 FT2,T4 FT3,T4

Forest 0.370 0 0 0 0 0 0 0 0.0849 0 0 0
Sky&cloud 0 0.0481 0.0321 0 0.343 0.197 0.0044 0.0385 0 0 0 0.0371
Coast 0 0 0.188 0.021 0 0 0 0.0014 0 0 0.0772 0.109
Mountain 0.085 0 0 0.0497 0 0 0.1115 0.0102 0 0 0 0.0133
Prader 0.2401 0 0.2400 0 0.0140 0 0.2151 0.1146 0.0006 0 0.0140 0
River 0 0 0.1112 0.0061 0 0 0.0377 0.0322 0 0 0 0.0432

Table 6. Confusion matrix for a test with 50 images per scenery, using a manual selection of causal relationships.

Scenei/Scenej Forest Sky Coast Mount Prad Riv

Forest 0 0 31 19 0 0
Sky 1 0 39 10 0 0

Coast 3 0 36 11 0 0
Mount 2 0 47 1 0 0
Prad 5 0 40 5 0 0
Riv 6 0 32 11 1 0

With the information in the Table 5, the most representative relations of each natural scenery are
generated as a visual representation, the graphs representing the intensity of the causal relations between
the k = 4 base textures of the dictionary. These graphs will show how textures are related within the
corresponding scenery, obtaining the pattern which represents each of them, as it can be appreciated in
Figure 16.

(a) Forest (b) Sky and cloud (c) Coast (d) Mountain (e) Prader (f) River

Figure 16. Evolutionary texture causal relationship graphs resulted for each scenery.

Given these first results, it can be observed that not necessarily the relationships with higher values
were the best ones to be selected.

To measure the technical efficiency of our proposal using the GA, the Recall (managed as classification
percentage), Precision, Accuracy and F1 Score were estimated from the confusion matrices of every test.

The classification results of Figure 17 show that that rotating the images by 45◦, 90◦ and 315◦,
the classification performance decays significantly. Also, the noise (GN and S&P) significantly alters the
classification which is expected in natural scenery images since the texture is a representative of the type of

309



Electronics 2019, 8, 726

image, and the alterations with noise on it degenerate into another possible meaning. In normal conditions,
avoiding noise and rotations, the classification performance reaches 100%.

Additionally, Figure 18 shows the estimations of the precision (Figure 18a), recall (Figure 18b),
accuracy (Figure 18c), and F1 Score (Figure 18d) averages for the classes contained in the NSDB. In general,
the classification of ideal images (0◦) without rotations and noise obtains 100% classification, However,
when rotations and noise are added this percentage decreases, particularly the sky class is the most affected.

Figure 17. Classification results of our proposal using the GA, considering different noise type and
rotation configurations.

 

(a) (b)

(c)
 

(d)

Figure 18. Technical efficiency measures for the best GA individuals for each scenery: (a) precision measure,
(b) recall measure, (c) accuracy measure and (d) F1 score measure.
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The average result for the GA evaluation is depicted in Figure 19. Figure 19a shows the fitness evolution
within a run with 100 generations. Figure 19b shows that, while in some classes the highest fitness is achieved
in the first iteration, in the other ones 100 generations are not enough to achieve the best fitness. Figure 19c
shows the best fitness obtained through 200 runs considering 100 generations per run and population size
set to 21 individuals; all fitness converges near the expected value of 100% classification.

 

(a) Representation of a single execution of the GA.

 

(b) Convergence of a simple execution of the GA.

 

(c) Evaluation of the GA with 200 executions and 100
generations per execution.

Figure 19. Performance of the GA for the natural scenery contained in the NSDB.

6.2. Parallel Methodology Performance

The execution time taken by the proposed parallel causality methodology applied to the identification
and classification of natural scenery, for a total of 700 images, 6 different scenery, and varying the number
of processes, are shown in Figure 20. These values were the average time taken for 200 executions. We can
observe that the execution time decreased rapidly while increasing the number of processes, getting the
best execution time when 125 concurrent processes were defined. With this configuration each process
worked with 5 or 6 images, favoring the internal scheduling that used more efficiently the computer
resources so that the sequential version execution time decreased by 88.9%.
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Figure 20. Performance of the parallel methodology algorithm.

7. Discussion

To find the texture causality relationships for characterizing a natural scenery, we found the necessity
of GA implementation. With this solution, the automatic discrimination process for selecting the causal
relationships that are important or relevant for the classification of the proposed scenery was successfully
achieved. Compared to some of the articles in the literature, the possibility of our approach to perform the
selection in an automatic way allows the study of the scenery classification problem considering more
parameters. In this way, a larger number of scenery or base textures for future implementations of several
purposes of texture classification could be taken into account considering the efficient methodology and
evolutionary algorithm proposed in this work. This proposal could help in recognizing natural scenarios
in the navigation of an autonomous car or possibly a drone, being an important element in the safety of
autonomous vehicles navigation.

As we can see in Figure 17, the classification percentage obtained by means of the selected features
for the evolutionary process surpasses those obtained by the manual selection version. This result is
important because the representative causal relationships of the scenery are selected in such a way
that they numerically escape the manual perspective; that is to say, in the manual selection strategy a
non-significant threshold value is specified, such that any value lower than the threshold is set to zero,
but evolutionary strategy turns out that some of these causal relationships are relevant to classify the
scenery, marking differences with another similar scenery. From the causality theory applied to the image
reading sequences, we are trying to infer the order of appearance of the textures typified in the base
dictionary seeking to represent them as temporal visual reading that we see as a type of natural scenery.

8. Conclusions

In this paper a novel proposal for the use of the Wiener-Granger causality theory supported by a
genetic algorithm was presented, along with the CBIR self-content analysis, applied for the identification
and classification of 6 natural scenery: coast, forest, mountain, prairie, river/lake, and sky/cloud.
Considering the new formulation it was possible to find a set of descriptors from the causality matrices
in order to represent a scenery class, from a base set of reference textures, proposing a characterization of
images based on the continuous appearance of textures within them; the base dictionary in this approach
included the textures: Cloud, Sky, Rock, and Forest. Unlike others approaches, our methodology deals with
the rotation and image noise considerations, and the results show excellent classification percentages.

Under this approach we have 100% image classification for the whole dataset, and the methodology
provided the next good classification rate for 180◦ rotation, and the sensitivity for intermediate rotation
levels (45◦, 90◦), and had good results for the salt and pepper image noise.

312



Electronics 2019, 8, 726

In relation to the proposal performance, the design of a parallel computing algorithm was developed.
A reduction in execution times was achieved using a 19-processor dual-core cluster server, and the MPI tool,
reaching an 88.9% decrease of the sequential version execution time when 125 processes were launched.

Future work includes the study of performance of this proposal using other parallel architectures;
e.g., the GPU technology could perform efficiently for the image feature extraction stage, as well as the
implementation of other evolutionary algorithms, such as Genetic Programming in order to analyze all
together the image textures looking to characterize the whole scenery and its associations with paradigm
of visual comprehension.
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Abstract: Divers conventionally use underwater notepad or flash to communicate each other in the
water. For safe marine leisure activities, touchscreen based intuitive means of communications such
as drawing and writing are needed to be integrated into the conventional dive computers. In this
paper, we propose a wrist-mounted dive computer, so called DiverPAD, for underwater drawing
and writing. For the framework design of proposed DiverPAD, firmware, communication protocol,
user interface (UI), and underwater touchscreen functions are designed and integrated on DiverPAD.
As a key feature, we deployed an electrical insulator based capacitive touchscreen which enables
divers to perform underwater drawing and writing for clear and immediate information delivery in
the water.

Keywords: wrist-mounted DiverPAD; electrical insulator; capacitive touchscreen; marine
leisure activities

1. Introduction

Recent developments in image and video based technologies have enabled new services in
the field of multimedia and recognition areas [1]. Those emerging services have been developed
along with touchscreen based image processing and communication technologies. As a kind of
emerging multimedia services, the necessity of underwater communication-device is increasing [2–4].
As industrial development of modern society and economic affluence have led to improvement in
people’s living standards, there are increasing demands for various marine leisure activities that will
improve the quality of life.

Since underwater activities are not free and brain activity is reduced by breathing on air tanks,
those limitations make it difficult to quickly respond to the surrounding risk factors (lack of air,
dangerous marine life, and rapid algae). Therefore, a new type of dive computer is developing for
marine leisure personnel to communicate underwater information [5–7].

In order to communicate clear and immediate information delivery through touchscreen based
user friendly interface in the water, we implemented a new underwater communication-device that can
be applicable to both professionals and publics for conducting marine leisure activities. The proposed
underwater communication-device can support image/text data processing, and powerful visibility
on the touchscreen. While conventional dive computers support several functionalities in terms
of depth of water, water temperature, time, ascent/descent excessive speed alarm, and compass,
the proposed communication-device, so called DiverPAD, can provide divers with touchscreen based
memo functions (drawing and writing) as well as conventional functionalities.
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The remainder of this paper is organized as follows: the previous works for recent dive computers
are introduced in Section 2. The design and implementation of the proposed DiverPAD are described
in Section 3. Finally, field test and conclusions are presented in Sections 4 and 5, respectively.

2. Previous Works

Because scuba diving, as a kind of typical marine leisure activities, has a limitation by the breathing
in the water, most divers have been using the dive computer to observe underwater information [8,9].
In addition, divers can obtain underwater information such as diver’s location from tablet screen
within a waterproof case [10]. As depicted in Figure 1, typical dive computers are manufactured to
be worn on a human wrist and they provide a variety of underwater information about dive time,
remaining air, water dive depth, and temperature. Since the information directly affects to people’s
lives in an emergency, the accuracy and reliability of the information obtained by the dive computer is
important factor to the divers.

 
Figure 1. Statistical data in terms of marine safety accidents.

Even though conventional diver computers provide the basic information of underwater
environment on display panel as shown in Figure 2, these cannot provide efficient communication
methods among divers in the water. In addition, communication methods by using hand signals or
writing board have limitations in transmitting and receiving accurate information in the water. In order
to communicate underwater information about emergency situations in the water, new underwater
device for supporting correct communication is needed to exchange accurate underwater information
in the type of touchscreen based texts, symbols, and pictures [11].

In the case of conventional touch panels, when a point on the display screen is pressed or touched
with a finger, a process to recognize the location corresponding to the pressed point works in three
types, which are capacitive type, resistive film type, and infrared/ultrasonic type. Capacitive type
is generally used in the conventional touch panels and it forms a constant capacitive layer on an
insulating layer.

Because the weak electrical signal could not be properly detected in the water, when a finger
touches a pad that is a transparent electrode on a substrate of the capacitive layer, touch signal is
generated with its position. This is a difference between the existing touch panel method which detect
the static signal and the proposed method to detect the weak electrical signal from the finger.
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Figure 2. Functional items of conventional dive computers.

In this paper, DiverPAD was implemented with the capacitive method to enhance the correctness
of electrical signal during marine leisure activities as shown in Figure 3.

 
Figure 3. Touch panel of DiverPAD.

The PVC (Poly vinyl chloride)/TPU (Thermo Plastic Polyurethane) of Figure 3 is a material that is
less corrosive and resistant to chemicals and it has the characteristics of generating static electricity.
Since it has the characteristics of plastic, it can protect the touch panel from sea water and it is possible
to transfer the user’s touch input to the LCD (Liquid Crystal Display)/OLED (Organic Light Emitting
Diode) panel by inducing static electricity. Inside the PVC/TPU, an insulating material, so called
glucerine, was filled to allow smooth touch input.

3. Proposed Wrist-Mounted Dive Computer for Underwater Drawing and Writing First Bullet

The proposed DiverPAD are composed of applications processor (AP), battery charger, power
management, display, sensors, and Bluetooth based connectivity modules as depicted in Figure 4.
While DiverPAD can provide the functions of conventional dive computers, its main feature enables
to provide the function of underwater drawing. Therefore, DiverPAD was newly modified on four
major modules for supporting the underwater drawing, which are firmware, protocol, user interface,
and underwater touch screen.
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Figure 4. Block diagram of DiverPAD.

In addition, we set DiverPAD’s target values in terms of supply voltage, operating time, operating
temperature range, waterproof depth, charging time, and battery capacity to ensure drawing capabilities
as well as existing conventional functions as described in Table 1.

Table 1. Target values of DiverPAD.

Item Target Value Description

Supply voltage 2.75~3.25 V Portable terminals is optimized as 5 V
Operation time 1 h/3 h Charging time about 1 h, use time about 3 h

Operating temperature −20~70 ◦C 5 ◦C low in summer ~10 ◦C high in winter
Waterproof depth 50 m Water pressure is 1 atmospheric per 10 m, up to 50 m

Charging time 1 h As a wireless charging technology (2000 mA capacity: 1 h)
Battery capacity 2 mA more Charging wirelessly (within 1 h)

3.1. Firmware

There are three main operations in terms of firmware in DiverPAD as followings: First, it prescribes
the specific module code that makes up the hardware. Second, it controls the user interface (UI) for
terminal device operation. Lastly, it stores user data (sensor, text, and image data).

As depicted in Figure 5, DiverPAD’s firmware is installed into the main controller and it is
combined with power status information, sensor detection, screen configuration, mobile linkage, and
environment setting to maintain function-based calling relationship. After the initializations of each
module is performed, DiverPAD operates specific functions like drawing according to “DiverPADTask”
as presented in Algorithm 1, which is obtained from the touch panel by pressing the touch pen. As
the insulator came into the reservoir space, upper and lower layers contact. Following this, the touch
panel unit recognizes the point of contact and performs the drawing and writing process. When the
user releases the touch, the restoring force raises the upper layer, as a result the insulator flows back
from the reservoir space to the touch space and returns to its original state.
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Algorithm 1 DiverPAD firmware logic

Input: positive integer button, positive integer user
Output: Action

1: Initialize MCU(). // Initialize the device
2: PowerInit(). // Power supply initialization
3: PowerEnableAll(). // Power supply
4: TimerInit(). // Set Timer
5: LEDInit(). // Initialize LED

6: MenuInit(). //Menu Initial screen
7: While (1) do

8: Initial_TFT_LCD(). // Initialize LCD
9: Setting Load(). // Loading the setting value
10: GUI_Load() // Load GUI
11: StateInit // Initialize State
12:
13: TFT_clear_screen(). // Reset touch function
14: GUI_system_info(). // GUI information based sensor
15:
16: If (MenuTak) //Wait for menu
17: Diver // Function execution
18: Else

19: PowerDisa // Off the power
20: end while

21: Return action.

 
Figure 5. Firmware design of the proposed DiverPAD.

In addition, DiverPAD has eight supplementary LEDs as a means of emergency indications which
are a real-time clock for dive time, a booster circuit, a switch module for various menu operations,
a boot loader for firmware update, and a watchdog timer to prevent malfunction. Depending on
the level of training of underwater activities, when the depth and time limit of each individual is
exceeded, the LED module provides a notification function to the diver as presented in Algorithm 2.
After the LED module was implemented in the form of firmware, we conducted the field tests of LED
recognitions in both restricted and open waters. It can be seen that the LED brightness is high within
10 meters as shown in Figure 6.
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Algorithm 2 dive qualification method

Input: positive integer User, integer depth, positive integer count
positive integer clock, char cert
Output: LED alarm 1: if (count < 5) then
2: DiverRight <- beginner.
3: if (depth > 18 m) then
4: LED =Warning (RED).
5: Else

6: LED =Warning (Green)
7: Else

8: if count is positive, then DiverRight = Openwater; Advenced; Rescue; Master;
9: Return DiverRight.
10:
11: switch (clock)
12: case (9 < clock < 18)
13: LED =Warning (Green)
14: if (clock > 18)
15: if (user = cert)
16: LED =Warning (Green)
17: Else

18: LED =Warning (RED)
19: Return LED alarm.

 

 

Figure 6. Field tests of LED recognition.

3.2. Communication Protocol

DiverPAD allows diver to store text or image data in the water. In order to communicate those
data from DiverPAD to handheld devices (e.g., smartphone), we present a communication protocol
for DiverPAD, which is shown in Figure 7. Since the communication function is not smooth in water,
an optimization method for fast and accurate information transmission was implemented based on
the existing communication standards.

Figure 7. Communication protocol of DiverPAD.

As shown in Table 2, some fields of the header and tail are defined as constant values in the data
packet of the DiverPAD and are designed to transmit text and image data in addition to the existing
sensor data.
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Table 2. Structure of DiverPAD data packet.

No Division Field Name Description

1

Header

START Start of data packet
2 DEV_ID ID of device
3 SIZE Length of total data
4 CMD Command value
5 STA Status value
6 EXT Extended value: Reserved
7 Data DATA Data (Sensor values, text, and image)
8

Tail
CRC CRC16 value (Error Check)

9 END End of Data CR (=0x0D), LF (=0x0A)

Based on the presented data packet structure, the bidirectional communication between the
DiverPAD and a handheld device is performed, and both the sensor information generated in the
water and the information about the diver’s marine leisure activity are transmitted into a handheld
device. In particular, as shown in Table 3, CMD (Command) values in the packet structure are newly
proposed in this paper to implement user message transmission about log data request, environment
information setting, and data transmission of the DiverPAD (sensor information, text, image), so as to
overcome the limitation of DiverPAD’s memory capacity.

Table 3. Description of Command values.

No CMD Value Description

1 0000 Send custom phrase message
2 0001 Request log data information
3 0002 Set preference information
4 0003 Requests all data

3.3. Design of User Interface (UI)

As shown in Figure 8a, we show user environment, hardware environment, content management,
and technical constraints by applying the UI design process. After wearing the DiverPAD, as a way to
recognize the risk situation between marine leisure personnel, the depth and time were set according
to the qualification situation, the number of times, and the curriculum. In case of increasing and
descending, the update cycle for perceiving the risk situation was set in 1 s increments. The averages
of previous unit time (10 s) section and the current unit time (10 s) section were analyzed.

As shown in Figure 8b, if the difference between the maximum and minimum depth for 1 min is
within 3 m, the average depth value for the 1 min section is set as the current depth, and if it is within
+2~−2 m from the current depth, the swim is displayed. In addition, when a difference in water depth
of +2~−2 m or more occurs in the current depth, it is displayed increasing or descending, and when a
difference of +10~−10 m or more occurs, a risk situation display screen is designed and implemented.

The above pattern analysis of marine leisure activity is divided into education, emotion,
and emergency modes. First, in the education mode, the educational contents of divers are stored
based on the water depth and displayed according to the rise and fall. In the emotion mode, the user
displays self-written contents using the terminal device buttons. The emergency mode is activated
if the control system determines the situation to be an emergency, sending emergency signals to the
display. The module was implemented to identify any emergencies by comparing the values using an
acceleration sensor, timer, and others. The above emergency situation information (maximum depth,
dive time, water temperature, rise alert and visual, nap time, date, time, frequency, and others) is
compared with the values of the sensor values and database thresholds.
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(a) Description of DiverPAD display 

 
(b) Examples of DiverPAD display 

Figure 8. User interface of DiverPAD.

3.4. Electrical Insulator Based Capacitive Touchscreen

DiverPAD adopted novel underwater touch function to conveniently communicate various
information among divers in the water. The touch function of DiverPAD was designed as a means
of the accurate and immediate communication tools in the process of data sending and receiving.
The module to operate underwater touch function consists of touch panel unit and touch input
controller. In general, touch function makes it possible to detect the force of touch pen pressing on the
surface of LCD or OLED panel.

In this paper, underwater touch function of DiverPAD was implemented to adaptively adjust the
force of touch pen pressing according to depth of water. DiverPAD allows a user to freely express
intention by inputting through a touch input underwater. Thus, a touch input diver pad comprising a
module is configured so that a sensor measurement module having a temperature sensor for sensing
underwater temperature and a depth sensor for detecting water depth, as well as touch input and
output modules including a touch panel section displaying data by the sensor unit, a battery module
for supplying power and control was obtained.

The pressure protection module is made of tempered glass and it is made as thin as possible to
lighten the weight and sharpen the design defined as shown in Figure 9.
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Figure 9. Phased gap adjustment corresponding to the different depth of water.

At the end of the touch input and output modules, a sealing module was installed to prevent the
inflow of water and an insulated touch module was attached to the top due to unpredictable water
flow and strong pressure of surrounding environment. In addition, the insulation touch module was
configured to include an insulating layer between the upper layer and the lower layer as a pressure
protection section. Accordingly, when there is no user’s touch in the water, the upper layer and the
lower layer are separated by the insulating layer so that no touch occurs.

The insulating layer is configured to serve to prevent malfunction of the touch panel unit due to
water pressure in water. Based on this, the upper part of the DiverPAD terminal device was divided
into an insulation touch module, and a space division divided into a touch space and a reservoir space,
so that an empty chamber was formed between the space division and the insulation touch module.
In this state, when the user presses and touches the touch space, the insulator is pushed to the reservoir
space, and the upper layer and the lower layer come into contact.

The touch panel module senses the point of contact, and thus touch sensing is performed.
In addition, when the user releases the touch, the upper layer rises due to the restoring force, and the
insulator flows back from the reservoir space to the touch space and returns to the original state.

A method of attaching an adhesive film to improve durability against external pressure was used
between the thin film display module and the touch panel module and between the touch panel module
and the pressure protection module. The pressure protection module includes a pair of tempered
glass, and is configured to withstand strong water pressure by configuring a pressure regulating gas
to be injected between the pair of tempered glass. The weight can be reduced by excluding thick
tempered glass to prepare for high pressure, and it is possible to prevent fogging inside due to low
water temperature due to the external environment and the role of an intermediate buffer layer inside
the body.

Based on this, it is possible to conveniently and freely input the contents of the person’s intention
during underwater leisure activities and to facilitate communication with the other party.

4. Experimental Result

4.1. Test Conditions

To verify the performance in terms of drawing, we defined underwater test conditions. Because it
is not possible to measure the data of the same underwater environment due to the flow of water, it is
difficult to compare the performance of DiverPAD with those of conventional dive computers.

After two divers wear both DiverPAD and conventional diver computer on their wrist,
they checked various underwater information at each of five stages in a range of 0 m to 50 m of
underwater and this experiment was repeated four times as shown in Figure 10. We confirmed that
there is no difference in the measurement between the two dive devices as demonstrated in Figure 11.
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Figure 10. Test environment of DiverPAD.

 

Figure 11. Test conditions of DiverPAD.

In addition to data sensing, drawing and writing functions of DiverPAD were confirmed in the
water as shown in Figure 12. Although the performance of the device could vary depending on the
water pressure, inputs for drawing and writing were successfully processed in a range of 0 m to 50 m
of underwater.

 

Figure 12. Drawing tests on DiverPAD.
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4.2. Prototype Implementation and Field Test

Based on DiverPAD’s prototype as shown in Figure 13, a pre-production sample test was conducted
to examine the problems that may occur in the development process. In addition, an optimization
method was derived by reviewing the product prototype, and conducting product assessment by
repeatedly comparing the test results. Figure 14 shows that field tests were conducted on DiverPAD
prototype to make the display and button operating parts waterproof through arranging insulated
touch panel.

Figure 13. Prototype of DiverPAD.

Figure 14. Field test of DiverPAD.

In the field tests, information such as temperature and distance depending on water depth
can be checked on the touch screen of the DiverPAD. Measured values of temperature and depth
on the DiverPAD can be analyzed for errors through Wavelet technique. In the fabrication of the
DiverPAD, the distinctive features are an electrical insulator based capacitive touchscreen device that
enables drawing and writing in the water, and modules for control and communication functions.
The DiverPAD is manufactured using sensor devices that are the same with conventionally used diver
computers. Therefore, it is less possibility that there is an error in the measurement value depending
on the water depth compared to the existing diver computer. In addition, when comparing the two
devices (i.e., DiverPAD in water, it was confirmed that there was no difference in measured values.

5. Conclusions

In this paper, we proposed a new product that is anticipated to provide a strong foundation for
future technological advancements in marine environment communication, and to be used widely
in marine leisure activities, including scuba diving. Figure 15 shows that the proposed DiverPAD
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will result in making marine leisure activities safer, more diverse, and systematic, especially with the
rapidly growing number of divers every year. It is expected that the marine leisure industry will
expand its accessibility.

 

Figure 15. Application areas of DiverPAD.
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Abstract: Reversible data hiding in encrypted image (RDHEI) is advantageous to scenarios where
complete recovery of the original cover image and additional data are required. In some of the existing
RDHEI schemes, the image pre-processing step involved is an overhead for the resource-constrained
devices on the sender’s side. In this paper, an efficient separable reversible data hiding scheme
over a homomorphically encrypted image that assures privacy preservation of the contents in the
cloud environment is proposed. This proposed scheme comprises three stakeholders: content-owner,
data hider, and receiver. Initially, the content-owner encrypts the original image and sends the
encrypted image to the data hider. The data hider embeds the encrypted additional data into the
encrypted image and then sends the marked encrypted image to the receiver. On the receiver’s side,
both additional data and the original image are extracted in a separable manner, i.e., additional data
and the original image are extracted independently and completely from the marked encrypted image.
The present scheme uses public key cryptography and facilitates the encryption of the original image
on the content-owner side, without any pre-processing step involved. In addition, our experiment
used distinct images to demonstrate the image-independency and the obtained results show high
embedding rate where the peak signal noise ratio (PSNR) is +∞ dB for the directly decrypted image.
Finally, a comparison is drawn, which shows that the proposed scheme is an optimized approach for
resource-constrained devices as it omits the image pre-processing step.

Keywords: reversible data hiding (RDH); image processing; cloud computing; public key
cryptography (PKC); security

1. Introduction

Data hiding is one of the techniques used for securing data, apart from encrypting data. In data
encryption technique, the original data are converted into a non-interpretable form so that adversary
cannot extract any useful information. In data hiding, additional data are embedded into the carrier
cover media (text, audio, video and image) in such a way that they remain concealed and can be extracted
from the cover media later. Cover media is the original media that is used to carry additional data.

However, it is notable that, in data hiding, when data are extracted from the cover media, some
form of distortion remains in the recovered cover media. In some scenarios (e.g., medical and satellite
imagery), distortion in the cover image is inadmissible. That is, the image to be recovered on the
receiver’s side needs to be lossless. To cope with this problem, several reversible data hiding (RDH)
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techniques have been proposed. RDH is a technique to manipulate pixel bits of the cover image to
create some space for embedding the additional data into the cover image, where both the additional
data and the original cover image can be recovered completely. This is done while maintaining the
perceptible quality of the carrier media. RDH schemes can be broadly classified into three categories:
difference expansion [1], lossless compression [2] and histogram shifting [3].

With the growth of cloud-based applications [4,5], data outsourcing is one of the fields where
the users are dependent on cloud for processing and storage. Security concern of the data owners
using cloud for the cover media is addressed using encryption for the cover image. For the sake of
management (using timestamp, tagging, image source information, etc.) of the encrypted media, the
data hider embeds some additional data into the encrypted image. To achieve security and reversibility,
the technique of RDH is used in the encrypted domain.

Reversible data hiding in encrypted images (RDHEI) is a method where additional data are
embedded by the data hider into the encrypted cover image (obtained from the content-owner) to
obtain marked encrypted image. This marked encrypted image is sent to the receiver, where recovery
of both additional data and the cover image from the marked encrypted image is made losslessly.

Many RDHEI schemes based on the symmetric key have been proposed until now. In symmetric
key cryptography, there is only one secret-key for both encryption and decryption, and key management
is needed to share the secret key between the sender and the receiver. Some of the RDH schemes based
on symmetric key cryptography are discussed below.

In 2008, Puech et al. [6] proposed the first RDHEI scheme where the Advanced Encryption
Standard (AES) is used for encryption. Here, the encrypted image is divided into non-overlapping
blocks of n-pixels each, and each block is responsible to carry one bit of additional data. The local
standard deviation of the marked encrypted image is used to retrieve additional data on the receiver’s
side. In 2011, Zhang [7] successfully recovered an image similar to the original image with a secret key,
which is encrypted using a stream cipher. With the help of data hiding key and spatial co-relation in
the image, additional data and original image are recovered losslessly. Embedding is done using a
two-step block division of the encrypted original image, and using least significant bit (LSB) flipping to
identify the type of embedded bit (0 or 1). Hong et al. [8] improved Zhang’s scheme [7] by exploiting
the correlations in neighboring border pixels, which were not taken into consideration by Zhang [7].

At the receiver side, additional data in RDHEI are broadly recovered in two ways, namely
non-separable and separable techniques, which are respectively depicted in Figure 1a,b. To extract the
additional data from the marked encrypted image using the aforementioned schemes, the receiver
must have the data-hiding key and the secret key. As the additional data can only be extracted
after image decryption, this type of schemes falls under the category of non-separable RDHEI, as
depicted in Figure 1a, where the additional data cannot be extracted without decrypting the marked
encrypted image.

 
Figure 1. (a) Non-separable; and (b) separable methods in reversible data hiding.

Figure 1b depicts the separable method used in RDHEI, where the receiver can extract the
additional data independent of image decryption, with the use of data hiding key only. The original
image can be recovered by only using the secret key.
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Zhang [9] proposed the first separable RDHEI method in 2012. RDHEI methods are fit for the
cloud applications, where the data hider using the cloud can embed additional data for the sake of
management. In addition, the receiver can extract additional data without knowing the content of the
original image. The privacy of the cover image is still preserved as the additional data can be extracted
without image decryption. Yin et al. [10] proposed a separable RDHEI scheme by breaking the cover
image into non-overlapping blocks and the additional data are embedded into the blocks using block
smoothness order and peak points.

Generally, at the content-owner’s side, creating space for embedding data is done mainly in two
ways: Vacating room after encryption (VRAE) (Figure 2a) and vacating room before encryption (VRBE)
(Figure 2b). In VRAE, the space to embed additional data by the data hider is created after the image
encryption. However, in VRBE, the space to embed additional data by the data hider is created before
the image encryption. The framework followed by the above schemes is VRAE.

 
Figure 2. (a) Vacating room after encryption (VRAE); and (b) vacating room before encryption (VRBE).

After the image encryption, entropy rises, which allows less space for payload (additional data).
To tackle this problem, Ma et al. [11] proposed the first VRBE scheme by preprocessing the cover
image, using traditional RDH scheme. Zhang et al. [12] preprocessed the cover image by estimating
some pixels in the cover image. Then, they embedded additional data by using histogram shifting for
estimated prediction errors.

Qian et al. [13] significantly enhanced image quality and embedding rate using histogram
modification, based on n-nary histogram intensities. However, the image histogram leakage reduced
image security. Zhang et al. [14] embedded compressed additional data into an encrypted image using
low-density parity check code. Zheng et al. [15] compressed the pixel LSBs, in the chaotic-encrypted
image, using Hamming distance to embed data. Cao et al. [16] used patch level sparse representation
to embed data, using the sparse coding technique. Self-embedding of leading residual errors and
embedding over-complete dictionary (created by using sparse coefficients to represent cover image)
into the encrypted image is used in this technique.

Recently, public key cryptography is used for efficient key management over cloud [17,18],
specifically in RDHEI [19–24]. In asymmetric key (or public key) cryptography, the key for encryption
(public-key) and the key for decryption (private-key) are different. In the context of RDHEI using
public-key, Chen et al. [19] proposed the first signal based reversible data hiding, for multiple signals
and data hiders, using Paillier cryptosystem [25]. Shiu et al. [20] improved the work of Chen et al. [19],
having a drawback of inherent overflow, by grouping 64-pixels of the encrypted image followed by
compression. Li et al. [21] used difference histogram shifting based on the additive homomorphic
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property to embed additional data. Wei et al. [22] enhanced the work of Li et al. [21], by taking the
cross-shaped division mask instead of block-based division mask to use all the embedding opportunities.
Zhang et al. [23] proposed reversible and lossless RDHEI in public-key, with better performance in
terms of PSNR of the directly decrypted image compared to some of the previous schemes.

Tai et al. [24] proposed RDHEI scheme based on Paillier’s cryptosystem. Here, the image is
preprocessed before encryption by dividing each pixel into two parts, called encrypted units: EU1 and
EU2. The order of the two encrypted parts of a pixel, namely EU1 and EU2, is exploited to embed the
bits of additional data in the data hiding phase. If the additional bit to be embedded is 1 and EU1 < EU2,
then swap EU1 and EU2. If the additional bit to be embedded is 0 and EU1 > EU2, then swap EU1 and
EU2. On the receiver side, the additive homomorphic property of Paillier’s cryptosystem is used to
recover the original image losslessly. Again, the order of the two encrypted parts, EU1 and EU2, is
used to extract the bits of additional data from the encrypted image. In [24], the image is preprocessed
before encryption and this makes the content-owner to send double the size of image to the data hider.
This issue is the one addressed in our proposed scheme.

In this paper, an efficient separable reversible data hiding scheme for encrypted images is proposed.
It enjoys the benefits of using Paillier cryptosystem [25], which provides privacy preserving advantage
over the cloud. The usage of our scheme befits cloud domain. Thus, a real-life application scenario of
the proposed scheme over cloud is vividly explained in Section 3.6. Paillier’s cryptosystem is used to
encrypt the original image with the public key. When the encrypted image is received by the data
hider, the data-hiding key and the public key is used to embed additional data into the encrypted
image to obtain marked encrypted image. The additional data and the original image are recovered
losslessly at the receiver’s side using respective data hiding and private keys, independent of each
other. This is done in a separable manner, which means for embedded additional data extraction,
encrypted image is not required to be decrypted and vice versa.

After the brief discussion of previous schemes, we move on to a brief introduction to Paillier’s
public key cryptosystem in Section 2. In Section 3, the proposed scheme is discussed with an example.
Experimental results and discussions are covered in Section 4. Finally, a conclusion is drawn in Section 5.

2. Paillier Cryptosystem

Paillier cryptosystem [25] is one of the most widely used public key cryptosystems, based on
homomorphic properties along with probabilistic properties. Our scheme uses Paillier cryptosystem [25]
for the encryption, decryption and its homomorphic properties have been exploited for data embedding.
Homomorphic implies that arithmetic operations will be preserved from plaintext space to ciphertext
space. It has given a strong base for secure computing on cloud, as it deals with privacy-preserving
concerns of data owners. This is due to its property of semantic security, i.e., the same plaintext gives
different ciphertexts, which obviously can be recovered using the private key. It means one cannot
distinguish between the different ciphertexts generated from the same plaintext.

2.1. Key Generation
Two large prime numbers p and q of equal length are randomly chosen, satisfying

gcd (pq, (p− 1) × (q− 1)) = 1. Subsequently, the message sender calculates N and λ using N = pq
and λ = lcm(p− 1, q− 1). Again, some integer g following g ∈ Z∗N is randomly selected, such that it
satisfies gcd(L(gλmodN2), N) = 1, where L(x) = (x− 1)/N. As a result, we get the public key (N, g)
and private key (λ).

2.2. Encryption

Let m be the given message to be encrypted, where integer m ∈ ZN. Select an integer r ∈ Z
∗
N

randomly. The corresponding ciphertext c can be obtained using:

c = E[m, r] = gm × rNmodN2 (1)
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where E[·] represent encryption function having the property of Paillier cryptosystem, and the ciphertext
c lies in the set Z∗

N2 .

2.3. Decryption

Using the private key (λ) in decryption function D[·], the user can decrypt the ciphertext c to get
original message m, using:

m = D[c] =
L(cλmodN2)

L(gλmodN2)
modN. (2)

2.4. Homomorphic Property

The encryption function is additive homomorphic, i.e., the multiplication of two ciphertexts
will decrypt to the sum of their corresponding plaintexts. For two plaintexts m1, m2 ∈ ZN and
randomly selected integers r1, r2 ∈ Z∗N, the corresponding ciphertexts c1, c2 ∈ Z∗N2 can be calculated

as c1 = E[m1, r1] = gm1 × rN
1 modN2 and c2 = E[m2, r2] = gm2 × rN

2 modN2. In addition, c1 and c2 satisfy
Equations (3) and (4):

c1 × c2 = gm1+m2 × (r1 × r2)
nmodN2, (3)

D[gm1+m2 × (r1 × r2)
NmodN2] = m1 + m2modN2. (4)

Semantic security is assured with the homomorphic property of the Paillier cryptosystem, as
shown for a message m ∈ ZN in Equation (5), where r1, r2 ∈ Z∗N, c1 = E[m, r1] and c1 = E[m, r2].

c1 � c2 (5)

3. Proposed Scheme

The idea of our scheme is based on the separable method, as illustrated in Figure 3. The
notations used in the proposed scheme are denoted in Table 1. It comprises of three stakeholders: the
content-owner, the data-hider, and the receiver.

Encryption Data 
embedding Encryption

Image 
recovery

Data 
extraction

Private key ( )

Original image 
(DDI)

Content - owner

Receiver

Original image
(I) Data hiding key

(Dhk ) 

Additional data 
(D)

Additional data 
(D)

C E(D)

Data hiding key
(Dhk ) 

Marked encrypted 
image (C')

C0

Public key (N,g)
0 0 0 0
0
0
0

0 0 0
0 0 0
0 0 0

Data-hider

Public key 
(N,g)

Matrix (M0)Matrix (C0)

 
Figure 3. Working of the proposed scheme.
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Table 1. Key notations used in the proposed scheme.

Notations Description

(N, g) A public key for encryption
(Dhk) A data hiding key for hiding and recovery of additional data
λ A private key possessed by the receiver for image recovery
I An original image of size L× B
k Index for each pixel where 1 ≤ k ≤ L× B
Ik kth pixel of the original image I

Ck
An encrypted value of Ik i.e., kth encrypted pixel of the encrypted

image C
E[·] An encryption function
D[·] A decryption function
rk A randomly selected integer for each Ik such that rk ∈ Z∗N
C An encrypted image generated from all Ck achieved by pixel by

pixel encryption
D Additional data of size L× B bits to be embedded

E(D) Encrypted additional data using (Dhk)
M0 A zero matrix of size L× B where all the elements are zero
C0 A matrix resulting from encryption of matrix M0

C0
k kth encrypted value of “0” from the matrix C0

PU A padded unit
PUk kth padded unit consisting of pair (C0

k , Ck) where 1 ≤ k ≤ L× B

C′ A marked encrypted image (MEI) constituted from all the padded
units (PUs)

DDI A directly decrypted image
DDIk kth pixel of directly decrypted image (DDI)

Data-hider uses (Dhk) to encrypt the additional data (D) and uses (N, g) to embed the encrypted
additional data E(D) into the encrypted image. At the receiver’s end, additional data are recovered
from the marked encrypted image C′ using (Dhk), and the original image I is completely recovered in
a separable manner, using (λ) owned by the receiver.

3.1. Image Encryption

In this step, the content-owner scans each pixel of the original image I in the order from left to
right and top to bottom, as shown in Figure 4 (for an image of size 5× 5), to get the index k for each
pixel. The size of I is L× B, where 1 ≤ k ≤ L× B. This order is used throughout our proposed scheme to
get the value at index k.

 
Figure 4. Scanning order to get index k for an image of size 5 × 5.
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After scanning, the content-owner encrypts each Ik taken from original image I. Public key and
Equation (1) are used to encrypt Ik to get the corresponding encrypted value Ck as follows:

Ck = E[Ik, rk] = (g)Ik × (rk)
N mod N2 (6)

where E[·] is the encryption function and rk is randomly selected integer for each Ik such that rk ∈ Z∗N.
Step-wise encryption of the original image is as follows.

Step 1. Scan I for each pixel Ik in order from left to right and top to bottom (Figure 4).
Step 2. Encrypt each Ik using the public key (N, g) as in Equation (6) to get the encrypted pixel Ck.
Step 3. After encrypting all the k pixels, the encrypted image generated is C.

3.2. Data Embedding

In this step, initially, the data hider uses the data hiding key (Dhk), to encrypt the additional data
(D) to obtain E(D). Here (also refer to Section 3.5), it is assumed that the number of bits in E(D) is
equal to the number of pixels in the encrypted image C. Before embedding, the data hider generates a
separate zero matrix M0 of size L× B, where all the elements are zero. The data hider uses Equation (1)
and the public key to encrypt M0, to obtain the encrypted matrix C0. Thus, after encryption the size of
matrix C0, is the same as the size of the encrypted image C. It can be noted that each element of the
matrix C0 is distinct but of the same size, by the property of semantic security (Equation (5)) inherent
in Pallier cryptosystem.

In the next step, each bit of E(D) is embedded into the corresponding Ck of the encrypted image
C. That is, each encrypted pixel Ck is responsible for carrying one bit of E(D). For embedding, the data
hider has to pad kth encrypted value of “0” (i.e., C0

k) from the matrix C0, with the corresponding kth
encrypted pixel (i.e., Ck) of C. This padding results into a matrix of L× B padded units (PUs). As each
PU is composed of two encrypted values (Ck, C0

k), L× B padding units make 2× L× B encrypted values.
This makes the size of the PU matrix equal to 2× L× B, which is double the size of the C i.e., L× B. All
the PUs constitute the encrypted image with additional data, i.e., the marked encrypted image C′.

Padding Procedure

In padding, four cases arise as depicted in Figure 5: two cases, if the bit of E(D) is “0”, and two
cases, if the bit of E(D) is “1”. For embedding, we compare values Ck and C0

k .

kC0( ) 1 k kE D and C C== >

Case 1

kC
0( ) 1 k kE D and C C== <

Case 2

kC0( ) 0 k kE D and C C== <

Case 4

kC0( ) 0 k kE D and C C== >

Case 3

0
kC

0
kC

0
kC

0
kC

kPU kPU

kPU kPU

 
Figure 5. Four cases for padded unit (PU) construction.

When the bit of E(D) is equal to 1, the padding is done such that the bigger value (between Ck
and C0

k) is at the first position in PUk. Thus, if Ck > C0
k , then Ck is placed first in the PUk, as in Figure 5

(Case 1). If Ck < C0
k , then C0

k is placed first in the PUk, as in Figure 5 (Case 2).
When the bit of E(D) is equal to 0, the padding is done in such a way that the bigger value

(between Ck and C0
k) will be at the second position in the PUk. If Ck > C0

k , then Ck is placed second in
the PUk, as in Figure 5 (Case 3). If Ck < C0

k , then C0
k is placed second in the PUk, as in Figure 5 (Case 4).

The step by step procedure for data embedding into the encrypted image can be understood from
the following algorithm:
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Let us assume Ck to be the encrypted image for the pixel k where k ∈ [1, (L× B)] and C0
k be the

encrypted value of “0” for pixel k.
Step 1. With the help of data hiding key (Dhk), bits of additional data (D) are encrypted in order

to generate bits of encrypted additional data E(D).
Step 2. If the bit of E(D) to be embedded is 1:
If Ck > C0

k in the selected PUk, then we rearrange the order in PUk by appending C0
k after Ck.

(That is, the bigger value is first and the smaller value is second in the PUk (Figure 5, Case 1).)
Otherwise, we append Ck after C0

k .
(That is, the bigger value is first and the smaller value is second in the PUk (Figure 5, Case 2).)
Step 3. If the bit of E(D) to be embedded is 0:
If Ck > C0

k in the selected PUk, then we rearrange the order in PUk by appending Ck after C0
k .

(That is, the smaller value is first and the bigger value is second in the PUk (Figure 5, Case 3).)
Otherwise, we append C0

k after Ck.
(That is, the smaller value is first and the bigger value is second in the PUk (Figure 5, Case 4).)
Step 4. After the encrypted image C has been embedded with the E(D), the marked encrypted

image C′ is obtained with all the PUk.

3.3. Data Extraction

After the receipt of the marked encrypted image C′ on the receiver side, the embedded E(D) is
extracted using the data-hiding key (Dhk). The step by step procedure for data extraction from C′ is
as follows:

Step 1. Scan the marked encrypted image C′ in the same manner as used in the encryption and
embedding phase, i.e., left to right and top to bottom (Figure 4).

Step 2. For each of the selected PUk, Steps 3 and 4 are performed.
Step 3. If the first value of the pair (C0

k ,Ck) in the selected PUk is bigger than the second value,
then the embedded bit of E(D) is “1”.

In this case, “1” will be extracted.
Step 4. If the first value of the pair (C0

k ,Ck) in the selected PUk is smaller than the second value,
then the embedded bit of E(D) is “0”.

In this case, “0” will be extracted.
Step 5. After extracting all the bits, the encrypted additional data E(D) is constituted.
Data hiding key (Dhk) is used to regenerate the original additional data (D).

3.4. Image Recovery

In this step, if the receiver wants to recover the original image I, he must own the private key (λ).
After receiving the marked encrypted image C′, the receiver applies homomorphic multiplication on
each pair of (C0

k ,Ck) in PUk of C′, to get the corresponding Ck, and then, decrypts each Ck to get kth
pixel of the directly decrypted image DDIk with private key (λ) using:

DDIk = D[Ck] =
L((Ck)

λmodN2)

L(gλmodN2)
modN, (7)

where D[·] is the decryption function, λ is the private key and DDI is the directly decrypted image. In
our scheme, DDI results in the completely recovered original image I, i.e., no post-processing on DDI
is further required. Step-wise procedure used to recover the original image using the private key (λ) is
as follows:

Step 1. Scan the marked encrypted image C′ in the same manner as used in the encryption and
embedding phase, i.e., left to right and top to bottom (Figure 4).

Step 2. For each selected PUk.

338



Electronics 2019, 8, 682

Step 3. Apply homomorphic multiplication (×) to each pair (C0
k , Ck) in PUk, to obtain Ck, such that

Ck = C0
k ×Ck.

(The order of C0
k and Ck does not affect the result.)

Step 4. Each Ck is decrypted using the private key (λ) to give the corresponding DDIk.
Step 5. DDI is obtained constituting all the DDIk.
It can be noted that, in Step 3., the original values (unencrypted values) of C0

k and Ck are “0” and
Ik respectively. When homomorphic multiplication is applied to (C0

k , Ck), it means internally zero is
added to the value Ik. Thus, we get encrypted value Ck (i.e., Ck = (C0

k × Ck) = encrypted value of
(0 + Ik)).

3.5. Exemplifying Our Proposed Scheme

Figure 6 shows the working of the proposed scheme at the data-hider side. It is supported by the
following example: our example shows the working for the 1st pixel value I1 = 65, of the original image.
Let the public key = (1763, 94) and the private key = (840). Using the public key and the encryption
function E[·], we get E (65) = C1 = (184, 481) and E(0) = C0

1 = (304, 186). Let the bit to be embedded
be 1, i.e., E(D) = 1. For embedding, we compare C1 and C0

1. According to Step 2 of Section 3.2 (Figure 5,
Case 2), when C0

1 > C1, we put C1 after C0
1 in PU1.Thus, here, PU1 = (304, 186; 184, 481), i.e., the bigger

value is first and the smaller value is second. The receiver extracts the first bit of E(D), by reading the
order in PU1. In (304, 186; 184, 481), the first value is bigger than the second value, so the embedded
bit of E(D) is 1. However, this bit will be further decrypted using data-hiding key (Dhk) to get D
Furthermore, the receiver having the private key (840) gets the first pixel value DDI1, for the directly
decrypted image DDI, from the PU1 = (304, 186; 184, 481) by using homomorphic multiplication. This
is done as: λ(PU1) = λ((C0

1 ×C1)modN2) = λ((304, 186× 184, 481)mod17632) = λ(0 + 65) = 65. Thus,
the pixel value DDI1 is same as the original pixel value I1 = 65.

Figure 6. Data embedding process in our proposed scheme after getting an encrypted image C of size
(4× 4) from the content-owner. C0

1 and C1 are the values for index k = 1 of C0 and C, respectively.

3.6. Proposed Scheme in Cloud Domain

There are a number of resource constrained devices based on cloud services; to show the process
flow, involved hardware and software services we take an example of closed circuit television (CCTV)
cameras installed on roads for monitoring the traffic against any traffic law violation. As shown in
Figure 7, the workflow of the given scenario can be divided into following three phases:
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Figure 7. Of the proposed scheme in the cloud scenario.

(1) Image capturing and encryption at the sender’s end
(2) Generating MEI over the cloud
(3) Authorized complete recovery of the D and I
(1) Image capturing and encryption: As shown in Figure 7, at the sender’s end, there can be a

number of CCTVs (1, 2, 3, . . . , j, . . . , N), all of which are programmed to capture the images with
a fixed time interval. To obtain the encrypted image C, the local processing unit (LPU) encrypts the
image (I) captured from jth CCTV. This is done using public key (N, g) and the encryption algorithm
E[·]. Once the image is encrypted, it is sent to the cloud service provider (CSP) acting as the data hider,
for marking.

(2) Generating marked encrypted image (MEI): The data hider embeds the additional data D,
such as the time (t) of the captured image or CCTV camera-id (CCj). To make D secret, it is encrypted
with the data hiding key (Dhk) to obtain E(D). A zero matrix M0 equal to the size of the original image
(I), is encrypted with public key (N, g), to obtain C0. C0 is used, to embed E(D) into the encrypted
image C, to obtain C′ as MEI.

(3) Authorized access and recovery: There are three type of end users with different access
policies. The first category of users hold the data-hiding key (Dhk) These users are authorized to access
additional data (e.g., the camera-id CCj, capturing time t, etc.) from the MEI. This type of data can
be used to categorize and store the MEI in a local data base (LDB). The second type of users hold
private key (λ) for retrieving original image. This type of authorized users exploit the original image
for detecting any traffic rule violation such as wrongful crossing, incorrect overtake, etc. The third type
of users hold both data hiding (Dhk) and private (λ) keys. This enables users to access both additional
data and the original image. Thus, for any rule violation, the image can be crosschecked with the
corresponding additional data (time t, camera-id CCj, location, etc.) for validity. Reasonable penalties
can be applied to the subjects flouting the rules.

4. Experimental Results

To evaluate our proposed scheme, we used miscellaneous dataset [26] of gray-scale images, each
having size 512× 512. For simulation purpose, MATLAB 2015 b was used. We measured our results on
the basis of embedding rate in terms of bit per pixel (bpp), visual quality in terms of peak signal noise
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ratio (PSNR) and structural similarity index matrix (SSIM). The embedding rate (ER) can be calculated
using Equation (8) as follows:

Embeding Rate(ER) =
Number o f total embedded bits

Number o f total pixels o f the image
. (8)

To calculate PSNR, Equation (9) is used

PSNR = 10× log10
2552

MSE
(dB), (9)

where mean square error (MSE) is calculated as follows:

MSE =
1

L× B

L−1∑
l=0

B−1∑
j=0

(I(i, j) −R(i, j))2. (10)

Structural similarity index matrix (SSIM) is a method to measure the structural similarity between
the recovered and reference images, where the reference image is the original image. It is used as a
measure of perceived degradation in structural information of the recovered image with respect to the
original image. The range of SSIM is [−1, 1], where 1 shows that the images are identical. For original
image I and the recovered image R, SSIM is calculated as follows

SSIM(I, R) =
(2μIμR + c1)(2σIR + c2)

(μ2
I + μ2

R + c1)(σ
2
I + σ2

R + c2)
. (11)

where μI, μR are the mean of images I and R, respectively, and σ2
I , σ2

R are the variance of images I and
R, respectively. σIR is the covariance of I and R, respectively. Here, c1 = (k1L)2,c2 = (k2L)2, where L is
the dynamic range of values of pixel and k1 = 0.01, k2 = 0.03 by default.

4.1. Results Showing Independence of the Proposed Scheme for Different Images

From the selected database [26] we experimented on four standard gray-scale images, as depicted
in Figure 8a–d (Lena, Baboon, Boat and Airplane, respectively) with size 512 × 512 each. The respective
images when decrypted directly from the marked encrypted image are depicted in Figure 8e–h. The
embedding rate is 1 for all the four images, using Equation (8).

In the proposed scheme, for each pixel. one padded unit (PU) is constructed and each PU is
responsible to carry 1-bit of additional data. This results in embedding rate of 1-bit per pixel, i.e., 1 bpp
as each pixel is responsible to carry one bit of additional data. PSNR for directly decrypted images,
calculated using Equation (9), was found to be +∞ dB for all four images. It implies that the recovery
of all the four original images was complete. This also shows that no post-processing on the directly
decrypted image was needed to completely recover the original image. Using Equation (11), SSIM
value for the four images was 1. This means that the structural similarity index of the recovered images
against the original images was the same. Values for PSNR and SSIM support that the perceptual
quality of the directly decrypted image with respect to the original image was the same. Table 2 shows
the results for the metrics embedding rate, PSNR, and SSIM for all four images. It is inferred that the
embedding rate, PSNR and SSIM are independent of the texture of chosen images, as these metric
values remained constant for the four distinct images. This implies that, for a complex image, the
embedding rate will be the same as that for a smooth image for our proposed scheme.
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Figure 8. (a–d) The four original standard gray-scale images of size 512 × 512; and (e–h) the directly
decrypted images (DDI) to check embedding rate, peak signal noise ratio (PSNR), structural similarity
index matrix (SSIM) for different images in our scheme.

Table 2. Embedding rate, peak signal noise ratio (PSNR), structural similarity index matrix (SSIM) for
four distinct standard test images (Figure 8a–d) in the proposed scheme.

Test Images Embedding Rate (bpp) PSNR SSIM

Lena, Baboon, Boat and Airplane 1.0 +∞ 1

4.2. Comparative Analysis with Other Standard Schemes in RDHEI

To compare the proposed scheme with other schemes [9–12,16,24], we used the test image Lena
(Figure 9a) from the database [26]. Figure 10 shows the comparison on the basis of PSNR of the directly
decrypted image and their corresponding embedding rate.

 
Figure 9. The test image Lena: (a) Original; and (b) directly decrypted image.

342



Electronics 2019, 8, 682

Figure 10. Performance comparison on the test image Lena for compared schemes Method-1 [9],
Method-2 [10], Method-3 [12], Method-4 [11], Method-5 [16], Method-6 [24].

For Methods-1–5 [9–12,16], PSNR decreased with the increase in embedding rate.
For Method-6 [24], PSNR was +∞ dB and was independent of the embedding rate with maximum
embedding rate of 1 bpp. It is notable that the maximum PSNR for any of the highest embedding rate
for the directly decrypted image in Methods-1–5 [9–12,16] was less than 55.34 dB, showing that recovery
of the directly decrypted image is incomplete without post-processing. However, in Method-6 [24]
and the proposed scheme, the directly decrypted image is the same as the original image and no
post-processing is required.

In the proposed scheme, the PSNR for the directly decrypted image (Figure 9b) was independent
of the embedding rate and the maximum embedding rate is 1 bpp. The image quality of other compared
schemes (except Method-6 [24]) was significantly less as compared to our proposed scheme when
PSNR for the directly decrypted image was taken into account.

Table 3 shows a property-wise comparison of different schemes [9–12,16,24]. The maximum
embedding rate for Zhang’s scheme [9] was 0.033 bpp with PSNR = 38.0 dB, which decreased with the
increase in the embedding rate. The maximum embedding rate for Zhang et al.’s scheme [12] was
0.04 bpp with PSNR = 55.34 dB. For Yin et al.’s scheme [10], maximum embedding rate is 0.1294 bpp
with PSNR = 50.51 dB.

Table 3. Scheme-wise property comparison.

Schemes
Image

Pre-Processing
Encryption Receiver

Maximum
Embedding
Rate (bpp)

PSNR (dB)
of Directly

Image

Data
Expansion

Zhang [9] No Stream
cipher Separable 0.033 38.0 No

Zhang et al. [12] Yes Stream
cipher Separable 0.04 55.34 No

Yin et al. [10] No Stream
cipher Separable 0.1294 50.51 No

Ma et al. [11] Yes Stream
cipher Separable 0.7 33.273 No

Cao et al. [16] Yes Stream
cipher Separable 0.8 37.375 No

Tai et al. [24] Yes Public key Separable 1.0 +∞ Yes
Proposed No Public key Separable 1.0 +∞ Yes

The maximum embedding rate for schemes of Ma et al. [11], Cao et al. [16] and Tai et al. [24] are
0.7 bpp, 0.8 bpp and 1.0 bpp with PSNR equal to 33.273 dB, 37.375 dB and +∞ dB, respectively. For
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our proposed scheme, the maximum embedding rate was 1 bpp with PSNR = +∞ dB. Here, PSNR is
+∞ dB was irrespective of the embedding rate.

The schemes compared in Table 3 achieved complete recovery of image Lena (Figure 9a) at the
receiver’s side after post-processing. All schemes including the proposed scheme are separable. A
stream cipher is used for encryption in the schemes in [9–12,16], while public key cryptography is used
for encryption in the scheme in [24] and the proposed scheme. The public-key cryptosystem used in
our scheme is responsible for the inevitable data expansion caused due to homomorphic properties
unlike in the schemes in [9–12,16]. However, with this disadvantage comes an advantage that the
property of homomorphic addition inherent in the Paillier cryptosystem used in our scheme makes it
suitable for privacy-preserving environment needed for cloud computing.

Sharing the similarity of using Paillier public-key cryptosystem with Tai’s scheme [24], our scheme
is also a separable reversible data hiding scheme, where the data hiding key is used by the receiver to
extract the additional data from the marked encrypted image. Although image pre-processing is not
done in the schemes in [9,10], the quality of the directly decrypted image is lesser as compared to our
scheme. In the scheme in [24], the image preprocessing step needed for data hiding is an unnecessary
overhead for the content-owner. This overhead is gracefully transferred to the data hider’s side
using the benefits of cloud in our scheme, which enhances the efficiency in the resource-constrained
environment on the content-owner’s end because the size of the pre-processed image (in the scheme
in [24]) to be encrypted and sent is reduced to half in our scheme (see Table 4).

Table 4. Comparative analysis of our scheme in terms of bit-size for image (L × B) with Tai et al. [24].

Schemes
Size (in bits)

Content-Owner Data-Hider Receiver

Tai et al. [24] 2× L× B× (
log2 N2�+ 1) 2× L× B× (
log2 N2�+ 1) 2× L× B× (
log2 N2�+ 1)
Proposed 1× L× B(
log2 N2�+ 1) 2× L× B× (
log2 N2�+ 1) 2× L× B× (
log2 N2�+ 1)

In Table 4, a test image of size L× B is taken for comparison between our proposed scheme and
the scheme in [24]. It is inferred that the proposed scheme has an edge over the scheme in [24] as we
reduced the image preprocessing step on the sender’s side, which is an additional step in the scheme
in [24]. The size of the encrypted image is L× B× (
log2 N2�+ 1) bits in our proposed method. For the
same image, the size of the encrypted image in the scheme in [24] is 2 × L × B × (
log2 N2�+ 1) bits.
This is because the scheme in [24] involves a preprocessing step of dividing the original image into
two parts and then encrypting it on the content-owner side. This can be also be seen as a reduction
in the encryption cost to half on the content-owner side because, in the scheme in [24], the original
image pixel is divided into two parts, each having the size of the original pixel. Thus, for encryption
of a single image of size L × B, the scheme in [24] has to encrypt L × B two times, i.e., for the two
preprocessed parts of the same image. In the case of our scheme, for encrypting the image of size
L× B, encryption has to be done only once. It is a boon for those resource constrained devices on the
sender side which entrust cloud for storage and processing. On the cloud side, the processing power is
extremely large, thus attaching an equal payload to embed the additional data and its transmission is a
trivial task.

5. Conclusions

In this work, an efficient separable reversible data hiding framework in encrypted images is
proposed where Paillier cryptosystem is adequately used to preserve the privacy of the content in the
cloud environment. Here, data extraction is accomplished in a separable manner, where the embedded
additional data can be extracted using data hiding key and an independent complete image recovery
is achieved using the private key.
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In addition, the cost for encryption is reduced on the content owner’s side (using limited processing
and memory) with respect to Tai et al.’s scheme [24] by gracefully transferring the pre-processing step
to the data hider side using cloud. Moreover, this proposed scheme exploits vast storage and memory
resources available on the cloud. The proposed scheme was well explained with a real life application
over cloud. Future works may include improving the efficiency of our scheme using new techniques
in RDHEI.
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Abstract: We propose a scale-invariant deep neural network model based on wavelets for single
image super-resolution (SISR). The wavelet approximation images and their corresponding wavelet
sub-bands across all predefined scale factors are combined to form a big training data set.
Then, mappings are determined between the wavelet sub-band images and their corresponding
approximation images. Finally, the gradient clipping process is used to boost the training speed of
the algorithm. Furthermore, stationary wavelet transform (SWT) is used instead of a discrete wavelet
transform (DWT), due to its up-scaling property. In this way, we can preserve more information
about the images. In the proposed model, the high-resolution image is recovered with detailed
features, due to redundancy (across the scale) property of wavelets. Experimental results show that
the proposed model outperforms state-of-the algorithms in terms of peak signal-to-noise ratio (PSNR)
and structural similarity index measure (SSIM).

Keywords: wavelet analysis; deep learning; super-resolution; deep neural architecture; pattern
mining; multi-scale analysis

1. Introduction

Single image super-resolution (SISR) is generally posed as an inverse problem in the image
processing field. Here, the task is to recover the original high-resolution (HR) image from a single
observation of the low-resolution (LR) image. This method is generally used in applications where the
HR images are of importance, such as brain image enhancement [1], biometric image enhancement [2],
face image enhancement [3], and standard-definition television (SDTV) and high definition television
(HDTV) applications [4]. The problem of SISR is considered a highly ill-posed problem, because the
number of unknown variables from an HR image is much higher compared to the known ones from an
LR image.

In the literature for SISR, a number of algorithms have been proposed for the solution of this
problem. They can be categorized as including an interpolation algorithm [5], edge-based algorithm [6],
and example-based algorithms [7–9]. The interpolation and edge-based algorithms provide reasonable
results. However; their performance severely degrades with the increase in an up-scale factor. Recently,
the neural network-based algorithms have captured the eye of researchers for the task of SISR [10–12].
The main reasons can be the huge capacity of the neural network models and end-to-end learning,
which helps researchers to get rid of the features used in the previous approaches.

However, the algorithms proposed so far are unable to achieve better performance for higher
scale-ups. The proposed algorithm is a wavelet domain-based algorithm inspired by the category of the
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SISR algorithms in the wavelet domain [13–17]. Most of these algorithms give state-of-the-art results.
However, their computational cost is quite high. With the advances in deep-learning algorithms, the
task of computational cost is much reduced with acceptable quality.

Authors in [16], proposed a wavelet domain-based deep learning algorithm with three layers,
inspired by the super-resolution convolution neural network (SRCNN) [8] and using a discrete wavelet
transform (DWT), and achieved good results. However, the authors fail to capture the full potential
of deep learning and wavelets. In this paper, we propose a wavelet domain-based algorithm for
the task of SISR. We incorporate the merits of neural network-based end-to-end learning and large
model capacity [18], along with the properties of the wavelet domain, such as sparsity, redundancy,
and directionality [19,20]. We propose the use of stationary wavelet transform (SWT) for the wavelet
domain analysis and synthesis, owing to its up-sampling property over the DWT down-sampling. By
doing so, we want to preserve more contextual information about the images. Moreover, we propose
the use of deep neural network architecture in the wavelet domain.

More specifically, we train our network between the wavelet approximation images and their
corresponding wavelet sub-band images for the task of SISR. By experimental analysis, we show that
the proposed deep-network architecture in the wavelet domain can improve performance for the task
of SISR with a reasonable computational cost. The proposed algorithm is compared with recent and
state-of-the-art algorithms in terms of peak signal-to-noise ratio (PSNR) and structural similarity index
measure (SSIM) over the publicly available data sets of “Set5”, “Set14”, “BSD100”, and “Urban100” for
different scale factors.

The rest of the paper is organized as follow. Section 2 describes the details about related work.
Section 3 describes the details about the proposed method. Section 4 gives an experimental discussion
about the properties of the proposed model. Section 5 given the discussion about the experiments and
comparative analysis, and Section 6 concludes the paper.

2. Related Work

The proposed algorithm falls into the category of wavelet domain-based SISR algorithms. Authors
in [13] proposed a dictionary learning-based algorithm in the wavelet domain. The proposed algorithm
learns compact dictionaries for the task of SISR. A similar approach utilizing dictionary learning is
proposed in [14], utilizing the DWT. Authors in [15] proposed coupled dictionary learning in the
wavelet domain, utilizing the properties of the wavelets with the coupled dictionary learning approach.
Another algorithm that utilizes the dual-tree complex wavelet transform (DT-CWT), along with the
coupled dictionary and mapping learning for the task of SISR, is proposed in [17]. Authors in [16]
utilize the convolution neural networks in the wavelet domain using the DWT, and propose an efficient
model for the task of SISR.

In the wavelet-based SISR approaches [13–16], the main point to note is that they assume the LR
image as the level-1 approximation image of the wavelet decomposition. Here, to recover the HR
image, the task is to estimate the wavelet sub-band images representing this approximation image,
and finally doing one-level inverse wavelet transform. By doing so, authors induce sparsity and
directionality along with compactness in the algorithms, which helps boosts the performance of the
algorithms as well as improve their convergence speed.

Dong et al. [8] exploited a fully convolution neural network (CNN). In this method, they proposed
a three-layer network where complex non-linear mappings are learned between the HR and LR image
patches. Authors in [18] propose deep network architecture for the task of SISR. Instead of using
the HR and LR images for training, they utilized the residual images, and to boost the convergence
of their algorithm, they utilized adjustable gradient clipping. Authors in [8] further propose the
sped-up version of the super-resolution convolution neural network (SRCNN) algorithm, called a
fast super-resolution convolution neural network (FSRCNN) [21] algorithm. They achieve this by
learning the mappings between the HR and LR images without interpolations, along with shrinking
the mappings in the feature learning step. Also, the authors decrease the size of filters and increase the
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number of layers. Authors in [22] propose a deep residual learning network with batch normalizations
for the task of SISR, called a deep-network convolution neural network (DnCNN) algorithm. Authors
in [23] propose an information distillation network (IDN) algorithm for the task of SISR. They propose
a compact network that utilizes the mixing of features and compression to infer more information for
the SISR problem. Authors in [24] propose a super-resolution with multiple degradations (SRMD)
algorithm for the problem of SISR. They propose the deep network model for SR, utilizing the
degradation maps achieved using the dimensionality reduction of principle component analysis (PCA)
and then stretching. By doing so, they learned a single network model for multiple scale-ups.

There are several applications related to single image super-resolution, pattern recognition, neural
networks, etc., which can be applied in our human’s daily life as well as in human biology. In [25,26],
authors have applied different algorithms of neural networks that focus on magnetic resonance
imaging (MRI), while in [27–29], authors have applied different algorithms of neural networks that
focus on human motion and character control. Likewise, our proposed work can be applied in
different applications: brain image enhancement, face image enhancement, and SDTV and HDTV
applications. The proposed model can be effectively extended to other image processing and pattern
recognition applications.

3. Proposed Method

We propose a deep neural network model based on wavelets and gradient clipping for SISR. The
wavelet domain-based algorithm was chosen because of the unique properties of the wavelets: they
exploit multi-scale modeling, and wavelet sub-bands are significantly sparse. Moreover, instead of
DWT, we propose the use of SWT. DWT is a down-sampling process and SWT is an up-sampling
process, so the size of the wavelet approximation and sub-bands remains the same, while preserving
all the essential properties of the wavelets.

The DWT and SWT decompositions are shown in Figure 1. Further, the wavelet domain-based
algorithms consider the LR image as the wavelet approximation image of the corresponding HR image.
The task is to estimate its detailed coefficients, as done in [30–33].

Aq (m, n) =
M∑
l=j

N∑
j=1

h1
l=1h2

j=1Aq(l, j), (1)

Hq (m, n) =
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N∑
j=1

h1
l=1h2

j=1Aq(l, j), (2)

Vq (m, n) =
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N∑
j=1

g1
l=1g2

j=1Aq(l, j), (4)

where h1
m, h2

n, g1
m, and g2

n are the wavelet analysis filters for the SWT.
Aq−1(m, n), Hq−1(m, n), Vq−1(m, n), and Dq−1(m, n) are the wavelet approximation image,
horizontal sub-band image, vertical sub-band image, and diagonal sub-band image, respectively.
The practical decomposition is shown in Figure 2. In the experimental analysis, we have chosen the
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sym29 wavelet filters, following the convention from [13,15,17]. The wavelet synthesis equation can be
given as
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M∑
l=j

N∑
j=1

∼
h

1

l−m
∼
h

2

j−n
≈
Aq(l, j)Aq+2(m, n)

+
M∑
l=j

N∑
j=1

∼
h

1

l−m
∼
g

2
j−n

∼
Hq(l, j)

M∑
l=j

N∑
j=1

∼
g

1
l−m

∼
h

2

j−n
∼
Vq(l, j)

+
M∑

l=1

N∑
J=1

∼
g

1
l−m

∼
h

2

j−n
∼
Dq(l, j).

(5)

Figure 1. (a) Discrete wavelet transform (DWT) decomposition and (b) stationary wavelet transform
(SWT) decomposition.

Figure 2. Wavelet decomposition. (a) Original image; (b) from left to right and top to bottom:
approximation, horizontal, vertical, and diagonal images.

After getting the desired unknown wavelet coefficients, one-level inverse wavelet transform is
required to get the desired HR output. Figure 2 shows the wavelet decomposition at level one of the
hibiscus image. It can be seen from the image that a strong dependency is present between the wavelet
coefficients at the given level and its sub-bands.

There have been several attempts to handle the problem of dimensionality reduction.
In [34], authors propose a local linear embedded (LLE) approach that computes low-dimensional,
neighborhood-preserving embeddings of high-dimensional inputs. The LLE approach maps its inputs
into a single global coordinate system of lower dimensionality, and its optimizations do not involve
local minima. LLE is able to learn the global structure of nonlinear manifolds, such as those generated
by images of faces or documents of text. In [35], the authors describe an approach that combines
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the classical techniques of dimensionality reduction, such as principal component analysis (PCA)
and multidimensional scaling (MDS) features. This approach is capable of discovering the nonlinear
degrees of freedom that underlie complex natural observations, such as human handwriting or images
of a face under different viewing conditions. In [36], authors have compared PCA, kernel principal
component analysis (KPCA), and independent component analysis (ICA) to a support vector machine
(SVM) for feature extraction. Furthermore, the authors described that the KPCA method is best among
three for feature extraction. In [37], authors have proposed a geometrically motivated algorithm for
representing the high-dimensional data, which provides a computational approach to dimensionality
reduction compared to previous classical methods like PCA and MDS. The algorithm proposed learns
a single network model for multiple scale-ups. However, the proposed algorithm utilizes the wavelet
domain decomposition before the training of the network, and the wavelet sub-band images are used
as the input the training. As can be seen from Figure 2, which shows the wavelet decomposition of
a single image, the wavelet sub-band images are significantly sparse, and represent the directional
fine features of the images. Further implying the dimensionality results will result in the loss of such
directional fine features.

However, in spite of the sparsity property of the wavelets, the assumption of independence of
wavelet coefficients at consecutive levels is somewhat limited for the task of SISR. This assumption
fails to take into account the intra-scale dependency of the wavelet coefficients that capture the useful
structures from the given images.

We make use of this dependency on the task of SISR. The proposed algorithm is different from the
previous neural network- and wavelet domain-based methods in the following aspects.

• We use the SWT wavelet decomposition of the image and estimate the wavelet coefficients;
• We propose the deep network architecture similar to very deep super-resolution (VDSR)

algorithm [18], but we train the network on the wavelet domain images instead of residual
images—whereas, the authors of [16] utilize the DWT with a three-layer neural network inspired
by SRCNN [8];

• We take a step further and design the deep network with 20 layers in the wavelet domain. The
proposed wavelet-integrated deep-network (WIDN) model for super resolution estimates the
sparse output, thus improving its reconstruction accuracy and training efficiency.

For the WIDN, the deep-network architecture is inspired by the Simonyan and Zisserman [38].
The network configuration can be found in Figure 3.

Figure 3. The wavelet deep network configuration.

In our network model, we utilize D layers. All the layers in our network are the same except the
first and the last. In our network, the first layer has a total of 64 filters. The size of each filter is 1 × 3 ×
3 × 64. These filters operate at a 3 × 3 spatial size on 64 channels. These channels are also called feature
maps. The first layer is used for the LR input image, and the last layer reconstructs the output image.
As the last layer is used for the output image reconstruction, it has three filters, each of size 3 × 3 × 3 ×
64. Our network is trained between the input LR image and its corresponding wavelet coefficients.
Thus, given an input LR image, the network can predict the corresponding wavelet coefficients for HR
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image reconstruction. Modeling the image details in the wavelet domain has certain usefulness for the
task of SISR [13–15]. The proposed model shows that by using wavelet details, the performance of
SISR is highly improved. One of the problems pertaining to the deep convolution networks is that size
of the output feature maps get reduced after each layer as the convolution operation is performed.

The problem is maintaining the same output size after each convolution operation is performed.
Some authors suggest the use of surrounding pixels can give information about the center pixel [8].
This is quite handy when it comes to the problem of SISR. However, for the boundary of the image this
can fail; cropping may be utilized to solve this problem. To alleviate the problem of size reduction and
boundary condition, we employed zero paddings before the convolution operation. We find that by
doing so, the size of the features remains constant, and the boundary condition problem is also solved.
Once the three wavelet sub-bands are predicted, we add back the LR input image and do one-level
wavelet reconstruction to get the HR image estimate.

Data preprocessing is a very important step to make features invariant to input scale and reduce
dimensionality in the machine learning process (a restricted Boltzmann machine, or RBM), which is
likely to be used for preprocess the input data. In [39], the authors note that the RBM is an undirected
graphical model with hidden variables and visible variables along with a feature learning approach,
which is used to train an RBM model separately for audio and video. After learning the RBM, the
posteriors of the hidden variables given the visible variables can be used as a new representation of
the data. This model is used for multimodal learning as well as for pre-training the deep networks.
In [40], the authors present the sparse feature representation method based on unsupervised feature
learning. By using the RBM graphical model, which consists of visible nodes and hidden nodes,
the visible nodes represent input vectors, while hidden nodes are feature-learned by training the
RBM. This method helps to pre-process the data. In [41], the authors present a method in which
a number of motion features computed by a character’s hand is considered. The motion features
are preprocessed using restricted Boltzmann machines (RBMs). RBM pre-processing performs a
transformation of the feature space based on an unsupervised learning step. In our proposed model,
we have utilized the data augmentation technique for pre-processing the data, inspired by VDSR [18]
and FSRCNN [21] algorithms. However, implementing the RBMs will definitely be considered as a
future task of our approach.

3.1. Training

For the training of our model, we require a set of HR images. As we train our model between the
wavelet approximation image and its corresponding sub-band coefficient images, we do a one-level
wavelet decomposition on the HR images from the training data set. The wavelets have a very unique
property of redundancy across the scale.

Given the wavelet approximation image at a certain scale and its coefficients, one can perfectly
reconstruct the preceding approximation image. Thus, the wavelet coefficient contains all the
information about the preceding approximation image. We utilize this property of the wavelet and
learn the mappings between the wavelet approximation image and its corresponding coefficients for
the task of SISR. Let X denotes the level1 wavelet LR image and Y denote the detail sub-band images.
The task is to learn the relationship between the LR approximation image and its corresponding
same-level wavelet sub-band images (horizontal, vertical, and diagonal).

In the algorithm SRCNN [8], one problem is that the network has to preserve the information
about input details as the output is obtained, using these learned features alone, and the input image is
not utilized and discarded. If the network is deep, having many weight layers, this corresponds to an
end-to-end learning problem, which requires a huge memory.

Due to this reason, the problem of the vanishing/exploding gradient [42] arises and needs to be
solved. We can solve this problem by wavelet coefficient learning. As we assume the dependency
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between the wavelet LR approximation image and its corresponding same-level detailed coefficients,
we define the loss function as

L(Θ) =
1
k

k∑
i=1

(
3∑

b=1

||f(Xi,Θ)b − yb
i ||), (6)

where k is the number of training samples, X is the tensor containing the LR approximation images,
and Y is the tensor containing the wavelet sub-band images (horizontal, vertical, and diagonal). T
represents the network parameters, and b represents the sub-band index. For the training, we use the
gradient descent-based algorithm from [43]. This algorithm works on the mini-batch of images and
utilizes the back-propagation approach to optimize the objective function. In our model, we set the
momentum parameter to be 0.9, with the regularizing penalty on the weight decay as 0.0001. Now,
to boost the speed on training, one can use a high learning rate. However, if a high learning rate is
utilized, the problem of vanishing/exploding gradients [42] becomes evident. To solve this, we utilize
the adjustable gradient clipping.

Gradient Clipping

Gradient clipping is generally used for training the recurrent neural networks [38]. However, it is
seldom used in the CNN training. There are many ways in which gradients can be clipped. One of
them can be to clip them in a pre-defined range (−θ, θ). In the process of clipping, the gradient lies in a
specific range. If the stochastic gradient descent (SGD) algorithm is used for training, we multiply the
gradient with the learning rate for step size adjustment. If we want our network to train much faster,
we need a high rate of learning; to achieve this value, the gradient θ must be high.

However, high gradient values will cause the exploding gradients problem. We can avoid this
problem by using a smaller learning rate. However, if the learning rate is made smaller, the effective
gradient approaches zero, and the training may take a lot of time. For this purpose, we propose to clip
the gradients to

[
−θ

γ , θ
γ

]
, where γ is the learning rate. By doing so, we observe that the convergence

of our network becomes faster. It is worth mentioning here that our network converges within 3
h, just like in [44], while the SRCNN [16] takes several days to train. Despite the fact that the deep
models proposed nowadays have greater performance capability, if we want to change the scale-up
the parameter, the network is trained for that scale again, and hence for each scale, we need a different
training model.

Considering the fact that the scale factor is used often and is important, we need to find a way
across this problem. To tackle this problem, we propose to train a multi-scale model. By doing
so, we can utilize the parameters and features from all scales jointly. To do so, we combine all the
approximation images and their corresponding wavelet sub-bands across all predefined scale factors,
and form a big data set of training images.

4. Properties of the Proposed Model

Here we discuss the properties of the proposed model. First, we say that the large depth
networks can give good performance for the task of SISR. Very deep networks make use of the
contextual information of an image, and can model complex functions with many non-linear layers.
We experimentally validate our claim. Second, we argue that the proposed network gives a significant
boost in performance, with an approximately similar convergence speed to VDSR.

4.1. Deep Network

Convolution neural networks make use of the spatial–local correlation property. They enforce the
connecting patterns between the neurons of adjacent layers in the network model. In other words, for
the case of hidden units, the output from the layer m − 1 is an input to the layer m in the network
model. By doing so, a receptive field is formed that is spatially contagious. In this network model, the
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corresponding hidden unit in the network only corresponds to the receptive field, and is invariant to
the changes outside its receptive field. Due to this fact, the filters learned can efficiently represent the
local spatial patterns in the vicinity of the receptive field.

However, if we stack a number of such layers to form a network model, the output ends up being
global—i.e., it corresponds to bigger pixel space. The other way around, a filter having large spatial
support can be broken into a number of filters with smaller spatial support. Here we use 3 × 3 size
filters to learn the wavelet domain mappings. The filter size is kept the same for all corresponding
layers. This means that the receptive field for the layer has the 3 × 3 filter size. For the corresponding
proceeding layer, this size is increased by a factor of two. The depth of the receptive field in our
model has the size of (2D + 1) × (2D + 1). For the task of SISR, if one has more contextual information
about the high-frequency components, it can be used to infer and generate a high-quality image. In
this paradigm of neural networks, a bigger receptive field can serve the purpose of extracting more
contextual information. As the problem of super-resolution is highly ill-posed, using more contextual
information is bound to give better results.

Another advantage of using deep networks is that they can model non-linearity very well. In
our proposed network architecture, we utilize 19 ReLUs, which allows our network to model highly
complex non-linear functions. We experimentally evaluated the performance of deep networks by
calculating the network’s PSNR as depth values increased from 5 to 20, only counting the weight
layers and excluding the non-linearity layers. The results are shown in Figure 4. In most cases, the
performance increases as depth increases.

Figure 4. Depth performance of the network on dataset Set5: (a) at scale 2, (b) at scale 3, and (c) at
scale 4.

There are a number of different techniques in machine learning to solve computational problems.
Some of them we discuss here and compare with our proposed WIDN. In [45], authors have proposed
a recurrent neural network (acRNN), which synthesizes highly complex human motion variations of
arbitrary styles, like dance or martial arts, without asking from the database. In [46], the authors have
proposed dilated convolutional neural network for capturing temporal dependencies in the context of
driver maneuver anticipation. In [47], authors have proposed CNN for speech recognition within the
framework of a hybrid NNHMM model. Hidden Markov models (HMMs) are used in state-of-the-art
automatic speech recognition (ASR) to model the sequential structure of speech signals, where each
HMM state uses a Gaussian mixture model (GMM) to model a short-time spectral representation of
the speech signal. In [48], authors have briefly explained in detail the number of graphical models that
can be used to express speech recognition systems. The main idea of the proposed work is the wavelet
domain-based deep-network algorithm. In our proposed model, we use the wavelet sub-band images
as the input to the network, and learn a single model for multiple degradations. One can try such an
implementation with other DNN-based algorithms, but the first one needs to investigate whether the
DNN will be compatible with the wavelet sub-band images or itself. One also has to account for the
sparsity and directionality of the wavelet sub-band images. We have proposed the DNN model of the
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VDSR [18] algorithms, as it utilizes the residual images obtained by subtracting the LR from HR images
for the training of the network. The wavelet sub-band images possess quite similar properties as the
residual images for the task of SISR. Experimental analysis validated our assumption, and comparative
analysis proved the efficacy of the proposed model.

4.2. Wavelet Learning

In this work, we propose a network structure that learns wavelet sub-band images. We now study
this modification to the VDSR approach. First, we show that for approximately similar convergence,
the network gives better performance. We use a depth of 20(weight layers) and the scale parameter is
2. Performance curves for various learning rates are shown in Figure 5. All use the same learning rate
scheduling. It can be seen that the proposed algorithm gives superior performance.

Figure 5. Performance comparison with VDSR and bicubic algorithms based on learning rates: (a) 0.1,
(b) 0.01, and (c) 0.001.

5. Experiments and Results

Here we give the details about the experiments and results. Data preparation in our case is similar
to SRCNN [8], with a minute difference. In our model, the patch size of the input image is made the
same as the receptive field of the network. We do not utilize the overlap condition while extracting the
patches to form a mini-batch. A single mini-batch in our model has a total of 64 sub-images. Also,
the sub-images corresponding to the difference scales can also be combined to form a mini-batch. We
implement our model using the publicly available MatConvNet package [44]. For the training data set,
we used the 291 images with augmentation (rotations), as done in [21].

For the test data sets, we used the most commonly used data sets of “Set5”, “Set14”, “Urban100”,
and “BSD100”, as used in previous works [18,21,23,24]. The depth of our network model is 20. The
batch size used is 64. The momentum used is 0.9 with the decay rate of 0.0001. The network was trained
for 80 epochs, and initially, the learning rate was set to 0.1; after every 20 iterations, we decreased it by
a factor of 10. The training of our model normally takes about 3 h using the GPU Titan Z. However, if
we use a small training set like that in [49], we can increase the speed of learning. Table 1 shows the
average PSNR values of the proposed algorithm with increasing numbers of epochs and on different
learning rates. It can be seen from the Table 1 that the proposed algorithm provides good results by
employing the deep neural network architecture in the wavelet domain.
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Table 1. Performance table (peak signal-to-noise ratio, or PSNR) for the proposed and VDSR [18]
networks (“Set5” dataset, ×2).

(a) 0.1 rate of learning

Epoch VDSR [18] Proposed Difference

10 36.90 38.66 1.76
20 36.64 38.95 2.31
40 37.12 39.32 2.20
80 37.53 39.61 2.08

(b) 0.01 rate of learning

Epoch VDSR [18] Proposed Difference

10 36.82 37.98 1.16
20 36.90 38.42 1.52
40 36.98 38.63 1.65
80 37.06 38.86 1.8

(c) 0.001 rate of learning

Epoch VDSR [18] Proposed Difference

10 36.42 37.41 0.99
20 36.58 37.58 1
40 36.69 38.01 1.32
80 36.79 38.13 1.34

The visual results are shown in Figures 6–11. Figures 6 and 7 show the comparative results
for the scale-up parameter of 2. Almost all the algorithms perform better. However, the proposed
wavelet domain-based algorithm provides more sharp edges and textures. Figures 8 and 9 show the
comparative results from the BSD100 test set images for the scale-up parameter of 3.

Figure 6. Visual comparison for a baboon image at the scale-up factor of 2.
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Figure 7. Visual comparison for the Barbara image at the scale-up factor of 2.

Figure 8. Visual comparison for the tiger image at the scale-up factor of 3.

Figure 9. Visual comparison for the man image at the scale-up factor of 3.
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Figure 10. Visual comparison for the Urban04 image at the scale-up factor of 4.

Figure 11. Visual comparison for the Urban73 image at the scale-up factor of 4.

Here the algorithms under comparison fail to provide good results; however, the proposed
algorithm provides better results. Figures 10 and 11 are taken from a more challenging image data
set of Urban100. Here, the scale-up parameter used is 4. Looking at Figures 10 and 11, the proposed
algorithm is able to recover the sharp edges and texture where other algorithms fail.

The quantitative analysis based on PSNR and SSIM is shown in Table 2. The algorithms
under comparison include the bicubic technique, SRCNN algorithm [8], SCN algorithm [11], VDSR
algorithm [18], FSRCNN algorithm [21], DnCNN algorithm [22], IDN algorithm [23], and SRMD
algorithm [24]. In the comparative analysis, the trained models used for these algorithms are provided
by the authors. The proposed algorithm gives better results than the algorithms under comparison.
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6. Conclusions

A scale-invariant, wavelet-integrated deep-network model is proposed for the task of SISR. To
improve the training speed of the algorithm, the adjustable gradient clipping is used. Useful properties
of the convolution neural networks, such as large model capacity, end-to-end learning, and high
performance, are exploited in the wavelet domain for the task of SISR. The up-sampling SWT is
proposed instead of the down-sampling DWT, to avoid the data loss. Experimental analysis is carried
out to validate the efficacy of the proposed model. Quantitative results based on the PSNR and SSIM
indicate that the proposed algorithm performs better in comparison with the recent state-of-the-art
algorithm. Visual results also validate the quantitative ones. The proposed algorithm can be extended
and modified for other super-resolution applications, such as face and brain image enhancement. Also,
the proposed algorithm can be tested with other wavelet transforms, such as dual-tree complex wavelet
transforms (DT-CWT).
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Abstract: With the advent of 3D video compression and Internet technology, 3D videos have
been deployed worldwide. Data hiding is a part of watermarking technologies and has many
capabilities. In this paper, we use 3D video as a cover medium for secret communication using
a reversible data hiding (RDH) technology. RDH is advantageous, because the cover image can
be completely recovered after extraction of the hidden data. Recently, Chung et al. introduced
RDH for depth map using prediction-error expansion (PEE) and rhombus prediction for marking
of 3D videos. The performance of Chung et al.’s method is efficient, but they did not find the
way for developing pixel resources to maximize data capacity. In this paper, we will improve the
performance of embedding capacity using PEE, inter-component prediction, and allowable pixel
ranges. Inter-component prediction utilizes a strong correlation between the texture image and the
depth map in MVD. Moreover, our proposed scheme provides an ability to control the quality of
depth map by a simple formula. Experimental results demonstrate that the proposed method is more
efficient than the existing RDH methods in terms of capacity.

Keywords: 3D; depth map; inter-component prediction; MVD; reversible data hiding; texture

1. Introduction

Data hiding (DH) [1] plays an important role in secret communication. For this purpose, secret
information and metadata are embedded in the cover media, such as still image, video, audio, 3D
video, and so on. The visual quality and capacity of the cover image are important criteria for DH
schemes. In addition, reversible DH (RDH) techniques are developed to extract the embedded secret
information and restore losslessly the cover image.

Up to date, various RDH algorithms have been proposed, e.g., difference expansion-based
algorithms [2–6], histogram shifting [7–10], prediction-error expansion (PEE) [11–14] and integer-to-integer
transform [15–17], etc.

The approaches of difference expansion (DE) show good performance in respect of high-capacity.
The first introduction of this algorithm was by Tian, and the research has been extended by [3,4].
For data embedding, it has to make a room for a secret bit through a pixel extension, and inserts data
therein. Alattar [3] improved the performance of Tian’s work by generalizing a DE technique for all
integer conversions. The method proposed by Sachnev et al. is that image pixels are separated into
black and white squares of a chessboard with two identical sets diagonally connected. This prediction
method, called rhombus, is superior to the existing prediction methods (e.g., median edge detector
predictor (MED) and gradient-adjusted predictor (GAP)) by making the average value of adjacent
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neighbors of a specific pixel as a predictive value. Thereafter, various methods for improving prediction
performance were introduced.

The histogram shifting (HS) technique is also known as a method having relatively a few distortion
in a cover image. However, it requires a location map in RDHs to embed data and restore a cover
image. Al-Qershi and Khoo proposed a 2-dimensional DE (2D-DE) scheme achieving about 1-BPP
performance [6]. These histogram-based schemes may achieve good visual quality and adequate
embedding capacity, but it has the drawback having to send a pair of peaks and zero points to
the receiver.

PEE involves a process that obtains the prediction error (PE) from the neighborhood of a pixel
and embeds information bits into the expanded errors. If the difference between an original pixel and
a predicted pixel is large, the distortion of the cover image is greatly enlarged during the embedding
process. In this case, by enhancing the data embedding capacity of the region of low frequency in the
cover image, it may maintain the image quality and embedding capacity of the cover image. Compared
to DE and HS-based methods, it is well known that PEE performs better. When we are considering the
existing PEE methods, DH with order prediction has less distortion at low embedding rates.

Meanwhile, with the rapid development of multiview video technologies, viewers can experience
more realistic 3D scenes with highly advanced multimedia systems, such as 3D television and
free-viewpoint television. To overcome a limited bandwidth, the multiview video plus depth (MVD) is
adopted as a 3D video format [18,19]. In MVD (see Figure 1), a texture image indicates intensities of an
object, whereas a depth map represents a distance between an object and a camera as a grayscale image
having values between 0 and 255. Because MVD enables the advanced video system to arbitrarily
generate virtual views by using a depth image-based rendering (DIBR) method [20], a small number
of view information can be transmitted.

Figure 1. MVD consisting of a texture image (left) and its corresponding depth map (right).

Until now, various watermarking technologies [21–25] have been introduced for marking 3D
videos. Asikuzzaman and Pickering [21] proposed a digital watermarking approach that inserts
a watermark into the DT-CWT coefficients. Pei and Wang [22] introduced a 3D watermarking
technique based on the D-NOSE model which can detect the suitable region of the depth image for
watermark embedding. Since view synthesis is very sensitive to variations in-depth values, this scheme
focuses mainly on the synthesis error. Wang et al. [23] exploited scale-invariant feature transform
(SIFT)-based feature points to synchronize a watermark but focused on only signal processing and
omitted geometric attacks.

Based on MVD, Chung et al. [26] and Shi et al. [27] proposed RDHs for depth maps using a depth
no-synthesis-error (D-NOSE) model [28] and PEE. Each pixel in the depth maps has an allowable
pixel range and the pixel value is increased or decreased in an allowable range. However, it may be
guaranteed that there are no errors in the synthesized image using D-NOSE. Taking advantage of this
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characteristic may be used to improve embedding capacity for RDH. Chung et al. first proposed a
method based on PEE that could effectively hide data in depth maps of 3D images. The disadvantage
of Chung et al.’s method is that it does not provide sufficient embedding capacity. Shi et al. proposed
a way to use all of the acceptable range of pixels to solve the problem proposed by Chung et al.’s
method. However, Shi et al. did not suggest a systematic way of adjusting the embedding capacity
considering a quality of depth map.

In this paper, we first analyze the disadvantages of Chung et al.’s reversible data hiding algorithm
and propose a PEE-based DH technique that completely uses the allowable range of each pixel using an
inter-component prediction method. The performances of the proposed RDH are improved by using
the correlation between the texture and the depth map, which is an advantage of the inter-component
prediction. Also, we propose a method to control embedding rates and image quality systematically
which may be applied to various RDH applications such as medical or military fields.

The remainder of this paper is organized as follows. Section 2 briefly discusses view synthesis,
difference expansion, related RDH and watermarking methods. In Section 3, we introduce a reversible
data hiding method based on D-NOSE model, PEE, and inter-component prediction. In Section 4, we
compare and analyze the experimental result with conventional RDHs and our proposed RDH. Finally,
this paper concludes in Section 5.

2. Related Works

In Section 2, we explain a 3D view synthesis principle, a difference expansion (DE) method,
and Chung et al.’s [26] and Shi et al.’s [27] RDH methods based on 3D view synthesis. In addition,
Zhu et al.’s [24], Wang et al.’s [23], and Asikuzzaman et al.’s [25] digital watermarking methods are
also introduced.

2.1. View Synthesis

We can obtain a 3D version of the classical 2D videos with depth information via 3D view synthesis.
Depth information plays a key role in synthesizing virtual views and the quality of synthesized views
is critical in 3D video systems. In view synthesis, a pixel in the texture image is mapped to a new
position in the virtual view by using the corresponding depth value. First, the disparity d in a pixel of
depth map is obtained using the following equation.

di =
f · l
255

(
1

znear
− 1

z f ar

)
× qi. (1)

where f and l denote the focal length and the baseline distance between two horizontally adjacent
cameras, respectively, and znear and z f ar mean the nearest and farthest depth values, respectively. The
pixel q indicates the ith depth pixel value. After the calculation of a disparity di, it is rounded into an
integer value. Then, the pixel (x′, y′) is filled by shifting the pixel (x, y) with d (see Figure 2).(

x′

y′

)
=

(
x ± d

y

)
(2)
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Figure 2. View synthsis based on disparity information.

Based on the D-NOSE model [28], the symbols L and U indicate the minimum and maximum
depth values within the allowable distortion range. If the marked pixel q′i is still in the range ([L, U])

after hiding the data in qi, the virtual view will not be distorted. The notation ϕ is a set collecting
depth pixel value with the disparity (di = n). N denotes the number of pixels (width × height) in the
depth map.

For example, assuming that a disparity n = 32 and the minimum and maximum pixels belonging
to n are [Lq, Uq] = {21...24}. It means that there are four pixels corresponding to disparity di = 32,
i.e., the pixels are 21, . . . , 24. The way to figure out the allowable range for each pixel of the depth map
is shown stepwise in the Algorithm 1.

ϕn = {qi ∈ (di = n)}N
1 (3)

Algorithm 1 DRange(q)
Input: input pixel q
Output: [L, U]

1: input pixel q
2: d ← depth2disprity(q) // Equation (1)
3: for i = q − 1 To 0 Step − 1 do

4: if depth2disprity(i)! = d then break
5: end if

6: end for

7: L ← i + 1
8: for i = q + 1 To 255 Step 1 do //8-bit depth pixel
9: if depth2disprity(i)! = d then break

10: end if

11: end for

12: U ← i − 1
13: return [L, U]

2.2. Difference Expansion

In this section, we describe the concept of RDH using pixel prediction and DE, where p and p̂
denote an original pixel and a predicted pixel. A prediction error is determined by ei,j = pi,j − p̂i,j. If
ei,j < T and no overflow and underflow on each pixel, the secret bits b may be embedded into the pixel
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p as p′i,j = pi,j + ei,j + b. If |ei,j| ≥ T, it is not appropriate to embed secret bits, because the carrier pixel
p′ may have higher prediction error than the other embedded pixels. This pixel is modified as follows:

p′i,j =
{

pi,j + T, if (ei,j ≥ T)
pi,j − (T − 1), if (ei,j ≤ −T)

The location information of the underflow or overflow is recorded in the location map and is used
for decoding. If the predictive values are the same before and after data hiding, the reversibility of
the watermarking is guaranteed. It should restore the shifted values T before obtaining the predictive
value. Then, it is possible to obtain the predictive values correctly.

2.3. Chung et al.’s Reversible Data Hiding

The D-NOSE model can guarantee zero synthesis distortion by determining an allowable
distortion range for each depth pixel. The previous two existing methods [26,27] use the rhombus
prediction to obtain the prediction pixel p̂ =

⌈
p1 + p2 + p3 + p4

4

⌉
, and the prediction error e = p − p̂

means the difference between the original pixel p and the predicted depth pixel p̂. Here, p1, p2, p3, and
p4 denote the four adjacent pixels, where they are placed on the top, left, bottom, and right sides of p,
respectively. The average value is rounded up in the calculation. If the number of hidden bits m for a
pixel p is �log2(U − p̂i + 1)� when e = 0 and m = �log2(pi − L + 1�)− 1� when e = −1. Otherwise,
m = 0.

The marked pixel p′ is obtained from p′ = p̂ + b when e = 0 and p′ = p̂ − b − 1 when e = −1.
Here, b means a binary number of m bits, and the allowable range is [L, U]. On the receiving side,
the secret bits b can be simply obtained by the expression b = (e′ mod 2m), where e′ = p′ − p̂.

The location map in Chung et al.’s method is a simple way, i.e., mark “1” if there is no hidden data
at the position and “0” otherwise. If the surface of the image is the same color, most of the location
map may be zeros since most of prediction errors may be e = 0. For this reason, Chung et al. used
arithmetic coding to compress the location map and then hide the location map in the front or back
end of the depth map. Chung et al.’s method achieves the purpose of RDH for 3D synthesis images.
Unfortunately, it does not embed a sufficient amount of data.

There is a vulnerability in Chung et al.’s method. For example, if a pixel p and an error e is 85 and
0, respectively, and acceptable range of the pixel p is [83, 87], then it is allowed to hide only 1-bit in the
pixel p, because of m = �log2(87 − 85 + 1)� = 1. If a pixel is p = 87 and e = 0, then it does not allow
to embed bits. That is because a room to hide bits is determined by the position of the predicted pixel
in an allowable range of a pixel. Thus, there is no room to hide a bit when the pixel is p = 87. Another
vulnerability is that the quality of the depth map is not considered sufficiently, because the quality
only depends on the feature of the depth map.

2.4. Shi et al.’s Reversible Data Hiding

Shi et al. [27] proposed a RDH based on D-NOSE model, where the method embed information
into double layer of depth maps. Here, the prediction method for PEE obtains p̂ by the method
of rhombus prediction. In order to use of the allowable range fully, it is embed the data into the
prediction-error (e = p − p̂) value 0, and the pixel is expanded toward either the maximum or the
minimum values. In the allowable range [ln, un] of the disparity di = n in the pixel, the number of bits
for the pixel qi is mi = log2(u∗

n − l∗n + 1) where q̂i ≤ u∗
n ≤ un and ln ≤ l∗n ≤ q̂i when ei = 0. Otherwise,

it is mi = 0. The marked pixel q′i may be expressed as q′i = l∗n + b, where b = {0, 1, 2, . . . , 2m − 1}.
For example, if a pixel p and an error e is 85 and 0, respectively, and acceptable range of the pixel p is
[83, 87], then it is allowed to hide m = log25.
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2.5. Zhu et al.’s Digital Watermarking

Zhu et al. [24] propose a watermarking method for a new viewpoint video frame generated by
DIBR (Depth Image-Based Rendering). To preserve the watermark information during the generation
of the viewpoint video frame, the blocks in foreground object of original video frame is selected to
embed the watermark because pixels in this kind of object are more likely to be preserved in the
warping. Here, for watermarking, DCT transformation of the blocks in foreground object is firstly
done. Then, after embedding the watermark into the DCT, IDCT should be done before the DIBR.

2.6. Wang et al.’s Digital Watermarking

Wang et al. [23] propose a novel watermarking method for DIBR 3D images by using SIFT to select
the area where watermarking should be embedded. Then, the watermark information is embedded
into the DCT coefficients of the selected area by using Spread spectrum technology. The SIFT is
used to select suitable areas in which watermarking should be embedded by applying n × n 2D-DCT
to the areas selected. Next, spread spectrum technique and orthogonal spread spectrum code are
applyed to embed the watermark. In order to extract watermarks from images, we can compute the
correlation between DCT coefficients of every area and the spread spectrum code to estimate the
embedded message.

2.7. Asikuzzaman et al.’s Digital Watermarking

Asikuzzaman et al. [25] proposed a blind video watermarking algorithm in which a watermark
is embedded into two chrominance channels using a double tree complex wavelet transform.
The chrominance channel has a watermark and preserves the original video quality and the double tree
composite wavelet transform ensures robustness against geometric attacks due to the shift invariant
nature. The watermark is extracted from a single frame without the original frame. This approach is
also robust to downscaling in arbitrary resolution, aspect ratio change, compression, and camcording.

3. Proposed Scheme

In this section, we introduce RDH based on the D-NOSE model by using PEE and inter-component
prediction to improve the accuracy of predictive pixel in our proposed method. The accuracy of the
prediction maximizes the performance of the proposed RDH based on the D-NOSE model using
maximum allowable pixel range of each pixel. Moreover, our proposed scheme has the capability
controlling the quality and embedding capacity of the depth map.

RDH methods based on the 2D texture images usually have a trade-off between the capacity
and quality of the cover signal. However, since the depth map is used to synthesize virtual views as
non-visual data, we may embed secret data into the depth map without degrading the quality of the
virtual view synthesis. The D-NOSE model can guarantee zero synthesis distortion by determining an
allowable distortion range for each depth pixel. Besides, since we apply the existing PEE technology to
the 3D depth map and use the location map, our proposed method is also a perfect way to restore the
original depth map.

3.1. Inter-Component Prediction

Here, we will introduce inter-component prediction to obtain a better prediction for high
embedding capacity. Figure 3 illustrates the configuration of the depth pixel, and inter-component
prediction based on the corresponding texture pixels. A depth map in Figure 3a is composed of
marked ‘�’ and ‘♦’. The pixels in depth map are subdivided into two sets, Φ1(∈ {� . . .�}) and
Φ2(∈ {♦ . . .♦}). The inter-component prediction (in Figure 3b) selects adaptively the predicted
direction for the depth pixel by comparing the corresponding texture pixel and its adjacent pixels.
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When the depth pixel qi,j is predicted from neighbor pixels, q1, q2, q3, and q4, as shown in Figure 3b,
the corresponding texture pixel ti,j is compared with t1, t2, t3, and t4 as follows

dirD = min
dirT

(|t1 − t|, |t2 − t|, |t3 − t|, |t4 − 4|), (4)

where dirT and dirD denote the prediction direction of the texture image and the depth maps,
respectively. For example, if the pixel having the minimum texture difference is t1, qdirD is set as q1. The
existing rhombus prediction method was an efficient prediction method for color and grayscale images.
However, the rhombus method is less effective than the proposed method for depth map pixels. That is
why we propose a way to predict the pixel of depth map by considering the texture image. Obviously,
considering 3D synthesis, it seems that inter-component prediction is an excellent method.

The prediction is alternately performed for two sets, Φ1 and Φ2. That is, Φ2 is used to predict
Φ1, and vice versa. When predicting Φ2, the prediction may not be accurate because there are hidden
pixels in Φ1. To tackle this matter, we use the average of the unmarked pixel in Φ1. This is because the
correlation between the marked depth pixels and the associated pixels is low, and the prediction is
not accurate.

Figure 3. Diagram for configuration of the depth map, and inter-component prediction based on the
corresponding texture pixels.

3.2. Embedding Algorithm

Here, we will examine in detail the data embedding procedure. To extract hidden bits and recover
the original depth map, we have to record locations on whether each pixel contains hidden bits or not.

Step 1: Reads 3 × 3 block from the given depth map and assigns it to the variable B. Obtain the pixel
qi,j and predicted pixel qdirD from B using Equation (4).

Step 2: The prediction error e is calculated by subtracting the prediction pixel qdirD from the original
pixel qi,j as follow

ei,j = qi,j − qdirD. (5)

Step 3: If (ei,j = 0), the number of bits m that can be embedded into the pixel qi,j is calculated using
the allowable pixel range of the pixel qi,j (Equation (6)), where (Lq, Uq) is obtained from the
Algorithm 1. {

m = �log2(Uq − Lq + 1)�.
if (m < 1), goto Step 1

(6)

Here, (�x�) is the integer less than or equal to x.
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Step 4: The binary secret bits ηm are embedded in qi,j using Equation (7). (Note: the function b2d(·)
is to converts binary values to a decimal value). That is, the ηm is included in the expanded e′

by DE.

q′i,j =
{

e′i,j = 2m × ei,j + b2d(ηm)

Lq + e′i,j
(7)

Step 5: if (ei,j = 0), LMi,j = 0, otherwise LMi,j = 1. (Notes: location map LMi,j = 0 means that
hidden bits exists.)

LMi,j =

{
0, if (ei,j = 0)
1, otherwise

(8)

Step 6: Go to Step 1 until all pixels are processed.

After the embedding procedure is finished, all pixels including the hidden bits are still within the
acceptable range. Therefore, 3D synthesis images have no distortion.

Example 1. Given two blocks in Figure 4a, we demonstrate how to hide secret bits in the pixel qi,j. First, we
obtain the predictive pixel from the texture block and depth block. Applying Equation (4), it is observed that
t1 = 51 is the optimum pixel, so qdirD becomes qi−1,j = 22.

After applying Equation (5), if ei,j = (qi,j − qdirD) = 22 − 22 = 0, we may obtain disparity and
allowable range through Algorithm 1. i.e., [Lq, Uq] = (20, 23). The number of embedded bits in the
pixel can be obtained via the Equation (6), i.e., m = 2. Thus, it takes 2-bits from the secret data and
converts it into a decimal value. By applying the Equation (7), q′i,j = 20 + 2 = 22. Finally, the pixel q′

has secret bits ′10′2. In this case, qi,j is the same as q′i,j, so there is no noise in the marked pixel q′i,j.

Figure 4. Example of the data embedding using the proposed method.

3.3. Extraction Algorithm

Suppose that a depth map containing secret data and a location map was delivered to the receiver
side. We describe the procedure of extracting the hidden data and recover original pixels from the
depth map. The detail (stepwise) is as follows.

Step 1: Reads 3 × 3 block from the given depth map and assigns it to the variable B. Obtains the pixel
q′i,j and the predicted pixel qdirD from the B, respectively.
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Step 2: If the location map LMi,j = 0, we obtain the size of hidden bits m = �(Uq − Lq + 1)� from the
allowable range of qi,j.

Step 3: Obtain the error e′i,j from the pixel q′i,j including secret bits by using Equation (9). (Notes:
d2b(x, m) converts the decimal number x to a binary number of m bits.)

ηm =

{
e′i,j = q′i,j − Lq

b = d2b(e′i,j, m)
(9)

Step 4: The original pixel qi,j is restored by replacing the pixel q′ with qdirD. Go to Step 1 until all
pixels are processed.

Example 2. First, Assuming that through the data embedding procedure (see Figure 4) in Example 1, the pixel
q′i,j having the binary bits ′10′2 was transferred to the receiver. On the receiving side, some of the procedure for
extracting the hidden bits in q′i,j are similar to the embedding procedure. The pixel qdirD is determined using the
neighboring pixels of the pixel q′i,j and the inter-component prediction method. In this case, the predicted pixel
is qdirD = 22. Since the location map LMi,j = 0 at position (i, j) of q′i,j, it can be seen that the data is hidden.
Thus, the number of hidden bits from the allowable pixel range of the pixel q′i,j may be determined. That is, if we
apply Equation (6) to the pixel q′i,j, then we obtain the m = �log2(Uq − Lq + 1)� = �log2(23 − 20 + 1)� = 2.
Next, the error bit e′i,j = 2 obtains from q′i,j = 22 and Lq = 20 by using Equation (9). The value hidden in the
pixel qi,j is e′i,j = q′i,j − Lq = 22 − 20 = 2, which is converted to the binary number ′10′2. The marked pixel q′i,j
is reconstructed to the original pixel qi,j by assigning the prediction value qdirD to the position (i, j).

3.4. Embedding/Extraction Procedure for Location Map

The location map (LM) is necessarily required for data extraction and depth map restoration,
and thus, the location map should be transferred to the receiver side. There are many ways to transfer
location map, but the most common way is to hide it into a cover image. At this step, it should
minimize the location map, because the capacity of the secret data is reduced with the size of the
location map. Thus, the compression of location map is a common procedure before embedding it into
the cover image. There are several compression methods, but here we use arithmetic coding. The map
size may be reduced by less than 10% by arithmetic coding, because the ratio of “0” in the map is more
than 90%.

The location map LM compressed by arithmetic coding is assigned into variable δ.
The compressed location data δ is embedded by the LSB replacement as follows, but the data are
embedded considering the allowable pixel range.

q′i,j =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

if (Uq − Lq ≥ 3) {
qi,j + 1,

{
if (δi,j = 0 & qi,j % 2 = 1)
if (δi,j = 1 & qi,j % 2 = 0)

}
≡ A

qi,j − 1, if (qdirD = Uq & A)

}

(10)

The compressed location data δ is embedded in front of the depth map. The data δ does not cause
a synthesis error since it also adopted a D-NOSE model that hides the data within the allowable pixel
range. The last position of the location information is sent on a separate channel. On the receiving side,
the compressed location map can be extracted by the following Equation (11).

δi,j =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
if (Uq − Lq ≥ 3) {

0, if (qi,j % 2 = 0)
1, otherwise

}
(11)
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3.5. Quanlity Control

In our proposed method, the quality of the depth map can be somewhat reduced if the allowable
pixel range on all pixels is fully used. It can certainly be an advantage in terms of embedding capacity,
but it is not desirable in terms of quality. Therefore, it is also important to find a balance between
the two criteria. Adjustment of the allowable pixel range may be used to achieve such a purpose.
Equations (12) and (13) can be used for managing depth map quality and embedding capacity through
Equation (6). The control of depth map is achieved by using a limited allowable range [L′

q, U′
q] instead

of the [Lq, Uq].

L′
q =

{
qdirD − σ, if (qdirD − σ < Lq)

Lq, otherwise
(12)

U′
q =

{
L′

q + 2σ − 1, if (L′
q + 2σ − 1 > Uq)

Uq, otherwise
(13)

Here, σ is an integer variable and the range of values is {σ ≥ 1 & σ ≤ n}. That is, increasing the value
of σ can increase the embedding capacity of RDH, while decreasing the value of σ may improve the
quality of the depth map. We may increase the usefulness of the proposed method if we adjust the
value of σ appropriately for the application.

4. Experimental Results

To better demonstrate the performance of our proposed scheme, we graphically show the results
of experiments and analysis of 3D images with various features. All experiments are performed
with eight 3D sized 1920 × 1088 (or 1024 × 768), “Poznan_Hall2”,“Poznan_Street”, “Undo_Dancer”,
“GT_Fly”, “Kendo”, “Balloons”, “Newspaper”, and “Shark” (see Figure 5), which are often used for 3D
video coding standards, such as 3D-AVC [19] and 3D HEVC [18], and the view synthesis reference
software (VSRS) in JCT-3V [29]. Since the schemes such as Chung et al.’s, Shi et al.’s, and the proposed
methods adopt the D-NOSE model, the synthesis using the original depth map is identical to that of
the synthesis with the marked depth map.

In this paper, we use two criteria to evaluate the performance of the existing and our proposed
schemes. The first criterion is the embedding rates (ERs) and the second is the peak signal-to-noise
ratio (PSNR). The most well-known measurement method for objective evaluation of images is PSNR.
That is, PSNR is the intensity of noise over the maximum intensity the signal can have. The MSE used
in PSNR is an average difference in intensity between the marked depth map and the reference depth
map. If the MSE value of the depth map is low, it is evaluated that the quality of the image is good.
The MSE is calculated using a reference depth map p and the distorted depth map p′ as follows.

MSE(p, p′) = 1
N

N

∑
i=1

(pi − p′i)
2 (14)

The error value ε = pi − p′i denotes the difference between the original depth map and the distored
depth map signal. The 2552 means the allowable pixel intensity in Equation (15).

PSNR = 10log10
2552

MSE
(15)

Meanwhile, ER is a measurement of how much information is included in the marked depth
map. That is, ER is the ratio of the embedded information contained in the marked depth map.
In Equation (16), N is the total number of pixels and ||η|| denotes the number of message bits.

ρ =
||η||

N
(16)
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(a) Poznan_Hall2 (a)

(b) Poznan_Street (b)

(c)

(d) GT_Fly (d)

(c) Undo_Dancer

(e)

(f) Balloons (f)

(e) Kendo

(g)

(h) Shark (h)

(g) Newspaper

Figure 5. Test images; (a–d,h): 1920 × 1088, (e–g): 1024 × 768.

Figure 6 shows the comparison of data embedding rates using three methods (two existing
methods and the proposed method) and eight depth maps: (a) Poznan_Hall2, (b) Poznan_Street,
(c) Undo_Dancer, (d) GT_Fly, (e) Kendo, (f) Balloons, (g) Newspaper and (h) Shark; 1920 ×1088: (a)–(d)
and (h), 1024 ×768: (e)–(g).

The ERs of Chung et al.’s method is much less than that of Shi et al.’s and our proposed methods.
That is because Chung et al.’s method does not fully use the allowable range. On the other hand,
Shi et al.’s and our proposed method may achieve better results by adopting an allowable pixel
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range. For example, we show that the ERs of “Poznan_Hall2” in Chung et al.’s method is very low.
For the “GT_Fly”, the embedding rates of our proposed method is 0.22 BPP higher than that of
Shi et al.’s method. As shown in Figure 6, the coefficients of difference between these two methods
show that the performance of our inter-component prediction is superior to the rhombus prediction.
Therefore, our proposed method outperforms the existing two methods, including Chang et al.’s and
Shi et al.’s method.

Figure 6. Performance comparison of three data hiding methods using eight depth maps.

In Table 1, we compare the performance of the proposed method and the existing methods by
using PSNR with various BPPs and the depth map, “Shark”. As the embedding rates increases, it
appears that Chung et al.’s PSNR is sharply decreased. The reason is that Chung et al.’s method does
not use the same method of quality control and the allowable depth ranges in the data embedding
procedure. On the other hand, Shi et al.’s and our methods use the allowable pixel ranges and quality
control, thus, they have good performance. In addition, our method shows slightly better performance
than Shi et al.’s method because it uses an accurate prediction method.

Table 1. The comparision of the PSNR at the different BPP for the depth map, “Shark”.

Chung et al.’s Method Shi et al.’s Method The Proposed Method
BPP

PSNR (dB) PSNR (dB) PSNR (dB)

0.1 59.6257 61.1498 61.1504
0.2 54.2950 58.1325 58.1328
0.3 51.6756 56.3714 56.3744
0.4 49.6793 55.1210 55.1246
0.5 47.5926 54.1483 54.1521
0.6 46.6222 53.3583 53.3613
0.7 45.9716 52.6881 52.6907
0.8 45.5451 52.1081 52.1113

As shown in Table 2, we know that the maximum BPP of Chung et al.’s method is less than that
of both Shi et al.’s and our proposed method. However, since the BPP is low, the PSNR is relatively
higher than that of Shi et al.’s and our method.
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Table 2. PSNR comparison for maximum BPP on each image using various methods.

Image
Chung et al. Shi et al. Our Scheme

BPP PSNR (dB) BPP PSNR (dB) BPP PSNR (dB)

(a) Poznan_Hall2 0.0050 74.5704 0.7559 49.2263 0.7700 49.1044
(b) Poznan_Street 0.4222 53.9985 0.7713 49.3750 0.8339 48.9424
(c) Undo_Dancer 0.4215 53.6574 0.7693 49.0931 0.8094 48.8123
(d) GT_Fly 0.7956 48.6470 1.0363 44.5942 1.2603 43.5969
(e) Kendo 0.9393 51.4107 1.1485 45.6550 1.2093 45.4096
(f) Ballons 0.9179 51.5102 1.0813 45.5657 1.1633 45.2515
(g) Newspaper 0.6621 52.9301 1.0533 49.0001 1.1661 48.5315
(h) Shark 0.9608 45.2074 1.5194 41.0606 1.6274 40.7411

Therefore, if the BPP is the same for the three methods, the PSNRs of Shi et al.’s and our proposed
method are better than that of Chang et al.’s method. In “Newspaper”, there is the highest difference
of PSNR between our proposed and the Shi et al.’s method, because it seems that the depth map is an
image including a high-frequency property. Thus, it can be seen that the proposed method had high
prediction competence on depth maps with high-frequency characteristics. Moreover, the average
BPP of our proposed method is higher (by 0.09) than that of Shi et al.’s method, while our method
is less than 0.39 dB compared to that of Shi et al.’s method in the aspect of PSNR. However, in this
case, it is indistinguishable from the viewpoint of the usual human visual system. Therefore, it can be
recognized that the proposed scheme improves somewhat regarding BPP.

In Figure 7, the control variable σ (Equations (12) and (13)) is applied to adjust the embedding
capacity and quality of the depth map. Its principle is that the amount of embedding capacity increases
in proportion to the value of the variable σ, while the quality of depth map decreases as σ increases.
When the control variable σ = 1, the maximum embedding rate is 0.8 and the PSNR is 52 dB. When
the variable σ = 7, BPP is measured from the lowest 0.1 to the maximum 1.6 and we obtain that the
PSNR is from 48.5 dB to 41 dB. Under a strict communication environment, it may be useful to use the
control variable for secret communication.

Figure 7. The relationship between BPP and PSNR according to control variable σ with depth map “Shark”.

Table 3 shows PSNRs for the eight depth maps under various BPPs using three methods (two
existing and the proposed methods) when σ = 1. In the table, we can see that depth maps (a), (e),
and (f) may hide data up to 0.9 BPP.
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Table 3. PSNR measurement for the eight depth maps when σ = 1.

PSNRs
BPP

(a) (b) (c) (d) (e) (f) (g) (h)

0.1 61.1483 61.1333 61.1505 61.1533 61.1649 61.1649 61.1421 61.1504
0.2 58.1324 58.1279 58.1374 58.1310 58.1378 58.1378 58.1260 58.1328
0.3 56.3710 56.3680 56.3769 56.3762 56.3735 56.3735 56.3642 56.3744
0.4 55.1215 55.1214 55.1246 55.1220 55.1250 55.1250 55.1171 55.1246
0.5 54.1511 54.1503 54.1547 54.1511 54.1514 54.1514 54.1458 54.1521
0.6 53.3607 53.3599 53.3635 53.3602 53.3635 53.3635 53.3590 53.3613
0.7 52.6905 52.6890 52.6929 52.6900 52.6921 52.6921 52.6886 52.6907
0.8 52.1107 − 52.1138 52.1091 52.1116 52.1116 52.1085 52.1113
0.9 51.5992 − − − 51.6007 51.6007 − −

The depth map of (a), (e), and (f) has a higher embedding capacity than the other depth maps;
because the sum of pixels ϕn (Equation (3)) of these depth maps are high. In other words, there are a
number of pixels having a wide range of allowable pixels. From this point of view, it can be seen that
sum of pixels ϕn of the depth map (b) is low. It is proved that the proposed method maintains very
high PSNR like the conventional DHs through various simulations.

Figure 8 is a visual comparison of the marked depth maps generated from the simulation results
derived from three methods in “Poznan_Street”. In Figure 8, the BPP for (c), (d), and (f) are 0.4222,
0.7713, and 0.8339, respectively, and the PSNRs of these are 53.9985 dB, 49.3750 dB, and 48.9424 dB,
respectively. As mentioned above, the embedding rates of the proposed method are about twice as
high as that of Chung et al.’s method, and also our proposed scheme provides a good depth map
quality about 49 dB.

(a) (b)

(d)

(e)

(c)

(f)

Figure 8. The relationship between BPP and PSNR according to control variable, σ in depth map on
“Poznan_Street”.
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Figure 9 shows a visual representation of how much pixels are distorted during the
data-embedding procedure for the depth map, “Shark”. The two marked depth maps by Shi et al.’s
and the proposed method include 0.4 BPP. We can easily observe the distortion of the original pixels
through the comparison of the histogram made by Shi et al.’s and the proposed method. As shown in
the histogram, it seems that the marked histograms are very similar to the original histogram. For this
reason, the two marked depth maps show a very high image quality about 55 dB. In graylevel 106 and
107, we may recognize that there is a small difference between the the two methods. As a result, it is
proved that our proposed method has fewer errors compared to Shi et al.’s method.

Figure 9. Comparison of histogram coefficients on depth map—“Shark” between Shi et al.’s method
and the proposed method.

5. Conclusions

In this paper, we introduced a method to hide metadata in 3D videos using RDH technology,
which is one of many watermarking technologies. The proposed RDH is the PEE method, which
hides a large amount of data while minimizing the damage of cover image using LSB of depth
map. The accuracy of the pixel prediction is very important to the performance of the PEE method.
To improve the accuracy, we proposed an efficient MVD-based RDH using inter-component prediction
that predicts depth pixels using MVD-related texture pixels. The newly introduced inter-component
prediction may improve the performance of the RDH because the prediction precision is higher
than the conventional diamond shape prediction. Especially, the prediction of the depth map in the
texture image with high frequency characteristics showed excellent performance. Experimental results
demonstrated that the proposed method achieves higher embedding capacity than the all the previous
methods by improving the prediction accuracy.
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