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Preface

The rapid development and wide application of remote sensing technology have made it one
of the most important research fields today. This Special Issue aims to gather a series of the
latest research findings in remote sensing image processing, exploring new insights, developments,
current challenges, and future prospects in this field. Advances in remote sensing image processing
technology have provided strong support for several critical areas, including environmental
monitoring, disaster management, urban planning and management, and agriculture and resource
management.

The motivation for compiling this Special Issue stems from the enormous potential of remote
sensing technology in practical applications. Through advanced sensors such as hyperspectral,
multispectral, and LiDAR, scientists can obtain more accurate and richer data on the Earth’s surface.
This data not only supports scientific research in atmospheric science, geology, and ecology but also
drives innovations in sensor technology, data processing, and analysis algorithms. We hope that this
Special Issue will provide researchers, engineers, and practitioners in related fields with the latest
technological advancements and application cases, promoting exchange and collaboration between
academia and industry.

The target audience for this Special Issue includes scientists, engineers, policymakers, and
students involved in remote sensing technology and application research. The successful publication
of this Special Issue would not have been possible without the contributions of numerous authors
and peer reviewers. We extend our heartfelt thanks to them. Special thanks to the institutions
and individuals who provided assistance and support during the research process. Your efforts and
wisdom were key to the successful publication of this Special Issue.

We hope that this Special Issue will provide readers with valuable reference materials, inspire
more innovative research and applications, and contribute to the development and application
of remote sensing technology. With continuous technological advancements and interdisciplinary
cooperation, remote sensing technology will undoubtedly continue to drive the development of earth

sciences and related application fields in the future.

Weitao Chen, Ailong Ma, and Guohua Wu
Guest Editors
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Abstract: In high-resolution remote sensing images, there are areas with weak textures such as large
building roofs, which occupy a large number of pixels in the image. These areas pose a challenge
for traditional semantic segmentation networks to obtain ideal results. Common strategies like
downsampling, patch cropping, and cascade models often sacrifice fine details or global context,
resulting in limited accuracy. To address these issues, a novel semantic segmentation framework has
been designed specifically for large-format high-resolution remote sensing images by aggregating
global and local features in this paper. The framework consists of two branches: one branch deals
with low-resolution downsampled images to capture global features, while the other branch focuses
on cropped patches to extract high-resolution local details. Also, this paper introduces a feature
aggregation module based on the Transformer structure, which effectively aggregates global and
local information. Additionally, to save GPU memory usage, a novel three-step training method has
been developed. Extensive experiments on two public datasets demonstrate the effectiveness of the
proposed approach, with an IoU of 90.83% on the AIDS dataset and 90.30% on the WBDS dataset,
surpassing state-of-the-art methods such as DANet, DeepLab v3+, U-Net, ViT, TransUNet, CMTFNet,
and UANet.

Keywords: high-resolution remote sensing images; optical large-format images; semantic segmentation;
transformer; building extraction

1. Introduction

Remote sensing images are widely used in economic construction, national defense
construction, and people’s daily life. Semantic segmentation of remote sensing images
is an important aspect of remote sensing image processing, which plays a crucial role
in urban planning, disaster relief, traffic management, and climate modeling. Semantic
segmentation of remote sensing images refers to the process of assigning specific class
labels to individual pixels in an image, enabling a comprehensive understanding of the
image content [1]. The classified objects include buildings, roads, vegetation, etc.

Deep learning-based semantic segmentation algorithms have become the mainstream
for remote sensing image processing. According to the difference in network structure,
existing networks fall into three main categories: convolutional neural network(CNN)-
based, Transformer-based, and hybrid CNN-Transformer models.

In terms of CNN-based semantic segmentation, classical convolutional neural net-
works include FCN [2], U-Net [3], DeepLab [4-6], PSPNet [7], etc. FCN [2] represents
the inaugural convolutional neural network to attain image semantic segmentation. It
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eliminates the fully connected layer from the conventional classification network and effec-
tively transforms the image classification network into an image segmentation network.
This is achieved by reinstating the resolution of the feature map through deconvolution.
U-Net [3] is a symmetrical network structure of encoder and decoder, which makes full
use of the multi-scale image convolution features generated by the encoder through skip
connections. DeepLab uses atrous convolution to solve the problem of spatial resolution
degradation in the downsampling process of traditional CNN networks. To enhance the
DeepLab networks, many researchers have incorporated depthwise separable convolution,
parallel atrous separable convolution, and symmetric encoder-decoder structures. This
integration has resulted in the development of more advanced variants. PSPNet [7] designs
a new method of multi-scale feature calculation and usage, namely using four pooling
layers of different sizes to generate feature maps of different levels and then obtaining
image features that fuse multi-scale information through feature map aggregation, so as
to improve the global information mining ability. Inspired by the idea of feature map
accumulation in ResNet networks [8], DenseNet [9] improves feature reuse through denser
connections and slows down gradient vanishing. In addition to the network structure,
many attempts have also been made to improve the semantic segmentation of remote
sensing images. These methods include the use of the attention mechanisms to enhance
feature representation [10-16], generative adversarial network to enable cross-domain
semantic segmentation [17-19], a self-updating CNN model [20] and a progressive edge
guidance network [21] to incorporate geographic knowledge into CNN models, a semantic
category balance-aware involved anti-interference network named SCBANet [22] to handle
category imbalance issue, a high-order semantic decoupling network (HSDN) to disen-
tangle features [23], a uncertainty-aware network (UANet) [24] to facilitate level-by-level
feature refinement.

However, since the convolution operation is only performed within a certain range
around the center point, the range of the receptive field is limited, and there is a lack
of global understanding of the image itself. To make full use of the context information
of images, some researchers have introduced the Transformer [25] structure with global
modeling capabilities into the field of image processing, and a series of image semantic
segmentation networks based on Transformer have emerged, such as Vision Transformer
(ViT) [26], Swin Transformer [27], etc. ViT [26] is the first semantic segmentation network
based on Transformer structure. It first splits and serializes the entire image, introduces
the image positional information by adding position embeddings, and then uses the
Transformer structure to process the resulting sequence of vectors to obtain more powerful
image features, thereby improving the accuracy of image semantic segmentation. Since ViT
splits the entire images into fixed-size patches, the result is rough when the patch size is
large, while the memory consumption and computation amount are large when the patch
size is small. To this end, some researchers have proposed a Swin Transformer [27] with a
hierarchical design through shifted windows, which limits the self-attention computation
to local windows through a sliding window operation, thereby significantly reducing
computational complexity while retaining the details of the image.

Semantic segmentation networks utilizing Transformers necessitate substantial train-
ing data and computational resources. Despite numerous scholarly efforts to enhance
and optimize these networks, exemplified by innovations like Swin Transformer [27],
TopFormer [28] and SiamixFormer [29], they can only mitigate training complexity to
a certain degree. To this end, some researchers have designed semantic segmentation
networks that combine CNNs and Transformers, such as TransUNet. TransUNet [30] is
one of the most classic hybrid networks, which improves the classic U-Net network by
adding a series of Transformer units at the end of the encoder to globally model deep
features with global context information, thereby significantly improving the accuracy
of image segmentation. Since then, Wu et al. [31] introduced the CNN and Multiscale
Transformer Fusion Network (CMTENet), an encoder-decoder architecture that integrates
CNN and transformer techniques to extract local details and merge multiscale global con-
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text for precise high-resolution remote-sensing image segmentation. With transformer
as the backbone network, STransFuse [32], Cmt [33] and CMFNet [34] have emerged.
STransFuse [32] incorporates swim transformer coding branches alongside CNN coding,
extracting feature representations at various scales through hierarchical stages. Cmt [33] is
a transformer-based hybrid network that substitutes convolution for the multilayer percep-
tron in the transformer, enhancing model accuracy without sacrificing speed. CMFNet [34]
is a crossmodal multiscale fusion network that utilizes transformer architecture to capture
long-range dependencies across multiscale convolutional feature maps of remote sensing
data from diverse modalities, with the goal of enhancing semantic segmentation.

Deep learning-based semantic segmentation has achieved good results in the field
of natural images and remote sensing images. However, classical semantic segmentation
algorithms are mainly focus on processing small-sized images. Compared with natural
images, remote sensing images have high resolution and large format, and there are
many large-sized objects with weak-texture areas such as large building roofs, waters, and
vegetation. Small-sized images (e.g., 256 x 256) in these areas contain less information and
often have low segmentation accuracy in these areas. Meanwhile, due to the limitations
of graphics processing unit (GPU) memory, large-format high-resolution images (e.g.,
2048 x 2048) cannot be processed directly. Typical solutions such as downsampling, patch
cropping, and the use of cascade models often entail a trade-off where they sacrifice
intricate details or comprehensive contextual information, leading to accuracy constraints.
To address this issue, we propose a novel global-local feature aggregation framework for
the semantic segmentation of large-format high-resolution remote sensing images. This
framework extracts global information and local details through two branches, which are
then aggregated to effectively resolve category determination in weakly textured areas
with fewer spatial features, such as water bodies and large building rooftops. Moreover,
to optimize GPU memory usage during training, we introduce a novel three-step training
method that divides the extensive semantic segmentation network into three parts, thereby
reducing the reliance on graphics cards during the model training process.

The main contributions of this paper are summarized as follows:

e A new semantic segmentation framework is designed for large-format high-resolution
remote sensing images. In this framework, two branches are used to extract global
and local features respectively, and then a global-local feature aggregation module
is designed based on the transformer global attention mechanism, which effectively
improves the accuracy of semantic segmentation through the fusion of global and
local information. Comprehensive comparisons with the state of the arts on two public
datasets and ablation studies are conducted to verify its effectiveness.

e  To reduce the large memory occupation that occurs during large-format image pro-
cessing, a new model training method based on step-by-step training and gradient
accumulation is devised. This method divides the entire network into three parts and
trains them in three steps by designing a separate classification head for each part.
Extensive experiments demonstrate that this method effectively reduces the memory
requirements of the GPU during model training.

e This framework can effectively integrate the mainstream semantic segmentation net-
works and its strong scalability has been validated using four mainstream backbone
networks, including U-Net, ViT, TransUNet, and ConvNeXt V2.

In the following sections, we first present the methodology of our framework. We will
then describe the experimental results and analysis, followed by the conclusion.

2. Methodology
2.1. Overview
The network structure of our proposed method is depicted in Figure 1 and comprises

five key components: global feature extraction module, feature coding module, feature
aggregation module, information decoding module, and lightweight convolution module.
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Figure 1. Network structure of the proposed method.

Here’s a brief overview of the functions of each module:

e Global feature extraction module: This module’s primary function is to extract
global contextual information from large-format images. It takes a downsampled low-
resolution image as input and produces global semantic features with a consistent size
as the output. The training dataset for this module includes low-resolution images and
their corresponding labels. In the subsequent sections of this paper, global semantic
features refer to the features output by this module.

e Feature coding module: The feature coding module processes cropped small image
patches. It generates multi-scale convolution features from the input, with the highest
and smallest features being used for fusion with the output feature from the global
feature extraction module, while other multi-scale features are utilized for skip con-
nections. In the subsequent sections of this paper, local semantic features refer to the
features output by this module.

e  Feature aggregation module: This module is responsible for combining the global
features produced by the global feature extraction module with the local features
generated by the feature coding module. Initially, these two features are concatenated,
and then a series of Transformer units process the concatenated features to obtain new
aggregated features that incorporate both global and local information.

e Information decoding module: The information decoding module’s primary purpose
is to generate a prediction map consistent with the original image size. It takes as
input the new features produced by the feature aggregation module and the multi-
scale shallow features generated by the feature coding module. The feature map
gradually returns to its original size through a series of upsampling, convolution, and
skip connection operations, resulting in a prediction map consistent with the original
image size.

e Lightweight convolution module: This module primarily stitches the feature map
at the original resolution. This stitching corresponds to the slicing operation in the
feature coding module, which is used to create a feature map of the same size as the
original image. Subsequently, the prediction map with the same size as the original
image is restored through a simple combination of lightweight convolution.
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2.2. Global Feature Extraction Module

The global feature extraction module is primarily used to extract global semantic
features from large-format input images. In this paper, we first downscale large-format
images into low-resolution small-size images and also downscale labels corresponding
to large-format images to small-size labels. Then, we select the appropriate semantic
segmentation model to extract global semantic features. In this paper, we have chosen the
TransUNet [30], a classic semantic segmentation network, which is primarily composed of
three components: an encoder, an attention module, and a decoder. The encoder utilizes
the ResNet-50 network to generate multi-scale feature maps. The height and width of these
multi-scale feature maps are 1/2,1/4,1/8, and 1/16 of the small-size image’s dimensions,
respectively. The attention module consists of 12 transformer units connected in series
to process the encoder’s final output feature map, which has a height and width that is
1/16 of the small-size image. This process yields an enhanced feature map that is rich in
contextual information. The encoder consists of a series of convolutional upsampling and
skip connection units. It employs a U-Net-like strategy to progressively restore the feature
map layer by layer. The final output of the TransUNet is a pixel-by-pixel semantic feature
map that matches the size of the low-resolution small-size image.

Subsequently, to fuse with the local features output by the subsequent feature coding
module, we divided the global semantic features into 64 blocks, which we referred to as a
partition operation. Finally, to fuse with the highest-level features output by the feature
encoding module, we further resized each block of the global semantic features to the same
size as the highest-level features output by the feature encoding module, e.g., 1/16 of the
small-size image’s dimensions.

The equation for the global feature extraction module is summarized as follows:

xg = Resize(Partition(TransUNet(Resize(x)))), 1)

where x denotes the large-format input image, Resize represents the operation of down-
scaling the image, TransUnet represents the network structure used by the global feature
extraction module in this paper, Partition stands for partition operation, and x4 represents
the global feature of the final output.

It should be noted that to better utilize the global semantic information extracted
by the semantic information extraction module, high-dimensional semantic features are
used as input to the subsequent feature aggregation module, instead of the semantic
segmentation results. To alleviate the computational load and GPU memory usage during
the training of large-format image semantic segmentation, we use the downsampling image
and corresponding label to train the model in advance. During the training of the entire
proposed network, the parameters of the global feature extraction module are fixed and
do not participate in the backpropagation and gradient update, greatly reducing the GPU
memory consumption by the network.

2.3. Feature Coding Module

The feature coding module crops the large-format image into a series of small-size
image patches, which are then processed by a convolutional neural network to extract the
multi-scale convolutional features of each patch.

The input of the feature coding module is the cropped image patches (e.g., a large-
format image is divided into 64 patches), and ResNet-50 is used as the network structure.
The output is multi-scale feature maps with dimensions of 1/2, 1/4, 1/8, and 1/16 of
the original image, respectively. The equation for the feature coding module is described
as follows:

[xll,xlz, X7, xﬂ = ResNet(Partition(x)), (2)

where x represents the large-format input image, Partition stands for partition operation,

ResNet represents the network structure adopted by the feature coding module in this

paper, and [x}, x?, x?, x}| represents the final output of four local features at different scales.
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2.4. Feature Aggregation Module

The feature aggregation module primarily serves to integrate both global and local
features, resulting in a new feature that encompasses local and global information. The
global features are derived from the global feature extraction module, while the local
features are obtained from the feature coding module. The module comprises 6 transformer
units within the network architecture, with the detailed computation described as follows:

xg1 = Transformers (Concat (x;}, xg) ) , 3)

where x¢ represents the global feature output of the global feature extraction module, x?
represents the last layer of local features output by the feature coding module, Concat
stands for feature concatenation operation, which connects two sets of features together
along the channel dimension to form a new, larger set of features, Trans formers represents
the network structure adopted by the feature aggregation module in this paper, which
consists of 6 multi-head transformer units, and Xg represents the new features after fea-
ture aggregation. The transformer unit used here is the same as the transformer unit of
TransUNet [30] in Section 2.2.

2.5. Information Decoding Module

The information decoding module consists of two parts of input data: high-order
features output by the feature aggregation module and multi-scale features output by the
feature coding module. It decodes high-order features output by the feature aggregation
module layer by layer and outputs feature maps with a consistent size of the original image.
This module is mainly composed of convolutional upsampling blocks and skip connection
blocks. The convolutional upsampling block consists of convolution and upsampling
operations, which are mainly used to increase the size of the feature map. The skip
connection block is implemented by the concatenation operation. It is mainly used to
connect the multi-scale features output by the feature coding module and improve the
detailed information of the feature map by introducing low-level features. The specific
calculation process is as follows:

Y1 = Concat(x?, Conv_up (xgl) ), (4)
Yo = Concat(x%, Conv_up(y1)>, ®)
Ypatch = Concat(xll,Conv_up(yz)), (6)

where x¢) represents the new features after feature aggregation, x},x?,x7 represents the
multi-scale shallow features output by the feature coding module, which is used to gradu-
ally restore the feature map to its original size, Conv_up represents convolution and up-
sampling operations, Concat stands for feature concatenation operation, Ypatch Yepresents
the new feature after information decoding, and the size is the same as the image patch.

2.6. Lightweight Convolution Module

The lightweight convolution module is primarily used to restore the prediction map to
the same size as the original image and improve the segmentation result at the tile boundary
of the image. Since convolution of large-format feature maps consumes a significant amount
of GPU memory, this module consists of only a few simple convolutional layers. Specifically,
this module combines the small patch-size feature map into a large-format feature map that
is consistent with the original large-format image through the stitching operation. Finally,
it obtains the final prediction map through the convolution operation. The calculation
process is as follows:

y = Conv (Union (ypmh) ) , (7)
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where Union represents the feature stitching operation, which corresponds to the Partition
operation of the feature coding module, and Conv represents the convolution operation.

2.7. Training Process

Training our model for large-format images demands significant GPU memory and
computational power, necessitating high-performance GPUs. It is difficult to use regular
GPU for direct training. To address this challenge, we optimize the training process by
breaking it down into three distinct steps, as shown in Figure 2. Details are as follows.

small image global feature small label

Global information
extraction module

—~ - T 1

Step 1

Classification header

[——

Classification header

|
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Large-format label

oy &,
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Figure 2. Training process.

Step 1: Training the Global Feature Extraction Module

In the first step, we train the global feature extraction module using downsampled
images and their corresponding labels. The training process aligns with that of a traditional
semantic segmentation network.

Step 2: Training the Feature Encoding, Feature Aggregation, and Information
Decoding Modules

Building upon the fixed parameters of the global feature extraction module, we
proceed to train the following three modules: the feature encoding module, the feature
aggregation module, and the information decoding module. To facilitate this training, we
introduce modifications to the information decoding module, incorporating a classification
head. The classification head serves the dual purpose of generating classification results
and computing the loss. In this step, we scale the input large-sized image down to a
smaller 256 x 256 image, and leverage the global feature extraction model to extract global
features. Subsequently, these three modules are trained, with inputs comprising global
feature information, small image patches, and their corresponding labels, while the output
yields prediction results determined by the classification head.

During the training process, we encountered high GPU memory consumption. To
mitigate this issue, we implemented a gradient-accumulation training approach, following
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these specific steps: (1) Dividing the input image patches, corresponding labels, and
global features into several small batches. (2) Performing backward propagation for each
small batch, but refraining from updating the model parameters. (3) Updating the model
parameters only after all batches have been processed.

Step 3: Training the Lightweight Convolution Module

In the final step, we train the lightweight convolution module based on the fixed
parameters of the global feature extraction module, feature encoding module, feature
aggregation module, and information decoding module. We begin by employing the
global feature extraction module to extract global features from the downsampled image.
Subsequently, we utilize the feature encoding module, feature aggregation module, and
information decoding module to obtain feature maps with the same resolution as the
original image. Finally, these feature maps are seamlessly stitched together into a large
feature map mirroring the original image’s dimensions. This unified feature map is then
fed into the lightweight convolution module for parameter training.

This partitioned training approach optimizes GPU memory usage and computational
efficiency, making it feasible to train our model for large-format images on GPUs with more
constrained resources.

3. Experimental Results and Analysis
3.1. Datasets

To evaluate the effectiveness of our proposed method, we used two datasets for
validation, both sourced from the WHU Building Dataset [35], available at http:/ /gpcv.whu.
edu.cn/data/building_dataset.html (accessed on 2 March 2023). To differentiate between
them, we have named them the Aerial Imagery Dataset (AIDS) and the Building Change
Detection Dataset (WBDS). Both datasets consist of large-area images and corresponding
building labels in Shapefile format. During the process of use, we convert the vector data
in Shapefile format into a raster binary image that has the same resolution as the image,
with buildings represented in white and the background in black. Due to GPU memory
constraints, we were unable to process these large-area images directly. Therefore, we
cropped the area images to produce relatively large-format images (e.g., 2048 x 2048). The
size of the cropped large-format image is 2048 x 2048, which is eight times larger than
the common image size of 256 x 256. For large-format labels, the cropping processing is
exactly the same as the original image. Prior to cropping, the datasets were divided into
training, validation, and test sets in a 6:2:2 ratio.

AIDS Dataset: Collected in New Zealand, the AIDS dataset comprises more than
22,000 individual buildings. The original area image is a large image that measures
1,560,159 pixels x 517,909 pixels with a spatial resolution of 0.075 m. Cropping the entire
area image resulted in 12,940 large-format images with sizes of 2048 x 2048. The dataset
was divided into 7764 training sets, 2588 validation sets, and 2588 test sets according to the
6:2:2 ratio.

WBDS Dataset: Covering a substantial portion of Christchurch, New Zealand, the
WBDS dataset includes bi-temporal images from 2012 and 2016, each accompanied by
corresponding building label data. The original image size is 32,507 pixels x 15,345 pixels
with a spatial resolution of 0.2 m. After cropping, 630 large-format images with sizes of
2048 x 2048 were generated. The dataset was divided into 378 training sets, 126 validation
sets, and 126 test sets in a 6:2:2 ratio.

3.2. Implementation Details

Data Preprocessing: To enhance the network’s robustness and avoid overfitting, we
employed data augmentation techniques such as random rotation, mirror flipping, and
adjustments to image color, saturation, and contrast.

Training Details: Our experiments were conducted using the PyTorch framework
with CUDA version 11.0 on an Ubuntu 20 environment. We utilized an NVIDIA A40 with
46GB of memory to accelerate model training. The AdamW optimizer was chosen with an
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initial learning rate of 0.0001, a decay rate of 1 x 1078, B1 = 0.9, and B2 = 0.999. The batch
size varies slightly across different steps: it is 4 for steps 1 and 2, and 2 for step 3. The epoch
is set to 200. Details are shown in Table 1. In our large-format image semantic segmentation
task, we chose binary cross-entropy as the loss function. The global feature extraction
module and feature coding module were initialized with ResNet50 on ImageNet-1k as
the initialization parameters. During network training, to conserve GPU memory, the
parameters of the global feature extraction module remained fixed and were not updated.
We employed a gradient accumulation strategy for image patch processing.

Table 1. Hyperparameters.

Items Settings
Optimizer AdamW optimizer
Initial learning rate 0.0001
Decay rate 1x 1078
Momentum 31=0.9, 32=0.999
Batch size 4 for steps 1 and 2, and 2 for step 3
Epoch 200

Metrics: To evaluate our method’s performance, we used four common metrics:
Intersection over Union (IoU), precision, recall, and F1-score. These metrics are calculated
based on true positives (TP), false positives (FP), true negatives (TN), and false negatives
(FN) as follows:

IoU = TP/ (TP + FP + FN), ®)

Precison = TP/ (TP + FP), )

Recall = TP/ (TP + FN), (10)

F1 — score = 2 x (Precison x Recall) / (Precison + Recall) (11)

3.3. Evaluation of GPU Memory Usage

To evaluate GPU memory usage, we monitored GPU memory consumption during the
model training process. We used a single NVIDIA A40 graphics card with 46GB of memory
for the experiments. When training the entire model directly, GPU memory consumption
exceeded 46 GB, rendering training infeasible on a single A40. Consequently, we employed
a step-by-step training strategy, consisting of three steps:

e  Step 1: Training the global feature extraction module with a batch size of 4, resulting
in GPU memory consumption of less than 20 GB.

e Step 2: Training the feature encoding module, feature aggregation module, and
information decoding module with a batch size of 1 and GPU memory consumption
of 43 GB. Using the gradient accumulation strategy with a batch size of 4 for small
image groups reduced GPU memory usage to a maximum of 16 GB.

e  Step 3: Training the lightweight convolution module with a batch size of 2 and GPU
memory consumption of 26 GB.

This three-step training strategy substantially reduced GPU memory usage and eased
the hardware requirements for model training.

3.4. Ablation Study

To further assess the effectiveness of our proposed framework, we conducted an abla-
tion study. All experimental data and parameter settings remained consistent throughout
the study. The ablation study was designed as follows:

e  Assessment of the Proposed Framework’s Effectiveness: We evaluated the perfor-
mance improvement achieved by incorporating four popular networks (i.e., U-Net,
ViT, TransUNet and ConvNeXt V2) as global feature extraction modules in our pro-
posed framework.
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e  Evaluation of Different Modules’ Effectiveness: Using TransUNet as the global feature
extraction module, we added feature aggregation module and lightweight convolution
module sequentially to form three cases, aiming to verify the role and effectiveness of
these modules.

3.4.1. Assessment of the Proposed Framework’s Effectiveness

To gauge the effectiveness of our framework, we employed four mainstream networks
(i.e., U-Net, ViT, TransUNet and ConvNeXt V2) as global feature extraction modules and
compared their performance improvements within our framework on the AIDS and WBDS
datasets. Table 2 presents the performance improvements of the proposed framework with
different global feature extraction modules.

Table 2. Performance improvements of the proposed framework with different global feature
extraction modules.

Direct Stitching Ours Improvement
Datasets Network

ToU F1 ToU F1 ToU F1

ViT 84.29 91.51 - - - -
U-Net 83.53 91.19 90.00 94.73 6.47 3.54
AIDS TransUNet 87.11 93.12 90.12 94.80 3.01 1.68
ConvNeXt V2 87.17 93.14 89.98 94.73 281 1.59
VAT 83.78 91.56 91.74 95.69 7.96 413
U-Net 85.17 91.99 91.17 95.38 6.00 3.39
WBDS TransUNet 87.89 93.60 92.07 95.87 418 227
ConvNeXt V2 87.81 93.51 89.65 94.54 1.84 1.03

Table 2 reveals that TransUNet outperforms U-Net, ViT and ConvNeXt V2 on both
the AIDS and WBDS datasets. This demonstrates that TransUNet, chosen as our global
feature extraction module, is effective. Moreover, adopting our proposed framework yields
performance improvements over direct stitching results of U-Net, ViT, TransUNet and
ConvNeXt V2, highlighting the effectiveness of our framework in utilizing the global
characteristics of large-format images.

3.4.2. Evaluation of Different Modules” Effectiveness

To assess the individual contributions of each module, we examined the results on
the WBDS dataset when various combinations of modules were employed. The different
module combinations were as follows:

e Baseline: The TransUNet network is employed as the baseline for processing small-
sized image patches, and the outcomes from these smaller images are subsequently
stitched together directly to produce large-format results.

e  +Global Feature Extraction Module (GFEM): TransUNet serves as the global feature
extraction module, ResNet-50 acts as the feature coding model, and concatenation
operations are employed to replace the feature aggregation module in the global-local
feature aggregation process.

e  +Feature Aggregation Module (FAM): We added the feature aggregation module to
integrate global and local features, without employing lightweight convolution. The
output was the prediction result of image patches, and we stitched these predictions
to obtain large-format predictions.

e  +Lightweight Convolution Module (LCM): The lightweight convolution module was
introduced to process large-format feature maps stitched from small patches. The
small patch feature maps were produced by the feature aggregation module.

Table 3 showcases the results of these different module combinations. Table 3 demon-
strates that, using TransUNet as the baseline, the model’s performance is incrementally
enhanced as the global feature extraction module, the feature aggregation module, and
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the lightweight convolution module are incorporated one by one. Compared to the base-
line TransUNet, the IoU metrics increased by 0.78%, 0.91%, and 2.49% respectively. This
demonstrates the effectiveness of the modules within the network structure designed in
this paper.

Table 3. Results of different module combinations on the WBDS dataset. The items with “,/” indicate
the options that have been adopted. The boldfaced values indicate the optimal result.

TransUNet +GFEM +FAM +LCM IoU F1
Vv 87.89 93.60
Vv 88.67 93.99
Vv Vv 89.58 94.52
Vv v v 92.07 95.87

To further illustrate the efficacy of the modules used in the ablation study, we selected
several images from the dataset to visualize the semantic segmentation outcomes of dif-
ferent module combinations, as depicted in Figure 3. It is evident that the addition of the
global information extraction module leads to a slight improvement in performance. How-
ever, without advanced feature aggregation module, the enhancement is not substantial.
Upon incorporating the feature aggregation module, there is a full integration of global
and local information, resulting in a significantly improved outcome. The inclusion of the
lightweight convolution module effectively enhances the edge areas of buildings. Hence,
this further affirms the validity of the modules presented in this paper.

Image Label TransUnet +GFEM +FAM +LCM

Figure 3. Visualization of ablation study on the WBDS dataset. white represents the building area, black
represents the background, red represents missed detection, and green represents error detection.

3.5. Comparisons with the State of the Arts

To further validate the effectiveness of the proposed method, we conducted compara-
tive experiments on AIDS and WBDS datasets, including DANet [10], DeepLab v3+ [6],
U-Net [3], ViT [26], TransUNet [30], CMTFENet [31] and UANet [24]. To make the experimen-
tal results more convincing, except for the ViT network, we selected ResNet50 as the feature
extraction backbone network for all networks during the experiment. ResNet50 loaded
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the pretrained model on ImageNet-1k and ViT loaded the pretrained model of ViT-B on
ImageNet21k as the initialization parameters. Table 4 displays the comparisons on the
AIDS and WBDS datasets, with the best results indicated in bold.

Table 4. Comparisons of different models on the AIDS and WBDS datasets. The boldfaced values
indicate the optimal result.

Model Computational AIDS WBDS
Efficiency
Params FLOPs .. ..
(x10%) (x10%) ToU precision Recall F1 IoU precision Recall F1
DANet 4619 12514  79.68 8825  89.14 8869 7795 9407 8198  87.61
DeepLab v3+ 40.35 1736 8298 9673 8537 9070 8512 9599 8825  91.96
U-Net 34.53 6552 8353 9610 8647  91.03 8517 9355 9043  91.97
ViT 87.80 2428 8429 9608 8730 9148 8378 9479 8782 9117
TransUNet 93.23 3223 8711 9620 9022 9311  87.89 9405 9307  93.56
CMTENet 30.07 8.56 88.05 9426 9303 9364 8621 9012 9521  92.59
UANet 26.73 7.45 88.83 9490 9328 9408 8850 9273 9509  93.90
93.23 32.23
Ours 3028 1903 9012 9567 9395 9480 9207  96.65 9511  95.87
0 . .
s 9323 3223 5,03 9558 9480 9519 9030 9580 9402  94.90

(gradient-accumulation) 30.28 19.93

Table 4 illustrates that the early CNN-based semantic segmentation networks (such as
U-Net and DeepLab v3+) are not satisfactory due to the absence of attention mechanisms.
Results from the ViT network, relying solely on self-attention mechanisms, also proved
unsatisfactory. However, subsequent networks combining CNNs with attention mecha-
nisms (such as TransUNet, CMTFNet and UANet) notably improved results by integrating
various attention modules into CNNs. Among them, despite its relatively simple structure,
TransUNet exhibited stable segmentation results. Compared with the state of the arts, the
proposed method achieves superior semantic segmentation results on both datasets due
to the introduction of large-format global features. Additionally, implementing gradient
accumulation strategies introduced some fluctuations in accuracy, but still yielded favor-
able outcomes. This is primarily because our framework effectively combines the global
semantic features from large-format images with the local details of image patches. This
integration allows for a more precise handling and extraction of objects across various
scales, which notably enhances the accuracy and reliability of semantic segmentation in
high-resolution remote sensing images.

To further verify the computational efficiency of the proposed method, we have
detailed the training parameters and Floating Point of Operations (FLOPs) for different
models on the AIDS dataset in Table 4. Our network is divided into two parts for statistical
purposes: global semantic feature extraction (i.e., Part I) and other components (i.e., Part
II). Part I is TransUNet, which is mainly responsible for extracting global semantic features.
Part II consists of our four modules: feature coding, feature aggregation, information
decoding, and lightweight convolution. As indicated in Table 4, our supplementary pro-
cessing modules for large-format images (i.e., Part II) impose only a modest increase in
computational load, thereby preserving computational efficiency.

To further demonstrate the effectiveness of the proposed method, we selected several
images from two datasets to visualize the semantic segmentation results of buildings. The
results are shown in Figure 4. It can be observed that the segmentation results of the
comparison method in some building areas are not ideal, and there are problems such
as blurred and incoherent boundaries. The proposed method achieves the best detection
results, especially in large building areas, which significantly reduces error detection.
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Image Label DANet DeepLab v3+ TU-Net ViT TransUNet CMTFNet TUANet Ours
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Figure 4. Comparisons with the state of the arts on the AIDS and WBDS datasets. white represents the
building area, black represents the background, red represents missed detection, and green represents
error detection.

4. Conclusions

In this paper, we have introduced a novel gloabl-local feature aggregation framework
for the semantic segmentation of large-format high-resolution remote sensing images. This
framework effectively combines the advantages of local information from cropped small-
size images and global information from downsampled large-format images. Furthermore,
we have implemented strategies such as step-by-step training and gradient accumulation,
resulting in a significant reduction in GPU memory consumption.

Extensive experiments on two public datasets have demonstrated that our framework
effectively enhances the accuracy and reliability of semantic segmentation for large-format
high-resolution remote sensing images. We have also conducted thorough comparisons
with state-of-the-art models, including DANet, DeepLab v3+, U-Net, ViT, TransUNet,
CMTFNet and UANet, further showcasing the effectiveness of our proposed method.
Additionally, our framework exhibits strong scalability, making it adaptable to various
mainstream semantic segmentation networks such as U-Net, ViT, TransUNet and Con-
vNeXt V2.

In our future work, we will explore semantic segmentation models that are tightly
integrated with large models and integrate them into our large-format image processing
frameworks to meet the needs of more diverse remote sensing image scenarios.
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Abbreviations

AIDS Aerial Imagery DataSet

CMFNet Crossmodal Multiscale Fusion Network

Cmt Convolutional neural networks Meet vision Transformers

CMTFNet Crossmodal Multiscale Fusion Network

DANet Dual Attention Network

DenseNet Densely Connected Convolutional Network

DRDG Depth-assisted ResiDualGAN

FCN Fully Convolutional Network

FN false negative

FP false positive

GLF-Net A Semantic Segmentation Model Fusing Global and Local Features for
High-Resolution Remote Sensing Images

FLOPs Floating Point Operations

GPU Graphics Processing Unit

HSDN High-order Semantic Decoupling Network

IoU Intersection over Union

LANet Local Attention Network

MACU-Net Multiscale skip connected and Asymmetric-Convolution-based U-Net
MLDANets  MultiLevel Deformable Attention-aggregated Network
PEG-Net Progressive Edge Guidance Network

PSPNet Pyramid Scene Parsing Network

ResNet Residual Network

SCBANet Semantic Category Balance-Aware involved anti-interference Network
SLU-CNN  Self-Learning-Update CNN

SPGAN Semantic-Preserving Generative Adversarial Network

SSCNet Spectral-Spatial Cooperation Network

STransFuse  Fusing Swin Transformer and Convolutional Neural Network for
Remote Sensing Image Semantic Segmentation

TN true negative
TopFormer  Token Pyramid Transformer for Mobile Semantic Segmentation
TP true positive
UANet Uncertainty-Aware Network
ViT Vision Transformer
WEFE Wavelet Feature Enhancement
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Abstract: The generation and propagation of internal waves in the ocean are a common phenomenon
that plays a pivotal role in the transport of mass, momentum, and energy, as well as in global
climate change. Internal waves serve as a critical component of oceanic processes, contributing to
the redistribution of heat and nutrients in the ocean, which, in turn, has implications for global
climate regulation. However, the automatic identification of internal waves in oceanic regions from
remote sensing images has presented a significant challenge. In this research paper, we address this
challenge by designing a data augmentation approach grounded in a modified deep convolutional
generative adversarial network (DCGAN) to enrich MODIS remote sensing image data for the
automated detection of internal waves in the ocean. Utilizing t-distributed stochastic neighbor
embedding (t-SNE) technology, we demonstrate that the feature distribution of the images produced
by the modified DCGAN closely resembles that of the original images. By using t-SNE dimensionality
reduction technology to map high-dimensional remote sensing data into a two-dimensional space, we
can better understand, visualize, and analyze the quality of data generated by the modified DCGAN.
The images generated by the modified DCGAN not only expand the dataset’s size but also exhibit
diverse characteristics, enhancing the model’s generalization performance. Furthermore, we have
developed a deep neural network named “WaveNet,” which incorporates a channel-wise attention
mechanism to effectively handle complex remote sensing images, resulting in high classification
accuracy and robustness. It is important to note that this study has limitations, such as the reliance
on specific remote sensing data sources and the need for further validation across various oceanic
regions. These limitations are essential to consider in the broader context of oceanic research and
remote sensing applications. We initially pre-train WaveNet using the EuroSAT remote sensing
dataset and subsequently employ it to identify internal waves in MODIS remote sensing images.
Experiments show the highest average recognition accuracy achieved is an impressive 98.625%.
When compared to traditional data augmentation training sets, utilizing the training set generated by
the modified DCGAN leads to a 5.437% enhancement in WaveNet’s recognition rate.

Keywords: MODIS; internal waves; classification; DCGAN;] transfer learning; deep neural network;
attention

1. Introduction
1.1. Internal Waves

Internal waves are a phenomenon arising from variations in temperature and salinity
within the ocean, typically occurring in regions with density stratification [1]. These waves
can exhibit significant amplitudes, exceeding 100 m, and travel distances spanning tens to
hundreds of kilometers [2], rendering their detection challenging. Consequently, internal
waves have emerged as a prominent focus of research within the field of oceanography.
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The generation and propagation of internal waves are pervasive phenomena in the
ocean, playing a crucial role in the transport of mass, momentum, and energy within
oceanic systems. Breaking oceanic internal waves induces turbulent mixing, which in turn
facilitates the vertical transport of water, heat, and other crucial climatic tracers within the
ocean. This process holds significant importance as it actively influences the circulation
patterns and the distribution of heat and carbon in the climate system [3], contributing to
global climate change [4]. As a result, they can exert substantial influence on the safety
and efficiency of marine engineering, oceanic communications, and oil exploration [5],
and contribute to broader environmental factors, including their role in global climate
change. Therefore, the study of internal waves in the ocean, particularly through the
automatic recognition of these waves in remote sensing imagery, holds immense academic
and practical significance.

With the continuous advancement of remote sensing technology, the exploration of
internal waves in the ocean has shifted away from traditional field observations. Instead,
researchers have embraced the use of remote sensing imagery, presenting a novel approach
to this study. Among the various remote sensing instruments, the moderate resolution
imaging spectroradiometer (MODIS) stands out as one of the most vital and distinctive
tools currently available. It is integrated into platforms like Terra and Aqua and represents
a state-of-the-art “all-in-one” optical remote sensing device in today’s world.

MODIS boasts an impressive array of data with 36 bands, offering varying spatial
resolutions of 250 m, 500 m, and 1000 m. Its scanning capacity spans an impressive
2330 km [6]. On average, local data can be acquired on a daily basis, and these data are
readily accessible, making them the premier data source for global monitoring purposes.
Nonetheless, the data provided by MODIS images are not only extensive in quantity but
also substantial in size. Given that internal waves within the ocean occupy only a small
fraction of the image area, the initial challenge lies in identifying and isolating images
containing internal waves from the vast MODIS dataset before embarking on the process
of detection and characterization.

1.2. Challenges and Research Objectives

To understand the characteristics of internal waves in MODIS satellite imagery, it is
important to consider their distinctive optical signatures. When examining internal waves
in the ocean through MODIS satellite imagery, they are frequently observed to be more
prevalent in the vicinity of optical glare areas. This phenomenon can be attributed to the
fact that signals received in these regions primarily result from sunlight reflecting off the
sea surface. The presence of internal waves induces alterations in the sea surface roughness,
leading to variations in the gradient of the sea surface at various scales. These variations, in
turn, modulate the intensity of reflected sunlight received by remote sensors. Consequently,
internal waves manifest as stripes with varying degrees of brightness in optical images. In
visible satellite images, the divergent regions within the glare area typically appear as dark
stripes, while the convergent regions appear as bright stripes. Outside the glare area, the
divergent areas are characterized by bright stripes, while the convergent areas exhibit dark
stripes. For a visual representation of how internal waves are depicted in MODIS imagery,
please consult Figure 1.

The classification of remote sensing images depicting oceanic internal waves presents
two significant challenges. Firstly, owing to the high resolution and abundant spatial and
semantic information within remote sensing images, traditional machine learning methods
like SVM, KNN, and decision trees struggle to effectively capture the intricate features
inherent to these images. Secondly, the task of cropping and annotating remote sensing
images is exceptionally labor-intensive, rendering it challenging for researchers to amass a
substantial quantity of labeled image datasets for remote sensing data.

This study aims to address these challenges by developing an innovative approach to
automatically detect and classify internal waves in MODIS satellite imagery, leveraging
advanced deep learning techniques and data augmentation methods. By doing so, we aim
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to contribute to the field of oceanography and remote sensing by providing a more efficient
and accurate means of studying and monitoring internal waves in the ocean, ultimately
enhancing our understanding of their role in oceanic and global climate processes.

Figure 1. Oceanic internal waves in MODIS.

1.3. Contributions

The primary objective of this paper is to introduce an automated deep learning
approach for the identification of internal waves within MODIS images.

1. We devised a modified DCGAN specifically tailored for data augmentation of
MODIS remote sensing images.

2. We developed WaveNet, which incorporates a channel-wise attention mechanism,
with the purpose of identifying internal waves.

3. We established a transfer learning methodology for the pre-training of WaveNet.

1.4. Paper Structure

The structure of this paper is organized as follows: Section 2 presents an overview
of related work. The proposed approach is detailed in Section 3. Section 4 outlines
the experimental methodology and reports the obtained results. Finally, in Section 5,
conclusions and discuss possible avenues for future research are presented.

2. Related Work

Previous classification models, such as neural networks and support vector machines
(SVMs) [7], typically featured a network structure with either one hidden layer node or
none at all, earning them the designation of “shallow” classification models. However,
these shallow classification models are categorized under shallow learning and possess
limited capability to extract deeper features from constrained datasets, thereby constraining
their overall model generalization ability [8].

In contrast, deep learning, as a novel machine learning paradigm, aspires to emu-
late the analytical learning capabilities of the human brain. By leveraging substantial
volumes of training data and employing deep models with multiple hidden layers, deep
learning can uncover more valuable features, consequently enhancing classification ac-
curacy. Unlike shallow learning, deep learning architectures are characterized by their
depth, typically consisting of more than three layers of hidden nodes. This depth enables
them to explore deeper and more abstract features, thereby acquiring more precise feature
information and ultimately affording superior generalization capabilities. In recent years,
deep learning has achieved remarkable success in various image classification applications,
prompting an increasing number of researchers to apply it to the domain of remote sensing
image processing.

Deep learning has been integrated into the classification of hyperspectral data to
harness the wealth of spectral information within hyperspectral images [1]. Notably, Haut
et al. [9] introduced an innovative classification model that leverages both spectral and
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spatial information present in hyperspectral data. This approach effectively mitigates the
issue of rapid overfitting and accuracy degradation typically encountered when using
convolutional neural networks (CNNs) with limited training data.

Bao et al. [10] employed the faster R-CNN framework, incorporating convolutional
neural network features, to detect oceanic internal waves. Their efforts resulted in an
impressive recognition rate of 94.78%. On a related note, Yu et al. [11] harnessed the
lightweight convolutional neural network MobileNetv2 to extract deep and abstract image
features. By combining feature fusion with bilinear pooling, they achieved higher accuracy
in the realm of remote sensing image classification while utilizing fewer parameters and
computational resources, surpassing other state-of-the-art methods.

In scenarios involving small-sample datasets, Li et al. [12] introduced a novel fault-
tolerant deep learning approach known as RSSC-ETDL for remote sensing image scene
classification. This method effectively mitigates the adverse effects stemming from inaccu-
rately labeled datasets.

In recent years, researchers have also proposed many excellent models. In 2022, Zheng
et al. [13] proposed a stripe segmentation algorithm based on SegNet for synthetic aperture
radar (SAR) images. This method effectively identifies the presence of oceanic internal
waves in SAR images and accurately locates both light and dark stripes associated with
these waves. Also using SAR images, Tao et al. [14] construct a comprehensive dataset of
390 Sentinel-1 synthetic aperture radar (SAR) images, spanning multiple oceanic regions.
These images are used to develop a machine learning model achieving high precision and
recall when applied to detect internal waves (IW) across different scales and propagation
directions in SAR imagery. Also in that year, Serebryany et al. [15] conducted an analysis
using a collection of optical multispectral satellite images, including Sentinel-2 and Landsat-
8 data, in conjunction with sea-truth data to identify internal wave features within the
Black Sea.

Deep learning models typically necessitate multiple iterations of data analysis and
processing, often involving substantial amounts of data [16]. Although the above work also
has high performance in identifying ocean internal waves, it either requires a large number
of high-quality datasets as data support, or the network model has room for improvement.
However, the challenges associated with image cropping, annotation, and the acquisition of
rare remote sensing images can present substantial obstacles for researchers when striving
to compile extensive remote sensing image datasets during the data collection phase.
Therefore, there is a special need in the field for a method that can greatly increase the data
volume of remote sensing datasets, thereby effectively reducing the cost of annotation, and
at the same time have a very high recognition rate of ocean internal waves.

This paper conducts classification on full-space images acquired through the Moderate
Resolution Imaging Spectroradiometer (MODIS), encompassing four distinct categories:
ocean scenes, clouds, terrestrial landscapes, and ocean waves. To address the challenge of
limited dataset availability, the author employs an enhanced deep convolutional generative
adversarial network (DCGAN) to substantially augment the data within each category
sample. Additionally, a novel residual network is designed, taking into consideration the
channel information of deep features, termed “WaveNet,” to enable automated detection
of internal ocean waves in MODIS images through an end-to-end approach.

3. Methods and Data

This section will introduce in detail the collection of remote sensing data, the construc-
tion of datasets, the modified DCGAN model structure and the WaveNet model structure.
The entire workflow diagram is shown in Figure 2.
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MODIS HDF data :> [ Data Augmentation ] |:> [ Network Construction ]
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Figure 2. Flow chart of internal waves detection framework.

3.1. Data Augmentation
3.1.1. MODIS Images

First, obtain the HDF format data of MODO02QKM from the official website of the
National Aeronautics and Space Administration (NASA) (https://ladsweb.modaps.eosdis.
nasa.gov, accessed on 1 October 2022) [17]. Research [18] shows that internal ocean waves
in the South China Sea occur frequently in summer, but less frequently in other seasons.
Therefore, the MODIS data collection time used in this article is from 1 June to 31 August
every year, and is conducted in the northern South China Sea. In order to reflect the data
enhancement work, this article only collected a total of 1217 pieces of data from 2019 to
2022. Then, use ENVI Classic 5.3 professional softwareto read the HDF format file in
Earth View 250M Reflective Solar Bands Scaled Integers format into BSQ format, then
save it into IMG image format, and apply histogram equalization operation to improve
the brightness of the image, where the maximum resolution. The rate is 5416 x 8120. The
image is then split into smaller sub-images, each 64 x 64 pixels in size. Finally, experts
who have studied remote sensing for many years divided these sub-images into different
categories, including 700 images each of internal waves, clouds, oceans, and land. Figure 3
shows some classification results. The above process finally provides data support for this
study, allowing us to study the existence and characteristics of internal waves in the ocean.

Clouds

Ocean

Land

Ocean
internal
waves

Irl;.";

el
N

Figure 3. Partial data samples of clouds, ocean, land, and oceanic internal waves.

3.1.2. Data Augmentation

Currently, data augmentation techniques can be categorized into two main groups: tra-
ditional data augmentation methods and image generation algorithms based on generative
adversarial networks (GANSs), which are relatively new and capable of generating images
with similar features to the original dataset but different from them. This approach signifi-
cantly enhances dataset diversity, thereby improving the model’s generalizability [19].
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In order to compare the effects of these two data enhancement methods on training
models, we applied these two methods to the original data and conducted experimental
comparisons. First, we applied ten traditional data augmentation methods to each class
of training samples. These methods include color truncation, min-max normalization,
standard normalization, flipping, sharpening, Gaussian filtering, random erasing, random
brightness transformation, random contrast transformation, and uniform noise. For each
augmentation, we randomly selected 130 images, resulting in a total of 1300 augmented
samples for each class of training data. When combined with the original dataset, this
created a total of 2000 training samples for each class, constituting our Training Set 1.

Subsequently, we applied the GAN to data augmentation. Generative adversarial
networks (GANSs) are a type of deep learning model employed for generating synthetic
data, including images [20]. This method leverages two neural networks: a generator and a
discriminator. The generator’s objective is to produce synthetic data that closely resembles
real data by learning the distribution of real data [21]. Conversely, the discriminator is
tasked with distinguishing between real and synthetic data. These two networks engage
in a competitive process during training, leading to the continual improvement of the
generator’s ability to produce realistic synthetic data and the discriminator’s ability to
effectively differentiate between real and synthetic data.

The objective function V(D; G) for the GAN is as follows:

mingmaxpV (D, G) = Exp,,,, ., [108D(x)]E,p,(z)[log(1 — D(G(2)))] @

In the equations provided, where x represents a real sample, D(x) signifies the prob-
ability assigned by the discriminator networks for classifying x as a real sample. G(z)
corresponds to a sample generated from noise z by the generator network G, and D(G(z))
indicates the probability assigned by the discriminator network D for classifying G(z) as a
real sample.

Deep convolutional generative adversarial networks (DCGAN) [22] represent a vari-
ant of GANs designed to transform noise into images. They excel at generating images that
fall within the same category as those present in the training set. DCGANs combine convo-
lutional neural networks (CNNs) with unsupervised learning in the context of supervised
learning, finding widespread applications in image generation.

In order to facilitate the generation of remote sensing images with dimensions of
64 x 64 pixels, we have made modifications to the DCGAN network architecture, as de-
picted in Figure 4. These modifications include the use of convolutional neural networks
as both the generator and discriminator, the implementation of batch normalization for
expedited training, the utilization of the LeakyReLU activation function to overcome the
limitations of ReLU, the elimination of fully connected layers to prevent overfitting, the
adoption of the Adam optimizer, and the capacity to generate high-quality images.

3
A { Discriminator

Gen erator 54

-@ @ @ i @ B =-

Project and reshape

CONV 1 CONV 2 CONV 3 CONV 4

Figure 4. Modified DCGAN network structure.

We applied the modified DCGAN data augmentation to clouds, land, ocean, and
internal waves, with parameters listed in Table 1.
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Table 1. Experimental parameters for the modified DCGAN network.

Exponential Decay  Exponential Decay

Original Data Rate for the First Rate for the
& Batch Size Learning Rate Training Epochs Optimizer Moment Is Second-Moment
Volume . . . .
Estimated in the Estimates in the
Optimizer Optimizer
700 16 0.0005 1000 Adam 0.5 0.999

The modified DCGAN network is trained using the original dataset, with the addition
of a dropout layer at the end of each layer in the generator. This dropout layer serves to
reduce the model’s reliance on specific input features, enhance its generalization ability,
and mitigate overfitting. The dropout parameter is set to 0.5, indicating that 50% of the
neurons are randomly deactivated during each training iteration.

The training process for the modified DCGAN network has demonstrated success, as
evidenced by the stabilization of loss functions for both the generator G and the discrimina-
tor D after 500 rounds. This suggests that the model has effectively learned the underlying
data features and can generate images that closely resemble those in the original dataset.

Following this, the generator G is employed to generate 1300 images for each category,
including ocean internal waves, clouds, land, and ocean. A selection of these generated
images is presented in Figure 5. To further enhance the dataset, these generated images were
combined with the original dataset, resulting in the creation of a new data augmentation
training set referred to as Training Set 2.

The generated images, whether depicting clouds, oceans, land, or internal waves,
convincingly simulate various real-world scenarios. These images effectively capture the
texture of cloud layers, the topography of the land, the undulations of the ocean’s surface,
and the oscillations of internal waves. Consequently, our approach provides an effective
means to expand existing remote sensing image datasets, with potential applications
extending to various other applications within the realm of remote sensing. The dataset
consisting of original data, traditional data augmentation, and the modified DCGAN-
generated data are shown in Table 2.

In Part 4, we will compare the effects of two data enhancement methods in model training.

Clouds

Ocean

Land

Ocean
internal
waves

Figure 5. Some of the images generated by the modified DCGAN network.
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Table 2. Number of training and testing sets.

Dataset Size for Dataset Size

Unit: Images Original Data Traditional Data Generate.d. by Training Set1 Training Set2  Test Set
Volume Augmentation the Modified
DCGAN
Cloud 700 1300 1300 2000 2000 400
Land 700 1300 1300 2000 2000 400
Ocean 700 1300 1300 2000 2000 400
Oceanic internal waves 700 1300 1300 2000 2000 400

3.2. Construction of the WaveNet Network Model

This article provides a detailed introduction to a residual convolutional neural network
called “WaveNet,” enhanced by a channel attention mechanism. WaveNet is designed
to effectively process complex remote sensing images while achieving high classification
accuracy and robustness. It achieves greater network depth by sequentially combining
convolutional layers and pooling layers, enabling autonomous learning and the capture of
essential features in remote sensing images. Simultaneously, it employs a channel attention
mechanism to assign varying weights to channels within the feature map. These learned
features are subsequently consolidated through a fully connected layer to produce the
final classification result. The experimental findings presented in Section 4 unequivocally
demonstrate the outstanding performance of WaveNet in diverse image classification tasks.
Consequently, this method holds immense potential for widespread application in remote
sensing image processing and is poised to contribute significantly to advancements in the
field of remote sensing image classification.

3.2.1. Residual Block

The residual block structure in WaveNet is illustrated in Figure 6. The size of the input
feature map is C/2 x H x W, where C represents the number of channels in the feature map,
and H and W represent the height and width of the feature map, respectively. Between
every two convolutional layers, there is a batch normalization layer and a rectified linear
unit (ReLU) activation function [23]. The use of batch normalization ensures that the input
distribution of each neuron remains consistent, which can accelerate the convergence speed
of the network and avoid the issues of gradient vanishing and exploding, thereby improving
the generalization performance of the model. ReLU is a commonly used activation function
in deep learning. ReLU is defined as follows:

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

In short, for input x, if x is greater than zero, then output x, otherwise output zero. The
advantage of the ReLU activation function is its simplicity and non-linearity. Compared
with traditional activation functions (such as sigmoid or tanh), ReLU is more stable for
the back propagation of gradients and helps alleviate the vanishing gradient problem.
In addition, ReLU introduces non-linearity, allowing the neural network to learn more
complex functions.

In the architecture of the residual block within WaveNet, the initial convolutional
layer plays a pivotal role. Its primary function is to double the number of channels in the
feature map while halving its spatial size. This process is crucial for maintaining consistent
feature map sizes during the initial addition operation. To achieve this, we employ a1 x 1
convolutional layer that processes the input data, augmenting dimensionality along the
channel axis and aligning it with the dimensions of other components within the residual
block [24].
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Input : C/2x2H*x2W

3x3, C CxHxW

3x3, C CxHxW

RelLU
Residual Block I Output : CxHxW

Figure 6. Residual block structure in WaveNet.

Following this dimension alignment, a 3 x 3 convolutional layer is utilized for feature
extraction. Importantly, the resulting feature map maintains the same spatial dimensions as
the input feature map. Subsequently, the output feature map from the initial convolutional
layer undergoes further feature extraction via another 3 x 3 convolutional layer. An
element-wise addition operation is then applied to the output feature map of the second
convolutional layer, effectively creating a residual connection. This connection enables the
network to learn the difference between the input and output, which enhances network
optimization and training.

After the residual connection, we apply a ReLU activation function to the feature
map, effectively setting all negative values to zero. This introduces non-linear features and
amplifies the network’s representational capacity. Through this sequence of operations,
the residual block efficiently extracts and propagates essential feature information, thereby
enhancing the network’s overall performance and its ability to learn complex patterns
within remote sensing images.

The mapping relationship in the residual block can be succinctly represented as follows:

y = F(x, W;) + Wsx (3)

In this context, we utilize the symbols x and y to represent the input and output
feature maps of the residual block, respectively. The primary objective of the residual
block is to acquire knowledge of the residual mapping function F(x, W;), with W; denoting
the set of parameters involved in the learning process. To facilitate the integration of
shortcut connections and ensure dimension alignment, a 1 X 1 convolutional layer is
introduced, with parameters W; responsible for managing dimension adjustments. These
pivotal steps within the residual blocks of WaveNet effectively facilitate the extraction
of essential features and maintain stable gradient flow during training. Consequently,
this simplifies the training of deep neural networks by addressing challenges related to
vanishing and exploding gradients.

3.2.2. SE Residual Block

The squeeze and excitation (SE) residual block, illustrated in Figure 7, represents an
essential architectural component within WaveNet. It combines the benefits of a traditional
residual block with a channel-wise attention mechanism. This integration enhances the
model’s capability to capture and leverage crucial global information across feature chan-
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nels, facilitating the recognition of important patterns and relationships within the data.
The SE residual block plays a pivotal role in enhancing the overall performance of the
WaveNet model.

Input : CxHxW

cren

RelLU

GAP Cx1x1

FC C/16x1x1
RelLU
FC Cx1x1

Sigmoid Cx1x1
Scale CxHxW

RelU SE Residual Block

Output : CxHxW

Figure 7. The squeeze and excitation attention mechanism in the residual block (SE residual
block) structure.

The initial size of the input feature map Xy of the SE residual block is C x H x W.
and the output feature map X after two layers of convolution operations will be used as
the input of global average pooling. We will perform feature compression on the feature
map X along the spatial dimension by applying global average pooling. This operation
transforms each two-dimensional feature channel into a single scalar value. Each scalar,
in a sense, possesses a global receptive field and shares the same dimensionality as the
number of input feature channels. These scalars represent the global response distribution
across feature channels and enable layers closer to the input to access global information.
Consequently, feature compression transforms the size of the feature map from C x Hx W
to C x 1 x 1. Following feature compression, the resulting compressed feature vector
serves as the input to the channel-wise attention mechanism. This integrated mechanism
effectively allows the model to capture and leverage global information across feature
channels, thereby enhancing its capacity to recognize important patterns and relationships
within the data.

The formula of global average pooling of the SE residual block can be expressed

as follows: How
F(X) = Y Y X(i)) @
HxWi=&

In the equation, F. represents the compressed feature map, and X represents the
output feature map of the last convolutional layer.

The subsequent two fully connected layers are used to model the correlations between
channels and output weights equal to the number of input feature channels. Firstly, in
the first fully connected layer, we reduce the dimensionality of the channel features to
1/16 of the original size. Then, a ReLU activation function is applied for non-linear
transformation, followed by another fully connected layer to increase the dimensionality
back to the dimension of the original feature channels. This design, compared to using
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only one fully connected layer, offers greater non-linear capability, enabling better fitting
of complex correlations between channels, while also reducing the number of parameters
and computational complexity. For the fully connected layer input FC, the output can be
expressed as:

Fy = (ReLU(F. X w1 + by)) X wy + by (5)

In the equation, F, represents the final output of the fully connected layer, and w; and
b1 denote the weight and bias of the first fully connected layer, respectively. Similarly, w»
and b, represent the weight and bias of the second fully connected layer.

The output from the final fully connected layer undergoes a non-linear transforma-
tion facilitated by a sigmoid activation function. The formula of the sigmoid function is

as follows. .

T ©

The sigmoid function generates a normalized weight for each channel within the range
of 0 to 1. These normalized weights are then applied in an element-wise multiplication
operation with the original channel features, thus finalizing the re-scaling of the original
features along the channel dimension. This re-scaling process allows the network to assign
weights to individual features based on their importance for the given classification task.
Channels that are more relevant to the task receive higher weights, while the influence of
less relevant channels is suppressed. By employing this approach, the network effectively
harnesses the inter-channel correlations, elevates its feature representation capacity, and
enhances overall classification performance. This mechanism ensures that the network
pays greater attention to the most informative features, thereby improving its ability to
recognize complex patterns and make accurate predictions. This process can be represented
as follows:

Sigmoid (x)

X = X ® Sigmoid(F,) (7)

X represents the feature map after re-scaling. X denotes the output feature map of the
last convolutional layer. F, represents the output of the last fully connected layer.

For the SE residual block, the size of the final output feature map Y is also C x H x W,
which can be expressed by the following formula:

Y = ReLU(Xy + X') 8)

Among them, Xy represents the input feature map of the SE residual block, X repre-
sents the feature map after re-scaling.

3.2.3. WaveNet

The WaveNet network architecture is composed of several key components, including
convolutional layers with a 3 x 3 kernel size, max-pooling layers with a 2 x 2 size, three
residual blocks, three channel-wise attention mechanism residual blocks, and a global
average pooling layer. The final layer is a fully connected layer that utilizes softmax trans-
formation to derive the probability distribution for each sample across different classes.

For input remote sensing images with dimensions of 3 x 64 x 64, each layer of the
WaveNet network has specific input and output feature map sizes, as illustrated in Table 3.

To manage computational complexity effectively, WaveNet initially employs a se-
quence of 3 x 3 convolutional layers and 2 x 2 max-pooling layers to reduce the feature
map size. However, in the first residual block, the feature map size remains unchanged to
preserve crucial information, while the number of channels is doubled. In the subsequent
three residual blocks, the channel count is doubled, but the height and width are halved by
the first convolutional layer.

The final layer in the network is a fully connected layer that incorporates softmax
transformation. The last layer in the network is a fully connected layer containing a softmax
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transformation. This layer converts the final output of the network into a probability
distribution between 0 and 1. The formula of the softmax function is as follows:

e~

ijlezj

pi )

Among them, p; represents the probability of the i-th category, z; is the i-th element of
the input vector z, and K is the total number of categories, which is 4 in this article.

The softmax function has specific advantages in classification tasks because it can
calculate the predicted probability for each class, which is very useful for the training and
interpretation of neural networks. The softmax function will emphasize the element with
the largest value in the input vector so that its corresponding category probability is the
highest, thereby classifying, and ultimately determines the final classification result.

Table 3. Size changes of feature map.

Network Layer Input Feature Map Size Output Feature Map Size
3 x 3 Conv 3 x 64 x 64 64 x 64 x 64
2 x 2 Max Pooling 64 x 64 x 64 64 x 32 x 32
Residual Block 64 x 32 x 32 128 x 32 x 32
SE Residual Block 128 x 32 x 32 128 x 32 x 32
Residual Block 128 x 32 x 32 256 x 16 x 16
SE Residual Block 256 x 16 x 16 256 x 16 x 16
Residual Block 256 x 16 x 16 512 x 8 x 8
SE Residual Block 512 x 8 x 8 512 x 8 x 8
Global Average Pooling 512x8x8 512x1x1
Fully Connected 512 4

3.3. Transfer Learning

In the domain of deep learning models, training models with numerous hidden layers
and parameters often demand a substantial amount of high-quality labeled data, which can
result in significant time and computational costs. However, when dealing with satellite
imagery of oceanic internal waves, data availability is frequently limited, presenting a
challenge in training an effective deep learning model with a small dataset. To address this
limitation, transfer learning has emerged as a valuable approach in deep learning model
training, alleviating the data requirement.

Transfer learning involves leveraging a pre-trained model, which is then fine-tuned
for a new task. The fundamental concept of transfer learning is to initially train the network
model parameters using large-scale datasets and subsequently fine-tune them for the
specific image recognition task at hand. This approach greatly assists the classifier in
performing image recognition tasks, even when confronted with limited data resources.

The EuroSAT remote sensing dataset, as described in reference [25], comprises 10 dis-
tinct scene categories, including agricultural land, forest, herbaceous vegetation, highways,
industrial areas, pastures, permanent crops, residential areas, rivers, and lakes, with a
total of 3000 samples for each category. The primary objective of this study is to evaluate
the performance of employing the pre-trained WaveNet network for classification tasks
using the EuroSAT remote sensing dataset. Detailed parameter settings for this study are
provided in Table 4. These settings cover various aspects of the model and training process,
offering a comprehensive overview of the experimental configuration and methodology
employed in the classification task using the EuroSAT dataset.

Table 4. Pre-trained network parameters.

Batch Size Learning Rate Training Epochs Optimizer
32 0.001 500 Adam
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During the fine-tuning stage, the parameters of the WaveNet network model are
initialized with pre-trained parameters, and the output of the last fully connected layer is
adjusted to 4 in order to perform classification on the MODIS image dataset. Utilizing a
pre-training strategy instead of initializing the network parameters with random weights
allows the WaveNet model to initially learn rich texture features from the EuroSAT dataset.
This approach not only eliminates the need to train the model from scratch but also
helps overcome potential overfitting issues, thereby enhancing the model’s performance
in situations with limited data. By leveraging pre-training, the model can benefit from
the learned representations, enabling it to generalize more effectively and achieve higher
performance even when the available data are limited.

4. Experiments and Results

In this paper, we will use PyTorch as a deep learning framework to build network
models. We also utilize graphics processing units (GPUs) to improve computing speed and
training efficiency during network training.

In the experimental phase, we will first analyze the quality of data generated based on
the modified DCGAN through the t-SNE dimensionality reduction method. Then, compare
the training effects of Datasets 1 and 2 obtained by using two different data enhancement
methods on the WaveNet network. Subsequently, we will compare the training effects
of the WaveNet network using the transfer learning strategy and not using the transfer
learning strategy. Finally, we compare the results of WaveNet with previous related work.

Table 5 outlines the hardware and software environment during the experiment.

Table 5. Parameters of experimental conditions.

Hardware Equipment Software Environment
CPU: Intel(R) Xeon(R) Gold 5218R 2.10 GHz Rocky Linux 8
RAM:32GB CUDA 11.4
GPU: NVIDIA RTX 3090 Pytorch 1.12.1

4.1. Analysis of Generated Images Using the Modified DCGAN

In order to analyze the data distribution generated by the modified DCGAN more intu-
itively, the t-distributed stochastic neighbor embedding (t-SNE) [26] dimensionality reduc-
tion method is used in this paper. t-SNE is an algorithm for visualizing high-dimensional
datasets by measuring the distance between each data point and other data points to
calculate their correlation [27]. We randomly select 200 images from each category of the
original data and the modified DCGAN-generated data for testing (as shown in Figure 8),
where different colors represent different labels.

The results of t-SNE dimensionality reduction highlight the effectiveness of the mod-
ified DCGAN in generating synthetic remote sensing images that closely resemble real-
world images while introducing valuable diversity. The key takeaways from this re-
search include:

1. Realism and Diversity: The modified DCGAN has demonstrated its capability to
produce synthetic remote sensing images that exhibit realism, making them highly similar
to authentic remote sensing data. Additionally, the diversity observed within the generated
images is a significant advantage. The ability to generate diverse samples within each class
contributes to a more comprehensive and representative dataset.

2. Matching Feature Distribution: The use of t-SNE for dimensionality reduction and
visualization has substantiated that the feature distribution within the generated images
closely aligns with that of real images. This alignment suggests that the modified DCGAN
has successfully captured and retained essential features present in real remote sensing
data, enhancing the data’s quality.

3. Enhanced Data for Training: By effectively generating realistic and diverse data
samples, the modified DCGAN provides a valuable resource for training neural network
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models. This expanded dataset can be instrumental in improving the generalization
capabilities of recognition models, as it exposes them to a wider range of scenarios and
variations present in the real world.

© GAN_cloud A © GANand
cloud b . land

« GAN_sea ©  GAN_wave

Figure 8. T-SNE dimensionality reduction is applied to different data augmentation datasets, where
red represents the data generated by the modified DCGAN and blue represents the original data.

4.2. Comparison of Classification Results of the WaveNet Network Using Different Training Sets

This article evaluates the WaveNet model using the overall accuracy (OA) and average
accuracy (AA) metrics for classification. The confusion matrix S is a L x L matrix, L that
represents the number of classes. S;; represents the number of test samples that belong to
the class i and were classified as a class j. The total number of test samples is M = ZiL Z]-L Sij-

The overall accuracy (OA) metric provides a good description of the overall classi-
fication accuracy, where OA is calculated by dividing the number of correctly classified
samples by the total number of test samples, which can be represented as follows:

B Y S
M

OA x 100% (10)
The average accuracy (AA) metric provides a good description of the classification
performance differences among each class, representing the average classification accuracy
for each class, which can be represented as follows:
L(_Sij

% 100% 11
g <% an

AA =
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Precision is a metric widely used to evaluate the performance of classification models.
It measures the accuracy of the model in predicting positive examples. The calculation
formula of accuracy is as follows:

S. .
Precision; = —“— x 100% (12)

i i

In this formula, Precision; represents the precision for class i. S;; denotes the number
of samples correctly classified as class i, and Z]-L S;i represents the total number of samples
predicted as class i.

Recall is also one of the indicators widely used to evaluate the performance of clas-
sification models. It measures the proportion of actual positive examples identified by
the model, that is, how many of all actual positive examples were correctly predicted as
positive by the model. The calculation formula of recall rate is as follows:

S..
Recall; = —— % 100% (13)

j =ul

In this formula, Recall; represents the recall for class i. S;; denotes the number of
samples correctly classified as class i, and Z]»L S; j represents the total number of samples
actually belonging to class i.

To investigate whether the images generated by the modified DCGAN network pos-
sess features similar to those of real images and whether they are more effective as a data
augmentation technique than traditional methods, enhancing the network’s generalization
ability, we conducted a series of comparative experiments. The overall accuracy (OA) and
average accuracy (AA) experimental results are shown in Table 6. The precision of each
category is shown in Table 7. The recall rates of each category are shown in Table 8.

Table 6. Accuracy results of WaveNet under the same experimental parameters using training sets
based on traditional data augmentation and DCGAN-generated data augmentation.

Traditional Data Data Augmentation Based on
Augmentation/% the Modified DCGAN/%
Overall accuracy 93.188 98.625
Accuracy of cloud recognition 97.000 99.750
Accuracy of land recognition 90.750 97.250
Accuracy of ocean recognition 90.250 98.500
Accuracy of oceanic internal 94.750 99.000

waves recognition

Table 7. Results of precision of WaveNet under the same experimental parameters using a training
set based on traditional data augmentation and DCGAN-generated data augmentation.

Traditional Data Data Augmentation Based on
Augmentation/% the Modified DCGAN/%
Precision of cloud recognition 92.38 98.28
Precision of land recognition 91.44 98.73
Precision of ocean recognition 91.62 98.25
Precision of oceanic internal 97 43 99.25

waves recognition

By using the modified DCGAN data augmentation method proposed in this paper,
we observed an overall improvement of 5.437% in the classification accuracy of the test
set, with all four types of remote sensing images showing increased recognition rates.
Specifically, the recognition accuracy of clouds, land, oceans and internal waves improved
by 2.75%, 6.5%, 8.25%, and 4.25%, respectively. Thanks to the modified DCGAN data
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enhancement method proposed in this article, the WaveNet model has also been greatly
improved on the test set in terms of precision and recall indicators of each category. For
example, the recognition accuracy of land increased by 7.29%, while the internal accuracy
of identifying waves increased by 1.82%; the recall rate of identifying oceans increased by
8.25%; and the recall rate of identifying internal waves also increased by 4.25%.

Table 8. Results of recall of WaveNet under the same experimental parameters using a training set
based on traditional data augmentation and DCGAN-generated data augmentation.

Traditional Data Data Augmentation Based on
Augmentation/% the Modified DCGAN/%
Recall of cloud recognition 97.00 99.75
Recall of land recognition 90.75 97.25
Recall of ocean recognition 90.25 98.50
Recall of oceanic internal 94.75 99.00

waves recognition

4.3. Discussion

For fair comparison, all works are pre-trained on the EuroSAT dataset. And the hyper-
parameter settings are as shown in Table 9.This article shows the performance comparison
results of each model on the test set in Table 10. Our proposed WaveNet achieves the
highest accuracy, which further illustrates the effectiveness of the WaveNet model. Other
models have a high number of layers and a large number of parameters, but their perfor-
mance is poor. This may be because the larger the model, the larger the dataset required
for learning to ensure that the model is effective.

Figure 9 shows the t-SNE 2D visualization of semantic features extracted by WaveNet
on datasets enhanced by traditional data augmentation and data augmentation based on
the modified DCGAN, respectively. The feature distribution of the same type of data has
a large overlap, while the data of different types are far apart. The feature distribution
of each type of image shows an obvious balloon-like distribution, which shows that for
WaveNet, these subtle features are distinguishable.

+ cloud
land
sea

v wave

(b)

Figure 9. Classification results of WaveNet using different data augmentation methods. (a) Classifica-
tion results of WaveNet using the DCGAN-augmented dataset. (b) Classification results of WaveNet
using the traditionally augmented dataset.

Table 9. Hyperparameters for training.

Batch Size Learning Rate Training Epochs Optimizer
128 0.001 500 Adam
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Table 10. Performance comparison on the dataset.

Methods Overall Accuracy/%  Accuracy of Oceanic Internal Waves Recognition/%
AlexNet [28] 95.00 95.25
VGGI1 [29] 97.875 96.75
VGG16 [29] 97.50 96.25
GoogLeNet [30] 98.50 98.75
Resnet18 [24] 98.125 98.75
WaveNet (ours) 98.625 99.00

4.4. Display of Test Results

The results shown in Figure 10 demonstrate that by cropping the original remote
sensing images and inputting them into the WaveNet network for classification, the ocean
internal waves in the MODIS images were successfully identified with high accuracy. This
is a notable achievement as accurately identifying oceanic internal waves is a challenging
task in remote sensing image analysis.

By outlining the areas classified as “internal waves” in the original image, the figure
provides a visual representation of the algorithm’s effectiveness in detecting these features.
This successful identification of oceanic internal waves has practical implications for various
applications, including oceanography and environmental monitoring, where the detection
and tracking of such phenomena are crucial.

(b)

Figure 10. Display of test results: (a) a whole remote sensing image; (b) remote sensing images after

being detected.

5. Conclusions

This paper uses MODIS remote sensing data to produce different types of remote
sensing image samples, including internal waves, processes these images, and generates a
database including internal waves. In addition, this paper proposes an end-to-end method
that uses deep learning technology to improve the recognition performance of MODIS
remote sensing images. One of the key contributions is the use of a modified DCGAN
network for data augmentation, which significantly improves the diversity of the dataset
and enhances the generalization ability of the recognition model. This method has the
following advantages: (1) Reduce data collection costs: collecting and labeling large-scale
remote sensing datasets is expensive and time-consuming. By using the modified DCGAN
to generate data, the time and resources for collecting real data can be effectively reduced;
(2) Increase data diversity: The data generated by the modified DCGAN are very similar to
real remote sensing images. The data it generates contain a wider range of variations and
scenarios, helping network models learn and process more complex real-world data more
effectively; (3) Improve generalization ability: The combination of real data and synthetic
data improves the generalization ability of the model. This means that the trained model is
more able to accurately classify and identify new, unknown data.
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Another contribution lies in the design of the WaveNet network with excellent recog-
nition performance. By adding a channel attention mechanism to the deep convolutional
layer, WaveNet can pay different attention to each channel of the feature map, thereby
more effectively learning features related to remote sensing classification. Moreover, the
convolutional layers of WaveNet have a residual structure, which allows WaveNet to avoid
overfitting problems caused by too deep layers in actual training.

By combining the above methods, we have improved the recognition accuracy of
remote sensing image classification tasks. This has practical applications in many fields,
such as environmental monitoring, early warning of marine disasters, detection of internal
ocean waves, etc. However, due to the fact that the data come from optical remote sensing
satellites, it may be difficult to obtain sea surface data when the weather is bad, resulting in
certain limitations in actual citation.

In future research, we plan to further explore how to integrate geographical location
information into remote sensing images to further improve the practicality of the research.
Specifically, we plan to collect data on the geographical coordinates of where remote sensing
images were taken and associate these data with the images. Through this association we
can achieve the following goals.

Geographical information feature extraction: We plan to use geolocation information
to extract information related to geographical features in images. For example, we can
determine the distance of waves within the ocean from the shoreline in an image, as well as
the shape and wavelength of the waves. This information is of great significance to fields
such as ocean research.

Environmental monitoring and management: Geolocation information can also be
used for environmental monitoring and management. We plan to use this information
to track changes in specific areas, such as changes in land use or changes in ocean water
quality. This will lead to a better understanding and management of natural resources.

Geographic Information System (GIS): We also plan to use remote sensing images
in conjunction with GIS technology to create a geographic information system. This will
enable users to better visualize and analyze geographic data and support a variety of
applications, from urban planning to natural disaster management.

These works will help apply remote sensing images to a wider range of fields and
improve the practicality and adaptability of models.
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Abstract: Matching remotely sensed multimodal images is a crucial process that poses significant
challenges due to nonlinear radiometric differences and substantial image noise. To overcome
these difficulties, this study presents a novel and practical template-matching algorithm specifically
designed for this purpose. Unlike traditional approaches that rely on image intensity, the proposed
algorithm focuses on matching multimodal images based on their geometric structure information.
This approach enables the method to effectively adapt to variations in grayscale caused by radiometric
differences. To enhance the matching performance, principal component analysis calculation based
on the log-Gabor filter is proposed to estimate the structural feature of the image. The proposed
method can estimate the structure feature accurately even under severe noise distortion. In addition,
a learnable matching network is proposed for similarity measuring to adapt to the gradient reversal
caused by the radiometric difference among remotely sensed multimodal images. Infrared, visible
light, and synthetic aperture radar images are adopted for the evaluation, to verify the performance
of the proposed algorithm. Based on the results, the proposed algorithm has a distinct advantage
over other state-of-the-art template-matching algorithms.

Keywords: remotely sensed image; multimodal image; template matching; principal component
analysis; structure feature

1. Introduction

Multimodal image matching is the process of overlaying two or more images of the
same scene captured by different sensors [1]. Since the imaging methods are based on
different physical effects, remotely sensed multimodal images acquired by different sensors
can capture different object characteristics, which provide complementary information.
Multimodal image matching can integrate the complementary information by registering
different multimodal images into one identical map, which is an important step for many
remote sensing image processing tasks, such as image fusion [2], vision-based satellite
attitude determination [3], and image-to-map rectification [4].

Automatic high-performance matching for remotely sensed multimodal images re-
mains a problematic task because of the severe radiometric deformation produced by
different types of sensors.

Traditional image-matching methods can be classified into two categories: feature-
based [5-8] and area-based methods [9-11]. The scale-invariant feature transform (SIFT),
which is invariant to scale and rotation changes, is the most representative feature-based
method [12]. The SIFT-based method has been widely employed in the registration of
remotely sensed multimodal images [6-8,13,14]. However, these SIFT-based descriptors
were developed to handle the geometric affine variation of images with linear intensity
changes. Therefore, these methods cannot resolve complicated nonlinear intensity changes
caused by radiometric variations among remotely sensed multimodal images [14,15]. Ye
et al. proposed a descriptor based on the local histogram of phase congruency to adapt
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to nonlinear intensity variation [16]. This method can accurately register remotely sensed
multimodal images if the overlapping areas in the images are sufficiently large.

Feature correspondence-based methods usually fail to match remotely sensed multi-
modal images because repeatable and reliable feature detection is considerably difficult
for these images. To address this problem, locality-preserving matching [17] and match-
ing based on local linear transformation [18] are proposed to achieve reliable feature
correspondence.

The area-based method also called the correlation-like or template-matching method [1],
compares the template to each candidate window on the base image; the corresponding
window with maximum similarity is then selected as the matching result. Compared with
the feature-based matching method, the area-based method exhibits better performance in
matching images with few features or noise distortion [11].

There are two problems in using the area-based method for matching remotely sensed
multimodal images. One is that some remotely sensed images contain intense noise. For
example, synthetic aperture radar (SAR) images have randomly distributed speckle noise
introduced by the interference of ground objects or surfaces to the backward reflection of
electromagnetic waves.

Another problem is the significant nonlinear radiometric difference among remotely
sensed multimodal images. This difference introduces nonlinear intensity variation, indicat-
ing that the same part of an object may be represented by different intensities in the images
captured by different modalities [19]. It is impossible to calculate (even roughly) the inten-
sity variation among multimodal images through a single mapping function [20]. Therefore,
it is not ideal to match two remotely sensed multimodal images directly based on grayscale
via commonly used similarity measurements techniques, such as the sum of squared differ-
ences (SSD), the sum of absolute differences (SAD), normalized cross-correlation (NCC),
and matching by tone mapping (MTM) [21].

In addition, radiometric differences can cause gradient reversal, i.e., the gradients of
corresponding parts of images change their orientation in the opposite direction [19], as
shown in Figure 1. In this case, if the image feature is represented by a descriptor based on
the texture gradient or structure orientation, then the two images of the same object display
opposite geometric information. However, gradient reversal does not always occur, and
the location may be unknown, making this problem more intractable.

(a) an infrared image (b) a visible light image

Figure 1. Gradient reversal between infrared and visible light images. Arrows show gradient
orientation from brighter areas to darker areas.

In recent years, deep learning-based methods are proposed for addressing the chal-
lenge problems of image matching [22-26]. Their testing results show that the deep learning
based matching methods can achieve significant improvement compared with the tradi-
tional matching methods.

The main advantage of deep learn based methods is that they employ convolutional
neural networks to learn powerful feature descriptors which are more robust to appearance
changes than the classical descriptors. However, the feature learning networks are usually
pre-trained in large datasets such as ImageNet [27] which consists of visible light images
with rich and clear features. Therefore, the performance of these deep learning-based

38



Appl. Sci. 2023, 13,7701

methods could drop significantly for matching SAR or infrared images, and the retraining
or the fine tuning is also not idea ways if the application dataset is small.

In order to address the aforementioned challenges, this study introduces a template-
matching algorithm that aims to achieve accurate matching of remotely sensed multimodal
images. The algorithm proposed in this research enhances the estimation of structural
features by incorporating principal component analysis (PCA) and employs a learnable
matching network (LMN) to measure the similarity between two images. The primary
contributions of this study can be summarized as follows:

1. Novel descriptor based on PCA-enhanced structure feature. As introduced, nonlinear
intensity variation can significantly decrease the gray-level correlation among images.
Instead of directly matching images based on the image grayscale, a descriptor based
on the structure feature for capturing the geometric information of the image is
introduced. Since the structure feature may be distorted by noise affection, a PCA-
enhancing method is proposed to reduce the noise component in signals and estimate
the local dominant orientation. The structure feature can be accurately calculated by
the proposed descriptor even in images with severe noise distortion.

2. Improved similarity measurement based on LMN. Severe miscalculations can result
if SAD or SSD is used to measure the similarity of the structure feature because the
complicated radiometric variation causes gradient reversal. To solve this problem, a
similarity measurement based on the LMN is proposed. The correlation layer and
the regression network of the LMN can handle the gradient reversal and significantly
improve the matching of remotely sensed multimodal images, as described in the
experimental section.

3. A Novel combined matching method for application with a small dataset. It is very
hard to train a deep convolutional network to extract robust cross-modal features with
a small dataset. Therefore, the PCA-enhanced structure feature is adopted, which
is a handcraft stable cross-modal feature. For addressing the complicated gradient
reversal and radiometric variation between multi-modal images, we developed a
light learnable matching network to learn the similarity measurement and regress the
transformation parameters.

The remainder of this paper is organized as follows. Section 2 introduces related
works. The proposed PCA-LMN template-matching algorithm is described in Section 3.
In Section 4, the performance of the proposed algorithm is evaluated. Conclusions are
presented in Section 5.

2. Related Work

Complex grayscale variation is a major problem for area-based multimodal image
matching. Some template-matching algorithms have attempted to solve this problem by
improving the similarity measurement [21,28,29]. These algorithms usually assume that the
gray distortion caused by different imaging conditions, or the spectral sensitivity of sensors
can satisfy a mapping model [1]. Therefore, gray distortion can be resolved by developing
a similarity measurement that ignores the grayscale variation, conforming to the mapping
model. The NCC, which is invariant to linear gray changes, is the most commonly used
similarity measurement approach for adapting gray distortion among images [29]. Even
under conditions with monotonic nonlinear gray variation, the NCC usually performs well,
because these variations can be typically assumed as locally linear. However, the NCC
cannot handle complex gray distortions, such as non-monotonic nonlinear gray differences,
or situations where the gray mapping between two images is not function mapping [21].
Visual examples of gray mapping between remote sensing multimodal images can be found
in [30].

Hel-Or proposed a fast-matching measurement called MTM [21], which is invariant
to nonlinear gray variation. It can be regarded as a generalization of the NCC for non-
linear mappings and reduces to the NCC when the mappings are linear. Although the
computational time of MTM is the same as that of the NCC, it exhibits better matching
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performance. However, the MTM also assumes that the grayscale mapping between two
images is function mapping.

The mutual information (MI) technique is a similarity measurement approach com-
monly used in multimodal image matching [28]. This technique measures the gray statis-
tical dependency between two images, without requiring their grayscale mapping to be
function mapping. Moreover, compared with the NCC and MTM, MI affords advantages in
adapting the nonlinear gray variation among multimodal images [10]. However, it requires
the construction of a local histogram for each candidate window during the search process,
thereby leading to high computational costs. Additionally, the MI technique is sensitive to
the size of histogram bins for joint density estimation [21].

Measurement improvement is not the only approach for resolving multimodal image
matching. Some area-based methods match remotely sensed multimodal images with
dense feature descriptors based on structural information.

The histogram of oriented gradient (HOG) is a commonly used descriptor that em-
ploys the orientation and amplitude of gradients to capture the structural features of an
image [31]. This descriptor was successfully applied to many image-matching methods.
Sibiryakov proposed a template-matching algorithm based on the projected and quantizing
histograms of oriented gradients (PQ-HOG). It transforms the images into dense binary
codes to improve their computational efficiency [32]. The HOG is considerably resistant
to illumination change or contrast variation; however, it cannot adapt to the complex
nonlinear grayscale distortion among remotely sensed multimodal images. In addition, the
gradient-based descriptor is usually sensitive to image noise.

Schechtman and Irani proposed the local self-similarity (LSS) descriptor [33], which
had been previously applied to various template-matching methods [14,34]. However, the
LSS cannot effectively capture informative features for multimodal matching in textureless
areas [35], and its discriminative power is considerably limited [36].

The phase congruency model proposed by Kovesi [37] can capture the structure
magnitude of the image, which is invariant to the complex nonlinear grayscale distortion
among multimodal images. However, this model cannot capture the structure orientation
of an image which is crucial for multimodal image matching. To solve this problem, Ye
et al. extended the phase congruency model to build a dense descriptor called histogram of
oriented phase congruency (HOPC) [9]. They used the log-Gabor odd-symmetric wavelets
to calculate the orientation of phase congruency and construct a descriptor using the
orientation and amplitude of phase congruency.

Compared with the HOG, the HOPC is more robust for matching remotely sensed
multimodal images. Ye et al. demonstrated that the performance of the template-matching
algorithm based on the HOPC is superior to those based on the NCC, MTM, or MI for
remotely sensed multimodal images [9]. Recently, a novel template-matching method
based on the channel features of oriented gradients (CFOGs) was proposed. This novel
feature is an extension of the pixel-wise HOG descriptor [35]. Compared with the HOPC,
the CFOG is more robust and efficient in matching multimodal images [35]. However, both
the HOPC and CFOG handle the gradient reversal in a problematic manner, as described
in part 2 of Section 3. Furthermore, they are sensitive to noise distortion, as discussed in
Section 4.

In recent years, deep learning-based methods are proposed for matching multimodal
images or aerial images. X. Han et al. [23] proposed a unified approach for feature and
metric learning, dubbed Match-Net. They developed a deep convolutional network to
extract features from images and a network of three fully connected layers to measure
the similarity. Match-Net can achieve better performance compared with the state-of-the-
art handcraft methods according to their testing results. 1. Rocco et al. [24] proposed a
trainable end-to-end matching network, which is not just for learning the feature and the
similarity, but also estimating the transformation parameters with a regression network.
This method is further developed for aerial image matching in [25,26], and the testing
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results confirmed that deep learning-based matching methods can achieve significant
improvement compared with the traditional matching methods.

3. Template Matching Based on PCA-LMN

The proposed matching algorithm is a full-search template-matching method that
compares the template with a candidate window of the same size on the base image to
identify the position of the target window (Figure 2). Since the method only searches
in translation, a preliminary correction must be performed before the matching, so the
direction and scale of the template and the direction and scale of the base image are ap-
proximately the same. Usually, the preliminary correction can be automatically performed
according to the altitude and attitude information provided by the onboard navigation
system [38].

Template

Base image

Figure 2. Example of template matching with the multimodal image.

The template-matching algorithm based on the PCA-LMN consists of three main steps:
log-Gabor orientation estimation, orientation enhancement using the PCA, and similarity
measurement and translation estimation based on the LMNj the algorithm flowchart is
shown in Figure 3.

3.1. Orientation Estimation and Enhancing

A significant challenge in matching remotely sensed multimodal images lies in the
severe distortion of grayscale relationships among the images. As shown in Figure 4, the
grayscale change between infrared image (a) and visible light image (b) is considerably
significant; however, the structural orientation, which is present in images (c) and (d), is
considerably more stable than the gray part of the image. Accordingly, the structure orien-
tation based on log-Gabor is employed by some methods [7,9] for matching multimodal
images. These methods exhibit a significant advantage in terms of matching performance
over template-matching algorithms directly based on the image grayscale.
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Template image Base image

Log-Gabor orientation estimation

Orientation map enhancing with PCA

Similarity measuring and translation
estimation based LMN

Output the translation parameters (zx, #y)

Figure 3. Flowchart of PCA-LMN template-matching algorithm.
Infrared Image Visible Image
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Figure 4. Multimodal images and their orientation maps: (a) infrared image; (b) visible light image;
(c) orientation map of infrared image; and (d) orientation map of visible light image. Short yellow
lines indicate the structure orientation direction, which is also the image edge direction.

However, the structure orientation estimated with the log-Gabor filter is sensitive
to noise distortion. The orientation map is estimated via log-Gabor filters. Note that the
orientation map is disturbed by noise distortion.

To improve the noise adaptiveness, the PCA is employed to enhance the structure
orientation estimated using log-Gabor. The PCA is typically used to calculate the dominant
vectors of a given dataset that can reduce the noise component in signals and estimate the
local dominant orientation.

For each pixel, the PCA can be applied to the local gradient vectors to obtain their
local dominant direction. In general, the PCA can be implemented in two ways: eigenvalue
decomposition (EVD) of the data covariance matrix and singular value decomposition
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(SVD) of the data matrix. In this work, because of the superiorities in flexibility and
robustness [39], SVD is employed to calculate the PCA.

Given the original image (I) with its horizontal derivative image (a) and vertical
derivative image (b), an N X 2 local gradient matrix is constructed for each pixel:

G=[AT BT] (1)

where N is determined by the size of the local window of the PCA calculation. For example,
if the size of the window for each pixel is 3 x 3, then the value of N is 9. The vectors of the
local derivatives, i.e., A and B, can be calculated using the following expression.

A:{ﬂlﬂz,...,al\]}, B = {blbz,...,bN} (2)

where a1, N can be calculated according to Equation (1) and by, n can be calculated
according to Equation (2).

The dominant orientation can be estimated by determining a unit vector, u, perpen-
dicular to the local gradient vectors (Figure 5). This can be formulated as the following
minimization problem.

Ju"] = o ®)

Local gradient

Dominant structure vectors

orientation u

Figure 5. Dominant structure orientation and local gradient vectors.
This can be solved by applying SVD to the local gradient matrix, G.
G=usv’ (4)

where U is an N x N orthogonal matrix; S isan N x N matrix; V = [v  u] isa2 x 2 orthog-
onal matrix; and v indicates the local dominant orientation of the local gradient vectors. The
PCA-enhanced structure orientation can be calculated according to the following equation.

¢ = %4(%/“2) (5)

where ¢ € [0°,180°), u; is the element in the first row of u and u; is the element in the
second row of 1. Note that the structure orientation is orthogonal to the orientation of the
gradient vector.

The structure orientation enhanced by PCA is more robust against noise than the
structure orientation directly estimated with log-Gabor filters. The enhanced structure
orientation, which can be represented by (11, 1), is estimated for each pixel. Suppose the
size of an image is w X K, and the size of its feature map is w x h x 2.

3.2. Learnable Matching Network

The gradient reversal among remotely sensed multimodal images is considerably
common. This causes orientation reversal (Figure 1), which is a critical problem for the
similarity measurement of structure orientation.
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To solve this problem, some methods remap the structure orientation to range [0-180°]
by adding 180° to the negative value [9,10,35]. However, miscalculations can result if the
orientation is not appropriately reversed. For example, suppose that a structure orientation
vector in one image is 5°. The orientation of the corresponding structure in the other image
should be changed to —5° because of the noise effect. According to the remapping rule, the
orientation difference between them is 170°, which is evidently unreasonable. The SAR
and infrared images sometimes contain intense noise; hence, these methods may encounter
problems in matching the images.

Instead of changing the orientation mapping, a learnable matching network (LMN) is
proposed, which consists of a correlation layer and a regression network.

3.2.1. Correlation Layer

Suppose the feature map of a base image is fz € R“»*"*2 and the feature map of a
template is fy € RV*"*2 the correlation layer between them is shown in Figure 6.

. ) - —
z @—'
w, X h, x 2 Correlation N e S
layer ” BT
Grs Ji) @, j. k)
S @—'
w, X h, x2 w, < h, < (w, < h,)

Figure 6. Simulation map computation by correlation layer.

The similarity between the feature map of the base image and the feature map of the
template is calculated with the following equation,

Spr(i,j, k) = fs(i, ) fr(ix, ji) 6)

where (i, j) indicates the individual feature position in the feature map of the base image,
and (i, jx) indicates the individual feature position in the feature map of the image. The
correlation layer output Spr contains all pairs of similarities between individual features of
fg € fB and fy € fT-

3.2.2. Regression Network

The similarity map is passed through a regression network for translation estimation,
which can be represented by the function F:

)= waxhbxwtxht S R" (7)

where 1 is the number of parameters to regress, n = 2 for translation.

As shown in Figure 7, The regression network consists of two blocks, each block
contains a convolutional layer, followed by batch normalization and ReLU. The last layer is
a fully connected layer that regresses to the parameters of the transformation.
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Figure 7. Transformation parameters estimation based on regression network.

3.2.3. Loss Function

Each training pair includes a template and a base image. Suppose the ground truth
transformation between them is Hg, and the transformation estimated between the sub-
areas of this training pair is Hy, the loss function is calculated by the following:

4 N ~ 2
loss = Zkzl Zizl |[Hgt (xi, y;,) — (Hy(xi — te,y; — ty)) + (tXrty)H (8)

where N is the number of grid points, and (tx, ty) is the translation between the sub-area
and the template, as shown in Figure 7. The loss function is based on the transformed grid
loss [24], which minimizes the discrepancy between the estimating transformation and the
ground truth transformation.

The partition approach increases the resolution of the input image and the resolution
of the feature extraction, which helps improve the matching precision. In the partition
approach, the four subarea pairs share the regression network, which means the number of
the parameters of the network is not increased. This facilitates the retraining processing and
the deployment of the network, which will eventually enhance the matching performance
with a small training dataset.

The other way of enhancing the precision is inputting image with high resolution, but
that may introduce an enormous increase of parameters to the network, which makes the
retraining process (for cross-modal images) difficult and eventually lower the performance
of the inference.

4. Experiment

The evaluation and comparison of the matching performance of PCA-LMN with the
MTM [21], MI [28], HOPC [9], CFOG [35], and deep homography estimation (DHE) [26]
are presented in this section. MTM, MI, HOPC, and CFOG are traditional image-matching
methods. MTM and MI match images directly based on image gray, while HOPC and CFOG
match images based on handcraft features. PCA-LMN is also based on the handcrafted
feature, but it employs a learnable matching network to measure the similarity and regress
the transformation parameters. DHE is a deep learning-based end to end-trainable method.

For the ablation study, PCA-LMN is also compared with the PCA-SAD, which uses
the similarity measurement based on the SAD, and LGO-LMN, which directly estimates
the structure orientation based on the log-Gabor filters.

4.1. Dataset and Training

To test the proposed algorithms, 200 remotely sensed multimodal image pairs were
used, which were taken from areas such as urban airports, plantations, harbors, and hilly
terrain. Some examples of multimodal image pairs are shown in Figure 8. Significant
radiometric differences among these remotely sensed multimodal images are observed. In
addition, the SAR image contains severe noise distortions and lacks details.
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i
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(a) SAR image

(e) Infrared image (f) Visible image

Figure 8. Examples of multimodal image pairs.

For each remotely sensed image, 100 templates of different sizes were randomly
selected and matched to the base image. Since the dataset was small, 60% of the samples
were employed for training and 20% of the samples were employed for validation and
20% were employed for testing. The final result was generated with the testing set. Data
augmentation techniques such as grayscale variation, noise injection, and random erasing
were adapted to the training set. Since our dataset was small, DHE used the pre-trained
model provided by [25] and fine-tuned it with our dataset. The regression network of the
LMN was totally trained with our dataset.

To evaluate the algorithms, 16 tests were performed. Table 1 summarizes the test
information. Before the testing, the sensed image was manually corrected to the same
coordinates as the base image. After the correction, the true position of the template in
the based image and the position of the template selected from the sensed image were the
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same. In addition, Gaussian noise with different variances was added to test the noise
adaptiveness of the algorithms.

Table 1. Testing information.

Test Variance of Gaussian Noise Size of Base Image Size of Template
Ty Without noise 512 x 512 64 x 64
T Without noise 512 x 512 96 x 96
Ts Without noise 512 x 512 128 x 128
Ty Without noise 512 x 512 160 x 160
T 0.01 512 x 512 64 x 64
Ty 0.01 512 x 512 96 x 96
T; 0.01 512 x 512 128 x 128
Tg 0.01 512 x 512 160 x 160
Ty 0.03 512 x 512 64 x 64
Tho 0.03 512 x 512 96 x 96
Ty 0.03 512 x 512 128 x 128
Tio 0.03 512 x 512 160 x 160
T3 0.05 512 x 512 64 x 64
Ty 0.05 512 x 512 96 x 96
Tis 0.05 512 x 512 128 x 128
Tie 0.05 512 x 512 160 x 160

4.2. Evaluation Criteria

The correct matching rate (CMR) was selected as the evaluation criterion;
CMR = CM/M; where M is the number of total matched point pairs, and CM is the
number of correctly matched results. A matching result is correct if the overlapping area
ratio (OAR) between the matching and true positions reaches 90%. The OAR is calculated
according to the following equation:

TW — Ax)f(TW — Ay)

_ S
OAR = T

)

where TW is the template length; Ax and Ay denote the errors between the matching and
true positions, respectively; and f(-) is a truncate function, which is defined as follows:

s ={y 320 10

4.3. Results and Analysis

The matching results of the tests (i.e., T1_4) are shown in Figure 9. Notably, the CMRs
of the investigated algorithms increase with the size of the templates. This is because a
larger template aids in avoiding repetitive patterns in the base images.

Overall, the PCA-LMN achieved the best matching performance in the tests. The
average CMR of PCA-LMN was 91.69%, which is 10.63% higher than that of the CFOG
(the best traditional method in this test). It is assumed that this is because the PCA-LMN
benefits from the PCA orientation enhancement and LMN. The PCA-enhanced orientation
can accurately capture the structural features, even in the presence of significant noise
distortions. This makes PCA-LMN more reliable in matching multimodal images with
noise distortion, such as the optical SAR matching pairs in Figure 10c. In addition, LMN
can be trained to adapt to the gradient reversal caused by the radiometric difference among
remotely sensed multimodal images. The measurement function trained from LMN can
be more sophisticated and accurate than the remapping function employed by the CFOG
and HOPC.
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Figure 9. Matching results of test T1-T4.

PCA-DOP

PCA-DOP

Figure 10. (a-c) Matching results of investigated algorithms on multimodal images. The first column
shows true positions on the base image; columns 2-7 show matching positions of investigated
algorithms on the sensed image; red and green numbers indicate erroneous and correct matching
results, respectively.

The performance of DHE is not ideal in the tests, the average CMR of DHE is 3.44%
lower than that of the CFOG and 14.07% lower than PCA-LMN. We believe the reason
for these results is that the testing dataset is too small to train the deep feature extraction
network of DHM, while the pre-trained dataset is not including multi-modal image pairs,
which is very different from the testing dataset.

A clear contribution of the PCA can be observed by comparing the PCA-LMN and
LGO-LMN. The average CMR of PCA-LMN is 6.38% higher than the average CMR of
LGO-LMN in Tj4, as shown in Figure 9. This is because the proposed PCA-enhanced
method is more stable and can accurately capture the structure direction of remotely sensed
multimodal images when compared with the log-Gabor orientation method, as described
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in parts 1 and 2 of Section 3. A clear contribution of the LMN can be observed by comparing
the PCA-LMN and PCA-SAD. The average CMR of PCA-LMN is 22.50% higher than that
of the PCA-SAD in Tj_4, as shown in Figure 9. This indicates that gradient reversal is a
significant problem in matching remotely sensed images, as emphasized by numerous other
works in this field of research [9,10,35]. Clearly, the matching performance considerably
can be improved by resolving the gradient reversal problem with the proposed LMN.

In tests T5_14, Gaussian noise is added to the test images to evaluate the noise adapt-
ability of the investigated algorithms; Figure 11 shows the matching results. Notably, the
CMREs of the algorithms decrease as the noise level increases. The CMRs of the structure
feature-based algorithms (i.e., HOPC, CFOG, and PCA-LMN) decrease faster than the
three algorithms directly based on the image grayscale (MTM, and MI). This indicates that
the structure feature-based methods are more sensitive to noise distortion than the methods
directly based on the image grayscale. This trend is assumed to occur because structural
features can be easily distorted by image noise. For example, the log-Gabor orientation
used in the HOPC, and the gradient orientation employed by the CFOG, are considerably
sensitive to noise distortion. However, the structure orientation of the proposed method is
enhanced by the PCA, which has considerably better noise adaptiveness than the log-Gabor
and gradient orientations. Therefore, compared with the CFOG and HOPC, the PCA-LMN
shows a significant advantage in tests T5_1¢. In these tests, the average CMR of PCA-LMN
is 80.27%, which is 6.54% and 11.29% higher than that of the CFOG and HOPC, respectively.

100% 100%

¥

[—=—HOPC
—¥—PCA-LMN

80% 80%¢

60%¢ ~60%
S =x

40% [ [~=—noprc
—¥—PCA-LMN
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20% 20% MTM
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Figure 11. Matching results of T5-T16 template sizes: (a) 64 x 64; (b) 96 x 96; (c) 128 x 128;
(d) 160 x 160.

5. Conclusions

In this paper, we propose a novel approach that combines PCA-based noise adaptive-
ness with a learnable matching network to address the challenge of matching remotely
sensed multimodal images. Our method focuses on enhancing the noise adaptiveness
of structural features and providing a robust trainable measurement of similarity while
regressing transform parameters.

By integrating the learnable matching network with PCA-enhanced structure features,
our proposed method effectively handles the complex radiometric variations that exist
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References

among remotely sensed multimodal images. This adaptability is crucial in achieving robust
image matching. As demonstrated in the experiments, the PCA-LMN approach achieves
the best matching performance among all the methods evaluated. The average CMR
achieved by PCA-LMN is 91.69%, which surpasses the CMR of CFOG, the best traditional
method, by 10.63%.

The ablation study in Section 4.3 further revealed that the improved performance of
PCA-LMN can be attributed to two main factors. Firstly, PCA-LMN benefits from the PCA
orientation enhancement, which enables accurate capture of structural features even in the
presence of significant noise distortions. This enhancement plays a vital role in matching
multimodal images with challenging noise distortions. Secondly, LMN is trained to adapt
to gradient reversal caused by radiometric differences among remotely sensed multimodal
images. This adaptability allows for more precise measurements and better handling of
radiometric variations compared to traditional methods.

Furthermore, our method offers the advantage of not requiring the training of a deep
convolutional neural network for feature extraction. This makes it easy to train and deploy,
and it can achieve stable performance even with small training datasets. The testing results
in Section 4.3 show that PCA-LMN does have a significant advantage over DHE (which
employs deep convolutional neural network for feature extraction) when the training
dataset is small.

While our proposed method demonstrates superior performance, it is important to
note that it lacks the ability to handle rotation and scale variations between images. As
a prerequisite for accurate matching, it is necessary to correct the template’s direction
and scale to align them with the base image approximately. Failure to do so can result
in changes to directional features due to rotation and alterations to the scale of extracted
features caused by image scaling.
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Abstract: Under the influence of various forces, the conflict between Russia and Ukraine is violent
and changeable. The obtaining of battlefield data by conventional means is difficult but necessary in
order to ensure security, reliability, and comprehensiveness. The use of remote sensing technology
can make up for the deficiencies of conventional methods. By using night-time light data, the total
number of night-time lights in the built-up areas of Ukrainian cities within 36 days of the outbreak
of the Russian-Ukrainian conflict is compiled in this paper. Furthermore, the dynamic changes in
night-time light at the national, regional, and urban scales are analyzed by using the night-time
light ratio index and the dynamic degree model combined with the time-series night-time light data.
The results show that (1) after the outbreak of the war, more than 60% of the night-time lights in
Ukrainian cities were lost. In terms of the night-time light recovery speed, the night-time lights
in the pro-Russian areas recovered significantly faster, followed by Russian-controlled areas, and
the recovery speed in areas of conflict was the lowest. (2) Decision-making by belligerents affects
non-combatant activities and thus corresponds to light at night. The loss of night-time light will be
reduced if military operations are reduced and mitigated if humanitarian operations are increased.
(3) The changes in night-time light reflect the changes in the conflict situation well. When the conflict
between Russia and Ukraine intensifies, the overall change of night-time light shows a downward
trend. In this context, night-time light data can be used as an effective source to deduce and predict
battlefield situations.

Keywords: night-time lights; NPP VIIRS; Russian—Ukrainian conflict; multiscale analysis; built-up area

1. Introduction

Since the official outbreak of the Russian—Ukrainian conflict on 24 February 2022, local
armed conflicts and riots have had an irreversible impact on the economic development, in-
frastructure, and population movements in the war zone in the short term. There is a strong
link between war and refugees, and wars between nations can cause internal displacement
as refugees flee combat zones [1]. On March 11, the United Nations refugee agency stated
that 2.5 million people had fled Ukraine due to the ongoing conflict, which represents the
fastest increase in refugees over a period of time since World War II. Meanwhile, the U.N.
refugee agency predicts that as the war continues, the number of Ukrainian refugees may
exceed 4 million.

Given the reality of war, there are significant limitations concerning the acquisition
of spatio-temporal information in conflict areas, such as the personal safety of journalists,
traffic congestion, and information transparency. Due to the difficulty of conducting a
comprehensive field survey in a combat zone, the acquisition of information is completely
dependent on official announcements and witness reports, which can result in insufficient
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data richness and doubtful authenticity. In contrast to this, the acquisition of ground
data through remote sensing satellites stands out for its low cost and high-efficiency
characteristics, and remote sensing technology has become an indispensable and important
part of many decision-making processes [2,3].

Night-time light data can reflect human activities very well, and in good weather
conditions, the dazzling light emitted in human-inhabited areas can be observed from
space [4]. It is well known that scale is an important factor in remote sensing image
analysis [5]. Due to the differences in scale of geographic information, even from the same
type of data, the research results obtained by using single-scale data in a specific area
cannot be effectively generalized to other study areas. To address this issue, in this research,
the 36-day VIIRS daily data from 24 February 2022, to 31 March 2022 is used as the data
for the conflict period, and the monthly VIIRS data in December 2021 is used as the stable
pre-war data. In terms of dimensions, three scales are combined, namely at the national
level, state level, and city level, in order to analyze the time-series changes in night-time
lights.

2. Literature Reveiew

The remote sensing technology of night-time light which is an indirect manifestation of
human activities is widely used for the study of population dynamic distribution [6-9], ur-
ban scale evolution [10-19], socioeconomic research [20,21], energy consumption
estimation [22-24], and various other fields.

Today, there are two main types of night light data used worldwide, namely, the
DMSP/OLS Night-time light data and the NPP-VIIRS Night-time light data. Night-time
light data has been widely used in studies reflecting human activities and can be used as
an ideal data source for obtaining spatio-temporal information in conflict areas. The level
of violent conflict and quality of life in Baghdad, Iraq, was studied by using DMSP/OLS
data [25]. The DMSP/OLS data has been used to estimate Sri Lanka’s GDP and electricity
consumption, as affected by the civil war [26]. The impact of war in Russia and the
Caucasus, e.g., in countries such as Georgia, has also been studied and monitored with
DMSP/OLS data, and it has been verified that the use of DMSP/OLS data can reflect
long-term burning of fires and large-scale population movements [27]. The application
value of night-time light data, such as DMSP/OLS images in the research of humanitarian
crises, for instance, in Syria, has been verified, and the causes of large losses of urban lights
can be speculated upon [28].

Compared with DMSP/OLS data, the NPP/VIIRS data has more advantages in terms
of spatial resolution, and studies have shown that the observation accuracy of human
activities based on NPP/VIIRS data is higher than the former [29,30]. The feasibility of
using NPP-VIIRS data in three areas of human activity that have a large impact on society:
light pollution, gas flaring, and armed conflict is verified by analyzing the VIIRS data for a
long time [31]. Estimates of power shortages and their affected populations with VNP46A2
data during the Ukrainian-Russian conflict have been made [32]. Like other satellites
data, NPP-VIIRS has the problem of cloud overcover [33]. The application performance of
NPP-VIIRS can be improved by combining it with other multi-source remote sensing data.
VIIRS was combined with multi-source data to estimate the total area of fires caused by
war in the first month after the outbreak of the conflict between Russia and Ukraine [34].

Differences in spatial and radiative properties between DMSP-OLS and NPP-VIIRS
make it difficult to perform time-consistent analyses using both datasets. A cross sensor cal-
ibration model of DMSP-OLS and NPP VIIRS noctilucent images has been established [35].
The NPP-VIIRS data was used to simulate DMSP-OLS data to study the urbanization
process in Southeast Asia [36]. Simulated DMSP/OLS images with NPP/VIIRS images
were also used to assess the dynamics of urban lights in Syria during the civil war [37].
Furthermore, by correcting NPP-VIIRS night-time light using DMSP-OLS, it has been
shown that war has darkened Yemen, providing support for international humanitarian
aid organizations [38].
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In this study, stable night-time light data from the built-up areas of Ukrainian cities
are extracted through statistical methods, and data from each city is counted as a sub-area
in order to obtain the sum of the night-time light intensity of each city. The night-time light
ratio index is obtained by comparing the sum of the night-time light intensity during the
war with the sum of the stable night-time lights before the war, so as to reflect the spatial
and temporal changes in the relative night-time light intensity affected by the conflict [39].
The NLRI has different meanings at different scales. When the scale is large, NLRI can
reflect the trend of human activities in an entire country. As the scale shrinks, the changes
to the NLRI are more sensitive, and regional events show continuous directional changes.
Such directional changes can be used to reflect the trends of a conflict. This study mainly
considers the night-time light changes in areas with a significant human presence, as well
as the light emissions from road lamps and traffic flows. It does not focus on rural lighting
and vegetation fire but instead conducts a multi-scale analysis of night-time light in areas
of major human activity, aiming to explore the value of daily night-time light data in the
Russia—Ukraine conflict.

3. Study Area and Data
3.1. Study Area

Ukraine is located in the east of Europe, bordered by Russia to the east; Belarus to the
north; Slovakia, Poland, and Hungary to the west; and Moldova and Romania to the south,
where the Sea of Azov and the Black Sea are also located. The geographical location of
Ukraine is shown in Figure 1. The geographical location of Ukraine is very important, as it
lies at a geopolitical intersection between the European Union and the CIS, and especially
given its proximity and historical relationship with Russia. Ukraine is extremely rich in
natural resources, with its borders encompassing two-fifths of the world’s black soil area
and more than 70 types of mineral resources [40].
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Figure 1. Map of Ukraine’s geographic location.

According to the civilian casualty figures updated by the United Nations Office of the
High Commissioner for Human Rights on 26 March, since the full-scale outbreak of the
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conflict between Russia and Ukraine, there have been 2788 civilian casualties in Ukraine,
of which 1081 persons have been killed and 1707 persons have been injured. Under the
combined effect of the Russia—Ukraine conflict and sanctions against Russia, the global
food supply, microchip manufacturing materials, and energy prices have all been affected
to varying degrees.

3.2. Data Sets and Preprocessing

The Suomi National Polar Partnership satellite SNPP/VIIRS global night-time light
DNB data is used in this study as the daily data, and the images were obtained from the
official website of the National Oceanic and Atmospheric Administration (https://ngdc.
noaa.gov/(accessed on 2 April 2022)). The imaging period of the daily night-time light
images was selected from the conflict eruption between 24 February to 1 March, a total
of 36 days. The monthly night-time light imaging period was selected as December 2021.
The night-time light data for 2021, as released by the Payne Institute for Public Policy
(https:/ /www.mines.edu/), was used to calculate the built-up area. The night-time light
imaging area is 75N /060W, using the coordinate system Select WGS_1984_UTM_Zone_50N.
The administrative boundary data were downloaded from the Global Administrative
Division Database (https://gadm.org/). The road network data was obtained from the
OpenStreetMap (https:/ /www.openstreetmap.org/ (accessed on 27 November 2022)).

Daily NPP VIIRS DNB data has been applied to assess the impact of natural or
anthropogenic phenomena on human social activities [41]. In the process of constructing
multi-time-series VIIRS images, it is necessary to ensure the continuity of image time and
space [42]. Within the time-frame studied in this paper, on some days the NPP VIIRS data
was partially missing, such as 19 March and 31 March. According to the idea of averaging,
the missing night-time light data on a given day is obtained by interpolating the night-time
lights of the nearest two days, the formula for which is as follows:

2D!=Di* + DIt 1)

In Formula (1), D!, D!*! and D!~ represent the radiance value of the i-th pixel on
days ¢, (t + 1), and (t — 1), respectively.

To infer the changing trends of night-time light in a region affected by war, the
minimum night-time light value of the research region in the study period should be
extracted and compared to the minimum value of night-time light on a day prior to the
outbreak of war. If the minimum value during a conflict period is smaller than the minimum
value before the conflict period, this means that the area is affected by the conflict and has
suffered from the loss of night-time lights.

4. Methods
4.1. Multiscale Analysis Frame of the Night-Time Light Data

The range of urban built-up areas is extracted using statistical methods, and the
thresholds of light intensity at night are continuously iterated in order to compare the areas
of extracted light with the actual statistical areas under each threshold, until the two areas
are the closest, and then the threshold is determined.

Because NPP/VIIRS data are sensitive to night-time light brightness, night-time light
not only includes artificial light but also other types of night-time lights, such as forest fires,
gas flares, and volcanic eruptions, as well as background noise. There are negative and
extremely positive values in the image data, and outliers need to be handled in the image
preprocessing stage. In this paper, the built-up area mask is used to remove abnormal
lighting outside cities, and thus the night-time light image within the built-up area is
de-noised and the data pre-processing is realized using an efficient method. Pixels with
negative values are replaced with zero, and pixels with large positive values are replaced
with the maximum value of night-time lights in major cities in Ukraine. In the following
order, the corrected night-time light images, built-up area masks, and level 1 administrative
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boundary data are used to calculate the sum of night-time lights in built-up areas. At
various scales, i.e., national scale, region scale, city scale, and road scale, the total level of
night-time lights is extracted and a multi-scale dynamic analysis of the situation in the
Russia-Ukraine conflict is carried out. The technical method is shown in Figure 2.
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Figure 2. Conceptual diagram of the proposed multi-scale analysis frame.

4.2. City Mask Extraction

By extracting urban built-up areas from night-time light data, the lack of spatio-
temporal characteristics caused by using statistical data alone in urban evolution studies
can be solved [43]. In this paper, the method of obtaining a built-up area mask is divided
into the following three phases:

(1) Taking the city of Kiev as an example, the center of the city’s urban area was first
found in Google Earth, and then a circle around the city center that contained the radial
built-up area of the city was drawn, thus establishing Kiev’s built-up area.

(2) By changing the maximum or minimum value, the night-time light data threshold
is constantly constrained, and the area of each night-time light concentration is counted
and compared with the statistical areas of urban land. When the areas of the night-time
light concentrations are larger than the statistical areas of urban land, it indicates that the
threshold is too small. In this case, the threshold is replaced by the original minimum
value, so that the estimated area is close to the real area; alternatively, the maximum value
is replaced for iteration.

(3) When the threshold is determined, the threshold is used to binarize the stable
night-time light data, assigning a value of 1 for the built-up areas and 0 for the non-built-up
areas, and thus, a binarized urban mask grid is obtained.

4.3. Night-Time Light Ratio Index

Generally speaking, the intensity of human activity in a certain area can be reflected
by using the total night-time light index of the area in question. In this paper, the time-
series night-time light data are used to analyze the light dynamics in Ukrainian cities. For
the built-up areas of the Ukrainian regions, the total amount of night-time light, SNL, is
calculated using the following formula:

SNL = Y xid; 2)

In Formula (2), SNL represents the total light index of the city at night; n is the total
number of pixels in the city region; x; represents the value of the i-th pixel in the built-up
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area and non-built-up area—in the built-up area, x; = 1, and outside the built-up area (that
is, in the non-built-up area) x; = 0; and d; represents the brightness value of the i-th pixel.

As Li [44] noted, the night-time light ratio index can indicate the night-time light
dynamics of a city, and this research also utilizes this index to represent the relative change
of night-time light intensity. The transformation formula is:

NLRI; = si; 3)

In Formula (3), NLRI; represents the night-time light ratio index on the i-th day;
S; represents the total urban lighting index on the i-th day during the war; Sy represents
the total urban lighting data from before the war.

4.4. Night-Time Light Dynamics

The dynamic model is used to reflect the changing range and speed of specific ground
object information in time units in the study area [45,46], which can effectively display the
changing pattern of night-time lights over time. In this paper, the dynamic degree model is
used to analyze the night-time light change rate.

_ dij—dy

DD
d;;

X % x100% 4)

In Formula (4), DD represents the change rate of night-time lights in a specific period,
d;; and d;; represent the sum of the intensity of night-time light changes in a certain area at
the beginning and end of the research period, respectively, and T is the length of the time
interval.

5. Results
5.1. Dynamic Analysis of Night-Time Light Changes at the National Scale

The urban built-up area mask is extracted using the statistical method. When the
threshold is equal to 10.02, the built-up area of Kiev is 393.89 square kilometers, which
is close to the statistical area of 394 square kilometers. This threshold is set as the overall
threshold in order to extract data for the whole country. The built-up area is shown in
Figure 3.
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Figure 3. Ukrainian urban built-up areas.
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The built-up area data were binarized, where the city value was set to 1 and the non-
city value was set to 0. The data were first multiplied with the corrected night-time light
data to retain the night-time light intensity of the built-up area, then the unstable night-time
light was removed and the city night-time light images were obtained. Following this, the
administrative boundary division was then used to analyze the above image and obtain
the total amount of night-time light in Ukraine.

More than 60 percent of the country’s night-time light was lost after the conflict broke
out. We analyzed the dynamic change of night-time light by combining the military clashes
and strategies between Russia and Ukraine. By screening the data published by online
media, key information affecting the development of the conflict, such as urban control,
humanitarian aid, and other key data, can be obtained, as shown in Table 1. Several cities
are taken as examples to determine the ways in which different events of the conflict have
affected night-time light.

Table 1. Ukrainian cities in military conflict situations. There are three types of cities analyzed
here, namely cities in the RC (Russian-controlled area), cities in the UC (Ukrainian-controlled area),
and cities in the B (belligerence/conflict area). The plus sign indicates whether a specific event has
promoted night-time light restoration, and a minus sign indicates no light restoration prompted by

an event.
Tvpe Outbreak of The First The Second Humanitarian The Third
yp Conflict Negotiation Negotiation Corridor Negotiation
State Date 224 — 0228 0303 35— 3.7
Impact - + + + +
Cherkasy ucC - - - - -
Chernivtsi B IN IN IN IN IN
Dnipropetrovs’k B IN IN IN IN IN
Donets’k RC IN IN - IN -
Kharkiv B IN IN IN IN IN
Kiev City B IN IN IN IN IN
Zaporizhzhya RC IN IN IN IN -
Tvoe Multinational  The Fourth Conflict The Fifth Sussian
yp Intervention Negotiation Escalation Negotiation .roop
Withdraw
State
Date 3.14 — 3.15 3.20 — 3.29
Impact - + - + +
Cherkasy ucC IN - - - -
Chernivtsi B IN IN IN IN -
Dnipropetrovs’k B - IN IN IN -
Donets’k RC - - - - -
Kharkiv B - IN IN IN -
Kiev City B IN IN IN IN IN
Zaporizhzhya RC - - - - -

Figure 4 shows the time-dependent changes in the Ukrainian national night-time
light ratio index. Different columns in the figure represent the five negotiations that took
place within the research period of this paper, namely on 28 February, 3 March, 7 March,
15 March, and 29 March. Peace negotiations are closely related to military operations.
During the talks, military operations often stagnate. The negotiation results often affect
subsequent military operations, which in turn affect human activity. The intensity of
night-time light should reflect these changes.
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Figure 4. Ukraine’s night-time light ratio index from 23 February to 1 April.

After the Russian-Ukrainian conflict broke out on 24 February, the intensity of
night-time lights in Ukraine dropped sharply. On 26 February, the Russian side pro-
posed negotiations with the Ukrainian side and halted relevant military operations. On
27 February, the Ukrainian side agreed to the talks. The index image shows a brief rise
at this point. The first Russia—Ukraine negotiation did not yield results, but the two
sides reached a consensus for further negotiations. Before the second Russia—Ukraine
negotiations took place on 3 March, night-time lights did not change significantly.

The second Russia-Ukraine negotiations mainly focused on humanitarian relief and
achieved obvious results. The two sides reached a consensus on the formation of a humani-
tarian corridor for civilians and announced a temporary ceasefire to ensure the evacuation
of civilians. It can be seen from Figure 4 that after the second meeting, the night-time lights
remained stable and showed an upward trend.

In the third meeting, Russia and Ukraine again reached a consensus on humanitarian
issues, but the negotiations were not successful, and Russian military operations continued.
During this period, night-time lights showed a “rising-falling-rising” trend.

The fourth negotiation was also unsuccessful, and after four rounds of negotiations,
the military operations of Russia and Ukraine slowed down and briefly reached a stalemate,
with the conflict situation initially showing signs of easing. At this point, the intensity of
the night-time lights was greatly restored; however, with the re-escalation of the situation
on 20 March, the Russian side again carried out a large number of military operations, and
night-time lights continued to fall.

During the fifth negotiation, the two sides reached considerably more consensus
regarding the security of Ukraine. The Russian side agreed to withdraw its troops from
Kiev. The phenomenon of night-time light loss that occurred after the fifth negotiation is
presumed to have been caused by the large-scale movement of the army and subsequent
panic among civilians.

In conclusion, NTRL at the national level can depict how a war situation affects the
entire nation. NTRL often increases during Russia and Ukraine’s peace negotiations; but,
when the war between the two countries worsened, the change was undone.

5.2. Dynamic Analysis of Night-time Light Changes at the Regional Scale

Using the ratio of the total amount of night-time light during the conflict and the total
level of night-time light before the conflict, in turn, the daily night-time light ratio index of
the Ukrainian regions is attained, with the date as the horizontal axis and the night-time
light ratio index as the vertical axis on the presented line graphs; the vertical axis scale
is adapted to each region. The night-time light ratio index is shown in Figure 5. When
NLRI =1, it means a return to the pre-war night-time light level.
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Overall, almost all of the region’s night-time light ratio indexes show a decreasing
trend in the early stages of the war, then an increase in the middle period, and then decrease
again in the later period. This research divides the period into three segments. The first
lasted from 28 February to 18 March, and the average night-time light ratio index of each
region is shown in Table 2. After the outbreak of the Russian—Ukrainian conflict, most
regions lost more than 50% of their night-time light. Within five days of the outbreak of
the conflict, from 24 February to 28 February, the states that responded quickly to the war
showed a short “L-shaped” or sinking segment in the line chart, and most of these were
in Eastern and Northern Ukraine, where Luhans’k Oblast lost 90% of its night-time light,
Kharkiv lost 87% of its night-time light, Chernihiv Oblast lost 88% of its night-time light,
and Zaporizhzhya Oblast lost 87% of its night-time light. At this time, these regions were
in the conflict zone between Russia and Ukraine. The fighting during this period was very
fierce, and the night-time lights reduced rapidly in these areas. On the other hand, the
night-time light response speed of the regions located in central Ukraine was relatively
slow overall, but due to the rapid advance of the Russian army, the night-time light loss
rate of the central cities was still very fast. A transition period of night-time light loss in
these areas can be seen, which is shown in the line chart to have a long “L-shaped” opening
section. Of these regions, Kiev Oblast lost 74% of its night-time light, Kirovohrad Oblast
lost 64% of its night-time light, and Vinnytsya Oblast lost 60% of its night-time light, as they
were affected by the different geographical locations of the major cities in each region in
regard to the outbreak of the conflict. The change in night-time lights is also varied, and the
closer a region is to the combat zone, the more dramatic the reaction. Most of the regions
with the “N-shaped” beginning are located on the western side of Ukraine. These regions,
such as Volyn and L'viv, are relatively far away from the combat zone and have seen no
large-scale advance of the Russian army.
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From 1 March to 18 March, almost all the regions showed an upward trend in terms of
the total amount of night-time light. The slowing of the battlefield situation, the repeated
joint talks between Russia and Ukraine, and the active silence of the Russian side have
somewhat stabilized civilian life and thus brought about the restoration of night-time lights.
The states with pro-Russian power concentrations are highlighted by the rapid restoration
of night-time light to pre-war night-time light levels. For instance, the Donets’k region
returned to 87% of its pre-war night-time light levels on 5 March and the Luhans’k region
achieved the same on 6 March, when it returned to 89% of its night-time light before the
war. These states have seen fewer overt military—civilian conflicts, and civilians have made
fewer attempts at fleeing. The loss of night-time lights was therefore quickly remedied.
In regard to the Russian-controlled areas, except for Donets’k and Luhans’k, the Crimean
Autonomous Region, Sevastopol” Port, and the Kherson Region have all returned to pre-
war levels of light. The night-time light levels on the Crimean Peninsula have increased to
more than twice the level of night-time lights before the war, which is presumed to be the
influence of the military lights caused by the mass accumulation of troops by the Russian
army in Crimea.
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The sporadic night-time light ratio in the Zaporizhzhya region showed a relatively
stable rise but never returned to its pre-war level. There are many factors affecting this.
Strategically, Zaporizhzhya, which connects the Russian-controlled Crimea and Donets’k,
is presumably a key target for Russia. The humanitarian corridor from Mariupol to
Zaporizhzhya via Berdyans’k restricts the military operations of Russia and Ukraine to a
certain extent, making it difficult to carry out large-scale conflicts. Under the bidirectional
effect, the change in the night-time light ratio in Zaporizhzhya Oblast is most likely to be
reflective of the overall trend of night-time light changes in Ukraine.

During this period, the night-time light growth in other Ukrainian cities can be divided
into two types one is a slow growth type, mainly concentrated in the regions within conflict
zones. For example, in the Sumy, Kiev, Mykolayiv, and Kharkiv regions, the maximum
light intensity at night has only been restored to 30-60% of the pre-war level. One possible
reason for this is that the overall conflict situation briefly slowed, but smaller-scale battles
still continued. The other is the abrupt growth type, occurring mainly in central and
western Ukraine, far from the war zones, such as in the Khmel'nyts’kyy, Transcarpathia,
and Vinnytsya regions, where changes to the night-time light ratio index are characterized
by a return to pre-war levels and multiple peaks, with the continuous influx of refugees
from the war zones, which has led to a continuous increase in night-time lights. From
19 March to 1 April, due to the re-escalation of the situation between Russia and Ukraine,
the intensity of night-time light in Ukraine fell once again.

In conclusion, the level of a region’s sensitivity to conflict can be indicated by its region
scale NTRL. The already-conflicted territory and the one next door are more susceptible to
war; in terms of civilian sentiments, the region with a higher proportion of pro-Russian
inhabitants is less sensitive to conflict.

5.3. Dynamic Analysis of Night-Time Light Changes at the Urban Scale

Using the five peace negotiation events, the time series of this study was divided into
four periods, and urban built-up areas of more than two square kilometers were selected
as the objects of this study of night-time light dynamics. A total of 176 small and larger
cities were chosen. Taking the night-time light intensity after the first peace negotiation
as the starting benchmark, the change in night-time light is visualized using a stacked
graph, as shown in Figure 6. The orange segment represents the amount of night-time light
lost in this period compared to the previous period, the yellow segment is the amount of
night-time light in this period, the yellow segment plus the orange segment represents the
night-time light in the previous period, and the orange segment is the level of reduction
of night-time light. When night-time light recovers, the cyan segment represents the level
of night-time light increased in this period compared to the previous period, the yellow
segment depicts the night-time light of the previous period, the cyan segment plus the
yellow segment represents the night-time light in the current period, and the ratio between
the cyan segment and the yellow segment is the increasing rate of night-time lights. In the
base map, at the time of writing, the colored area is controlled by Russia and the striped
area is the conflict zone between Russia and Ukraine.
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Figure 6. Dynamics of night-time light in Ukraine during the five negotiation events: (a) dynamics
of night-time lighting during the first and second negotiations; (b) dynamics of night-time lighting
during the second and third negotiation; (c) dynamics of night-time lighting during the third and
fourth negotiations; and (d) dynamics of night-time lighting during the fourth and fifth negotiations.

In Figure 6a, when compared with the first period, it can be seen that the night-time
light intensity of the southeastern region, such as the Crimean Peninsula and Donets’k,
increased rapidly, with a growth rate of over one. Secondly, with the spread of the war
to the interior, there was a large area of abrupt night-time light loss in cities in central
Ukraine, and the loss of night-time light is generally greater than 60%. The Russian side
advanced faster in the early stage of the conflict, and prior to the second peace negotiation, it
controlled many cities in Donets’k, Luhans’k, and Crimea, where night-time light recovered
quickly. As the Russian army entered the Kiev Oblast and surrounded the city of Kiev, the
night-time light around the city of Kiev was greatly reduced. The rapid spread of war has
led to the loss of night-time light in cities in central and western Ukraine.

In Figure 6b, due to the consensus reached by Russia and Ukraine on humanitarian
issues, humanitarian passages to Mariupol and Vornovaha were opened and night-time
lights along Zaporizhzhya and Donets’k correspondingly appeared. The results of the
negotiations were not successful and Russian military operations continued, but the speed
of their advancement was significantly slowed. The light levels of the central cities did
not change much in terms of night-time light intensity, while the western Ukrainian cities
experienced a significant night-time light intensity decline, such as in L'viv, during this
period. The light loss exceeded 70%. Foreign players entered the war using the western
side of Ukraine as an entrance.
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Panic caused by civilians also affected the loss of night-time lights. In Figure 6¢c, most
of the cities depicted show an increasing night-time light trend. While Russia and Ukraine
have reached a certain degree of consensus on humanitarian issues, Russia has repeatedly
announced that it has entered a state of silence and has stopped negotiating on military
operations, thus making the overall war situation worse. There has been some recovery,
and some public activities have resumed.

In Figure 6d, the direction of night-time light loss has been reversed, the speed of
night-time light loss in the war zone has decreased, and the stable night-time light in
the original Russian-controlled area has been lost. There may be two reasons. First, the
long-term Russian offensive led to the military becoming fatigued, and the Ukrainian side
tried to launch a counter-offensive in some areas, which caused a reverse loss of night-time
light. Second, the Russian war strategy has been adjusted, and the large-scale army transfer
has caused panic among the people. Based on this, one might also simply say that there
may have been a slight change in the subsequent development of the situation in Russia
and Ukraine. Analysis of the temporal and spatial changes of night-time light based on the
dynamic degree can intuitively reflect the changes of night-time light, which is confirmed
in this paper.

In summary, the NTRL change at the urban scale possesses directivity. In the control
zone, the night-time light loss was less severe than it was in the combat zone. Humanitar-
ian aid can stabilize the local combat situation, causing a modest increase in night-time
light output.

5.4. Dynamic Analysis of Night-Time Light Changes at the Road Scale

Twelve regions affected by the earliest phases of the conflict were selected as examples
in this study, including Chernihiv, Dnipropetrovs’k, Donets’k, Kharkiv, Kherson, Kiev City,
Kiev, Luhans’k, Odesa, Sumy, and Volyn. Ukrainian road network data were obtained
from OpenStreetMap to calculate the density of the road network by region. Specifically,
Kiev has the highest road network density, with the majority of road types being highways.
The road types seen in Dnipropetrovs’k and Chernihiv are the second most common, also
known as trunk roads. Table 3 shows the dynamic changes in road lighting in 12 regions
by using the five negotiations between Russia and Ukraine as time points.

In Figure 7, during the period from February 28 to March 3, the nighttime road lights
in most states increased, with the largest increase of 185% seen in Donets’k, as compared to
February 28, and the largest decreases in Kiev City, Kiev, Sumy and Chernihiv. After the
first negotiation, the conflict between Russia and Ukraine eased to some extent. Donets’k,
as the first prefecture controlled by Russia in the conflict, has a higher number of pro-Russia
citizens than elsewhere in the country and, as the main channel connecting Russia and
Ukraine for both civilians and the military, road lights were quickly restored. Between
March 3 and March 7, the night-time lights on roads in all regions except Kiev City showed
a downward trend; however, between March 7 and 15, the night-time lights on roads in all
states except Kiev City showed an upward trend. Kiev was heavily affected by the early
outbreak of the conflict on 24 February and lost a significant number of night-time lights,
so it was easy to recover those in later stages. During the second half of March, as the war
dragged on, the night-time lights on the roads declined. Between 15 March and 29 March,
there was little change in Donets’k and Luhans’k, and the night-time lights on roads in
other states showed a downward trend, except in the city of Kiev.
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Table 3. The night-time road light dynamics of each region in the five times negotiation periods
(28.02.,03.03., 03.07., 03.15. and 03.29.).

Density of Road The Total of Road Lights at Night (nW/cm?/sr) Road Night-Time Light Dynamics (%)
Region Network

(km/km?) 2.28 3.3 3.7 3.15 3.29 2.28-3.3 3.3-3.7 3.7-3.15 3.15-3.29
Chernihiv 0.105 47,242 31,410 20,109 38,625 27,851 —3351%  —35.98%  92.08% —27.89%
Dnipropetrovs’k 0.110 26,337 32,984 21,979 31,017 14,347 25.24% —33.37% 41.12% —53.74%

Donets’k 0.099 24,064 68,628 41,640 44,522 46,742 185.19% —39.32% 6.92% 4.99%
Kharkiv 0.084 24,226 26,644 18,410 25,941 11,820 9.98% —30.90% 40.91% —54.44%
Kherson 0.058 10,703 14,014 10,985 16,622 11,615 30.93% —21.61% 51.31% —30.13%
Kiev City 0.559 15,016 12,711 21,671 12,809 28,899 —15.35%  70.49% —40.89% 78.69%
Kiev 0.100 41,577 28,148 24,758 37,665 34,302 —32.30% —12.04% 52.13% —8.93%
Luhans'k 0.073 20,656 31,233 25,029 31,625 31,346 51.20% —19.86%  26.36% —0.88%
Odessa 0.094 23,144 40,629 31,860 46,573 31,550 75.55% —21.58% 46.18% —32.26%
Sumy 0.096 32,106 18,703 16,827 22,837 9245 —41.75%  —10.03%  35.71% —59.52%
Volyn 0.094 17,099 20,682 12,947 26,851 16,801 20.95% —37.40%  107.40% —37.43%
Zaporizhzhya 0.078 14,477 19,163 14,620 21,866 16,973 32.37% —23.71% 49.56% —22.37%

200%

Tl
B0 OeeETEEES -

Y 5 : Y |7 &5
00’701 4)/7‘71;(. @01\3\4/01/ /r[(’t/ [U/7a,1 0,(/% Sl"”.l/ O/Jf/, oy .
R, S% v T G . 574 78

I

soTweusq 1YSIT YSIN peoy
8

S
2,
4y,

-200% -

Figure 7. The night-time road light dynamics of twelve regions.

In conclusion, region and road lights at night are strongly associated. The production
of night-time light from the roadways encircling the city increases as the region’s night-time
light increases.

6. Discussion and Conclusions

After the outbreak of the conflict between Russia and Ukraine, the night-time light in
the whole country decreased sharply, and most provinces lost more than 60% of their night-
time lights due to the war. As a good representation of human activities, the night light
data reflects socio-economic development, population migration, and energy consumption.
Possible reasons for the reduction of night lights in the war zone of the Russia-Ukraine
conflict are as follows: (1) city light and power systems were damaged during the conflict;
(2) the exodus of people caused a loss of urban population and thus a reduction of night-
time light; and (3) the government’s curfew policy affected the emission of light at night.
The possible reasons for the large increase in night-time light intensity in some areas after
the outbreak of the conflict are as follows: (1) civilian life in the regions with a larger
number of pro-Russian individuals had an easier return to normal after being controlled by
the Russian side; (2) military lighting caused by the deployment of troops and abnormal
ignition points caused by the conflict; and (3) the refugee corridor for humanitarian aid
inhibits surrounding military combat to a certain extent, which may lead to enhanced local
night-time light.

In this paper, the night-time light ratio index and dynamics on different scales are
calculated from the 36-day corrected Ukrainian NPP VIIRS data, and the quantitative
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analysis of the night-time light damage caused by the conflict outbreak is carried out over
the time and space of the conflict. The following three conclusions are drawn:

(1) The unique perspective of night-time light data can clearly and intuitively monitor
the impact of war on residents’ social activities and can reflect various types of information,
including the spread of conflict and refugee migration.

(2) Combined with time sequence analysis of the restoration and the loss of night-time
light, dynamic laws can often echo the changes in actual conflict situations. Using night-
time light data to analyze and predict the trends of the conflict can enable researchers to
view the battlefield situation at a macro level.

(3) The observation of the battlefield situation from the perspective of night-time light
can reduce or eliminate the casualty risks faced by collectors of field survey and ground
survey data and compensates for the lack of statistics obtained through credible, reliable,
and efficient means.

In this paper, the use of daily night-time light data to examine the conflict situation
has a lag of at least one day, and it is impossible to monitor conflict changes caused by
emergencies in real-time. In addition, due to the limitations of the resolution of night-
time light data, it is difficult to identify areas with relatively small economies such as
villages and towns. The total level of night-time light in the built-up areas is extremely
small and, as the correlation with the evolution of the conflict situation is insufficient, it
should be combined with other high-resolution remote sensing data. The application of
remote sensing earth observation in emergencies not only breaks the restrictions of national
boundaries and geographical conditions but also breaks the time boundary between the
past and the present. The combination of remote sensing and emergency investigation
has many advantages, such as breaking through the limitation of visual space-time and
frequency spectrum, revealing the law of multi-scale, and maintaining the objectivity of
news. A function model between the light intensity attenuation index and the severity of a
war or the degree of economic contraction from the perspective of night-time light intensity
response to the regional economy may be established through further research.
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Abstract: HJ-1 charge-coupled device (CCD) data with high temporal and medium spatial resolution
are widely used in environmental and disaster monitoring in China. However, due to bad weather,
it is difficult to obtain sufficient time-continuous HJ-1 CCD data for environmental monitoring. In
this study, the mountain valley with farmland and forestland in North China is selected as the
experimental area, and HJ-1 CCD and moderate resolution imaging spectroradiometer (MODIS) data
are used in the case study. An improved method of fusing data and inversing surface reflectivity
is presented to obtain the HJ-1 inversion network-based application resolution (NBAR) data using
linear matching of the Ross Thick-Li Sparse Reciprocal (RTLSR) model, and then predicted reflectivity
using the seasonal autoregressive integrated moving average (SARIMA) model. The fusion data
have advantages of high spatial and temporal resolution, as well as meeting the requirements of high
quality and quantity of small-scale regional data. This case study provides a feasibility method for
the HJ-1 satellites to produce the secondary products for small-scale remote sensing ground surface
research. It also provides a reference for dynamic information acquisition and application of small
satellite data, contributing to the improvement in RS estimation of surface environment variables.

Keywords: spatial-temporal fusion; HJ-1 CCD; MODIS; NBAR time series

1. Introduction

HJ-1 satellites, with high spatial and moderate temporal and spectral resolution
data, are the first small satellite constellations dedicated to environmental and disaster
monitoring and forecasting in China [1,2]. HJ-1 charge-coupled device (CCD) data are
widely used in land use classification [3], and also used in wetland classification based
on object-oriented classification methods, resulting in a low-cost and effective technical
means to obtain high-precision wetland distribution information [4]. In other applications,
the improved Carnegie-Ames-Stanford Approach (CASA) model is used to estimate the
net primary productivity of the vegetation [5,6], and the soil organic matter content in the
experimental area was previously monitored by HJ-1 data [7-9].

However, due to bad weather, the limited quantity restricts the quality of remote
sensing (RS) extraction, the quality of HJ-1 two-level products is poor, geometric calibration
is not accurate, and available data are reduced. HJ-1 CCD data are often used in combina-
tion with other RS data [10]. Fusing with multi-sensor observations is an effective way to
improve the observation frequency [11,12]. The leaf area index (LAI) is usually calculated
using the multi-sensor observation data set, which is constructed by sensors of HJ-1 CCD
and Landsat 8 OLI data, and results have shown that the fusion data set can produce LAI
products with reliable precision and continuous time resolution [13,14].

The temporal characteristics of surface reflectivity is a key factor for land surface
process research, and has a great significance for the prediction of future surface reflectivity,
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such as hydrological forecasting, crop pest and disease disaster prediction, environmental
pollution control, and ecological balance [15]. Compared to traditional surface reflectivity,
the nadir bidirectional reflectance distribution function (BRDF)-adjusted reflectivity (NBAR)
has advantages of being able to provide comparable dynamic data, thus avoiding the
angular impact, and reflecting the dynamic variation patterns of the vegetated target
area [16,17]. Li et al. provided an effective method to simulate the temporal changes in
the MODIS NBAR time series of typical farmland surfaces by means of the season-trend
statistics [18], and they also used the improved NBAR data as matching values for the LAI
neural network estimation, making the predicted LAI time series more continuous than the
MODIS LAI [14,19].

In this study, HJ-1 CCD and MODIS data were selected as data sources to invert the
HJ-1 NBAR with 30 m resolution based on the MODIS NBAR production algorithm. The
inversion data have advantages of high spatial and temporal resolution, as well as meeting
the requirements of high quality and quantity of small-scale regional data. This provides a
feasibility method for the HJ-1 satellites to produce the secondary products for small-scale
RS ground surface research, and provides a reference for dynamic information acquisition
and application of small satellite data, contributing to the improvement in RS estimation of
surface environment variables. Moreover, the NBAR time series is a special sequence of
surface observations, which has a pronounced seasonal change. It contains an important
information about the four seasons and solar radiation; its predictions can contribute to
early warning of pests and phonological changes, and it can be useful in other studies.

2. Materials and Methods
2.1. Study Areas and Materials
2.1.1. Study Areas

The study area is located in Huailai County in northern Hebei Province of North
China, adjacent to Beijing in the East (See Figure 1a for location). The central position is
about 115° east longitude and 40° north latitude, with a total area of 1801 km?. Huailai
County is located in the north of the Yanshan Mountains and the upper reaches of Yongding
River. It is located in the semi-arid area of the middle temperate zone and belongs to the
temperate continental monsoon climate.

(a) Hebei Province

P2

Zhangjiakou Chengde Ci

(b) Huila County

Inner Mongolia

* _~Liaoning Prov
z

Legend

__ Nodata
_ Water
- Forest
- Grassland
I shrub
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Shanxi Province

%71 Interesting region
with measuring site

Shandong Province

Figure 1. Location of the study area, Huailai County in northern Hebei Province of North China (a),
and two interesting regions containing the measuring sites (b) in Huailai County.

Two interesting regions (2 x 2 km) with eight measuring sites were selected as the research
areas (see Figure 1b for locations). The north region (40.30°—40.32° N and 115.74°-115.76° E) is
covered by farmlands, and corn is planted over 90% of the total area, and the south region
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(40.19°-40.21° N and 115.78°-115.80° E) is covered by forest; there are four measuring sites
in each region.

2.1.2. Materials
The satellite data used in this study are listed in Table 1:

(1) HJ-1A/HJ-1B data: the two-level system geometric correction products of HJ-1A /H]J-
1B satellites, which have spatial resolution of 30 m, a revisit period of 4 days, viewing
swath width of 700 km, and include a total of four bands (blue, green, red, and
near-infrared).

(2) MODIS NBAR products: the MODIS NBAR products (MOD43A4), which have spatial
resolution of 500 m, three-level terrestrial standard, and 16 days of synthetic data
products.

(3) MODIS daily products: the MODIS global daily reflectivity products (MOD09GA),
for which the spatial resolution is 500 m.

(4) The surface measured data: the measured reflectance data collected at the same time
as the test sites, measured by ASD spectrometer.

Table 1. Experimental data and band comparison.

Spatial . Spectral Region (nm)
Products Sensor Resolution Time (Year) Blue Green Red NIR Data Sources
http://www.cresda.com
HJ-1A/HJ-1B HJ-1 CCD 30 m 2011-2014 430-520 520-600 630-690 760-900 (accessed on 2 April 2019)
MOD43A4/ https:/ /glovis.usgs.gov/
MODO9IGA MODIS 500 m 2011-2014 459-479 545-565 620-670 841-846 (accessed on 2 April 2019)

The red (R) and near-infrared (NIR) bands of the NBAR data were chosen for the time
series analysis, as they were sensitive to the vegetation growth and were typically used in
most quantifications of vegetation inversion, such as LAl and NDVI, among others.

2.2. Data Preprocessing
2.2.1. HJ-1 Data Preprocessing

To obtain more accurate data, we used the earth resources data analysis system
(ERDAS) software, based on the Landsat 8 data of the same region, to georeference the
HJ-1 data again. Based on the size of the target object and filed survey, 20 control points for
geometric correction were selected through a visual recognition method. By selecting the
ground object points with obvious visual features on the image, such as road intersections
and waterway junction lines, we ensured that the control points were evenly distributed
on the two images.

The results showed that the geometric correction only caused shift correction, and
there were few changes before and after image correction. The accuracy of Chinese satellite
data was gradually increased.

Due to the influence of the atmosphere, product data with geometric corrections were
distorted when analyzing the true surface reflectivity. To obtain the real surface information
from satellite images, the next step was to accurately remove the atmospheric effect, or
atmospheric correction, which eliminates the influence of atmospheric aerosol on clutter
reflections and obtains the real surface reflectivity.

To improve the efficiency of atmospheric correction, we calculated the lookup table
offline based on the 6S model [20]. The table contained different atmospheric aerosol
optical thickness, solar zenith angle, observed zenith angle, and relative azimuth angle. It
provided the atmospheric correction coefficient to achieve atmospheric correction of HJ-1
A/B data. To omit steps, we used the absolute atmospheric correction methods, while
removing the effect of atmosphere in the image, to convert digital number (DN) value into
surface reflectivity.
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In the 6S model, the atmospheric correction is based on the following equation:

— L, —
y :xa *y i — Xp 1)
1Y xexy+1

where x;, xp, and x. represent the three atmospheric correction coefficients; L; represents the
radiance value measured for the i-th band of the sensor; p represents the surface reflectance
corrected by atmosphere.

When entering a parameter, we selected the predefined standard mode in 6S as the
input. The two selected atmospheric models were mid-latitude summer and mid-latitude
winter. The aerosol mode selected was the continental type, and assumed that the surface
has uniform Lambertian reflection characteristics.

The aerosol optical thickness at 550 nm was set to 0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.8, 1.0,
1.5, and 2.0. Six sensor zeniths were set up within the viewing angle of the CCD camera.
Nineteen relative azimuth angles were set up within the range of 0-85°. Eighteen solar
zenith angles were set up within the range of 0-180° [21]. After atmospheric correction, we
obtained more realistic surface information, as indicated in Figure 2a.

After removing the atmospheric effect, radiometric calibration of the data was carried
out to convert the DN value into the surface reflectivity, based on the spectral response
function of the H] and MODIS data. The four-band spectral response functions of HJ-1A
CCD1 and MODIS are shown in Figure 2b.
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Figure 2. (a) Atmospheric correction contrast map, take the red band as an example; (b) spectral
response function graph. Blue, green, red, and black curves in the figure correspond to blue, green,
red, and near-infrared bands, respectively.

2.2.2. MODIS Data Preprocessing

The coordinate system of MODIS data is different from the conventional ellipsoid
system, which uses a regular grid as the imaging unit and has deformation in the longitude
and latitude diagonal direction. Therefore, the projection of MODIS data should be trans-
formed into the HJ-1 projection coordinate system of UTM_zone_50N, and then the second
geometric correction adjustment on the MODIS data is conducted based on Landsat 8 data,
causing the MODIS data and HJ-1 data to overlap accurately.

2.2.3. Measured Data Preprocessing

To measure the surface reflectivity, we used the ASD spectrometer. The ASD spectrom-
eter has a wavelength range of 350-2500 nm, and has reference reflectivity plates of 40%,
50%, and 99%. We set the ASD spectrometer to vertical. To eliminate the effects of random
noise, we used the mean surface measured data for 20 min before and after the HJ-1 transit,
and collected the solar zenith angles at the same time.
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Through the RTLSR model, we calculated the NBAR values, and the average NBAR
values at these eight sample points in two interest areas, to evaluate the overall performance.

2.3. Method

An overview of the methods is shown in Figure 3, and each step is described in detail
in this section.

We focused on inversing HJ-1 NBAR, based on the MOD43 product inversion method,
and analysis of time series characteristics of two types of vegetation land cover: forest and
farmland. The change in the vegetation within such areas can be well depicted by the time
series using HJ-1 NBAR data, which has less mixed pixels than MODIS.

The red and NIR bands of HJ-1 reflectivity data and MOD09GA data were used as
input data in the process. We created the HJ-1 fusion data of 16 days as a group, and 8 days
as a cycle. In each cycle, it was assumed that the change in the object matter was negligible
and the HJ-1 NBAR was reversed.

Using the inversion of the NBAR and the MODIS NBAR data, we conducted a time
series feature analysis in both the forest and the farmland areas of interest. Through the
prediction and comparison with surface measured values, we proved the practicality of
the data.

However, referring to the MODIS flags file, which on behalf of the image point
were cloud, cloud shadow, ice, and water, and 15 other types of coverage, we excluded
unavailable data from HJ-1 data, resulting in insufficient data in the cycle. Therefore, we
used the spatial and temporal adaptive reflectance fusion model (STARFM) algorithm to
fuse the data, supplemented the missing data, and obtained complete 2-day HJ-1 data
for inversion.

HJ-1 data MOD09GA

Ifl

Data
preprocessing

STARFM
algorithm

HIJ-MOD
fusion date

RTLSR Least squares
algorithm fitting

\—’—1

Reflectance
retrieval

HJ-1 Surface measured
Mo NBAR reflectance

\—’_1

Time series analysis and Surface measured
prediction NBAR

Comparison and
validation

Figure 3. Research technical route.

2.3.1. STARFM Model

STARFM is a model based on reflectivity data [22]. The main purpose is to use high
spatial resolution, low temporal resolution reflectivity data, and low spatial resolution,
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high temporal resolution reflectivity data to obtain high spatial resolution, high temporal
resolution reflectivity data. This algorithm was successfully applied in the seasonal vari-
ation map of vegetation, and good results were obtained [23-25]. The algorithm has the
following constructs:

Wijk

xi,Yj, Te) — M(xi, 95, T,))

w W
L(xw/Z/]/w/Z/ TO) = E Z
j= ()

n

)3

1k=1
x (M(xi,yj, Te) + L(
where L(x;,/2, Y2, To) is the HJ-1 predicted reflectivity value of time position; W is the
size of the moving window, we used only pixels with spectral similarity to the central
pixel for prediction in the window; M(x;, Yj, Ty) and L(x;, Yi, Ty) represent MODIS and
HJ-1 reflectivity values of Ty time in (x;, ;) window position, respectively; 1 represents
the number of input pairs of images.

In the STARFM algorithm, the HJ-1 pixel size has been set as the basic unit, with the
moving window size at 50, which is the least common multiple of the HJ-1 space resolution
(30 m) and MODIS space resolution (500 m), in order to ensure that the pixels in the window
are complete. The distance weight constant has been set at the half of the window size,
which is a relatively balanced value. The uncertainty of HJ-1 and MODIS data has been
set at 0.2% and 0.5%, which reflects the unreliable pixel ratio and is obtained from error
statistics of pixel classification. The MODIS and HJ-1 data are used as the input images,
and the weight values of neighboring relative center pixels are obtained by calculating the
spectral, time and spatial distance weights; thereafter, the fusion image pixel values can be
calculated.

A weighted average strategy is used in the STARFM algorithm. When the difference
between the two sets of input images is too large, it may cause the “time smoothing” problem.
The smaller the time interval, the lesser the difference between the input MODIS images, the
more similar the optional spectral pixels, and the more accurate the forecast [26]. Therefore,
in the prediction, we selected the image pairs that were as close to the predicted image
time as the prediction base images.

2.3.2. RTLSR Model

BRDF describes the direction of the surface reflection characteristics. In the bi-
directional reflectivity models, a practical method called the kernel-driven model, which
has a certain physical meaning of the linear combination of the core, is used to match the
surface bidirectional reflection. RTLSR is the main algorithm for MODIS diversion and
albedo products are currently providing albedo and bi-directional reflectivity of global
scale to users.

The RTLSR algorithm is the weighted sum of two kernels, which are called “RossThick”
and “LiSparse-Reciprocal”. The RTLSR algorithm has the following constructs [27]:

R(Gir Or, @, )‘) = fiso (/\)

‘|‘fvol ()‘)Kvol (91'/ 6r, 90) + fgeo ()‘)ngo(ei/ 0y, 4’) (3)

where Kge, and Ky, are geometrical optics kernel and bulk scattering kernel, which are
functions of observing zenith angle 6;, solar zenith angle 6, and relative azimuth angle ¢,
respectively. fiso, feeo, and f,o; are constant coefficients, which represent the proportion of
isotropic scattering, geometric optical scattering, and bulk scattering. R(6;, 6, ¢, A) is the
BRDF of the band.

The RTLSR algorithm uses the linear regression to invert the best coefficients of the
matching observation data, fis, fgeo, and fyo;, then obtains the bi-directional reflectivity of
random incident angle and observation angle by the extrapolation or interpolation of the
kernel [28].

The bulk scattering kernel “RossThick” is suitable for describing dense homogeneous
vegetation and leaf dip spherical distribution, proposed by Roujean [29]:
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(0.5m —g)cosg+sing
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where g is the phase angle defined by the following formula:
cos ¢ = cos 8; cos 0, 4 sin 0; sin 6, cos @ (5)

The geometric optical kernel “LiSparseR” is suitable for describing a sparsely dis-
tributed canopy or other opaque geometry. It is a method based on the reciprocity principle,
and it can partially improve the problems when extrapolating to the larger zenith angle
without affecting the data matching ability. The expression is:

ngo(eir 0, §9) = A(Gir 0y, 99) sect); — B(ei/ oy, (P) (6)

where,
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where b is the vertical radius of the sphere; h is the horizontal radius of the sphere, and r is
the height of the sphere. In the MODIS algorithm, % =2, % =11[29].

We used this algorithm, setting the HJ-1 fusion data to 16 days as a group and 8 days
as a cycle, to match a set of kernel coefficients: fis,, fgeo, and f,o;. The least squares method
was applied in matching. We set the solar zenith angle in the model to 45°, which was
consistent with the solar zenith angle of MOD43 NBAR product data, and the observation
zenith angle to the zenith direction. According to the red and NIR kernel coefficients of
each pixel in each cycle, and the relative azimuth ¢, we obtained the azimuthal direction
reflectivity HJ-1 NBAR, which was adjusted by the BRDF model for each pixel in the red
and NIR bands.

2.3.3. SARIMA Model

Generally, historical data will have a strong relationship at the potential cycle time
points, especially in economics. The SARIMA model is mainly used to identify the pre-
dictions of dependent variables, influenced by seasonal fluctuations and external events.
The SARIMA model contains trend and seasonal variation, which has been widely used
in different fields, such as economics, statistics, and RS, forecasting a certain parameter in
time series with seasonality [30-33].

According to the definition, the SARIMA model is generally referred to
SARIMA (p,d,q) x (P,D,Q),. Where d and D are the order of the stepwise difference
and the seasonal difference, respectively; p and g are the order of autoregressive and mov-
ing average, respectively; P and Q are the order of seasonal autoregressive and seasonal
moving average, respectively; s is the seasonal period. The model can be expressed as

follows: b
¢p(B)®p(B)(1 - B)"(1— B%) "ys = 0,(B)Og(B)ay ®)
where,
¢p(B) =1—¢1B— B> —--- — ¢,BF
04(B) =1+ 61B+ 6,B* + - - +60,B1 ©)
®p(B%) =1— DB — D,B% — ... — PpBS

Oq(B%) =1+ ©,B° + ®B* + - + ©@oB%®

«; is the estimated residual at time ¢, a random process of Gaussian white noise.
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The general matching process includes three steps: identification, estimation, and di-
agnostic checking. The crucial step in the SARIMA model is the choice of orders. The main
methods used are autocorrelation functions (ACF) and partial autocorrelation functions
(PACF), Akaike’s information criterion (AIC), and so on. First, we used the ACF and PACF
methods to select several possible orders. After modeling, the AIC criterion was used to
select the best order model. The p value in the model was taken as 1, and the D value was
taken as 1.

After the model was established, it needed to be tested. The method used here is the
residual ACF test. In model testing, we are mainly concerned about whether the residual
of the model is relevant, and normally distributed with a mean of zero. If the residuals of
the SARIMA model are correlated and not normally distributed with a mean of zero, then
the model can be further improved. On the contrary, the model fitting effect is good, and it
can be considered that the model fully extracts the information of the sequence.

For the test of residual white noise, LB test was used to check whether the residual of
the model is a white noise sequence. The test results are shown in Table 2, which indicates
that when the residual sequence was delayed 1-12 orders, the P value of Q statistics is
greater than 0.05. Therefore, at the significance level of 0.05, the original hypothesis is not
rejected, meaning that the residual sequence is a white noise sequence, indicating that the
fitted model had fully extracted the information in the time series.

For the residual distribution problem, we generated the model diagnosis report and
analyzed the abnormal behavior of the research model, as shown in Figure 4. Figure 4a
shows that the red KDE line follows the N (0, 1) line, which indicates that the residuals are
normally distributed. Figure 4b shows that the residual error does not have autocorrelation,
which indicates the model can help us understand the original time series data and predict
the future values.

Using the HJ-1 NBAR data and MODIS NBAR data from interest areas 1 and 2 in
2011-2013 as the raw data, the model was used to predict the reflectivity of the red and NIR
bands in 2014, and the results were compared with the surface measured data to discuss
the prediction accuracy of the model.

Table 2. White noise test results of fitting model residuals.

Lag AC Q Prob (>Q)
1.0 —0.06261 2.505646 0.112883
2.0 0.016932 2.712496 0.341931
3.0 0.049566 3.637803 0.31302
4.0 0.022228 3.498892 0.424928
5.0 —0.01017 3.756948 0.515086
6.0 —0.02245 3.967206 0.647077
7.0 —0.0451 4997104 0.622196
8.0 —0.02974 5.506453 0.680345
9.0 0.007786 6.324489 0.772662
10.0 0.0685 8.858177 0.582798
11.0 0.030202 9.274546 0.583861
12.0 —0.0574 10.68552 0.511118
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Figure 4. (a) Probability distribution diagram of model residual error, where KDE stands for kernel
density estimation, N (0, 1) represents normal distribution, and Hist represents the model residual
histogram; (b) autocorrelation function graph of residuals.

3. Results and Analysis
3.1. Data Fusion Assessments

Before the data fusion process, we selected three images for the STARFM algorithm to
illustrate the accuracy of the results and thus determine availability. The experimental data
were HJ-1 data from areas of interest 1 and 2, and the corresponding time MODO09GA data.

Figure 5 shows three pairs of HJ-1 and MODIS images acquired on 26 April 2012,
4 May 2012, and 8 May 2012. The first row in Figure 5 shows three MODIS reflectivity
images using band 2-1-4 as the red—-green—blue composite, and the second row shows three
HJ-1 reflectivity images using band 4-3-2 as the red—green-blue composite. The pairs of
MODIS and HJ-1 images acquired on 26 April 2012 and 8 May 2012 were selected as base
images, and the STARFM algorithm was used to predict the 4 May 2012 HJ-1 fusion image.

After STARFM algorithm calculation, we compared the predictions with the 4 May
2012 observed HJ-1 reflectivity image. Figure 6 shows the observed and predicted images
produced by the STARFM algorithm in regions of interest 1 and 2. The boundary informa-
tion of road, water, and vegetation can be expressed clearly in the fusion image, and there
is high similarity between the predicted and the measured image.

There are many commonly used error evaluation indicators for model evaluation; we
used several of these indicators to refine the results of the fusion evaluation, including
root mean square error (RMSE), mean absolute percent error (MAPE), average absolute
difference (AAD), and coefficient of determination (R?).

RMSE was used to measure the deviation between the result and the reference value;
the smaller the RMSE, the closer the result is to the reference value.

MAPE indicates the accuracy between the result and the reference value; if this value
is small, it indicates high accuracy, according to the model predictive ability evaluation
table proposed by Xia et al. [34]. Generally, when MAPE < 20, the forecast is valid.

Average absolute deviation (AAD) is the average of the absolute values of the differ-
ence between the result and the reference value.

R is a direct reflection of correlation between the result and the reference value. If
R is positive, the correlation coefficient is positive, on the contrary, if R is negative, the
two are negatively correlated. The larger the absolute value of R, the higher the degree of
correlation, the greater the determination coefficient, the closer the relationship between
the two sets of data.

Figure 7 shows scatter plots of the predicted and actual observations. Table 3 shows
the analytical values for the predicted and actual observations. In the four scatter plots,
the points are distributed on both sides of the y = x line. The distribution of the red and
NIR band points of forest are closer to the straight line and more uniform, whereas the
distributions of farmland are concentrated above the straight line. This means that the
fusion values are slightly higher than the actual values. According to Table 3, the MAPE
values of farmland are within 20%, and the R values are high, which indicates that the
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experimental results are effective. Compared to the reference image, the mean absolute
difference is small, and the predicted value is highly correlated with the actual observed
value.

MOQDIS

2012-4-26 2012-5-4 2012-5-8

Figure 5. MODIS reflectivity images and HJ-1 reflectivity images for 26 April, 4 May, and 8 May 2012.

(@)

Figure 6. Observed image for 4 May ASD spectrometer 2012 and the predicted image: (a) observed
image; (b) STARFM image.

Table 3. Accuracy test of four data fusion results.

Band RMSE MAPE AAD R?
R-forest 0.003 16.5% 0.002 1
NIR-forest 0.010 14.3% 0.009 0.998
R-farmland 0.014 19.6% 0.012 1
NIR-farmland 0.014 16.8% 0.012 0.998
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Figure 7. Four scatter plots of fusion reflectivity and observed reflectivity (x, observed; y, fusion):
(a) the distribution of the red band points of forest; (b) the distribution of the NIR band points of
forest; (c) the distribution of the red band points of farmland; (d) the distribution of the NIR band
points of farmland.

The results show that the fusion images have high spatial resolution, meanwhile,
preserving periodic vegetation changes. The fusion images are close to the real observation
images, and can be used to study the temporal variation of vegetation. Therefore, image
fusion is performed to obtain complete 2-day HJ-1 reflectivity data.

3.2. Inversion Results

In the process of matching the kernel coefficient, the matching precision is higher when
the data sampling direction is more uniform in the spatial distribution of the hemisphere.
Figure 8a shows the red band solar zenith angle, observation zenith angle, and relative
azimuthal distribution for a cycle (8 May to 22 May 2012) of HJ-1 data, selecting a 3 x 3 pixel
window. The sampling direction of the data in the cycle is relatively uniform.

To further determine the accuracy of the kernel coefficient matching, the kernel coeffi-
cient and the MOD43 BRDF kernel coefficient are used to create the direction reflectivity
distribution. The solar zenith angle is set to 45° and the relative azimuth angle to the HJ-1
pixel relative azimuth angle. Figure 8b shows the red band inversion direction reflectivity
for a cycle (8 May to 22 May 2012) of HJ-1 data and MOD43 BRDF data on 8 May 2012
in the farmland area of interest. The kernel coefficients of the matched nuclei and the
MOD43 BRDF data of red band are 0.18559, 0, 0.0070382, and 0.209, 0.032, 0.049, respec-
tively. The reflectivity of the inverted zenith direction is 0.1880 and 0.1832, respectively,
whereas the MOD43 NBAR is 0.1828. Although the coefficients are different, the inversion
of the reflectivity values is close. The inversion reflectivity of HJ-1 in the zenith direction is
similar to that of MOD43 NBAR; it is proven that the inversion reflectivity result shows a
small difference with the actual measurement result of MOD43. The results are within the
error range.
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Figure 8. (a) Sun observation angle distribution, where the red circle, the green circle, and the pink
circle are corresponding to the solar zenith angle, the original HJ-1 observation zenith angle, and the
fusion HJ-1 data observation zenith angle, respectively; (b) directional reflectivity profile, where the
red and blue lines are corresponding to the MODA43 and HJ-1 reflectivity, respectively.

For the inversion results, i.e., the HJ-1 NBAR data, the MODIS NBAR product is used
to compare with them, analyze their similarity and variance, and analyze the accuracy of
the inversion results.

In the forest and farmland areas, the average reflectivity data of HJ-1 NBAR and
MOD43 NBAR zenith direction were obtained. Figure 9 shows the reflectivity of HJ-1
NBAR and MODIS NBAR time curves. It can be observed that the average reflectivity of
HJ-1 NBAR is similar to that of MODIS average reflectivity, and the fluctuation range of
reflectivity is almost the same. However, it can also be seen that the average reflectivity of
HJ-1 NBAR fluctuates more violently. In the forest area of interest, the reflectivity of the
NIR band significantly increased during the growing period, but it does not maintain a high
value smoothly. There is a small fluctuation during the period, and the reflectivity curve
of the red band fluctuates vigorously, and there are obvious anomalies. In the farmland
area of interest, the trend of reflectivity is similar to that of MODIS, but there are smaller
fluctuations before the growth period. The wet and dry conditions of the bare soil may be
the reason. This result indicates that the average reflectivity of HJ-1 NBAR is more suitable
to reflect the subtle changes in the surface.

Similarly, we used the quantitative indicators to calculate the difference between the
HJ-1 NBAR data and the measured values, and to analyze the accuracy of the inversion
data. Figure 10 shows the scatter plots of the HJ-1 NBAR and MOD43 NBAR data. Table 4
shows the accuracy test result for the HJ-1 inversion data and MODIS inversion data. In
the four scatter plots, the points are distributed on both sides of the y = x line. The MAPE
values are within 20%, compared to the MOD43 NBAR, the mean absolute difference is
small, and the predicted value is highly correlated with the actual observed value.

By comparison, it can be seen that the HJ-1 30 m resolution data are more sensitive
than the MOD43 500 m resolution data. In the case of the same fluctuation trend, the HJ-1
reflectivity exhibits smaller fluctuations. Because of the underlying surface, there will be
different surface reflectivities in the same vegetation growth conditions. Although there are
more inflection points and a greater chance of outliers, the HJ-1 data can more realistically
reflect the change in the surface during the test period.

As the results indicate, the combination of MODIS data and HJ-1 data is expected
to be a method of improving the data quality of HJ-1 30 m NBAR time series. Certainly,
compared with MODIS NBAR products, there is still a shortage of large-scale data usage in
surface reflectivity inversion, when using the HJ-1 and MODIS joint data. However, with
the use of small-scale data, the HJ-1 fusion data can highlight more detailed real surface
conditions.
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Table 4. Inversion result accuracy test.

Band RMSE MAPE AAD R R?
R-forest 0.003 16.5% 0.002 1 1
NIR-forest 0.010 14.3% 0.009 0.999 0.998
R-farmland 0.014 19.6% 0.012 1 1
NIR- 0.014 16.8% 0.012 0.999 0.998
farmland
035 . .
(a) ——R-MODIS —— NIR-MODIS
03l ——R-HJ —— NIR-HJ

NBAR

2011 2012 2013 2014 0 2011 2012 2013 2014
Year Year

Figure 9. Comparison between HJ-1 and MODIS NBAR time series: (a) forest; (b) farmland. Black,
red, blue, and green curves in the subfigures correspond to MODIS red band, HJ-1 red band, MODIS
NIR band, and HJ-1 NIR band NBAR, respectively.
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Figure 10. Four scatter plots of inversion reflectivity and observed reflectivity (x, observed MODIS
NBAR; y, predicted HJ-1 NBAR): (a) the distribution of the red band points of forest; (b) the distribu-
tion of the NIR band points of forest; (c) the distribution of the red band points of farmland; (d) the
distribution of the NIR band points of farmland.

3.3. NBAR Time Series Analysis

Using the HJ-1 NBAR data, we can see the time series line graph, as shown in Figure 11.
The reflectivity change in forestland is in accordance with the change in most of the
vegetation reflectivity. At around the beginning of March each year, the vegetation starts
to grow, and the NIR reflectivity significantly increases, remaining at around 0.25. Upon
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the arrival of winter, the vegetation withers and the NIR reflectivity decreases rapidly. The
red band reflectivity is significantly lower than the NIR reflectivity, at around 0.05, and
the fluctuation is small, increasing before spring and decreasing slowly during spring.
As in farmland, the difference from most of the vegetation is due to human influence, as
the surface is covered by bare soil before the growth period. The reflectivity changes in
farmland are relatively stable. In the early stages of growth, the NIR band reflectivity
increases, then decreases during the growth period, whereas the red band reflectivity
decreases at the beginning of the growing season, and then increases during the growing
season. In sum, the seasonal difference of forest and farmland albedo is mainly affected by
the seasonal difference in plant growth.

This time series provided comparable dynamic data, avoiding the angular impact, to
reflect the dynamic variation patterns of vegetated target areas. Therefore, we used the
data to do the forecast analysis for disaster prediction, environmental control, etc.

We used the HJ-1 NBAR data and MODIS NBAR data of interest areas 1 and 2 as
the raw data. For the HJ-1 NBAR data in the regions of interest, according to the average,
we set a threshold of 5% and selected the pixels within the threshold to the new average,
excluding mixed pixel effects. We implemented the SARIMA method using Eviews, which
is freely available for data analysis, regression analysis, and forecasting. Observing the ACF
and PACF figures, we selected the intervals of coefficients. After the seasonal difference
and AIC screening, the model with the smallest AIC value was selected as the best, and the
resulting model was determined in Table 5.

The white noise test of the model was effective. The residual sequences are purely
random and the autocorrelation coefficients fall into the random interval, which indicates
that the models are feasible and the prediction results are meaningful. The Shapiro normal-
ity test for the residuals produced p-values of 0.372 and 0.386, showing that the original
hypothesis of following the normal distribution is rational, that is, the residuals exhibit a
normal distribution.

For each land cover type and band, the predicted time series and the corresponding
measured NBAR data are displayed in Figure 11. It can be seen from the figures that the
HJ-1 predicted values and the measured values are very close. The calculated root mean
square error is 8.36%, 7.58%, 8.87%, and 9.05%, indicating that the match is good. However,
for the MODIS predicted values, especially in the forest, under the influence of mixed
pixels, the predicted values are significantly higher than the measured values; there are
large differences in small fluctuations. The HJ-1 NBAR predicted time series matches the
measured NBAR values and reflects the seasonal changes in vegetation properties better;
however, it is just an approximation of the MODIS NBAR predicted time series. In general,
the predicted time series NBAR can represent the variation of interest area with a more
reliable value compared with MODIS NBAR predicted data. The recursive estimation
method is robust and reliable.

We used RMSE, MAPE, AAD, and R to evaluate the results, as shown in Table 6. The
accuracy test values indicate that the HJ-1 predictions are closer to the real measured values
than the MODIS predictions. Figure 12 shows scatter plots of the HJ-1 predicted and actual
observations. In the scatter plots, the points are distributed on both sides of the y = x line.
For the MODIS predicted values, the MAPE values are within 25% and the R value is 0.75.
For the HJ-1 predicted values, the MAPE values are within 20%, the R value is 0.91, and
the HJ-1 predicted value is highly correlated with the actual observed value. The HJ-1
predicted values match the measured data very well. Thus, the proposed HJ-1 inversion
data and time series methods perform well for NBAR recursive estimation.

From these results, we found that (1) the fusion data had advantages of high spatial
and temporal resolution, and matched HJ-1 data well; (2) the HJ-1 NBAR data adjusted by
BRDF model were close to MOD43 data, and can reflect the annual variation characteristics
of surface vegetation growth well; (3) the HJ-1 data had high-resolution features compared
with the MOD43 NBAR data, reflecting the regional scale reflectivity spatial changes more
accurately, and making related research and analysis more sophisticated; (4) compared to
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the forecast results of MODIS NBAR, the HJ-1 NBAR matched the surface measured data
better, and can reflect the seasonal changes in vegetation properties better.

Table 5. SARIMA coefficients.

Band HJ-1 Equation MODIS Equation
R-forest SARIMA(0,1,3) x (0,1,1)45 SARIMA(0,1,2) x (0,1,2)45
NIR-forest SARIMA(0,0,2) x (1,1,1)45 SARIMA(0,1,2) x (0,1,1)45
R-farmland SARIMA(0,0,3) x (0,1,1)45 SARIMA(0,0,1) x (0,1,1)45
NIR-farmland SARIMA(0,0,1) x (0,1,2)45 SARIMA(0,1,1) x (0,1,2)45
0 ——— MODIS predicted NBAR () @ (b)

——— HIJ predicted NBAR
037 ... Measured NBAR
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Figure 11. Comparison between predicted and observed NBAR time series of the red and near-

infrared band data: (a) forest; (b) farmland. Each pair of the black, red, and blue curves in the

subfigures correspond to red and near-infrared bands of the measured NBAR, HJ-1 predicted NBAR,

and MODIS predicted NBAR, in which the red band curves have a relatively low value and the

near-infrared curves have a relatively high value.
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Figure 12. Four scatter plots of HJ-1 predicted reflectivity and observed reflectivity (x, observed; y,
predicted): (a) the distribution of the red band points of forest; (b) the distribution of the NIR band
points of forest; (c) the distribution of the red band points of farmland; (d) the distribution of the NIR
band points of farmland.
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Table 6. HJ-1 and MODIS NBAR prediction result accuracy test.

Band RMSE MAPE AAD R R?
HJ-1 0.007 11.8% 0.005 0.862 0.743
R-forest

MODIS 0.037 20.55% 0.021 0.676 0.457
HJ-1 0.029 18.9% 0.022 0.943 0.889

NIR-forest
MODIS 0.040 23.69% 0.038 0.873 0.762
HJ-1 0.018 14% 0.013 0.946 0.895

R-farmland
MODIS 0.056 23.51% 0.034 0.695 0.483
NIR-farmland HJ-1 0.024 8.5% 0.017 0.948 0.899
MODIS 0.038 13.75% 0.032 0.906 0.821

4. Conclusions

The inconsistent data quality in RS images, especially HJ-1 CCD data, is mainly
influenced by environmental factors, and creates problems in the application of these data.
In this paper, the mountain valley with farmland and forestland in North China is selected
as the experimental area, and an improved method is presented to obtain the HJ-1 inversion
NBAR data using linear matching of the RTLSR model, and then to predict reflectivity
using the SARIMA model. The HJ-1 data and MODIS data are fused to obtain ample
available data for inversion. The fusion data have advantages of high spatial and temporal
resolution, as well as ensuring the requirements of high quality and quantity of small-scale
regional data in the case study.

Using these data, the prediction of HJ-1 NBAR is found to be more similar with
observed values than MODIS. Compared with MODIS NBAR products, the HJ-1 NBAR
data reduce the error due to mixed pixels, and are suitable for small-scale RS surface
monitoring. This provides a reference for dynamic information acquisition and application
of small satellite data, and contributes to the improvement in RS estimation of surface
environment variables. Moreover, the NBAR time series is a special sequence of surface
observations, which contains important information about the four seasons and solar
radiation. Thus, the predicted HJ-1 NBAR in the case study can contribute to the early
warning of pests and phonological changes, and it can also be used to calculate other
surface parameters and analyze the variation in different time scales awaiting further study,
through detailed understanding and the application of inverse methods.
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Abstract: As an important tool in hyperspectral anomaly detection, collaborative representation
detection (CRD) has attracted significant attention in recent years. However, the lack of global feature
utilization, the contamination of the background dictionary, and the dependence on the sizes of the
dual-window lead to instability of anomaly detection performance of CRD, making it difficult to
apply in practice. To address these issues, a selective search collaborative representation detector is
proposed. The selective search is based on global information and spectral similarity to realize the
flexible fusion of adjacent homogeneous pixels. According to the homogeneous segmentation, the
pixels with low background probability can be removed from the local background dictionary in CRD
to achieve the purification of the local background and the improvement of detection performance,
even under inappropriate dual-window sizes. Three real hyperspectral images are introduced to
verify the feasibility and effectiveness of the proposed method. The detection performance is depicted
by intuitive detection images, receiver operating characteristic curves, and area under curve values,
as well as by running time. Comparison with CRD proves that the proposed method can effectively
improve the anomaly detection accuracy of CRD and reduce the dependence of anomaly detection
performance on the sizes of the dual-window.

Keywords: hyperspectral image; anomaly detection; selective search; collaborative representation

1. Introduction

Hyperspectral images (HSI) [1] have attracted widespread attention in many applica-
tions [2], such as geological exploration, environmental monitoring, and target detection [3]
because they possess both spatial information and rich spectral information, which makes
them appropriate for material identification and object detection. Among them, the
utilization of HSIs for anomaly detection [4], which is a type of target detection with-
out prior knowledge of the target [5,6], has practical significance for both civilian and
military purposes.

The anomaly [7] refers to minority pixels with significantly different spectral char-
acteristics from the majority pixels, which are referred to the background of the whole
HSI. Desirable anomaly detection methods require appropriate background modeling [8]
without prior knowledge to suppress the background and make the anomaly prominent [9].
Therefore, an accurate and effective model of the complex background [10] is critical in
hyperspectral anomaly detectors [11], which can be generally categorized into two major
types: statistical theory-based methods [12-14] and representation-based methods [15-17].

Statistical theory-based methods typically hypothesize that the background obeys
a certain distribution and use statistical methods to estimate the likelihood that a pixel
is attached to the background. As a representative of statistical theory-based methods,
the Reed-Xiaoli (RX) detector [12] describes the background via a statistical multivariate
Gaussian distribution model. However, this may not be correct for real HSI, leading to a
higher false alarm rate. A series of improved algorithms have been proposed to improve the
efficiency of the RX detector [18-20]. For example, the covariance matrix of the background
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is standardized in a regularized-RX detector [18], which can avoid the pathological state of
matrix inversion. A nonlinear RX algorithm named kernel RX (KRX) [19] utilizes the kernel
theory to project linearly inseparable HSI data to a high-dimensional feature space, where
the differences between anomaly and background are strengthened. However, statistical
theory-based methods suffer in situations with many kinds of background objects with
irregular distributions. Given that these objects together do not necessarily follow some
statistical distribution, it is difficult to correctly model many different background objects.

The rationale for the representation-based methods is that each background pixel in
the HSI can be well expressed as a linear combination of a background dictionary by a
function model, whereas the abnormal pixel cannot be similarly expressed. The abnormal
degree of the pixel is evaluated by the representation residual; the larger the representation
residual of a pixel, the higher the probability that the pixel will be attached to the anomaly.
The representation-based methods mainly include sparse representation [21,22] and collab-
orative representation [23-25] according to different regularization constraints and different
background dictionary constructions. Sparse representation holds that background pixels
can be linearly and sparsely represented by a few atoms in an overcomplete dictionary,
whereas anomaly pixels cannot. Therefore, sparse model optimization and complete dic-
tionary construction are two key research aspects of sparse representation hyperspectral
anomaly detectors. In [22], a low-rank and sparse representation (LRASR) detector applied
a low-rank representation to model the background, while a sparsity-induced regular-
ization term was employed to constrain the representation coefficient matrix. K-means
was used to select the background dictionary atoms from the HSI data cube. Although
sparse representation methods can detect anomalous targets to some extent, it is difficult to
construct an over-complete background dictionary without abnormal pixel pollution when
prior information is absent.

In addition to the sparse representation method, the collaboration representation
detector (CRD) [23] has been proven to be simpler and more efficient, directly employing
the neighboring pixels of the testing pixel within a sliding dual-window as the background
dictionary and paying close attention to the collaboration among dictionary atoms. An
I,-norm-constrained coefficient vector is imposed to allow all of the atoms in the dictionary
to participate in representation. However, the performance of CRD is unsatisfactory
when the dual-window sizes are inappropriate, which are heavily dependent on the
size of abnormal targets [23]. In the absence of prior information, it is difficult to set
appropriate dual-window sizes [26] to ensure the purity of the background dictionary [27].
Furthermore, only local information attributes to the constraint weight vector and the
global structure information of the image are disregarded, which limits the performance of
the CRD as well. To improve detection accuracy, a collaborative-representation-based with
outlier removal anomaly detector (CRBORAD) [28,29] has been proposed for purifying
the background dictionary by eliminating some pixels with a small probability in the
Gaussian distribution of neighborhood pixels. However, it is necessary to consider the
actual situation that may not conform to statistical laws. The kernel method is also applied
in CRD to improve its detection performance by projecting linearly inseparable data into
a high-dimensional feature space in which those data become more separable [30,31].
Through the recursion between the kernel covariance matrices at the last and the current
moments, as well as the detection values directly imposed on the regularized matrix instead
of the kernel operations, repeated calculation is avoided and the overall computational
complexity reduces, which was proposed in [32] and named real-time kernel CRD (RT-
KCRD). A morphology-based collaborative representation detector (MCRD) [33] has been
proposed to increase the incorporation of global spatial information of HSI by applying
morphological filters. Each morphological profile (MP) is repeatedly acquired from each
principal component of the data, which greatly increases computational complexity and
running time. In [25], the various local spatial distribution information of the neighboring
pixels of a test pixel were considered by adding a summation strategy to the local window in
the CRD algorithm, which improved the accuracy of the linear representation and detection

90



Appl. Sci. 2022, 12, 12015

performance. However, this came at the cost of increased computational complexity
and time, which is called local summation anomaly detection based on collaborative
representation and inverse distance weight. Furthermore, the importance uniformity of
different bands was broken in [34] by a self-weighted collaborative representation-based
detector (SWCRD). Weight learning and collaborative representation are combined into a
joint objective function to assign suitable weights to each band and simultaneously achieve
collaborative representation, resulting in the improvement of anomaly detection of CRD.

In this paper, a selective search collaborative representation detector (SSCRD) is
proposed to improve the anomaly detection capability and robustness of CRD, which not
only effectively improves anomaly detection performance, but also avoids the sensitivity
of detection accuracy on the size of the dual-window by taking global spatial information
into consideration. First, a selective search is applied to HSI, in which adjacent pixels
with similar spectral features are fused into several regions of variable size. The regions
that occupy most of the pixels can be considered as the background, and the remaining
small regions have a high probability of being abnormal. A selective search realizes the
preliminary judgment of whether the pixels in an HSI are background or abnormal. Then,
the result of the selective search is cleverly combined with CRD to effectively purify the local
background defined by the dual-window, greatly reducing the possibility of background
contamination. We evaluated and compared the proposed SSCRD using three real HSIs.
The results show that the proposed SSCRD improves the detection accuracy of CRD.
Moreover, superior detection performance can be maintained even when dual-window
sizes are inappropriate.

2. Materials and Methods
2.1. Selective Search

As a region possesses richer information than a single pixel, a selective search aims
to make full use of global spatial information and spectral information in an his, and
to achieve homogeneous segmentation of the HSI. The selective search process contains
two main phases: over-segmentation and region merging. First, a graph-based image
segmentation technique [35] is applied to the HSI to divide the image into a series of initial
regions as the processing unit. The similarities between all neighboring regions are then
calculated and recorded. Subsequently, the greedy algorithm is applied to iteratively merge
the regions until the separation of different objects is achieved. The results of the selective
search will be regarded as the basic judgment in CRD for more precisely representing
background characteristics.

Consider a 3-D HSI cube by HSI = (X, E) in R?, which is constituted by pixel spectra
X = {xi}fil and edges (x;, x;) € E representing the connection of the pairs of neighboring
pixels. N is the total number of pixels in the image and d is the number of spectral bands.
Each edge (x;,x;) € E has a corresponding weight w(x;, x;) which is defined by the
spectral difference of the two neighboring pixels x; and x;, connected by the edge. To
achieve homogeneous over-segmentation of the HSI, the edges between two contiguous
pixels in the same region should have relatively low weights, meaning that they belong
to the same class. Therefore, the weight is defined as the following dynamic similarity
operator for comprehensively evaluating the difference degree of the pixel spectra, which
simultaneously considers the amplitude and shape similarity of pixel spectral curves:

w=Entx(1—r)+LD (1)

where Ent is the information entropy of the spectral difference curve [35], usually defined as
d
Ent = — Ptlg(Pt) (2)

t=1
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d
and P; = x;/ ¥ x; is the probability of the ¢ value in the spectral difference vector x. r
t=1
is the correlation coefficient, a common criterion to describe the shape similarity of two

spectral vectors, which is generally defined as:

d d
Yo(xi—%)- ¥ (xjt —7])
d 2y 2
\/Z(xit—xi) Y (xj — X))
=1 =1

X, represents the mean of the spectral vectors in all bands. LD represents Lance
distance [36], which is a typical numerical index of spectral similarity featuring insensitivity
to singular values and a high ability of noise suppression. The LD value ranges from 0 to 1,
which is convenient for combining with the shape index r. The Lance distance is denoted as:

1 [xie — xjt|

LD =
dt:l Xjt + Xjt

(4)

Specifically, the smaller the LD and the closer r to 1 mean that the two spectra are
more similar. When the shapes of the two spectra greatly differ, Ent is larger and the weight
of 1 — r is larger at this time, which means that the shape index plays a greater role in
measuring the similarity of the two spectral curves. When Ent is equal to 0, the shapes of
the spectral curves are completely consistent. At this time, the difference in the spectral
curve is mainly reflected in the numerical value, which is measured by LD. Generally, the
smaller the weight, the more similar the two pixels are, and the sooner the two pixels are
combined into a component.

In addition to the accurate description of spectral similarity, the criterion for determin-
ing whether two components can be the same is also critical. In general, two connected
components can be considered the same when the minimum weight connecting the two
components is less than the minimum internal difference for these two components. The
minimum internal difference is defined as the minimum value of the largest weight of the
minimum spanning tree of the two components. To make this criterion applicable to the
case in which the two connected components are two single pixels, a threshold function
7(C) = K/[C] is appended to control the degree of difference between two different com-
ponents to be greater than their respective internal differences, in which [C] represents the
number of pixels in the component and K is a constant parameter that depends on the size
of HSI and is preset to control the size of the formed components. Given that anomalies
can occur at any location and in any shape, this over-segmentation method is opportunely
applicable to hyperspectral anomaly detection, which is completely data-driven and can
divide the image into a series of initial regions with freewill shape and size. Compared with
some other over-segmentation algorithms, the graph-based over-segmentation method
does not need control over the number of generated initial regions and the assignment for
seed pixels of the regions, which is more convenient.

After the initial segmentation [37] of HSIs is achieved, it is important to further coalesce
the minor regions to ensure that adjacent regions with the similar spectral properties are
not discrete. Therefore, the spectrum similarity computation between all neighboring
regions is then implemented to judge whether the regions belong to the same class or
object. The average spectrum of all pixels in each region is utilized to represent the spectral
characteristics of regions, and thereby, to calculate the similarities of adjacent regions. The
similarity is computed by the linear combination of the spectral angle sa and the correlation

coefficient r, given by:
o sa (I+471)
simi = (1 ;) + > (5)
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Spectral angle (SA) mapper is a widely used criterion to evaluate the shape similarity
of two spectral vectors by calculating the angle between two spectral vectors x; and x;, and
the angle can be calculated by:

sa = arccos A (6)
ETRES

The two neighboring regions are more similar when the simi is larger, meaning the
sooner the two regions will be merged into one region. In detail, the smaller the sa and
the closer r to 1 mean that the two spectra are more similar. Furthermore, 1 —sa/7 is in
the range [0, 1] and 1 + r is in the range [0, 2] (sa/ 7 is in the range [0, 1] and 7 is in the
range [—1, 1]). Therefore, we divide 1 + r by 2 to ensure equal weights for sa and r. Any
reasonable combination of similarity criteria is allowed, and the definition we proposed is
one of the more effective solutions.

The similarities of all pairs of initial neighboring regions are calculated and recorded
in a similarity matrix. The greedy algorithm is used to iteratively merge the two adjacent
regions with the highest similarity. By comparing the maximum of the spectral similarity
of all adjacent regions with the pre-set threshold T, two involved regions will be merged
into the same region when the similarity maximum is greater than the threshold. The
pre-set threshold T is used for constraining the degree of region, and its value is in the
range of [0, 2], determined by the minimum and the maximum of the similarity matrix.
The similarity values related to the two merged regions in the original similarity matrix are
deleted. The similarity matrix is updated by computing the similarities between the new
region and its neighboring regions. This process is looped until the similarity maximum is
smaller than the threshold and the merging cannot be continued. Finally, the overall HSI is
merged into a few regions. The regions that occupy most of the pixels are considered the
background and these pixels are labeled as one. Regions with relatively few pixels have a
high probability of anomaly and the corresponding pixels are labeled as zero. The result of
the selective search is a 2D matrix P (of size n x m) with zero and one elements, where n
and m are the width and height of the HSI, respectively.

2.2. Selective Search Collaborative Representation Detector

For each pixel y in HS], it has a local background composed of its own neighboring
pixels, which are falling in a dual-window with the inner window w;,, X w;,, and the outer
window wyyt X weys centered at the pixel y, as shown in Figure 1. Then, a 2D matrix
Xy = {xi};_; can be used to represent the local background, where s is the number
of local background pixels calculated via s = wout X Wour — Wiy, X wjy,. In addition, the
local background X, = {x;};_; for each pixel has its corresponding pixel label matrix
Py, = {0,1};_; (of size 1 x s) from the result of the selective search P. Dot-multiplying
the local neighborhood matrix X, = {x;};_; and the pixel label matrix P, = {0,1};_,
can effectively remove those pixels with higher anomaly probability in the neighborhood
matrix, thereby obtaining a purer local background description.

The proposed SSCRD is based on the principle that the background pixels can be ap-
proximately represented by their adjacent pixels but the anomaly pixels cannot, which is in
accordance with that of CRD. This principle can be interpreted into mathematical language,
which is used to solve the weight vector «, so that ||y — (P * le)u(”% is minimized under
the constraint that || lXH% is also minimized for obtaining the optimal solution, where y is the
pixel under test. The objective function of SSCRD can be expressed as:

argmin||y — (Py, * Xjp)ee[3 + Allee| @
14
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where A is the Lagrange multiplier. Equation (7) can be expanded as:

argmin ["é ((Plb 5 Xpp) T (P % Xip) + M)“ — 20" (P le)Ty} ®)

Xip={Xi} i=1
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Figure 1. Sketch of the dual-window in CRD with the San Diego-II data set. Some aircraft pixels in
the image may fall into the outer window.

Then, taking the partial derivative of a and setting the resultant equation to zero
can obtain:

. T -1 T
& = ((sz * Xpp) ' (P * Xpp) + M) (P * Xip)' y )

where [ is the identity matrix of s X s. For surrounding pixels that are quite different from
the center pixel, the coefficients should be small. Therefore, a distance-related weight to
each pixel of Py, * XJ;, is assigned by introducing the Tikhonov regularization matrix I's
used in [38,39]. The objective function of SSCRD can be expressed as:

argmin|y — (P * Xpp)ee|3 + A| Tear |13 (10)
e
where I is defined as:
1y = Py * Xipy || 0
Is = (11)
0 |y — Puv, * Xin, |,

Similarly, taking the partial derivative of x and setting the resultant equation to zero
can obtain:

-1
&= ((Pux Xu)" (P X) + ATITs) Py Xip) Ty (12)

Then, the residual image can be obtained by subtracting the original hyperspectral
data and the predicted background data, expressed as:

v =Ny = (P * Xip)&], (13)

If « is larger than a threshold, then the corresponding pixel is claimed to be an
anomalous pixel. The flow of the proposed selective search collaborative representation
anomaly detection algorithm is summarized in Algorithm 1.
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In CRD, the background dictionary of the pixels to be measured framed by the dual-
window will be seriously polluted by abnormal pixels under the condition of an inappro-
priate dual-window size, which leads to the difficulty of effectively separating abnormal
and background pixels, resulting in unsatisfactory anomaly detection effectiveness of CRD.
The SSCRD proposed in this article can effectively reduce the abnormal pollution of lo-
cal background, improving the robustness of CRD and obtaining satisfactory detection
capability under different dual-window sizes.

Algorithm 1: Selective Search Collaborative Representation Anomaly Detector

Input (1). A hyperspectral image HSI
(2). The parameter K for the creation of initial region
(3). The threshold T for the region Merging
(4). The dual-window sizes
Output A two-dimensional map recording the detection result Img-R
Procedure For the input hyperspectral image data HSI
(1). Obtain initial region R ={rq, ..., r,} using graph-based image segmentation;
(2). Further region merging via greedy algorithm
(a) Calculate similarity matrix Simi
(b) Get highest similarity maxSimi = max(Simi) = simi(r;, 1;);
(c) While maxSimi>T do
Merge corresponding regions r¢ = r; U 7j;
Update similarity set Simi: Simi = Simi U Simiy;
Update highest similarity maxSimi = max(Simi) = simi(r;, r;);
(d) Obtain the label matrix P;
(3). For each pixel y do
(a) GettingX), = {x;};_; and Py, = {0,1};_; from the dual-window;
(b) Calculating weight vector & via the I-regularized minimization with
Equation (12);
(c) Obtaining the final residual <y via Equation (13);

3. Results

To evaluate the detection performance of the proposed SSCRD, experiments on three
typical HSIs were conducted. The SSCRD was compared with CRD [23], CRBORAD [29],
and LRSRD [22] to verify its effectiveness. The receiver operating characteristic (ROC) [40],
the area under the curve (AUC) [41], and running time were applied to evaluate the
performances. All the experiments were implemented in MATLAB on a Dell XPS13 personal
laptop with an Intel Core i5-8250U CPU with 8 GB of RAM.

3.1. Dataset

(1) San Diego: Two images of size 100 x 100 are extracted from this dataset, mainly
covering the urban scene where San Diego Airport is located in California, USA
https:/ /www.erdc.usace.army.mil/ (accessed on 1 May 2020). A total of 189 bands
from the raw dataset are reserved for the experiments. The aircraft in each image are
regarded as anomalies.

(2) ABU Airport: One image is derived from this dataset obtained from the airborne
visible/infrared imaging spectrometer (AVIRIS) sensor, http:/ /aviris.jpl.nasa.gov/
(accessed on 1 May 2020), with 3.5-m spatial resolution. The size of the image is
100 x 100 with 191 spectral bands. Three aircraft in the image are regarded as anomalies.

3.2. Detection Performance

The segmentation parameters K for three images are all set as 2 since the sizes of them
are the same. The regularization parameter A for CRD, CRBORAD, and SSCRD are all set as
10~ according to the original literature [23]. All of the settings for parameter T correspond
to the optimal label map P for each image, which are obtained by traversal of the range of
parameter values. In addition, pixels with a higher background probability are represented
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by black, and pixels with a higher abnormal probability are represented by white to more
prominently display the label map P.

The colour detection graphs for the San Diego-I image, the corresponding false color
image, the ground-truth map, the result of graph-based over-segmentation, and the cor-
responding label map P obtained from the selective search are shown in Figure 2. The
threshold T in the region fusion is set at 1.15 for the San Diego-I image because of the
optimal regional fusion effect. The color detection graphs of CRD-based methods are
shown in Figure 2, and are obtained when the sizes of the dual-window are (7,11), which is
a typical sample of unbefitting dual-window sizes for CRD in the San Diego-I image. Since
the proposed SSCRD aims to make up for the defect that the local background in CRD is
abnormally polluted, and then to improve the anomaly detection accuracy of CRD, the
sizes of the dual-window for the representation of detection results are set to present the
intuitive and effective improvement of SSCRD compared with CRD. Compared with the
ground-truth map, the anomaly detection performance of CRD is unsatisfactory because of
the blurred aircraft shapes and the difficulty in distinguishing the aircraft from pixels mis-
judged as anomalies. As shown in Figure 2, the detection graph of CRBORAD is slightly
improved compared with that of CRD, and more pixels of three aircraft are identified.
However, the shapes of the aircraft remain unidentifiable, and some background pixels
are misjudged as abnormal, which seriously affects the correct judgment of the anomaly.
By contrast, SSCRD successfully detects more abnormal pixels compared with CRD and
CRBORAD, making the shape of the aircraft more complete and clearer. Furthermore, the
detection performance of LRSRD is passable because of the recognizable locations and
shapes of the three aircraft. However, some background pixels on the bottom left edge
of the image have extremely high scores to be misjudged as anomalies. This could be
attributed to an inaccurate and incomplete background dictionary.

The ROC curves of the anomaly detectors for the San Diego-I image are shown in
Figure 3 for the quantitative comparison of detection performance under the situation that
the sizes of the dual-window are (7,11) as well. As shown in Figure 3, the probability of
detection for CRD is less than 0.3 when the false alarm rate is 0.1, while the probability
of detection for CRD is 0.78 when the false alarm rate rises to 0.5. In general, the ROC
curve of the detection results of the CRD on the San Diego-I image shows a large gap
from the upper left corner of the coordinate axis, meaning that the CRD fails to accurately
detect the anomalies. The corresponding AUC value (in percent) of the CRD is 71.81.
Compared with the ROC curve of CRD, the ROC curve of CRBORAD is closer to the top left
corner, indicating a slight improvement in anomaly detection performance. Concretely, the
probability of detection reaches 0.55 when the false alarm rate is 0.1, while the probability of
detection is 0.8 when the false alarm rate is 0.25. The AUC value (in percent) of CRBORAD
is 85.48. Based on the ROC curve of SSCRD, the detection effect is significantly improved
by the selective search compared with CRD and CRBORAD. When the false alarm rate is
0.1, the probability of detection reaches 0.87, and the curve is closest to the upper left corner
of the coordinate axis. Moreover, the detection probability of SSCRD is always higher than
that of CRD and CRBORAD when the false-alarm rate changes from 0 to 1, showing a
considerable improvement compared to CRD. The RCO curves of LRSRD and SSCRD are
slightly different, and the AUC value (in percent) of SSCRD and LRSRD are 94.77 and
92.90, respectively, indicating the superior detection performance of SSCRD for the San
Diego-1 image.
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(b) Reference

(c) Over-segmentation (d)P

(e) CRD (f) CRBORAD

Figure 2. Cont.
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(g) LRSRD (h) SSCRD
8

Figure 2. Color detection maps for San Diego-I image with dual-window sizes (7,11). (a) False color
image; (b) ground-truth map; (c) over-segmentation; (d) label map P; (e) the detection result of
CRD; (f) the detection result of CRBORAD; (g) the detection result of LRSRD; (h) the detection result
of SSCRD.
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Figure 3. ROC curves for San Diego-I dataset with dual-window sizes (7,11) for CRD, CRBORAD,
and SSCRD.

For the San Diego-II image, the false color image, ground-truth maps, the result of over-
segmentation, the label map P obtained from the selective search, and the corresponding
color detection graphs are shown in Figure 4. The threshold T in the region fusion is set at
1.40 for the San Diego-II image because of the optimal regional fusion effect. To present
the intuitive and effective improvement of SSCRD compared with CRD, the sizes of the
dual-window for the San Diego-II image are set at (9,13) for CRD, CRBORAD, and SSCRD,
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which is a typical sample of unbefitting dual-window sizes for CRD in the San Diego-II
image. As shown in Figure 4e, the anomaly detection effectiveness of CRD is very general.
First, the shapes of the two airplanes as the abnormal target to be identified at the lower left
corner are relatively obscure, and it is difficult to distinguish them from the background
pixels misjudged as abnormal. Second, the position and shape of the other airplane as
the abnormal target to be identified are completely indistinguishable. Compared with
CRD, the anomaly detection capacity of CRBORAD improves to some extent, as shown in
Figure 4f. Not only are the positions and shape of the two airplanes at the lower left corner
generally discernible, but also some anomaly pixels belonging to another smaller airplane
also stand out. However, the shape of this anomaly target is still too fuzzy to recognize it as
an airplane. Due to the selective search, both the positions and shapes of the three aircraft
are clearly presented in the color detection graph of SSCRD. The scores of those anomaly
pixels are high enough to highlight them from a complex background, thereby achieving
effective anomaly detection. Thus, SSCRD greatly improves the hyperspectral anomaly
detection capability of CRD. As for LRSRD, the two airplanes in the lower left corner are
clearly detected, but the other airplane is vague and unrecognizable. Many background
pixels in the upper-right and lower-right corners of the image possess high scores, which
disrupts the effective detection of anomalies.

The ROC curves of the four anomaly detectors under the dual-window sizes of (9,13)
for the San Diego-II image are shown in Figure 5 for a quantitative comparison of detection
performance. As shown in Figure 5, the probability of detection for CRD is less than
0.6 when the false alarm rate is 0.1, while the probability of detection for CRBORAD is
about 0.78, and that for SSCRD is already close to 1. The furthest away from the upper
left corner of the coordinate axis indicates that the anomaly detection accuracy of CRD
needs to improve. The ROC curve of SSCRD is much closer to the upper left corner of
the coordinate system, indicating a great improvement compared with CRD and a better
detection performance than that of CRBORAD and LRSRD. The corresponding AUC
values (in percent) are 85.19, 88.69, 94.30, and 98.68 for CRD, CRBORAD, LRSRD, and
SSCRD, respectively.

The false color image, ground-truth maps, the result of over segmentation, the label
map P obtained from the selective search, and the corresponding color detection graphs for
the ABU Airport image are shown in Figure 6. The threshold T in the region fusion is set at
1.95 for the ABU Airport image because of the optimal regional fusion effect. The sizes of
the dual-window for the ABU Airport image are set at (11,15) for CRD, CRBORAD, and
SSCRD, which is a typical sample of unbefitting dual-window sizes for CRD in the ABU
Airport image. As can be seen from the CRD detection results (Figure 6e), except that the
position of the left aircraft is vaguely detected, the rest of the anomalies are not detected.
The shapes and outlines of the aircraft are blurred. By comparing the detection result of
CRBORAD (Figure 6f) with the ground-truth map (Figure 6b), the position of the aircraft
on the left side is detectable and its shape is roughly distinguished. The positions of the
two smaller aircraft on the right side are indistinct. The shape and outer profile are totally
unidentifiable. In the detection results of SSCRD (Figure 6h), the position and shape of the
aircraft on the left side can be clearly detected, and the position of the two aircraft on the
right side are clearly detected, but their shapes and contours cannot be successfully detected.
Moreover, the misjudgement of the detection graph is similar to that of CRD. There is some
misjudgement at the bottom left of the image, in which some background pixels are judged
to be abnormal, which may be attributed to the basic principle of CRD. The extremely
high scores of those with misjudged backgrounds are responsible for the ambiguity of
anomaly detection. Compared with CRD, CRBORAD, and SSCRD, the score of the larger
aircraft on the left obtained from LRSRD is sufficiently high to make this anomaly clearly
visible. However, the two smaller aircraft on the right side are still indistinct. LRSRD has a
significantly higher false alarm rate. Many background pixels are displayed in the anomaly
detection image.

99



Appl. Sci. 2022, 12, 12015

(b) Reference

o Now %
r*\‘
e
Y

L > 4
|

(c) Over-segmentation (d)P

(e) CRD (f) CRBORAD

Figure 4. Cont.

100



Appl. Sci. 2022, 12, 12015

(g) LRSRD (h) SSCRD

Figure 4. Color detection maps for San Diego-II image with dual-window sizes (9,13). (a) False
color image; (b) ground-truth map; (c) over-segmentation; (d) label map P; (e) the detection result of
CRD; (f) the detection result of CRBORAD; (g) the detection result of LRSRD; (h) the detection result

of SSCRD.
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Figure 5. ROC curves for San Diego-II dataset with dual-window sizes (9,13) for CRD, CRBORAD,
and SSCRD.
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Figure 6. Color detection maps for ABU Airport dataset with dual-window sizes (11,15). (a) False
color image; (b) ground-truth map; (c) over-segmentation; (d) label map P; (e) the detection result of
CRD; (f) the detection result of CRBORAD; (g) the detection result of LRSRD; (h) the detection result
of SSCRD.

The ROC curves of the four anomaly detectors for the ABU Airport image are shown
in Figure 7 for the quantitative comparison of detection performance under the situation
that the sizes of the dual-window are (11,15). Figure 7 shows that the detection effect
of CRD is very poor. The curve is at a significant distance from the upper left corner of
the coordinate axis. Moreover, when the probability of detection is greater than 0.8, the
corresponding false alarm rate is as high as 0.35. The corresponding AUC value (in percent)
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of the CRD is 80.88. Compared with CRD, the ROC curve of CRBORAD is significantly
closer to the upper left corner of the coordinate axis. When the false alarm rate is 0.1, the
probability of detection reaches 0.8. The AUC value (in percent) of CRBORAD is 93.78.
Compared with CRBORAD, the ROC curve of SSCRD is closer to the upper left corner of
the coordinate axis, and the probability of detection reaches 0.9 when the false alarm rate is
0.1. The ROC curve of SSCRD is much closer to the upper left corner of the coordinate axis
than that of CRD and CRBORAD, and the corresponding AUC value of SSCRD is 96.74,
showing a considerable improvement to CRD and superior detection performance. Due to
the failure detection of two small aircraft, the ROC curve (in percent) of LRSRD is slightly
lower than CRBORAD and SSCRD, and the AUC value (in percent) of LRSRD is 92.99.
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Figure 7. ROC curves for ABU Airport image dataset with dual-window sizes (11,15) for CRD,
CRBORAD, and SSCRD.

4. Discussion

The sizes of the dual-window are two important parameters of CRD, which depend on
the size of the anomaly in the image of each dataset and determine the anomaly detection
availability of CRD. It is necessary to discuss the effect of dual-window sizes on the anomaly
detection performance. Tables 1-3 display the AUC values of CRD, CRBORAD, and SSCRD,
respectively, with varying window sizes on the three images.

Table 1. AUC values (in %) and computing times (in seconds) for San Diego-I image.

Win_Size CRD CRBORAD SSCRD

Wout Win AUC Time AUC Time AUC Time
13 96.90 12.58 98.38 15.50 98.19 29.15

15 1 91.38 26.71 95.94 25.85 95.73 42.80
1 94.10 9.61 97.49 11.01 97.41 25.96

13 9 84.07 20.36 93.26 20.77 94.88 36.88
9 88.51 7.60 94.99 8.96 97.12 23.58

1 7 71.81 14.88 85.48 16.74 94.77 33.61
7 80.90 497 89.03 7.32 96.73 23.65

J 5 64.35 1031 71.46 1255 96.47 29.05
5 78.76 405 80.12 5.56 98.59 21.07

7 3 62.42 6.81 64.22 8.56 99.13 22.74
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Table 2. AUC values (in %) and computing times (in seconds) for San Diego-II image.

Win_Size CRD CRBORAD SSCRD

Wout Win AUC Time AUC Time AUC Time
19 17 94.51 17.21 95.00 18.93 97.43 26.28
15 88.14 42.22 89.86 33.10 95.86 42.09

17 15 94.90 15.37 95.25 16.30 98.19 22.05
13 89.42 35.65 91.66 31.64 97.59 40.00

15 13 94.29 12.44 95.50 14.07 98.48 20.25
11 86.88 29.10 90.38 28.39 98.11 36.41

13 11 91.62 10.22 93.54 11.89 98.49 18.12
9 85.19 21.10 88.69 22.05 98.68 29.05

1 9 90.23 8.14 92.52 9.72 99.07 17.16
7 84.35 16.68 88.84 16.95 99.27 24.02

Table 3. AUC values (in %) and computing times (in seconds) for ABU Airport image.
Win_Size CRD CRBORAD SSCRD

Wout Win AUC Time AUC Time AUC Time
19 17 94.91 15.94 96.35 18.09 97.03 22.14
15 86.29 39.43 91.75 31.95 93.38 38.14

17 15 93.15 15.80 96.71 18.26 97.49 19.54
13 81.10 36.83 94.03 33.00 95.59 38.95

15 13 90.98 13.15 96.76 14.23 97.96 17.24
11 80.88 30.09 93.78 29.40 96.74 31.98

13 11 89.19 10.06 95.80 12.47 98.20 14.98
9 77.68 21.23 89.21 22.93 97.96 25.50

1 9 84.37 7.84 88.90 10.16 98.89 12.66
7 70.64 16.06 79.80 17.45 98.73 21.14

For the San Diego-I image, the AUC values (in percent) of CRD range from 62.42 to
96.90, and the AUC values (in percent) of CRBORAD range from 64.22 to 98.38 when the
size of the dual-window varies. Moreover, the AUC values (in percent) of the proposed
SSCRD range from 94.88 to 99.13 as the size of the dual-window changes. When the
size of the dual-window is set to (15,13), (15,11), or (13,11), the AUC values of the three
algorithms are not significantly different, and all are at a high level. This is because the inner
window with a relatively large size covers those nearby anomaly pixels when the pixel to
be measured is abnormal, so there are almost no abnormal pixels in the local background
framed by the dual-window. In this case, purification processing of the local background is
superfluous. However, improper selection of the dual-window sizes results in a lower AUC
value, meaning the deterioration of detection performance of CRD and CRBORAD. As the
size of the dual-window decreases, the AUC values of CRD and CRBORAD both decrease.
For example, the AUC values (in percent) of CRD and CRBORAD are 64.35 and 71.46
when the size of the dual-window is (5,9). The AUC value of CROBORAD deteriorates
slightly less than that of CRD. The small size of the inner window could not frame the
nearby abnormal pixels when the size of the anomaly to be detected is relatively large,
resulting in some abnormal pixels within the outer window and the impurity of the local
background. Due to the selective search process, the AUC of SSCRD has a stable high-level
value, meaning that the dependence of the CRD anomaly detection performance on the
size of the dual window is greatly reduced. When the size of the dual-window is (5,9), the
AUC value (in percent) of SSCRD is 96.47, which is more than 25% higher than that of CRD
and CROBORAD. In addition, different sizes of dual-window correspond to different local
background dictionaries and slightly different detection performances of SSCRD. From
Table 1, we calculate the average improvement effect of SSCRD on CRD to be 21.8% under
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different dual-window sizes, while the average improvement effect of CRBORAD on CRD
is only about 7.3%.

A similar phenomenon can be observed for San Diego-II, as shown in Table 2. The
AUC values of SSCRD are larger than those of CRD and CRBORAD under different dual-
window sizes. Furthermore, the relatively large inner window size enables CRD and
CRBORAD to obtain larger AUC values when the size of the outer window is consistent.
The highest AUC value of SSCRD is 99.27, which is close to 100%, while the highest AUC
values of CRD and CRBORAD are 94.09 and 95.50, respectively. Furthermore, the AUC
values of CRD and CRBORAD under different dual-window sizes fluctuate in the range
of nearly 10% and 6%, whereas the range of AUC value fluctuation of SSCRD is less than
4%. The minimum AUC value of SSCRD is 95.86, which is even greater than the maximum
AUC values of CRD and CRBORAD, indicating a significant improvement in the detection
performance of CRD via applying selective search.

For the ABU Airport image, as shown in Table 3, the AUC values (%) of CRD range
from 70.64 to 94.91, and the AUC values (%) of CRBORAD range between 79.80 and 96.76.
For comparison, the AUC values (%) of SSCRD range from 93.38 to 98.89. On the one
hand, SSCRD has a better effect on improving the anomaly detection performance of CRD
compared with CRBORAD. On the other hand, SSCRD effectively enhances the robustness
of CRD anomaly detection performance under different dual-window sizes. Specifically,
we deduce that the average improvement effect of CRBORAD on CRD is 9.05%, and the
average improvement effect of SSCRD on CRD is about 15.34%, according to Table 3.

Lastly, the running times of these three local anomaly detectors are listed in Tables 1-3,
indicating that the running times of the three algorithms are not much different and that
the more pixels in the local background, the longer the running time.

5. Conclusions

In this study, we proposed a selective search collaborative representation detector to
improve the widely-studied collaborative representation detector. Due to a selective search,
not only is the anomaly detection performance of CRD improved, but the sensitivity of the
detection accuracy to the size of the dual-windows is also avoided. The selective search
cleverly combines the global structure of the HSI with the spectral similarity of adjacent
pixels to divide the whole image into several homogeneous regions, so as to achieve the
initial separation of background pixels and highly likely abnormal pixels. This preliminary
judgment of whether the pixels in an HSI are background or abnormal can effectively purify
the local background defined by a dual-window, and then greatly reduce the possibility
of background contamination. Three HSIs were introduced to verify the feasibility and
effectiveness of the proposed SSCRD. Compared with CRD and CRBORAD, the proposed
SSCRD maintained superior detection performance under different sizes of dual-windows.
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Abstract: The application research of ground change detection based on multi-temporal 3D models
is attracting more and more attention. However, the conventional methods of using UAV GPS-
supported bundle adjustment or measuring ground control points before each data collection are not
only economically costly, but also have insufficient geometric accuracy. In this paper, an automatic
geometric-registration method for multi-temporal 3D models is proposed. First, feature points
are extracted from the highest resolution texture image of the 3D model, and their corresponding
spatial location information is obtained based on the triangular mesh of the 3D model, which is
then converted into 3D spatial-feature points. Second, the transformation model parameters of the
3D model to be registered relative to the base 3D model are estimated by the spatial-feature points
with the outliers removed, and all the vertex positions of the model to be registered are updated
to the coordinate system of the base 3D model. The experimental results show that the position
measurement error of the ground object is less than 0.01 m for the multi-temporal 3D models obtained
by the method of this paper. Since the method does not require the measurement of a large number of
ground control points for each data acquisition, its application to long-period, high-precision ground
monitoring projects has great economic and geometric accuracy advantages.

Keywords: unmanned aerial vehicles (UAVs); photogrammetry; 3D model; geometric registration;
accuracy; feature points

1. Introduction

The combined optical camera system technology of unmanned aerial vehicles (UAVs)
provides the potential to acquire high-spatial-resolution images of large areas [1]. Based on
images at different viewing angles obtained by UAVs, digital orthophoto models (DOMs),
digital surface models (DSMs), dense 3D points, and 3D models are created via photogram-
metry. The results are then used to evaluate the monitored ground objects” displacement
rate and topographic surface changes [2-6]. The 3D model is widely used in several fields
due to its ability to both directly display the structural details of the scene and to perform
high-precision geometric measurements, such as heritage-building documentation [7],
landslide monitoring [8,9], glacial geomorphology [10], building modeling [11], and change
detection [12]. Due to the small image size of the UAV camera, especially for oblique
photogrammetry engineering projects, the number of images may be as many as tens of
thousands or even hundreds of thousands, which greatly increases the data-processing
time and economic cost [13]. In order to obtain the dynamic displacement process of the
ground objects in the monitoring area, it is necessary to obtain the UAV image data ata
certain frequency. However, it is a challenging task to ensure that the 3D model generated
from the multi-temporal UAV images has a unified spatial reference.

Based on the UAV optical image data, the technique integrating the structure-from-
motion (SfM) and multi-view stereo (MVS) is used to generate a detailed 3D model [14-17].
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Normally, UAV imagery is geo-referenced via ground control points (GCPs), which are
placed on the study area and measured using global navigation satellite system (GNSS)
receivers or total stations [18]. In order to ensure that the 3D model generated from UAV
images of different time sequences have a unified spatial reference, the conventional pro-
cessing method is to survey a certain number of GCPs before each data acquisition. For
small- or medium-sized UAV photogrammetry projects, five GCPs can meet the geomet-
ric requirements [19]. However, more GCPs are needed for large engineering projects,
especially those that collect image data by terrain-following flights [20]. Arranging and
measuring a large number of GCPs for construction sites, or dangerous areas that are
difficult for people to reach, is costly and lacks the flexibility. As the manufacturing cost of
airborne GNSS-RTK (real time kinematic) receivers decreases, it has become possible to
integrate them into low-cost UAVs [21]. The camera position with centimeter accuracy can
be obtained by GNSS-RTK equipment, which can be introduced into the global-position-
system-supported (GPS-supported) bundle-adjustment (BA) optimization to significantly
reduce the number of GCPs required, or even eliminate the GCPs completely [22,23]. Other
research results show that the accuracy of the UAV GPS-supported BA method cannot
obtain centimeter-level accuracy; in particular, there may be systematic errors in the vertical
direction [24,25]. It can be seen from this research that high-precision geometric positioning
for ground objects based on UAV photogrammetry technology cannot yet completely
abandon the use of GCPs. In fact, the absolute position of an object is not the user’s concern
in many cases, but rather relative changes. It is more valuable to obtain the spatial position
of the ground object on the 3D model obtained from different temporal data. Obviously,
it is not economical to measure a large number of GCPs before each flight mission, and it
is impossible to obtain a high-precision unified space benchmark for the multi-temporal
3D models. For historical 3D model data especially, it is no longer possible to supplement
surveying GCPs.

The goal of this paper was to complete the geometric registration of multi-period
3D models with a uniform spatial reference. The basis of geometric registration between
models is to obtain the spatial coordinate information of the ground point of different
multi-temporal 3D models. The conventional method can obtain the spatial position of
corresponding points by manual measurement, and then estimate the geometric transfor-
mation model parameters of the two-period 3D model based on the position difference.
Due to the influence of human factors, the efficiency of this method is too low and the
reliability of the results is insufficient. So, it is necessary to propose a method that can auto-
matically match the corresponding points of the multi-temporal 3D models and calculate
their positions with high precision. There are inevitably incorrect corresponding points
after spatial-feature-point extraction, which are considered as outliers. The conventional
method of eliminating outliers based on two-view geometry verification is not effective, so
the robust and high-precision solution of the relative geometric transformation parameters
of the models is another problem.

In this paper, a method for automatic geometric registration of multi-temporal 3D
models is presented. In detail, it consists of three parts. Firstly, the spatial-feature points
are extracted from the 3D model, and the initial matching between the spatial-feature
points of different time models is completed. Secondly, based on the corresponding spatial
positions of the initial spatial-feature points, the relative geometric transformation model
parameters of the multi-period 3D model are calculated. Finally, all the vertex positions
of the registered 3D model are transformed based on the calculated model parameters, so
as to keep them unified with the spatial reference of the baseline model. The rest of the
paper is organized as follow. Section 2 briefly introduces the study area and the study-data-
acquisition process. Section 3 introduces the proposed methodology and key technologies
used in this study. Section 4 describes the experimental objectives, experimental process
and results, and provides a detailed analysis based on the experimental results. Section 5
offers the conclusions of the study.
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2. Study Area and Data
2.1. Study Area

The study area is located within the Xinjiang province (79°43'26" E and 39°28'57" N),
81 km east north from Akesu in China, as shown in Figure 1a. The average annual precipi-
tation is 80.4 mm, and the main rainfall period is concentrated in May to September. The
annual evaporation is 1643-2202 mm, which is 27 times the average annual precipitation.
The dry climate results in low vegetation coverage and a large number of stones on the
surface of the study area. As shown in Figure 1a,b the study site is located on the Akesu
River and is crossed by a road. There is a steep rock with a height difference of 100 m in the
west of the study area, as shown in Figure 1c. The stones often become loose from the steep
rock and fall to the road, which causes economic loss, property damage, and loss of life [26].
The goal of our team was to rely on UAV technology to periodically acquire UAV images
of the study site and to generate 3D models by photogrammetry. The multi-temporal 3D
models identified the rocks that were at risk of falling, or had moved. To achieve this goal,
the first problem to be solved was how to make multi-temporal 3D models have a unified
spatial reference.

79°33'45"E 79°34'0"E 79°34'15"E 79°34'30"E

41°38'0"N

41°37'45"N
41°37'45"N

1534m

1525m

1500m

41°37'30"N
41°37'30"N

1450m

79°34'0"E 79°34'15"E 79°34'30"E

0 0125 0.25 0.5 0.75
T — Road River [ studysite Lsm
.
1385m
"
Om 50m 100m 150m 200 m
(a) (c)

Figure 1. An illustration of the location and topography of the study site. (a) The location of the
study site. (b) The digital ortho model of the study site. (c) The digital elevation model and contour
of the study site.

2.2. Data Acquisition

The flight platform was a six-rotor UAV, as shown in Figure 2c, equipped with a
full-frame Sony ILCE-7RM4 camera. The detailed parameters of the flight platform and
camera system are shown in Table 1. According to the technical requirement that the
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ground sampling distance (GSD) of the UAV image is 2 cm, the designed flight routes
are shown in Figure 2a, where the relative flight altitude was 130 m, and the overlap of
heading and side direction were 80% and 60%, respectively. During the experiment period,
the same flight routes were used twice to collect UAV data. The first acquisition was on 22
June 2021, and a total of 182 images were acquired. The second collection time was 15 July
2021, and a total of 184 images were obtained.

(a) (©)

Figure 2. UAV data acquisition. (a) The flights of the study site. (b) The spray-painted stone. (c) The
six-rotor flight platform.

Table 1. The parameters of the flight platform and camera system.

Hox.rermg Loaq Max1mur.n Working Sensor Size Focal Length Pixel Size
Time Capacity Altitude (pixel) (mm) (mm)
(min) (kg) (m) P

75 15 5000 9504 x 6336 25 0.0037

In order to evaluate the difference between the two cycle models, we selected stones of
different sizes within the study site to be painted red, and measured their spatial positions
using GNSS-RTK, as shown in Figure 2b.

3. Methodology

The geometric registration of multi-temporal 3D models is to define and solve the
transformation model parameters from the vertices of the registered 3D models to the
spatial location of the based 3D models. The main process consists of three steps:

(1) The 3D model feature points are extracted from the texture image by the interest point
operator, and their position information is computed.

(2) The feature vector of spatial-feature points consists of the image information around
the feature points, which are used to match the corresponding points.

(3) According to the corresponding position of the spatial-feature points, the transformation
model parameters between models are estimated, than the new transformation model is
used to update the spatial location information of the 3D model to be registered.
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3.1. Spatial-Feature-Point Extraction

The research object of this paper was a 3D model, which contained data including
vertices, triangulated-mesh connecting vertices, and texture-image data corresponding to
vertices, as shown in Figure 3a.

Figure 3. The composition of the 3D model. (a) The vertices of the 3D model and the triangula-
tion connecting the vertices. (b) The texture image of the 3D model and the texture coordinates
corresponding to the vertices.

In Figure 3a, the yellow circles are vertices in the 3D model data, which are connected
by black lines to form a triangulation. Each vertex corresponds to a unique normalized 2D
texture coordinate, as shown by the white origin in Figure 3b. Then, the corresponding
2D texture coordinates, which are the normalized coordinates of the feature points in the
texture image, and 3D vertices are rendered to form a regular 3D model.

The prerequisite of 3D model registration is to obtain high-precision spatial-feature
points and their corresponding spatial positions. However, the conventional method
of extracting image feature points directly extracts the coordinates of 2D image points,
and then recovers their spatial positions based on the SfM pipeline algorithm [27]. Since
texture images of 3D model data are irregular images, as shown in Figure 3b, the direct
transformation relationship between texture coordinates and their spatial coordinates
cannot be directly formed. Therefore, we propose a spatial feature-point-extraction method
that can calculate the corresponding spatial positions of feature points on texture images.

Firstly, feature points are extracted from texture images. The scale-invariant feature
transform (SIFT) feature has been widely used in the field of feature extraction because
of its advantages of invariant to lighting, scale, and rotation changes and can overcome
affine image changes [28]. In this paper, SIFT feature points are first extracted from texture
images, and their image coordinates are normalized to texture coordinates, as shown in

Equation (1).
ty = wggd
_ y 1)
{ty =1—

where wid and hei represent the width and height of the texture image (in pixels), respec-
tively. ty and t, represent the normalized texture coordinates.
Secondly, the plane coordinates of feature points [X, Y] " are interpolated. The

normalized texture coordinates [ty ty]T of each triangle were searched to obtain the
texture vertex coordinates of the triangles. A schematic diagram of a triangle and model
triangle is shown in Figure 4.
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ts

iy
Figure 4. The mapping relationship between texture triangles and model triangles.

In Figure 4, t1, tp, and t3 are the three normalized vertex coordinates of the texture
triangle, respectively. X, X5, and X3 are the spatial plane coordinates of the model triangle,
respectively. t; is the normalized texture position corresponding to the extracted feature
point. X; = [Xo Yo Zu) Tis the spatial position corresponding to t;. According to the
corresponding relationship between the model triangle and the texture triangle, the plane
coordinates of texture triangle and model triangle are defined as a 2D affine transformation,
which can be expressed as Equation (2).

Rl
1

where (a,b,c,d, e, f) are 2D affine-transformation parameters.

The three normalized texture coordinates of the texture triangle and the vertex plane
coordinates of the corresponding model triangle are put into Equation (2). After finishing,
which can be expressed as:

AX=L (©)]
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txy typ 1 0 0 0 a Xwq

0 0 0 txg ty; 1 b Yw,

| txo typ 10 0 O | | Xwp
where A= 0" 0 0t ot 1 X7 'Y v
tx3 tyz 1 0 0 0 e Xws

0 0 0 txz tyz 1 f Yws

Based on the least-squares adjustment method, the affine-transformation parameters
in Equation (3) can be obtained from Equation (4).

X = (ATPA) B (ATPL) @)

All the spatial-feature points obtained by matching are considered as equal-weighted
observations, and their corresponding stochastic models are defined as an identify matrix,
as shown in Equation (4) for P. Affine-transformation parameters can be estimated based
on Equation (4). Then, according to affine-transformation parameters and Equation (2), the

corresponding space plane coordinates [Xy, Yo T of feature point ¢; can be calculated.
Thirdly, the feature-point elevation coordinate Z; is fitted. The vertex coordinates
of the model triangle are defined as planes, and the elevation coordinates of the feature
point can be obtained by interpolation in the plane after fitting. If the spatial coordinates
of the model triangle vertices are [X; Y7 Z] r (X2 Yo 7] T and (X5 Y3 Z3] t

respectively, and the spatial coordinates of the feature points are [Xw Y Zw} T, then the
above four points are in the same plane, which can be expressed as follows:

Xo Yo Zo 1

X, Y, 7y 1|

X Y, Zp 1] 0 ©®)
X5 Y5 Zz 1

Equation (5) can be expressed as:

(Xw — X1)(Yo1Z31 — Y31Z21) + (Yoo — Y1)(Z21 X531 — Z31X21)
X21Y31 — X31Y21

Zw - Zl - (6)

After obtaining the plane coordinates [Xw Yw] T of the feature point, the elevation
coordinates Z;, of the feature point can be fitted by Equation (6).

3.2. Spatial-Feature-Point Matching

When the feature points of all 3D-model texture images are extracted and their spatial
positions are calculated, it is necessary to establish the corresponding relationship between
the spatial-feature points of the base 3D model and the spatial-feature points of the 3D
model to be registered. Based on the 128-dimension normalized feature vector of SIFT
points, the similarity value of the feature vector is obtained after calculating the Euclidean
distance, and then it is determined whether the two feature points are corresponding
points [28]. In conventional image-matching, the feature points and feature vectors of
image A and B are obtained, respectively, and then the similarity between the feature points
set of image A and image B are determined successively to complete the two-view image
matching. After the feature points and feature vectors of a batch 3D model are completely
acquired, the exhaustive search and matching method cannot be realized due to the large
amount of data. Therefore, this paper adopts the axis-aligned bounding-box (AABB) search
method to match the corresponding points between the feature points of the base 3D model
and the feature points of the 3D model to be registered.

After extracting the feature points of the base 3D models, the set of their spatial-feature
points is generated, as shown by the blue dots in Figure 5a. In the same way, the spatial-
feature-point set of the model to be registered is generated, as shown in Figure 5b. The
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Yy

set of spatial-feature points in Figure 5a is evenly divided into AABB bounding boxes, so
that the number of feature points contained in each bounding box is less than a threshold
(value 3000), as shown in the bounding box set {B;|i =1,2,---6} in Figure 5a. Then,
according to the prior knowledge r of the positioning error between the base model and the
model to be registered, the bounding box is expanded by r to form the search bounding box
{Sili=1,2,--- 6} for the set of feature points to be registered. After the similarity matching
between the bounding box and the searching bounding box is completed, a complete list of
corresponding points between the base feature points and the feature points to be registered
can be obtained.

B B B, I
By 1.Bs™ B )
. D. . ’,ﬂ '.‘ *e . R
. * _ o o . '/‘. .
X
@) (b)

Figure 5. The AABB bounding box of the search range. (a) The bounding box of the base model space
feature points. (b) The searching bounding box of the model space feature points to be registered.

3.3. Registration Model Solution

The geometric transformation model from the vertex of the registered 3D model to the
vertex of the base 3D model can be defined as 3D similarity transformation, as shown in

Equation (7).

Xb Xy 18%
Y, | =AR| Y, | + |1y ?)
Zb Zr Ty

where [X, Y, Z] Tis the vertex position of the model to be registered and [X;, Y}, Z] B

is the corresponding vertex position of the base model. R and [ry 7y rZ]T represents
the rotation matrix and the translation from the vertex of the model to be registered to
the base model, respectively. A represents the scale factor from the vertex of the model
to be registered to the base model, and when A = 1, Equation (7) becomes a 3D rigid

transformation model.
The detailed definition of rotation matrix R in Equation (7) is shown in Equation (8).

cos @ 0 —sing| [1 0 0 cos K —sink 0
R:RwaR;{: 0 1 0 -0 cos w —sinw |- |sink Ccos K 0 =

sin @ 0 cos @ 0 sinw cosw 0 0 1

€OS ¢ COS K — sin ¢ sin w sin — cos @ sink — sin ¢ sinw cos k — sin @ cos w
cos w sink €OS (W COS K —sinw

sin ¢ cos K + cos ¢ sin w sin k — sin @ sink + cos ¢ sin w cos k €OSs ¢ cos w

where (¢, w, ) are the rotation angle of the rotation matrix R.

When a sufficient number of corresponding spatial points are obtained, the Levenberg-—
Marquardt (LM) algorithm [29] is used for solving non-linear squares problems, and the
seven transformation parameters of Equation (7) can be obtained. The open source library
“levmar” [30] of the LM algorithm is used to solve the transformation parameters. However,
the initial corresponding spatial-feature points obtained by the similarity of feature vectors
inevitably contain incorrect correspondences, which are usually referred to as outliers.
Therefore, the random sampling consistency algorithm (RANSAC) is adopted to eliminate
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the outliers and robustly obtain the transformation model parameters [31]. Finally, the
estimated model parameters are used to transform all vertices of the registered model to
complete the geometric registration.

3.4. Data Processing

After acquiring multi-temporal UAV images and position and orientation system
(POS) data, the software of “Context Capture V10.16.0.75” was used for 3D reconstruction
to obtain 3D models. Then the feature points of the 3D model were extracted and their
corresponding spatial positions were calculated based on the method in Section 3.1. Thirdly,
the spatial-feature points were initially matched to obtain the initial correspondence based
on the method in Section 3.2. Fourthly, the model transformation parameters from the
registration model to the base 3D model were estimated based on the initial correspondence,
and all vertices of the registered 3D model were updated based on the method in Section 3.3.
The workflow of the data processing is shown in Figure 6.

Base 3D model Registered 3D model

UAV images PPK POS
[ |

*

UAV images PPK POS
[ |

3D reconstruction 3D reconstruction

Feature extraction Feature extraction
Spatial feature points Spatial feature points
I I

v

Init feature matching

.

Estimate transformation model

.

Apply transformation model

Figure 6. The workflow of data processing.

4. Experiment Results and Discussions

To verify the effectiveness of the algorithm, we selected seven stones of different sizes
in the study area and applied red paint to their surfaces. The distribution of the stones is
shown in Figure 7.

C1-C7 in Figure 7 represent the numbering of the seven stones. The positions of
the seven stones were accurately measured by GNSS-RTK equipment. Before the second
period of data acquisition, the positions of the seven stones were changed and their spatial
positions were measured again, and then the UAV image data were collected. The purpose
of the experiment was to evaluate the positioning accuracy of multi-temporal 3D models
geometric registration by the moving positions of the seven stones.
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The spray-painted stone.

Figure 7. The 3D model of the study site and the spray-painted stones.

4.1. Distribution and Correspondence Analysis of Spatial-Feature Points

The number and distribution of spatial-feature points are the basic conditions for 3D
model geometric registration. Firstly, the feature points were extracted from the texture
images in the 3D model, and then the spatial positions of the feature points were calculated
based on the triangulation of the 3D model to generate the corresponding spatial-feature
points. Figure 8 shows the feature-point-extraction results of two texture images.

(b)

Figure 8. The distribution of feature points in texture images. (a) A continuous texture image. (b) A

fragmented texture image.

The white dots in Figure 8 represent the extracted feature points, of which the feature
points extracted in Figure 8a were evenly distributed and not significantly different from
those of the conventional image. In Figure 8b, due to the fragmentation of texture images,
many feature points were distributed in the non-textured image area. Obviously, these
feature points were invalid and needed to be eliminated in the feature-matching process.
According to the analysis of feature-point-extraction results in Figure 8, although 3D
texture images are irregular and fragmented, a sufficient number of feature points could
still be extracted. After extracting all the feature points of the lowest-level model, the
spatial positions of the feature points were calculated, and the planar feature points were
converted into spatial-feature points. The spatial-feature points were superimposed and
displayed with the 3D grid model, as shown in Figure 9.
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Figure 9. The distribution of feature points in the mesh model.

The green dots in the left of Figure 9 are the extracted spatial-feature points, which
were uniformly distributed on the surface of the mesh model. The right side of Figure 9
shows the enlarged display of the red box. Analysis from the visual performance showed
that the extracted spatial-feature points were strictly fitted to the surface of the mesh,
and their planar positions and elevation interpolation results were consistent with the
actual situation, and were reasonable. After obtaining the spatial-feature points, the initial
similarity determination and 3D model geometric registration were performed to obtain
the corresponding points in different stages, as shown in Figure 10.

The yellow dots in Figure 10a,b represent the distribution of spatial-feature points
extracted from the 3D model in two periods, respectively, which were evenly distributed
but had no correspondence between spatial-feature points. Figure 10c,d shows the initial
matching correspondence of the spatial-feature points for the two periods’ data, from which
it can be seen that it still contained a certain number of outlier points, as shown in the
red-boxed area. Figure 10e,f shows the final correspondence of the spatial-feature points
obtained after model registration. Compared with Figure 10c,d, the outliers existing in
the initial corresponding spatial-feature points have been eliminated. After statistics, the
number of spatial-feature points extracted from the data in the two periods was 100,834 and
93,751, respectively. After similarity-determination, a total of 4914 initial corresponding
points were obtained. A total of 2816 final corresponding spatial points were obtained after
the two periods of 3D model registration. Based on the analysis of the above results, it
is possible to obtain sufficient and evenly distributed corresponding points by extracting
spatial-feature points from the multi-period 3D model.

4.2. Geometric-Registration-Accuracy Analysis of Spatial-Feature Points

A total of three methods are used to generate 3D models for evaluating the relative
geometric positioning accuracy of multi-temporal 3D models. The first method is to
generate 3D models based on low-precision UAV airborne POS data. The second method
uses post-processed kinematic (PPK) technology to obtain high-precision position at the
time of image acquisition, and uses a GPS-support method to complete 3D reconstruction
to obtain 3D models. The third method uses the 3D-model alignment method proposed in
this paper, and performs vertex updates on the 3D model to be aligned based on the model-
alignment parameters. The spatial-feature points of the above three types of 3D models
were extracted, respectively, and the corresponding points of the final spatial features were
obtained. The positions of the spatial-feature points in the base 3D model were subtracted
from the positions of those in the 3D model to be aligned to obtain any residual positioning
errors, and the results are shown in Figure 11.
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Figure 10. The corresponding distribution of spatial-feature points, the yellow dots in the figure are

the spatial-feature points. (a) The initial spatial-feature points extracted. (c) The initial correspondence
of spatial-feature points, with incorrect correspondence in the red box. (e) The fine correspondence
of spatial-feature points after registration. (b,d,f) corresponds to (a,c,e) and are the results of the
second-cycle data.

DX, DY, and DZ in Figure 11 represent the position residual errors in X, Y, and
Z directions, respectively. The residual error distribution in Figure 11a shows that the
positioning accuracy of conventional UAV-borne POS was low, and there were obvious
systematic errors among the generated multi-temporal 3D models. When high-precision
PPK data was used to generate 3D models, the positioning accuracy of its multi-period 3D
models was greatly improved. The relative positioning accuracy of the two temporal 3D
models was less than 0.2 m, as shown in Figure 11b. However, the average values in the Y
and Z directions were not zero, indicating that a small amount of systematic positioning
error still existed in these two directions. The residual errors of the corresponding points
of the 3D model after using the geometric alignment of this paper were all close to 0 m,
showing a random distribution in Figure 11c. The residual-error accuracy of spatial-feature
points obtained by the three methods was calculated, and the results are shown in Table 2.
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Figure 11. The corresponding point residual errors of the spatial-feature points. (a) Results obtained
based on UAV airborne POS system. (b) Results obtained based on PPK POS data. (c) Results
obtained based on 3D-model automatic registration.

Table 2. Comparison of the positioning accuracy of corresponding points for different 3D models.

Method AVG X (m) AVG Y (m) AVG Z (m) STD X (m) STD Y (m) STD Z (m)
POS 1.21 —2.21 —1.46 0.12 0.12 0.13
PPK 0.01 0.08 —0.16 0.09 0.11 0.09
REG 537 x 107° —238x10°° 7.10 x 107 0.05 0.06 0.07

In Table 2, AVG represents the average error of corresponding points of spatial features,
which reflects the systematic error of relative positioning accuracy of multi-temporal 3D
models. STD represents the standard deviation, which reflects the internal aggregation of
corresponding points of spatial features. Based on the results in Table 2, it can be seen that
the overall average error of the 3D model generated from conventional UAV airborne POS
data was 2.91 m. The accuracy was low and cannot be directly used for change detection
in multi-temporal 3D models. The overall average error of the multi-temporal 3D models
generated based on PPK data was better than 0.18 m, but there were still a few systematic
errors in the Y and Z directions, which were consistent with the results in Figure 11b. The
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overall average error of the 3D-model alignment method proposed in this paper was almost
equal to 0 m. After compensation by the transformation parameters, the overall STD of
the corresponding points was reduced from 0.36 m to 0.14 m. In contrast, the geometric
registration of multi-temporal 3D models based on spatial-feature points proposed in this
paper can effectively eliminate the spatial location differences among 3D models and obtain
a unified spatial reference.

4.3. Accuracy Analysis of 3D Model after Registration

In order to further evaluate the positioning error between the registered 3D model
and the base 3D model, we accurately measured the displacement of seven spray-painted
stones between the two sequential 3D models.

Figure 12 shows the screenshots of the sprayed stones numbered C1 and C5 in the
two sequential 3D models. The GNSS-RTK equipment was used to measure the spatial
position of the sprayed stones before the two UAV data collections, and their spatial
displacement was calculated and used as the true value. Using the same three 3D model
data as in Figure 11, the displacement of the sprayed stones in the sequential 3D model
was calculated after manually measuring their spatial position in the 3D model. The
actual displacement obtained from GNSS-RTK equipment was subtracted from the model
displacement measured manually to obtain the difference in displacement of the seven
sprayed stones, and the results are shown in Table 3.

Figure 12. The sprayed stones in the two sequential 3D model. P1 represents the 3D of the first
period, and P2 represents the second period.
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Table 3. The displacement and difference of the sprayed stones in the two sequential 3D models.

Displacement (m) Difference (m)
Name
GPS POS PPK REG POS PPK REG
C1 0.49 3.13 0.41 0.49 —2.64 0.07 —0.01
C2 0.62 2.87 0.58 0.61 —-2.25 0.04 0.01
C3 0.88 3.03 0.83 0.87 —-2.15 0.06 0.01
C4 0.63 3.14 0.53 0.61 —2.51 0.10 0.02
C5 0.37 2.97 0.24 0.33 —2.61 0.13 0.04
C6 0.73 3.20 0.69 0.77 —2.46 0.04 —0.04
Cc7 0.47 3.14 0.34 0.45 —2.67 0.13 0.02
AVG - —2.47 0.08 0.01

The GPS column in Table 3 shows the actual spatial displacement of the sprayed
stones. Based on analysis of the results in Table 3, the sequential 3D model generated by
conventional POS data shows that the average value of the difference in spatial displace-
ments was —2.47 m, far exceeding the actual spatial displacements of the sprayed stones.
So, 3D models generated based on conventional POS data cannot be directly used for
ground object change detection. The average value of the spatial-displacement difference
was reduced to 0.08 m after using PPK data, which is about three times the GSD. The
results show that the multi-period 3D model generated by PPK data can be localized and
discovered when the spatial-location-change value of ground objects exceeds three times
the GSD. In contrast, the average of the spatial displacement difference was as low as
0.01m for the model-registration method in this paper. The results in Table 3 show that the
relative distance measurement error of the aligned 3D model was less than 0.01 m. The
results show that the 3D model generated based on the method in this paper has a highly
uniform spatial reference for the multi-temporal 3D models and can be directly applied to
the change detection of the multi-temporal 3D models.

5. Conclusions

In this paper, we propose a fully automatic 3D model registration method, which
converts 2D feature points extracted from the highest resolution texture image of the
model into 3D spatial-feature points, and solves the model-transformation parameters
of the 3D model to be aligned with respect to the base 3D model, and then establishes a
unified spatial reference for multi-temporal 3D models. The experimental results show
that the multi-temporal 3D models generated by high-precision PPK data combined with
GPS-support method can locate ground object displacement that is more than three times
that of the GSD of the UAV image. In comparison, the average value of the difference
between the measured ground object displacement and the actual object displacement was
0.01 m for the 3D model generated by the method in this paper. This method does not need
to measure GCPs at each data acquisition to make a multi-time series 3D model with a
uniform spatial reference. For periodic dynamic inspection tasks, it has the great advantage
of saving project cost and economic cost.
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Abstract: Recently, the monitoring efficiency and accuracy of visible and infrared video have been
relatively low. In this paper, we propose an automatic target identification method using surveillance
video, which provides an effective solution for the surveillance video data. Specifically, a target
identification method via multi-view and multi-task sparse learning is proposed, where multi-view
includes various types of visual features such as textures, edges, and invariant features. Each view
of a candidate is regarded as a template, and the potential relationship between different tasks and
different views is considered. These multiple views are integrated into the multi-task spare learning
framework. The proposed MVMT method can be applied to solve the ship’s identification. Extensive
experiments are conducted on public datasets, and custom sequence frames (i.e., six sequence frames
from ship videos). The experimental results show that the proposed method is superior to other
classical methods, qualitatively and quantitatively.

Keywords: target identification; multi-view multi-task; spare representation; feature extraction

1. Introduction

With the emergence of various high-resolution visible light and infrared cameras,
video monitoring technology has been rapidly developed and applied. Currently, many
video cameras are deployed in streets, traffic, and ports, and these are mainly convenient
for the staff at the monitoring center to observe and understand the site conditions of each
monitoring station. However, the area covered by each monitoring point is relatively small.
To expand the monitoring range, more and more video monitoring points are arranged,
the workload of the personnel on duty becomes heavier, the work efficiency is relatively
low, and they are no longer willing to use the monitoring video. Therefore, most video
monitoring has become a kind of decoration at present. “How do I make the most of video
surveillance?” It has become the focus and difficulty in the field of target identification. To
solve the above problems, this paper studies the target identification method.

Recently, several computer vision and machine learning methods have shown compet-
itive results in target identification and tracking [1,2], especially the deep learning-based
method that has received extensive attention in recent years due to its excellent perfor-
mance [3-7]. However, these methods rely on the parameter adjustment of the neural
network model. The training time is long, and it is easy to consume a lot of computing re-
sources [8]. Therefore, these models may be inefficient in the case of demanding tracking [9].
In addition, the visual tracking decomposition method [10] adopts the sparse principal
component analysis method based on multiple features to build multiple basic track-
ers, but the tracking performance of this multi-feature method is not good. The sparse
representation-based method [11-13] uses the particle filter framework [14] to target identi-
fication based on sparse representation. In addition, the multi-task learning [15] method
is an efficient method, which learns the sparse representation of all particles in the parti-
cle filter framework [16]. Compared with the L1 method with sparse representation [17],
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although the multi-task method (MTT) takes advantage of the interdependence between
particles, the robustness of multi-task is not good due to the existence of outliers.

To identify targets more robustly, researchers have proposed a multi-task and multi-
perspective learning method to optimize the target identification problem [18,19]. In this
paper, we propose a target identification method based on multi-task multi-view sparse
learning (MVMT).

The main contributions of this paper are summarised as follows:

(1) A multi-view multi-task method based on sparse representation, namely MVMT,
is proposed for target identification. Compared with the previous related method,
the proposed MVMT can not only use the learning based on sparse representation,
but also introduces a variety of complementary perspective features to enhance the
expression features of the targets;

(2) Each perspective of each particle is regarded as a separate task, and the potential
connections between different perspectives and different particles are considered in a
multi-task learning framework;

(3) To capture the outlier tasks that frequently occur in the particle sampling process, the
coefficient matrix is decomposed into two cooperative parts to enhance the robustness
of multi-task learning, and the posterior probability of outliers is set to zero to ensure
that samples will not be taken in the resampling process.

2. Related Works

Recently, researchers have proposed various target identification methods: a typical
method is finding the target position through the response map generated by the online
learning correlation filter (CF) and determining the target scale using a fixed scale factor.
The CF based trackers include Kernelized Correlation Filters (KCF) [20], multichannel
features [21], adaptive scale estimation [22], the fusion of complementary learners [23], long
short-term memory [24], support vector machines [25], sparse coding [26] etc. However,
these CF-based trackers have some major shortcomings: First, the tracker relies excessively
on the maximum response value when determining the target position. Second, the CF-
based tracker uses a fixed scale factor to determine the size of the target, which is not
suitable for the actual scale change of the moving target. Therefore, when the tracking
scene is too complex, the generated model is not robust enough. Besides the optical flow
method, Camshift and Meanshift are also popular target tracking methods used in recent
years, showing their potential in identification in tracking applications [27,28]. However,
these methods identify the target according to its single feature, and it is impossible to
identify a common single feature that can be applied to different situations.

To improve the robustness of prediction, various ensemble methods have been studied.
The Staple tracker [29] consists of a correlation filter and a model based on color histogram,
which complement each other. In [30], three different feature trackers based on support
vector machines are integrated, and the trackers are adaptively selected according to the
consistency of front and rear tracks. In order to eliminate redundancy between weak
models, efficient diverse ensemble co-tracking [31] trains different models by generating a
set of effective manual data. Multi-cue correlation filters tracker [32] assigns the suitable
weak classified based on their self-wise and pairwise relationships. Due to the limited
training samples, sequent training convolutional tracking (STCT) solved the problem of
overfitting existing convolutional neural networks (CNNs) in visual tracking [33]. STCT
uses binary masks to force basic learners to learn different features. In the correlation
filter method it is proposed to fuse response maps from different convolutional neural
network levels. Therefore, integrating multiple individual CF [34] has become a common
technology. Under the Siamese tracking pipeline, a twofold Siamese network trains an
appearance model and a semantic model, respectively, for online combination [35]. The
learning part-based model of joint tracking is also discussed in the Siamese network [36].
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3. Problem Description and Modeling

The target can be represented by multiple types of visual features, including edge [37],
intensity [38], color [39], and texture [40]. Using the complementary features of these multi-
sources, information can significantly improve the target identification performance [39,4143].
These different visual features are sampled from different feature spaces. Since the view
data are extracted from the same object of interest, these data are interrelated, i.e., each
view datum can be obtained from the sparse representation of a part of the samples under
the view. In practical applications, gradient direction histogram (HOG) [44], local binary
pattern (LBP) [45] and scale-invariant feature transformation (SIFT) [46,47] are highly ex-
pressive perspective features. Therefore, the robustness of the target identification problem
is enhanced by combining the above multiple perspectives and training multiple samples
at the same time. To express the scheme more intuitively and conveniently, the flow chart
of the multi-view and multi-task learning method is presented in Figure 1.

Sequence Particle filter Feature extraction

W SIFT

Multi-view multi-task
sparse learning

=

Tracking result

Multi-task
]
X
|

Figure 1. Target identification schematic of multi-view multi-task algorithm.

Assuming that s; and x; represent the state variables and observation variables at
time f, respectively, the target identification problem can be described as the estimation of a
posteriori state probability py(s¢|s;—1) through a limited set of n particles with importance
weights wj, which x4 = {x1,---,x;} are the previously observed t frames of images.
Particle samples s; are sampled from the importance distribution q(s¢|s1.t, x1.t), i.e., the
simplification of state transition probability p(s¢|s;—1). In addition, the importance weight
of particle i is updated through the observation probability, i.e., wi = w! | p(x; |slt)

The sparse representation of feature x can be reconstructed by the regularization /1
problem to minimize the error [3]:

min|[MW — X][3 + A[[W|}x (1)

where M = [D, I, —I] is a complete dictionary composed of target template set D and
positive and negative background template sets I and —I. Each column is a target template
in D, and the candidate region pixels are modified in the column vector. Each column in
the background template set is a unit vector with one non-zero element.

T. . . . .
W = [aT,etT,e~T]" is composed of target coefficient and positive and negative back-
ground coefficients e*T ¢T. Each column in aT represents a classification plane.
The probability of this observation is derived from the reconstruction error of x

1
p(xly) = 4 exp{—a||Da — x[|*} @
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where a is obtained by solving (1), « is constant and is used to control the shape of the
Gaussian kernel, and Y is the normalization parameter.

4. Multiple Feature Extraction Methods for Target Identification

In this paper, we introduce four typical feature extraction methods to make the ad-
vantages of complementary features, including the scale-invariant feature transformation
(SIFT), the histogram of oriented gradient (HOG) [9], the local binary pattern (LBP) [47],
and the Hu invariant matrix. Specifically, HOG is edge distributions of objects captured
based on gradient features. LBP has a powerful function of representing object texture. Hu
moment invariants are fast and can better describe larger objects in the image. In addition,
to ensure the quality of extracted features, a simple and effective illumination normalization
method is adopted before feature extraction [19]. The unit norm normalization is applied
to extract feature vectors for each particle’s viewing angle [46]. To clearly show the feature
extraction process, we adopt four feature extraction methods to extract features from the
same image, which are elaborated as follows. Since the ship has significant texture features
and edge features, we choose the ship image as an example, and the original image of the
ship is presented in Figure 2.

Figure 2. Original image of ship.

4.1. Scale-Invariant Feature Transformation (SIFT) Feature Extraction Method

Scale-invariant feature transformation (SIFT) is a machine learning method for local
feature detection. The feature points of adjacent image frames are matched by the features
obtained from the size and direction of the feature points in the image and their related
descriptors. The extraction result of the SIFT feature on key point descriptors of the ship is
shown in Figure 3.

Figure 3. SIFT feature on key point descriptors of ship.
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From Figure 3, it can be seen that the key point descriptors show the features of the
scale size and direction of the descriptors. These features have a scale variance for changing
image brightness, rotation angle, or shooting angle. These quantized features can be used
to match the feature points of adjacent ship image frames, i.e., when the descriptors of
the two adjacent ship frames are extracted, the key descriptors between the adjacent ship
frames can be matched. When the direction and module length of the 128-dimensional
vector are matched, the two frames are matched.

4.2. Gradient Direction Histogram (HOG) Feature Extraction Method

HOG is a gradient direction histogram feature that is used to detect objects in im-
age processing in the field of computer vision. HOG is a histogram feature formed by
counting the gradient direction of each pixel in the local neighborhood of the image. The
implementation method of HOG is as follows:

Firstly, Gamma space and color space are normalized. In the texture feature of a ship im-
age, the weight of the local surface exposure factor is large. Therefore, the Gamma compression
algorithm can effectively reduce the local illumination variation of the image. The ship image
is transformed into a gray scale, then the gamma compression formula I(x,y) = I(x, y)8®™™
is adopted, where gamma is the compression parameter, and gamma = 0.5 is desirable. The
result is shown in Figure 4, which shows the normalized Gamma space and color space of the
ship images, which can reduce the influence of light factors.

Figure 4. Gamma compression image of the ship.

Then, the image is divided into small unit intervals that are called cell units. The
direction histogram of the gradient of each pixel is obtained from the cell unit. Finally, the
collected histograms are combined to form a feature descriptor. The image of ship HOG
feature extraction is shown in Figure 5.

From Figure 5, it can be seen that the information of the HOG gradient mainly exists
in the edges of the image, which can describe the appearance and shape of the ship target
with the edge or gradient directional density distribution. Therefore, the HOG features
have good invariance to the geometric and optical changes of the image. In addition, under
the conditions of strong local light normalization and rough spatial sampling and fine
direction sampling, fine deformation can be allowed without affecting the detection result.
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Figure 5. HOG feature extraction image of the ship.

4.3. Local Binary Pattern (LBP) Feature Extraction Method

LBP is a feature extraction method for local texture features in an image. Its essence is
to describe the relationship between pixels in an image and pixels in its neighborhood. LBP
has the advantages of gray constancy and rotation constancy. The algorithm for extracting
LBP features from the ship database is as follows:

Step 1: Divide the manually drawn object of interest box into 16 x 16 cells;

Step 2: Compare each pixel of the ship sample with the gray value of the surrounding
eight pixels, and convert the binary results into decimal numbers;

Step 3: Calculate the LBP value of each pixel in each cell, count the frequency of LBP
value of each pixel, and obtain the histogram;

Step 4: Splice the statistical histograms of each cell into separate feature vectors.

The LBP’s texture feature of the ship is presented in Figure 6, and the histogram of the
ship is shown in Figure 7.

Figure 6. LBP texture image of the ship.

130



Appl. Sci. 2022, 12, 10955

1,0000 ' ' '
8,000 | QO
6,000 | -
4,000 |- _
2,000 + -
) | 28 11| ot o et o1 ol
0 10 20 30 40 50 60

Figure 7. LBP histogram of ship.

In Figure 6, the principle of LBP is to compare the gray value of a pixel in the ship image
with the gray value of the pixel around it, and then convert the comparison results into
binary mode. From Figure 6 it can be seen that after LBP feature extraction the remarkable
ship texture feature map is displayed, and it has the characteristics of gray scale constancy
and rotation constancy. From Figure 7, most of the energy is distributed in 59 histograms
with high probability. Taking into account the compression of ship eigenvectors, it is very
reasonable for us to use these 59 histograms to describe the ship texture in this experiment.

4.4. Hu Invariant Matrix Feature Extraction Method

The Hu invariant matrix is a set of characteristic quantities composed of seven in-
variant matrices. In 1962, it was proven that these characteristic quantities are invariant
to image scaling, translation and rotation [48]. Matrix invariants can well represent the
structural features of images. The advantage of Hu matrix invariants for image feature
extraction is that the calculation speed is fast, but the disadvantage is that the accuracy of
image recognition is low, especially for images with rich texture. Especially, Hu invariant
matrices are not sensitive to texture-rich images, and generally can only recognize large
objects in the image. As the ship is a large object, so the texture is relatively simple. There-
fore, Hu matrix invariants are used as auxiliary features to further enhance the robustness
of ship identification in combination with other visual angle features. In particular, after
being processed by the Hu invariant matrix feature method, it is a vector composed of
seven scalars, rather than a processed ship image.

5. Target Identification Method Based on Multi-View Multi-Task Sparse Learning

Several previous research works have been studied for multi-view multi-task sparse
learning. Chen et al. [49] applied the multi-view sparse learning method to the field of
target identification. Mei et al. [50] proposed a generative tracker based on multi-view
learning, with impressive tracking performance. The tracker proposed by Hong et al. [51]
cannot be directly used to perform visual ship tracking tasks because the features to be
tracked are color and intensity, which may be very similar between different ships.

To address the above issues, we propose a multi-view multi-task sparse learning for
target identification. Suppose there are n candidates, each has v different perspectives
(e.g., SIFT, HOG, LBP, hu feature). Defined X € R9vX1 55 the feature matrix, it is a normal-
ized n-column d-dimensional particle image feature vector. The dv is the v-dimensional
viewing angle and the 7 is the number of candidates. Especially, defined D? € R#*"
as a target dictionary, where each column is a target of the v-th perspective, and 7 is the
number of target templates. In this paper, it means four high-dimensional vectors of the
SIFT, HOG, LBP, hu feature extraction methods. In this manner, it can effectively integrate
multiple feature extraction methods. The target dictionary constructs a complete dictionary
A? = [D?, 14,] by combining the background template I;,. Each representation matrix C”
is composed of two cooperative parts PY and QY. Component P captures shared features
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among all tasks, and component Q captures outliers. The multi-view sparse representation
can be obtained by the following cost function.

1
in =||A?CY — X? 2
VI\/I}I%?QZH ||F+ (3)

w1||Pl|12 + w2||QT |12

12 = Z(sz%j)% 4)
j

i

[IP]

where Pj; represents the elements in row i and column j of matrix P, C* = P? + Q°,
P=[P, P2 ...,P°, Q=[Q% Q3 ..., Q, wi and w, are the parameters controlling
the sparsity of P and Q, respectively. Figure 8 illustrates the structure of the learned
matrices P and Q.

A<D, 1] P 0
SIFTH
LBP 1
HOY) W T
Hu {

) = : : —
Template Background SIFT LBP HOG Hu SIFT LBP HOG Hu

Figure 8. The structure of the matrices P, Q, and A.

It should be noted that the superposition of P* and QY requires the same number of
columns as A?, so the zero matrix is used to fill the A” matrix. Definition A? = [AY,07],
where 0? € R0*(m1—1m) and each element of 07 is zero, 11, . . . , 1y is the dimension of each
perspective. According to the target identification results, the observation probability of
potential sample i is defined as:

1 |4
pi = pexp{—a ) [|A°C) — X{|’} 5)

v=1

where I' is the normalization parameter, C is the coefficient corresponding to the v-th angle
of view of the Q potential sample. The target identification result is the particle with the
maximum observation probability. Update the target dictionary D step by step and weight
the template.

In the process of target identification, some outlier tasks often exist. These sample
particles are far from the target and have little overlap with other particles. The outlier task
is captured by introducing the coefficient matrix. In particular, if the sum of coefficients
corresponding to the particle of ¢1 standard is greater than the adaptive threshold ¢

\%4
Y 1Q7| >0, (6)
v=1
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where QY is the i-th row of Q7, it is defined as outliers, and the observation probability is
set to zero, and the resampling process of outliers is ignored. Define the number of detected
outlier tasks as Ny, and update the threshold ¢ as follows:

onew = coldx,n0 > NO
onew = cold/x,n0 =0 )
onew = oold,0 < n0 < NO,

where « is a scale factor, NO is a threshold for the number of predefined outliers.

5.1. Multi View Multi-Task Sparse Learning Target Identification Method

In this paper, a new target identification method called multi-view multi-task learning
method (MVMT), is proposed. The method mainly includes five steps: first, read the
image sequence in the captured video and sample the particles according to the particle
filter sampling and resampling methods; second, select candidate templates; third, extract
multiple features of particles to increase the diversity of target representation from different
feature spaces; fourth, use the multi-view sparse representation method for multi-task
learning to train the optimal candidate template set; fifth, for each candidate template,
transform the reconstruction error into a probability problem to determine the target;
finally, calibrate the target and track it in a rectangular frame. To represent the process of
a multi-view multi-task learning method more intuitively, the flow chart of a multi-view
multi-task sparse learning target identification method is shown in Figure 9.

Enter initial target

Select candidate template

Obtain multi view features
Construct redundant dictionary

Multi task multi view sparse learning

Template

Template residual > threshold
upgrade

Yes

Target determination
Yes
Terminate?
No

Output trace box
Figure 9. Flow chart of multi-view multi-task target identification method.

According to the flow chart in Figure 9, the target identification algorithm based on

multi-task and multi-view can be divided into the following main steps:

(1) Initialize the target: Select the rectangular box of the target of interest on the first
frame image;

(2) Select the candidate template: Select the candidate template according to the Gaussian
distribution model and process its gray image level.
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Extract multi-view features: Extract the features of LBP, HOG, and SIFT view from the
obtained candidate templates, and reduce the dimension of the extracted feature matrix;
Construct the redundant dictionary: Assemble the obtained single column vectors of
each view of a given template into a new column vector, i.e., template vector, and cycle
through other candidate templates. All the template vectors obtained are arranged in
columns, and the identity matrix is added to form a redundant dictionary;
Multi-view multi-task sparse learning: Multi-view multi-task learning is performed on
the templates in the redundant dictionary to solve the classification coefficient matrix
C. For several particles selected by sampling around the target, select the candidate
template with a small residual to replace the bad performance in the dictionary, and
finally make the candidate template in the dictionary the optimal template set. For
Equation (3), a gradient descent algorithm is proposed, so the target residual can be
calculated as:

v
cos t(W Z ((A°CY — X°)*+w1||P| |12 + w2 ||QT |12 )

1
~ 2m
For solution C, the following method is used for convergence to obtain the optimal solution:

14
= cj—aéz ((A7CY — X7) - A7) (10)
v=1

Update template: if the residual error between the training sample and the label is
less than the given threshold, replace the corresponding template in the dictionary, as
shown in Figure 10.

Similarity

of SIFT Update SIFT

Similarity

of HOG Update HOG

of LBP Update LBP

Similarity

of Hu Update Hu

Figure 10. Template update schematic.

7)

Determine target: Carry out probability conversion for each classification plane (each
column) in matrix C and take the classification plane with the largest probability as
the final target to be tracked. For the t-th frame image, the determination criteria are
as follows:

4
plyibe) = Fexp{—e|[Ta(1: ) V1) )

where I is the normalized factor, N represents the number of candidate templates in the
dictionary, and Y represents the label. The flow chart of target judgment is shown in Figure 11.
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Figure 11. Flow chart target selection.

(8) Output box to calculate the target identification error.

5.2. Simplified MVMT Methods

To further verify the superiority of multi-view sparse learning performance compared
with single-view single-feature tracker, the single-task single-view target identification
method (STSV), single-task multi-view target identification method (STMV), and single-
view multi-task target identification method (MTSV) are designed, which are three special
cases of multi-view multi-task (MVMT) method.

For single-view multi-task learning algorithm (MTSV), it can be obtained from the
following formula:

in ||AC — X||3 P T 12
V{{llg’rbll |15 4+ w1]|P||12 + w2||Q" |12 (12)

The difference between single-view multi-task learning algorithm and multi-view
multi-task learning algorithm is that when constructing a dictionary, only a single-view
feature is used to describe a template and train multiple particles at the same time.

D= [Tl/ Tz/ Ty Tn} (13)

where Ty (k=1, 2, ..., n) is the extracted single-view template. By comparing Equations (3)
and (12), it can be obtained that SVMT is a special case of MVMT.

6. Experiment and Result Analysis

To verify the effectiveness of the proposed method (MVMT), several classical track-
ers with excellent performance are selected as comparison methods. The experimental
performance of these algorithms is compared on the image sequence frames dataset.

To make full use of the advantages of complementary features, three popular features
are used in the experiment: gradient direction histogram (HOG), local binary pattern
(LBP), and scale-invariant feature transformation (SIFT). HOG is edge distributions of
objects captured based on gradient features. LBP has a powerful function of representing
object texture. SIFT has scale invariance for changing image brightness, rotation angle or
shooting angle. In addition, to ensure the quality of the extracted features, the illumination
normalization method is used to extract the feature vectors from multiple perspectives of
each particle before feature extraction.

MVMT (multi-view multi-task) is compared with the other three special cases: SVST,
MVST, and SVMT algorithms. The source code of all algorithms runs in MTLAB. The
experimental hardware environment is as follows: the CPU is i5-3612qe; the memory is
8GB; the video memory is 2GB; the operating system is windows 10; and the software
development environment is matlab2018.

The number of initial candidate templates for MVMT algorithm, L1T, and MTT pro-
posed in the algorithm parameter setting is n = 10, and the number of training templates is
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100. Gaussian distribution is used to sample the particles. After selecting the candidate
template, the sparse learning method is used to construct the redundant dictionary for
later sample training and updating. Scale-invariant feature transformation (SIFT), gradient
direction histogram (HOG), local binary pattern (LBP), and Hu invariant matrix are used.
The gradient descent iterative optimal algorithm is adopted to continuously update the
candidate templates in the dictionary. Finally, the template with the smallest residual error
is selected as the method of the next frame of image.

The experimental data are divided into two groups of data for experimental verifi-
cation. One group is a public dataset, including video picture frame sequence. The other
group is custom dataset, including the video sequence of ships in key waters and port.

6.1. Experimental Results and Analysis of Public Datasets

To evaluate the effectiveness of the proposed MVMT method, three complementary
features are adopted. Four widely used sequence diagrams (car4, faceocc2, david_interior,
sylv) are selected. The experimental results of the common dataset are shown in Figure 12.

SVST SVMT MVST MVMT

Figure 12. The identification results of the proposed MVMT and SVST, MVST, SVMT algorithms.

In the car4 sequence, the main influencing factors are illumination change and size
change. The MVMT and the fast-moving vehicle are tracked from beginning to end, while
the SVST and MVST are affected by illumination and size change of the vehicle. They
contain more and more background areas, and the target is gradually lost. The target has
been completely lost in 194 frames. The SVMT has good performance on the influence of
illumination, but at about the 310th frame the vehicle passes the bridge and suddenly loses
the target. According to the experimental results, MVMT ratio can better deal with the
factors of light change and target size change.

In the faceocc2 sequence, the task is to identify the swing of David’s head in the room.
The main factors of this sequence are swing and occlusion. MVMT and MVST can identify
the target successfully in the whole sequence, but MVMT can only identify a small part of
the target after the target is occluded many times. In addition, after the head target swings,
the appearance and angle change. SVST and SVMT algorithms lose some information
of the target. Then after being occluded many times, SVST completely loses the target.
The experimental results show that MVMT can better deal with the occlusion, appearance
change and angle change in face tasks.

In the David_indoor sequence, the influence of different illumination is mainly studied.
The experimental results show that in the case of dark light, that is, in the early stage of
target identification, SVST has been separated from the target because the texture features
or edge features are not obvious. With the significant enhancement of illumination, the
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SVMT and MVST algorithms also slowly lose their target. In the whole target identification
process, only MVMT algorithm has captured the target. The experimental results show
that MVMT can better deal with the problems caused by light changes.

In the owl sequence, the task is to identify the owl doll. The owl sequence is relatively
more fixed, and fuzzy scenes and fast motion are considered. At the early stage of the
sequence frame the shape of the target changes and receives different illumination. The
SVST and SVMT algorithms lose the target. With the rapid movement, the target becomes
fuzzy. The MVST algorithm gradually loses the target information and cannot capture the
target. In the whole owl sequence, only MVMT algorithm has captured the target. The
experimental results show that MVMT can better deal with the problem of fuzzy targets.

Figure 13 shows the experimental error comparison curve. It can be seen that the
identification methods of SVST and MVST are very poor, and the SVST method is the
worst. The reason is that a single task lacks associated information with other tasks and is
artificially divided. At the same time, the identification performance of both SVMT method
and MVMT method is generally better, because the multi-task learning method cannot
only capture the common features among multiple tasks but also eliminate outliers, which
makes the performance of identification better. Among them, the MVMT method has the
best identification performance, because the multi-view and multi-task simultaneously
contain a variety of feature vectors in different state spaces, provide multiple views for the
same target object, and learn together, which has very good stability and strong robustness.

card david-indoor faceocc2 sylv
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Figure 13. The errors of the proposed MVMT algorithm and SVST, MVST, SVMT algorithms (pixel).

6.2. Experiment and Analysis of Custom Datasets

To further verify the application performance of the proposed algorithm in the actual
scene, we adopt the targets from the user-defined sequence frames and compare the
performance of different algorithms. The custom dataset comes from the field shooting in a
port. Six sequence frames are selected from the ship video Ship-1, ship video Ship-2, ship
video Ship-3, and ship video Ship-4, ship video Ship-5, and ship video Ship-6. Among them,
Ship-1, Ship-2, Ship-3, and Ship-4 are dangerous watercourse scenes taken in different
places during the day, Ship-5 is the scene taken at night, and Ship-6 is the video sequence
obtained through infrared rays. As with the public dataset, all pictures are resized to
320 x 240 (pixels). In this experiment, the source code provided by L1T and MTT and
the proposed MTMYV source code are tested in MTLAB. Meanwhile, the above STSV
(single-view single-task), STMV (multi-view single-task), and MTSV (single-view multi-
task) algorithms are compared in the experiment. The identification results of these seven
algorithms are shown in Figure 14.
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Figure 14. Identification results of 7 algorithms in 6 groups of ship sequence pictures.

6.3. Qualitative Comparison and Analysis

In the Ship-1 sequence, the influence of the size change of the target on the identifi-
cation process is mainly considered. At the 216th frame, the SVST and MVST gradually
separated from the target when the target size just began to increase. At the 365th frame,
the target size has doubled from the initial target size due to the continuous increase in-
variati the ship size, and the SVST and MVST have lost the target. In the whole process,
although L1T, MTT and SVMT kept tracking the target, the effect was not as good as MVMT.
Experiments show that Mvmt has strong robustness to target size changes.

In the Ship-2 sequence, the main interference factors are the appearance change and
angle change of the target. At the 241st frame, MVST soon lost its target. At the 389th
and 436th frames, MTT, SVMT, L1T, and MVMT tracked the target all the way, but SVMT
only captured part of the target, which was not as effective as MVMT. The experimental
results show that MVMT can deal with the problems of size change, appearance change
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and angle change. L1T and MVST fail to track the whole sequence, which shows that
the mechanism of multi-task joint learning makes MTT, SVMT, and MVMT more robust.
However, MTT and SVMT are less robust than MVMT because MVMT uses the advantages
of complementary features and can detect outliers.

In the Ship-3 sequence, the main factors are fast motion and blur. At the 821st frame,
the MVST quickly loses the target. At the 931st frame, after the camera lens moves rapidly,
the image becomes blurred. L1T and SVMT only capture some targets, while MVMT keeps
locking the targets. Compared with L1T and MVST, MVMT can fully track the target under
different changes because of the robustness of additional features. In the whole database-3
sequence, only MVMT can successfully track the target in the whole sequence, while other
trackers either completely lose the target or contain most of the background. It is concluded
from the experiment that the single-task tracker is easily affected by the appearance change.

The Ship-4 sequence is mainly tested for occlusion factors. At the 243rd frame, the
target is unobstructed, and all methods lock the target well. However, At the 317th frame,
SVST and MVST have been separated from the target due to partial occlusion of the target.
SVMT has included part of the background, and L1T has only captured part of the target.
With the occlusion leaving, SVMT, L1T and MTT can track the target at the 532nd frame,
but their performance is not as good as MVMT. This shows that MVMT can better deal
with the influence of occlusion factors than other methods.

In the Ship-5 sequence, the influence of illumination change factor is mainly considered.
At the 233rd frame, MVMT, MTT, and L1T can fully track the sailing ship and only MVST is
separated from the target. With the gradual dimming of the light, MVST contains more and
more background areas at the 346th frame. According to the experimental results, MVMT
has better robustness than other methods.

In the Ship-6 sequence, it mainly detects the stability and robustness of target identifi-
cation on infrared video. At the 222nd frame, MVST has lost the target. MTT, SVMT, L1T,
and MVMT can keep locking the target, but SVMT is easy to contain more background.
MVMT can faithfully track the sailing ship, which shows that MVMT is better than other
methods and can track infrared video stably.

6.4. Quantitative Comparison and Analysis

To quantitatively evaluate the performance of these comparison methods, this experi-
ment calculates the distance between the center of the result and the real position of each
frame; it then draws the variation diagram of the center position error and the number of
frames. Due to space limitations, only the error comparison of the six sequence diagrams
provided here by the seven methods is listed. For a perfect result, the positioning error
should be zero. For a more intuitive comparison, the average position errors (APEs) of the
six sequences are shown in Figure 15.

To further illustrate the comparison between different video sequence diagrams,
Table 1 shows the average error between the results and the real position on six sequence
diagrams for the seven methods. Table 2 shows the weighted standard deviation between
the results and the real position for the seven methods, and the specific weights of each
particle are equal. The following two statistical tables show that the average error and
standard deviation of the MVMT method are the smallest in both visible and infrared video
sequences. Therefore, in general, MVMT has the best performance.
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Figure 15. 7 Average position error (pixel) of 5 comparison methods.

Table 1. Average error between results of five comparison methods and real position (pixels).

Sequence Ship-1 Ship-2 Ship-3 Ship-4 Ship-5 Ship-6
STMV 160.4 280.4 96.1 179.2 109.1 110.8
MTT 28.57 712 25.52 38.06 20.52 10.42
MTSV 30.9 20.33 32.82 249 21.46 32.57
L1T 28.67 6.69 21.99 50.76 12.76 11.71
MTMV 9.21 4.56 7.00 11.04 3.01 5.99

The bold indicates that the experimental value of this algorithm is superior to other algorithms.

Table 2. Weighted standard deviation between the results of the five comparison methods and the
real position (pixels).

Sequence Ship-1 Ship-2 Ship-3 Ship-4 Ship-5 Ship-6
STMV 9.95 15.64 6.11 10.7 6.98 5.82
MTT 1.98 0.41 1.46 2.46 1.18 0.60
MTSV 2.01 1.22 1.89 1.52 1.31 1.88
L1T 1.99 0.39 1.23 3.08 0.75 0.66
MTMV 0.51 0.24 0.37 0.58 0.16 0.32

The bold indicates that the experimental value of this algorithm is superior to other algorithms.

7. Conclusions

In this paper, a multi-view multi-task target identification method based on sparse
learning is proposed. Extensive experiments were conducted on public datasets and custom
video datasets on ship sequence frames. Under different challenging interference factors
such as size, illumination, blur, deformation, and occlusion, the experimental results show
that the proposed MVMT can better identify the target in both visible and infrared video.
Compared with the comparisons method, the performance of the proposed MVMT is the
best. In summary, the conclusions of this paper are presented as follows:
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(1) A targetidentification method based on machine learning is proposed. The traditional
target identification method makes use of less information. In the case of many targets
and complex backgrounds, tracking loss and error are common. To break through the
limitations of traditional methods, we introduce a machine learning approach and
provide a new idea for target identification by using sparse representation, dictionary
learning method and particle filter framework;

(2) By analyzing the features of targets in the surveillance video, the texture, edge, and
geometry invariant features of targets are automatically extracted, and the multi-view
feature learning method is introduced to realize the information fusion of multiple
features. To obtain better results, a multi-task learning method is proposed based
on the multi-view feature for joint learning, which makes full use of the information
transfer function between different tasks, makes up for the deficiency of the tradi-
tional single learning task, improves the classification and recognition accuracy, and
provides a theoretical basis for the accurate and stable identification.
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Abstract: The non-uniform haze distribution in remote sensing images, together with the complexity
of the ground information, brings many difficulties to the dehazing of remote sensing images. In
this paper, we propose a multi-input convolutional neural network based on an encoder-decoder
structure to effectively restore remote sensing hazy images. The proposed network can directly
learn the mapping between hazy images and the corresponding haze-free images. It also effectively
utilizes the strong haze penetration characteristic of the Infrared band. Our proposed network also
includes the attention module and the global skip connection structure, which enables the network to
effectively learn the haze-relevant features and better preserve the ground information. We build a
dataset for training and testing our proposed method. The dataset consists of remote sensing images
with two different resolutions and nine bands, which are captured by Sentinel-2. The experimental
results demonstrate that our method outperforms traditional dehazing methods and other deep
learning methods in terms of the final dehazing effect, peak signal-to-noise ratio (PSNR), structural
similarity (SSIM) and feature similarity (FSIM).

Keywords: non-uniform haze; dehazing; deep learning; remote sensing images; Sentinel-2

1. Introduction

In recent years, the quality and quantity of satellite data have tremendously increased.
However, the impact of haze has been a common issue with optical remote sensing data.
Haze can severely interfere with the transmittance in all optical spectral bands, which
impacts the reflected signal and hinders the observation of the underlying surface of the
haze. This further results in huge data loss in both the spatial and temporal domains.
Haze becomes serious interference for applications requiring time consistency (such as
agricultural monitoring) and applications requiring observation of a scene at a specific time
(such as disaster monitoring). Therefore, effective recovery from haze will greatly increase
the usability of remote sensing data.

Early studies on the dehazing problem of remote sensing images use different methods
to eliminate the influence of haze [1-4]. They use multi-source or multi-temporal images in
the same area as auxiliary data, the complementary relationship between images, image
fusion, pixel replacement, etc. All these methods have achieved good results. However,
the need to obtain multiple sets of data from the same area as auxiliary data leads to poor
applicability; especially for some remote sensing data with long collection interval, it will
be more difficult to obtain available auxiliary data. Therefore, the single image dehazing
method has attracted more and more attention. Some studies on single image dehazing
use image enhancement methods, including processing the histogram of the image [5], and
enhancing the contrast [6] and saturation [7] of the image. Additionally, some dehazing
methods are based on homomorphic filtering [8] and the retinex color constancy theory [9].

Image enhancement lacks the hazy imaging mechanism, which could lead to a certain
degree of distortion in the restored image. Researchers build an image dehazing method
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based on the Atmospheric Scattering Model (ASM). The most popular ASM model was
proposed by McCartney and further improved by Narasimhan [10] and Nayar [6]. The
model can usually be written as in Formula (1):

I(x) = J(x)t(x) + A[l = £(x)] )

where I(x) is the image disturbed by haze; J(x) is the haze-free image that needs to be
restored; ¢(x) is the transmittance of light passing through the atmospheric medium; x
represents the image pixel; A represents the global constant: atmospheric light. To obtain
the haze-free image J(x), we first need to obtain the transmittance ¢(x) and the global
atmospheric light A. However, using hazy images to estimate transmittance requires
prior information. At present, studies on prior information are mainly based on statistical
properties of hazy images, such as contrast prior [11], dark channel prior (DCP) [12], color
attenuation prior [13], etc. However, this prior information will very likely become less
applicable in images of different scenes, which affects the dehazing results.

The development of deep learning brings new ideas to the dehazing research: convo-
lutional neural network (CNN). Some earlier studies use neural networks to replace prior
information to estimate the parameters of Formula (1) [14-16] and to obtain the dehazed
image. Since the real transmittance value of the hazy image cannot be obtained, the training
data can be achieved through simulated parameters, which could impact the accuracy of
the estimated transmittance. Meanwhile, the transmittance model is a simplified expression
for hazy imaging. The advantage of feature extraction capability of neural networks cannot
be fully utilized.

Some research uses end-to-end networks to directly explore the mapping relationship
from hazy images to haze-free images and, finally, generate dehazed images [17-20]. This
research obtained prominent dehazing effects. However, there are limitations. First, the
dataset used in the dehazing models is usually less disturbed by haze, which is relatively
uniformly distributed. In remote sensing images, the distribution of haze is often uneven,
and thin clouds often exist, which makes the image more disturbed than the images studied
in their research. Second, remote sensing images usually have more than three channels
(RGB) as in ordinary natural images. For example, the images obtained by the Operational
Land Imager (OLI) of landsat8 have nine bands. The images acquired by the Multispectral
Imager (MSI) of Sentinel-2 have 13 bands. The bands beyond RGB also interfere with haze.
Figure 1 shows an example of an image captured by Sentinel-2. It can be observed that the
infrared bands, such as Band11 and Band12, have stronger penetrating power and are less
impacted by haze.

Most of the previous dehazing methods cannot effectively remove non-uniformly dis-
tributed haze. They cannot deal with the impact on the bands beyond RGB as well. Inspired
by the dehazing of natural images using convolutional neural networks (CNNs), some
researchers apply CNN s to the dehazing of remote sensing images [21-24]. Meanwhile,
the infrared bands and Synthetic Aperture Radar (SAR) microwave bands in multispectral
remote sensing images can penetrate haze more easily compared to visible bands. They
can better reserve the ground information in the area with haze. Therefore, some research
uses infrared band images and SAR images as auxiliary information, which is used as
input for CNNs to obtain dehazing models [25-27]. These methods can better handle the
non-uniform distribution of haze. However, most of them focus on the RGB band or a few
near-infrared bands, instead of the more abundant infrared bands. Furthermore, most of
the training data are synthetic hazy images, which could be different from the actual hazy
images with a lot more complexity.
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Figure 1. The visible (RGB) band and the infrared bands in the image captured by Sentinel-2.

To address these issues, we propose a multi-input attention network for the dehazing
of a single multispectral remote sensing image. Since different bands in multispectral
images have different features, we utilize the strong penetration capability of richer infrared
bands and divide the multiple bands into three groups to extract features. Our proposed
network consists of an encoder-decoder structure and uses head-to-tail connections and
a multi-scale output structure, similar to the feature pyramid network. This structure
enables the dehazing model to effectively remove haze while maintaining ground details.
It can directly process bands of different resolutions. Furthermore, improved channel
attention and spatial attention structure are added for extracting features from different
inputs, which improves the efficiency and adaptability of training. In this research, we
use real haze and haze-free multispectral remote sensing image pairs as datasets. Our
dehazing model achieves very good results in restructuring a variety of cloud-contaminated
multispectral images.

The main contributions of this study are as follows:

*  We propose a multi-input attention network to dehaze multispectral remote sensing
images. This method does not require upsampling/downsampling on the training
data. It can dehaze the images captured by Sentinel-2 with different resolutions in
nine bands, effectively avoiding information loss due to upsampling/downsampling.
To obtain the best recovery effect, the visible light band and the features of the infrared
band are fused. It takes the advantage of the strong penetration capability of the
infrared band.

*  We build an end-to-end dehazing network with an encoder-decoder structure, which
directly obtains haze-free images from learning hazy images. To improve training
efficiency, the structure of weighted multiplication and residual connection between
different input lines are used to adjust the feature extraction.

*  We use skip connections and a multi-layer output structure in the network, which
can produce multi-spectral dehazing images with different resolutions. Connecting
the shallow part with the tail of the network preserves the ground details and allows
the network to fully extract deep features. Meanwhile, adding an improved attention
module to the connection part further improves feature extraction. Finally, the network
can effectively remove the disturbances, including clouds and cloud shadows under
non-uniform distribution.
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2. Related Work

At present, the research on single-image dehazing falls into two categories: traditional
methods and deep learning methods.

2.1. Traditional Dehazing Methods

Traditional methods can be further divided into methods based on image enhancement
and methods based on atmospheric scattering models. Methods based on image enhance-
ment restore hazy images by enhancing contrast [5,6] and suppressing low-frequency
information [8,9]. Chaudhry et al. [28] combined mixed median filtering with Laplacian
to dehaze images and apply it to remote sensing images. Huang et al. [29] combined the
phase-consistency feature of remote sensing images with multi-scale retinex theory and
used it to dehaze urban remote sensing images.

The method based on image enhancement is considered to be unstable in many cases
because it lacks a foundation in physics. Therefore, the method based on the atmospheric
scattering model eventually became the mainstream of traditional dehazing methods. ASM-
based methods mainly use prior knowledge to estimate the parameters in Formula (1) and
then obtain a haze-free image.

He et al. [12] proposed a dark channel prior (DCP) method through statistics and
research on a large number of haze-free images. Studies have shown that in the non-sky
area of the image without haze, there are always pixels with very low values close to
0 in the RGB bands. Therefore, the DCP-based dehazing method achieves outstanding
dehazing effects and wide applicability. Many research efforts have been dedicated to the
improvement of the DCP-based dehazing method. Zhu et al. [13] proposed a dehazing
method based on the color decay prior. This method obtains the depth of field by modeling
the relationship between scene depth and color, obtains the parameters through the super-
vised learning method to obtain the transmittance, and, finally, restores the hazy image
effectively according to Formula (1).

Berman et. al. [30] proposed a global-based transmittance estimation method, which
is different from the previous local-based transmittance estimation. The method estimates
the transmittance and restores the image based on the prior knowledge that the color
distribution of pixels in a hazy image will generate haze lines. The global-based estimation
is more efficient and robust. Long et al. [31] refined the atmospheric veil through a low-pass
filter and redefined the transmittance to reduce color distortion. The experimental results
demonstrate well the preservation of ground details and effective dehazing of remote
sensing images. Shen et al. [32] proposed a spatial-spectral adaptive dehazing method to
effectively remove the haze effect from visible light remote sensing images. This method
establishes the relationship between the image gradient and the transmittance between
different wavelength bands.

2.2. Neural Networks

In recent years, increasing efforts have been dedicated to data-driven methods using
deep learning. The end-to-end learning of deep neural networks can potentially solve
many problems in traditional algorithms. Researchers first estimate the transmittance in
the atmospheric scattering model of Equation (1) by building a neural network and then
restore the hazy image according to the model.

Cai et al. [14] used a network based on multi-scale feature extraction to restore images
according to the degradation model. It takes the hazy image as input and outputs the
transmittance map. Ren et al. [15] used a coarse-scale network that took the hazy image
as an input to estimate the rough transmittance map, then fed into the fine-scale network
to obtain an optimized transmittance map, and finally obtained a more refined dehazing
image. Li et al. [16] took the transmittance and atmospheric light in Equation (1) as one
variable and used a neural network to estimate it. Different from the previous estimation
of atmospheric light by experience, this method uses the learning ability of the network
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to perform the estimation. Neural networks demonstrate powerful feature extraction
capability, which greatly advocates the research on end-to-end direct dehazing networks.

Chen et al. [18] proposed an end-to-end gated context aggregation network to improve
the finesse of dehazing results. It combines smooth hole convolution and multi-level feature
fusion techniques. Liu et al. [19] proposed an attention-based grid dehazing network
(GridDehazeNet), adding a densely connected grid network to effectively alleviate the
bottleneck problem of traditional multi-scale networks. The attention module enables the
network to better estimate model parameters. In [20], a Domain Adaptation framework
was proposed. It employs a bidirectional transformer network to bridge the gap between
synthetic and real domains by transforming images from one domain to another. This
method effectively reduces the gap between the synthetic hazy image and the real hazy
image. In [23], a spatial attention-based adversarial generative network was proposed
to dehaze remote sensing images. The model is separately trained based on haze and
small-scale cloud, and, finally, effectively removes both interferences. In [15], SkyGAN was
proposed for haze removal in aerial images. The network reconstructs multispectral data
from RGB bands in aerial images and then uses a conditional generative network to train
these reconstructed data. This method can effectively expand multispectral datasets.

Overall, there are many issues in applying the natural image dehazing methods to
remote sensing images. Most research on the dehazing of remote sensing images focuses
on the visible light band. The recovery from hazy images is also limited. In this paper,
we propose a multi-input multi-spectral remote sensing image dehazing network. It can
effectively remove haze in multi-spectral remote sensing images.

3. Materials and Methods
3.1. Dataset

For natural image dehazing, there are some datasets for training the dehazing net-
work models, for example, FRIDA [33], Hazy Cityscapes datasets [34], D-Hazy [35] and
RESIDE [36]. The RESIDE dataset includes a large amount of indoor and outdoor clear
images and synthetic hazy images. It has been widely accepted as a benchmark dataset
for natural image dehazing research in recent years. Due to the huge difference between
remote sensing images and natural images, these datasets cannot be directly applied to
dehazing remote sensing images. At present, datasets for remote sensing image dehazing
mainly include the haze detection and removal dataset [37], HazelK [27] and RICE [38].
These datasets include some non-uniform haze but are limited to the visible light band and
have no multispectral data. In this research, we build our dataset by collecting Sentinel-2
images from January 2021 to January 2022, from 112° E, 36° N in central China to 120° E
and 29° N in eastern China. The band information of Sentinel-2 is shown in Table 1.

Table 1. Sentinel-2 bands.

Sentinel-2 Bands Central Wavelength (um) Resolution (m)
Band 1—Coastal Aerosol 0.443 60
Band 2—Blue 0.490 10
Band 3—Green 0.560 10
Band 4—Red 0.665 10
Band 5—Vegetable Red Edge 0.705 20
Band 6—Vegetable Red Edge 0.740 20
Band 7—Vegetable Red Edge 0.783 20
Band 8—Near Infrared 0.842 10
Band 8A—Vegetable Red Edge 0.865 20
Band 9—Water Vapor 0.945 60
Band 10—Shortwave Infrared—Cirrus  1.375 60
Band 11—Shortwave Infrared 1.610 20
Band 12—Shortwave Infrared 2.190 20
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We chose 9 bands of 10 m and 20 m, which are commonly used in earth observation,
including Band 2, Band 3, Band 4, Band 5, Band 6, Band 7, Band 8, Band 11 and Band 12 for
research. We also selected 30 sets of hazy and haze-free image pairs as experimental data.
Figure 2 shows an example of those image pairs.

(a) Hazy Image (b) Haze-free Image

Figure 2. A Sentinel-2 foggy and fog-free image pair.

The image size of 10 m resolution images is 10,980 x 10,980, while the image size of
20 m resolution is 5490 x 5490. We first chose the hazy areas of the collected images and
the corresponding areas of the haze-free images. We then resized the image size of the 10
m resolution training data to be 1024 x 1024 and resized the 20 m resolution training data
to be 512 x 512. The selected area was randomly cropped. We finally obtained 1500 sets of
9-band hazy and haze-free data pairs as the training data set for this research.

3.2. Network Architecture

Figure 3 shows the network architecture in this paper. Inspired by U-Net [39] and
Feature Pyramid [40], we designed a multi-input network based on an encoder-decoder
structure. It takes multi-spectral remote sensing images of two resolutions as the input and
outputs the corresponding haze-free image.

3.2.1. Encoder

As shown in Figure 3, the encoder consists of three inputs, two double convolution
layers, two channel attention modules and seven downsampling layers. The numbers in the
figure are the number of channels after the feature map passes through the network layer.

On the input side, the 9 bands with different features are categorized into three
parts as the input to the network. The visible light bands (Band 2, Band 3 and Band 4)
with a resolution of 10 m and the near-infrared band (Band 8) have richer ground detail
information. They are the main parts for feature extraction. All other five bands have a
resolution of 20 m. The ground detail information in clear cases is relatively poor.
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Encoder Decoder
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Figure 3. The architecture of the proposed network.

Band 5, Band 6 and Band 7 are Red Edge bands, which are mainly used to observe
the mutation properties of vegetation reflectance in remote sensing applications. From
Table 1, it can be observed that the wavelengths of Band 5, Band 6 and Band 7 have a small
difference from the wavelengths of Band 8, as well as a small difference in the penetrating
capability. Therefore, the features extracted from Band 5, Band 6 and Band 7 are fused with
the shallow features of the main network to standardize and correct the features extracted
by the main network.

Band 11 and Band 12 have relatively longer wavelengths and stronger penetration
power (as shown in Figure 1). The features extracted from Band 11 and Band 12 are fused
with the deeper downsampling features. Meanwhile, the features extracted from Band 11
and Band 12 are fused with the features of the upsampling stage in the decoder. The feature
extracted from the infrared band (less interfered with haze), together with the learning of
deep high-order features and the learning of shallow spatial detail features, make the final
restored results closer to the real situation.

For feature extraction, the double convolution network group is used for initial feature
extraction for the input image. As illustrated in Figure 4a, it includes two sets of 3 x 3
convolutions. The double convolution layer can be formulated as Formula (2)

F. = 6(BN(Conv(6(BN(Conv(F)))))) (2)

where F; is the input image data or feature map. F. is the feature map after feature extraction
from double convolution. Conv and BN are 3 x 3 convolution and Batch Normalization.
¢ is the Leaky ReLU function. In the downsampling module, as shown in Figure 4b, the
input features are subjected to maximum pooling of stride = 2. Then, downsampling and
feature extraction are implemented through the double convolutional network.
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Figure 4. The architecture of the convolution layer in encoder.

3.2.2. Decoder

The decoder consists of six upsampling layers, one spatial attention layer, two con-
volutional layers and an output. The decoder upsamples high-level features from the
encoder and finally restores the image to a dehazed image. It uses different upsampling
layers to output a multi-band image with the same two resolutions as the input. Figure 5
explains the structure of the upsampling layer. It starts with the upsampling of the upper
layer features by Deconvolution with scale = 2, which, next, will be concatenated with
the same-size downsampling feature map. After that, the double convolutional layer will
restore the channel layer by layer. The “Concat” operation on the upsampling feature
and downsampling feature enriches the information in the network, which contains both
detailed information in shallow feature maps and the haze feature information in deep

feature maps.

Double Conv. Layer

Downsampling Layer

G

Deconvolution

Figure 5. The architecture of the upsampling layer.
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3.2.3. Attention Module

Inspired by the attention mechanisms widely applied in the field of image vision [41,42],
we introduce the attention module in the feature extraction of the input data. The atten-
tion module can reinforce the focusing capability of the model. It enables the system to
emphasize important information and suppress relatively irrelevant information so that
the system can effectively extract non-uniform haze features. For the feature maps of Band
11 and Band 12 after Double Convolutional Layer and Band 5, Band 6 and Band 7 after
the Downsampling Layer, the attention module infers the attention of the image along
two independent dimensions of channel and space in turn. Then, the attention map is
multiplied with the feature map after Downsampling and Upsampling in the backbone
network, which is then fused with the feature map of the backbone network. The process is
formulated in Formula (3).

F* = (A QF) + F ()

where A; is the attention map generated after different attention modules. F is the feature
map of the backbone network with size C x H x W. F* is the output feature map after the
fusion with the attention modules, and 1, is the correction coefficient. Different bands
impact the final haze removal in different ways. Therefore, different bands have different
correction coefficients for feature fusion. The feature extraction correction coefficient for
Band 11 and Band 12 is p;; = 0.5, while the correction coefficient for Band 5, Band 6 and
Band 7 is p;; = 0.3.

The channel attention module generates channel attention maps using the channel
relationship between features. Each feature map is achieved by a feature detector, which
focuses on meaningful features. The structure of the channel attention module is shown in
Figure 6a. Global max pooling and global average pooling are used to compress the spatial
dimension of feature maps. The global max pooling and global average pooling can be
expressed by Formulas (4) and (5).

m = Huyp(Fc) = max Xc(i,j 4

8 p(Fc) max c(if) )
1 gx.

8a = HuP(FC)m g/; Xcl(i,]) ®)

Hyup and H,y, perform global max pooling and global average pooling for input feature
map Fc of size H x W. X¢(i,]) is the value of channel C at (7, j). The size of the feature
maps after compression is C x 1 x 1. Since the feature map contains rich information, we
chose Leaky ReLU as the activation function instead of Sigmoid, which is widely used in
the attention structure to suppress gradient vanishing. The process of channel attention
module is formulated in Formula (6).

Ac = 6(Conv(6(Conv(gm))) + Conv(6(Conv(ga)))) (6)

where Ac is the channel weight of the output. J is Leaky ReLU function, and Convis 1 x 1
convolution.

The spatial attention module generates the spatial attention feature map by using the
internal spatial relationship between features. It focuses on different spatial information
within a feature map. The structure of the spatial attention module is shown in Figure 6b.
In the channel dimension, MaxPool and AveragePool are used to aggregate the channel
information of the feature map. The processes of MaxPool and AveragePool are formulated
in Formulas (7) and (8).

Foax = mcax X(1,7) (7)

C
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After obtaining the maximum and average values of each pixel of the input feature
map X (i, j) on the C channels, two cross-channel feature maps of size 1 x H x W (F;;5x and
Favg) are generated. Finally, they are concatenated through a convolutional layer into a 2D
spatial attention feature map output. The process of spatial attention module is formulated
in Formula (9).

Ag = 6(Conv([MaxPool (Fs); AvgPool (Fs)])) )
where Ag is the spatial weight of the output. J is Leaky ReLU function, and Convis 7 x 7
convolution.
Leaky ReLU
fany
NV
Convolution Convolution \
% " Leaky RelLU
Leaky ReLU Leaky ReLU P
Convolution Convolution ‘
Global I:\\AaxPool Global AVFTaEEPE)O' Channel MaxPool Channel AveragePool
\
(a) Channel attention module. (b) Spatial attention module.

Figure 6. The architecture of the attention module.

3.3. Loss Function

In this research, there are many parameters of the haze restoration network model. We
chose the loss L; to effectively train the network. The loss L, is the mean square loss, which
has a relatively stable solution and can converge more effectively. Formula (10) explains
the calculation.

L=

z|

N
. Yo N (Ji(x) = Ji(x))% (i = 2,3,4,5,6,7,8,11,12) (10)
x=1 i

Ji(x) and J;(x) represent the dehazing image and the real haze-free image, respectively,
i represents the band and N represents the number of image pixels.

4. Experiment and Results
4.1. Model Training

Our experiments were performed on PyTorch. The training of the model was con-
ducted on NVIDIA A100 GPU. The batch size was 4 and ADAMW was the optimizer for
model training, where the range of betas was set to be (0.5, 0.999). The initial learning
rate of the model was 0.0001. At the same time, CosineAnnealingl.R with T,;x = 60 and
etayi; = 1 x 1077 were used to adjust the learning rate. During training, 80% of the dataset
was used as the training set and 20% as the test set. In addition, we took the two sets of
haze and haze-free Sentinel II images outside the data set and used them to produce 150
data pairs as a validation set using the approach in Section 3.1.

Training was performed for a total of 200 Epochs, and the model preservation rule
was to preserve only the best model of the validation set results. The loss was recorded
during training, as shown in Figure 7. It can be seen that after 200 epochs of training, the
loss curve tends to a lower and flatter value, and the training curve of the training set is
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clearly split from the validation set and the test set, indicating that the model has been
adequately trained.

—— Tain Loss.
Val Loss
— Test Loss

Loss

05

03

01

0 5 50 75 100 125 150 175 200
Epoch

Figure 7. Training loss curve.

4.2. Metrics

We used peak signal-to-noise ratio (PSNR), structural similarity (SSIM) and feature
similarity (FSIM) as the metrics to evaluate the performance of our models. PSNR is com-
monly used in image fusion tasks. It measures the ratio between the effective information
of the image and the noise, which can reflect whether the image is distorted. The larger the
value, the better the quality of the final dehazed image. SSIM describes structural similarity.
The closer it is to 1, the higher the similarity with the haze-free image, which indicates a
better dehazing effect. FSIM is a variant of SSIM that uses phase coherence to focus more
on the contribution of different local features to the overall structure of the image. Still, the
closer the value is to 1, the higher the similarity is.

4.3. Experimental Results

In this section, we apply the dehazing model to the hazy multispectral images captured
by Sentinel-2. We also compare our model with the traditional method DCP [12] and
four neural network methods, DehazeNet [14], AOD-Net [16], GridDehazeNet [19] and
MSBDN [43]. For each hazy image used in the experiment, the corresponding clear sky
image within a week was collected and used as the haze-free image for reference.

Figure 8 demonstrates the dehazing results of nine bands. It can be observed that the
visible light as well as Band 5, Band 6 and Band 7 have highly interfered with haze. The
restoration results of DCP, DehazeNet and AOD-Net have haze residues. GridDehazeNet,
MSBDN and our proposed method have no haze residue after dehazing. MSBDN has a
certain color distortion. Infrared bands (Band 8, Band 11 and Band 12) are less interfered
with haze. All of the methods achieve great recovery effects visually. For the visible light
bands, the most interfered bands, the dehazing effect of DCP, DehazeNet and AOD-Net
is relatively poor. MSBDN has a certain color distortion, while GridDehazeNet and our
proposed method have better fidelity.
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Figure 8. The dehazing effect on the hazy multi-spectral images captured by Sentinel-2.

Tables 2—4 demonstrate the performance evaluation using PSNR, SSIM and FSIM. It
can be observed that the results are basically consistent with the visual effects. Meanwhile,
our proposed method significantly outperforms GridDehazeNet and MSBDN, which have
better dehazing effects. It indicates that the method in this paper can better maintain
ground details and color fidelity.

Table 2. Experimental results on different bands: PSNR.

Image DCP  DehazeNet AOD-Net GridDehazeNet MSBDN Proposed
Band 5 17.316  17.283 19.233 25.311 20.103 29.651
Band 6 18.673 18.074 20.206 25.682 22.572 28.304
Band 7 19.325 18.792 21.461 26.104 24.305 27.342
Band 8 21.353  20.386 22.718 25.933 26.438 31.541
Band 11 22176  20.850 21.648 26.452 24.349 29.072
Band 12 21.981 21.098 20.052 26.939 25.406 27.508
Visible true color  15.683  14.532 19.797 24.261 23.821 30.106
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Table 3. Experimental results on different bands: SSIM.

Image DCP DehazeNet AOD-Net GridDehazeNet MSBDN Proposed
Band 5 0436 0474 0.637 0.737 0.677 0.853
Band 6 0.474 0.468 0.623 0.722 0.665 0.878
Band 7 0.351 0.332 0.593 0.693 0.621 0.817
Band 8 0.452 0.422 0.685 0.749 0.734 0.906
Band 11 0.576  0.532 0.723 0.805 0.756 0.874
Band 12 0.509  0.502 0.629 0.723 0.692 0.825
Visible true color  0.379  0.461 0.582 0.718 0.665 0.867

Table 4. Experimental results on different bands: FSIM.

Image DCP DehazeNet AOD-Net GridDehazeNet MSBDN Proposed
Band 5 0.744 0.732 0.792 0.856 0.827 0.922
Band 6 0.766  0.782 0.812 0.866 0.834 0.903
Band 7 0.713 0.722 0.775 0.823 0.802 0.887
Band 8 0.813 0.821 0.843 0.897 0.857 0.944
Band 11 0.778 0.791 0.813 0.885 0.866 0.939
Band 12 0.771  0.782 0.829 0.863 0.855 0.911
Visible true color  0.755 0.762 0.835 0.865 0.847 0.896

In this study, we conducted dehazing experiments on different cases of hazy images.
Figure 9 shows the case of slightly hazy images. The results are the dehazing of visible true
colors (Band 2, Band 3 and Band 4). It can be observed that haze is unevenly distributed,
while haze shadows also exist in Figure 9A(a). The traditional method DCP works effec-
tively in the area with a uniform haze distribution but not in the non-uniform part nor
the haze shadow area. DehazeNet and AOD-NET also have the same problem with DCP.
GridDehazeNet and MSBDN can effectively remove the haze effect, but MSBDN has a
certain color distortion after restoration. Compared with these two methods, our proposed
method shows outstanding performance in maintaining color and ground details.

Figure 10 shows the visible true color dehazing result for an image with moderate
haze interference. It can be observed that the results are similar to Figure 8. GridDehazeNet
and MSBDN have removed haze, but they have also lost ground details to a certain extent.
The method we propose maintains the ground details in a better way:.

Figure 11 shows the visible true color dehazing results of an image with heavy haze.
DCP, DehazeNet and AOD-NET demonstrate poor restoration. MSBDN has a poor effect
on maintaining the details of ground objects in Figure 11A(f), and there is still residual haze
in the upper part in Figure 11B(f). GridDehazeNet shows great restoration, but there is still
a certain loss in the ground details in Figure 11A(e). There are also some haze residues in
Figure 11A(e), and there is some color distortion. Our proposed method has demonstrated
outstanding performance in haze removal and ground detail preservation.
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(A) Example Image 1.

(B) Example Image 2.

Figure 9. Dehazing results on images with slight haze interference. (a) Hazy image; (b) DCP;
(c) DehazeNet; (d) AOD-NET; (e) GridDehazeNet; (f) MSBDN; (g) proposed method; (h) haze-
free image.
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(A) Example Image 1.

(B) Example Image 2.

Figure 10. Dehazing results on images with moderate haze interference. (a) Hazy image; (b) DCP;
(c) DehazeNet; (d) AOD-NET; (e) GridDehazeNet; (f) MSBDN; (g) proposed method; (h) haze-
free image.
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(B) Example Image 2.

Figure 11. Dehazing results on images with heavy haze interference. (a) Hazy image; (b) DCP;
(c) DehazeNet; (d) AOD-NET; (e) GridDehazeNet; (f) MSBDN; (g) proposed method; (h) haze-

free image.

Tables 5-7 list the PSNR, SSIM and FSIM of the above experiments. It can be seen that
for the images with slight haze interference, the PSNR and FSIM values are close. DCP,
DehazeNet and AOD-Net achieve relatively close results. MSBDN is slightly better and
DehazeNet is even better. Our proposed method outperforms all these methods.
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For moderate and heavy hazy images, the dehazing effect of the first three methods
drops sharply. The results of GridDehazeNet and MSBDN have a slight drop. Our pro-
posed method maintains a stable and good recovery effect, which, again, outperforms all
other methods.

Table 5. Experimental results on different images: PSNR.

Image DCP DehazeNet AOD-Net GridDehazeNet MSBDN Proposed
Slight hazy Image 1 21.600 22.492 22.255 25.516 23.811 26.541
Slight hazy Image 2 21.002 22.199 22.871 23.212 22.906 27.840
Moderate hazy Image 1 18.973 20.612 21.291 24.228 23.387 27.838
Moderate hazy Image 2 15.739 17.614 18.044 23.649 22.299 28.591
Heavy hazy Image 1 16.843 17.051 18.411 22.353 22.645 25.596
Heavy hazy Image 2 11.566 12.497 11.505 21.376 20.694 26.100

Table 6. Experimental results on different images: SSIM.

Image DCP DehazeNet AOD-Net GridDehazeNet MSBDN Proposed
Slight hazy Image 1 0.567 0.533 0.673 0.755 0.699 0.824
Slight hazy Image 2 0.598 0.547 0.578 0.683 0.642 0.818
Moderate hazy Image 1 0.506 0.621 0.714 0.750 0.742 0.836
Moderate hazy Image 2 0.469 0.553 0.643 0.728 0.734 0.821
Heavy hazy Image 1 0.405 0.411 0.535 0.697 0.653 0.787
Heavy hazy Image 2 0.292 0.319 0.478 0.632 0.604 0.778

Table 7. Experimental results on different images: FSIM.

Image DCP DehazeNet AOD-Net GridDehazeNet MSBDN Proposed
Slight hazy Image 1 0.833 0.828 0.844 0.878 0.854 0.893
Slight hazy Image 2 0.842 0.851 0.866 0.892 0.873 0.932
Moderate hazy Image 1 0.756 0.764 0.778 0.859 0.838 0.910
Moderate hazy Image 2 0.744 0.761 0.791 0.843 0.822 0.898
Heavy hazy Image 1 0.702 0.711 0.767 0.813 0.824 0.877
Heavy hazy Image 2 0.681 0.693 0.755 0.833 0.791 0.874

4.4. Ablation Experiment

In order to validate the role of different structures in our network, we performed
ablation experiments. We are concerned with the multi-input feature fusion structure and
the attention module. First, we only kept the main input/output structures corresponding
to Band 2, Band 3, Band 4 and Band 8 in the network. We then upsampled the remaining
five bands of the training data with 20 m resolution and set the size of input/output images
to be 1024 x 1024. At the same time, we removed the spatial attention and channel attention
modules. We used this version as the baseline. After that, we added the structural modules
one by one as Model-1 to Model-6. We used the hazy images (outside the training set) as
the verification dataset and calculated the average PSNR, SSIM and FSIM of 100 verification
images for quantitative evaluation purposes. Table 8 lists the results. It can be observed
that with the multi-input structure, the dehazing effect is greatly improved. The results are
also improved by adding the attention module.
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Table 8. Experimental results of different structural models.

Method Components

Multi-Input SA CA PSNR SSIM FSIM
Baseline 24.573 0.725 0.818
Model-1 v 24.861 0.733 0.806
Model-2 v 25.061 0.744 0.832
Model-3 v v 25.224 0.761 0.840
Model-4 v 26.641 0.809 0.858
Model-5 v v 27.021 0.831 0.889
Model-6 v v 26.891 0.813 0.894
Proposed v v v 27.866 0.858 0.908

5. Conclusions

Traditional dehazing methods rely on prior features and are less versatile, which
makes them not applicable, especially for remote sensing images with widespread non-
uniform haze. In recent years, deep learning methods have been applied for automatic
feature extraction. However, the structure of remote sensing images with haze is relatively
complex. It is difficult for general neural networks to effectively extract features. Mean-
while, there are very few network models targeting muti-band remote sensing images. In
this research, we propose a multi-input, multi-spectral remote sensing image dehazing net-
work, which effectively utilizes the penetrating capability of the infrared band to haze. We
used global skip connections and attention modules to achieve effective feature extraction
and maintain ground details in the meantime. Finally, we designed experiments to test
the performance of the proposed method on multispectral images captured by Sentinel-2,
which have different degrees of haze effects. Our method can effectively restore the images.
It outperforms the traditional dark channel method and several neural network methods,
such as DehazeNet, AOD-Net, MSBDN and GridDehazeNet, in terms of haze residues and
quantitative evaluation metrics.

Meanwhile, there are some limits in this research. First, the training dataset is not
categorized based on the types of haze, which could impact the effectiveness of the pro-
posed model. Second, even though the ground details are well maintained in the restored
images, there is still some loss compared to haze-free images. As for our future work,
we will formulate an indicator to describe the degree of the haze effect, which will be
used to classify the images in the training dataset. At the same time, we will improve
the model by referring to the method that can effectively improve the detail resolution in
super-resolution research.
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Abstract: Many deep learning (DL)-based detectors have been developed for optical remote sensing
object detection in recent years. However, most of the recent detectors are developed toward the
pursuit of a higher accuracy, but little toward a balance between accuracy, deployability and inference
time, which hinders the practical application for these detectors, especially in embedded devices.
In order to achieve a higher detection accuracy and reduce the computational consumption and
inference time simultaneously, a novel convolutional network named YOLO-DSD was developed
based on YOLOvV4. Firstly, a new feature extraction module, a dense residual (DenseRes) block,
was proposed in a backbone network by utilizing a series-connected residual structure with the
same topology for improving feature extraction while reducing the computational consumption and
inference time. Secondly, convolution layer-batch normalization layer-leaky ReLu (CBL) x5 modules
in the neck, named S-CBL x5, were improved with a short-cut connection in order to mitigate feature
loss. Finally, a low-cost novel attention mechanism called a dual channel attention (DCA) block was
introduced to each S-CBL x5 for a better representation of features. The experimental results in the
DIOR dataset indicate that YOLO-DSD outperforms YOLOv4 by increasing mAP" from 71.3% to
73.0%, with a 23.9% and 29.7% reduction in Params and Flops, respectively, but a 50.2% improvement
in FPS. In the RSOD dataset, the mAP?> of YOLO-DSD is increased from 90.0~94.0% to 92.6~95.5%
under different input sizes. Compared with the SOTA detectors, YOLO-DSD achieves a better balance
between the accuracy, deployability and inference time.

Keywords: optical remote sensing; object detection; feature extraction; attention mechanism

1. Introduction

Object detection in optical remote sensing images (ORSIs) is a crucial but challenging
task for remote sensing technology and has been widely applied in many fields, such as
military, natural resources exploration, urban construction, agriculture and mapping [1,2].
The development of a cost-effective detector considering the characteristic of ORSIs is the
persistently pursued direction, and has attracted a large amount of attention from scholars
and practitioners.

The approaches for object detection can be roughly divided into traditional detectors
and deep learning (DL)-based detectors. DL-based detectors, especially convolutional
neural network (CNN) detectors, have gradually replaced traditional detectors since they
possess better adaptability and generalization in different application scenarios. There are
two categories of DL-based detectors: one-stage [3-9] and two-stage [10-13]. The one-stage
detectors directly regress bounding boxes and probabilities for each object simultaneously
without region proposals; thus, they perform well regarding inference speed. Two-stage
detectors employ the region proposals to improve the location and detection accuracy, with
the sacrifice of the inference speed. With the emergence of large-scale natural scene images
(NSIs) datasets for object detection tasks such as Pascal VOC [14] and MS COCO [15],
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DL-based detectors have been further developed for a better tradeoff between accuracy
and cost, including Faster-RCNN [12], single shot multibox detector (SSD) [3], the series of
You Only Look Once (YOLO) [4-6,8], CenterNet [7], EfficientDet [9] and RetinaNet [16].
These detectors with continuous improvement have been widely applied in various natural
scene visual detection tasks.

Since ORSIs are photographed from an overhead perspective at different heights,
whereas NSIs are shot from a horizontal perspective at relatively close distance, three
main differences have emerged as follows: first, the available feature of most detected
objects in ORSIs is less obvious than that in NSIs and leads to greater inter-class similarity.
Second, the intra-class difference is more prominent since object scales of the same category
in ORSIs usually vary greater. Third, the background in ORSIs is more complex and
abundant than that in NSIs. Differences between ORSIs and NSIs with instances are shown
in Figure 1. These differences make object detection in ORSIs more difficult, and most of the
well-designed detectors for NSIs are not elaborately optimized for ORSIs. For the problems
of a greater intra-class difference and inter-class similarity caused by the characteristic
of objects in ORSIs, the detector needs to extract more abundant object features with
high-level semantics to overcome it. However, the feature of objects in ORSIs are easily
submerged by the redundant and complex background information and thus will decrease
or even disappear when transmitted in the detector. Thus, DL-based detectors also require
a stronger feature extraction and transmission ability.

Less obvious available feature of objects Larger scale variation of objects More complex background

Figure 1. Three main differences between RSIs and NSIs. The first and second lines show instances
from NSIs and RSIs, respectively.

With the popularity and wide application of embedded devices such as unmanned
aerial vehicles (UAVs), the demand for real-time optical remote sensing object detection
deployed on edge devices has increased rapidly. UAVs with far less computing resource
and storage space than computers involve wide application scenarios such as rescue,
military and surveying tasks, which require a high detection accuracy, flexible equipment
deployment and less inference time for detectors [17].

In recent years, several outstanding achievements have been made by researchers
in fields related to ORSIs, and can be roughly divided into heavyweight [18-21] and
lightweight detectors [22-25]. Most of the heavyweight detectors usually have a high
accuracy but require a large computational cost, and thus hinder their real-time response
and the deployment on UAVs, whereas lightweight detectors have practical deployability
and a fast inference speed but it is difficult for them to achieve as high a competitive
accuracy as heavyweight detectors, especially for large multi-category object detection
tasks [23,24,26]. Therefore, optimizing the structure of heavyweight detectors toward a
better balance between accuracy, deployability and inference time is an issue well worth
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investigating. To establish a detector with a better balance between accuracy, deployability
and inference time, a novel detector called YOLO-DSD for real-time optical remote sensing
object detection based on YOLOv4 was developed in this study. The main contributions
are as follows: (1) a new feature extraction module named a dense residual (DenseRes)
Block was designed for better feature extraction and to reduce the computational cost
and inference time in the backbone network. (2) Convolution layer-batch normalization
layer-leaky ReLu (CBL) x5 modules in the neck were improved with a short-cut connection
and named S-CBL x5 to strengthen the transmission of object features. (3) A novel low-
cost attention mechanism called a dual channel attention (DCA) Block was proposed to
enhance the representation of the object feature. The experimental results in the DIOR
dataset indicate that YOLO-DSD outperforms YOLOV4 by increasing mAP% from 71.3%
to 73.0%, with a 23.9% and 29.7% reduction in Params and Flops, respectively, but a 50.2%
improvement in FPS. In the RSOD dataset, the mAP?® of YOLO-DSD is increased from
90.0~94.0% to 92.6~95.5% under different input sizes. Compared with the SOTA detectors,
YOLO-DSD achieves a better balance between accuracy, deployability and inference time.

2. Related Works
2.1. DL-Based Detectors for Optical Remote Sensing Object Detection

DL-based detectors have been widely applied in natural sense visual tasks. However,
detectors established on NSIs need to further improve their feature extraction ability for
optical remote sensing object detection tasks due to the problems of a greater intra-class
difference, inter-class similarity and feature loss in ORSIs. Therefore, some heavyweight
detectors have been improved and applied in ORSIs by many scholars. Xu et al. [18]
modified YOLOv3 with a multi-receptive field to take full advantage of the feature infor-
mation and to detect optical remote sensing objects effectively. Cheng et al. [19] designed
an end-to-end cross-scale feature fusion framework for ORSIs object detection based on
Faster R-CNN with a feature pyramid network (FPN) [16]. Yin et al. [20] proposed a
multi-scale feature extraction network based on RetinaNet, which strengthens the detec-
tion performance of irregular objects in ORSIs. Yuan et al. [21] established a multi-FPN
that performs well in object detection with a complex background. The above research
has successfully made obvious improvements in detection accuracy, but come with the
non-ignorable sacrifice of the deployability or inference speed, and thus further hinder the
application of detectors in edge devices. As a consequence, some lightweight DL-based
detectors have been elaborately designed and improved to facilitate the application in edge
devices. Li et al. [22] designed a lightweight detector by taking advantage of YOLOv3 and
DenseNet [27]. Lang et al. [23] employed the backbone network of ThunerNet [28] and
constructed a six-layer feature fusion pyramid to enhance the detection performance. The
improved YOLOv4-tiny proposed by Lei et al. [24] was constructed with an efficient chan-
nel attention mechanism to enhance the information sensitivity in each channel. Li et al. [25]
established a lightweight detector for vehicle and ship detection through using a seman-
tic transfer block and the distillation loss. Although these lightweight detectors have a
better accuracy after improvement, there is still an obvious gap in the detection accuracy
compared with heavyweight detectors.

Our motivation is to propose an end-to-end detector that can achieve a higher detection
accuracy, better deployability and less inference time in order to meet the requirements
of edge device real-time detection. YOLOv4 [8] is one of the widely used one-stage
detectors, with an impressive performance in accuracy, deployability and inference time.
It has been improved and applied in various fields, such as agriculture, industry and
transportation [29-32], which verify its excellent generalization. In this study, YOLOv4 was
utilized as the basic framework, while it was optimized from feature extraction modules,
structures of the neck and the attention mechanism for a better application in optical remote
sensing object detection.
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2.2. Feature Extraction Modules in Backbone

The backbone that is utilized to extract high-level semantic features of images is
the first part of the DL-based detector. It comprises several feature extraction modules.
VGG [33] is one of the earliest backbones for object detection and utilizes 3 x 3 convolution
layers as the feature extraction module. However, its heavy computation burden and
shallow depth hinder the deployability and performance of detectors.

To solve this problem, He et al. [34] introduced a new feature extraction module
named a Res Block to deepen the depth of backbones by adding short-cut connections.
ResNet based on the Res Block achieves a better accuracy than VGG in the natural scene
dataset, with a lower computation burden and deeper depth. The backbone DarkNet53
of YOLOV3 [6] also uses the Res Block as the main feature extraction module. Since then,
many feature extraction modules based on the Res Block, such as a ResNeXt Block [35],
Res2 Block [36], Dense Block [27] and CSP Block [37], have been improved and developed.
The trunk of the ResNeXt Block is split into 32 paths that transform the input from high
to low dimensions and back to high dimensions using the same topology, and aggregates
them through element-wise addition. Although the ResNeXt Block outperforms the Res
Block with fewer parameters and a higher detection accuracy in the natural scene dataset,
since the semantic relevance between background and detected objects in ORSIs is stronger
than that in NSIs [38], the operation of the ResNeXt Block easily breaks this relevance,
and is thus not conducive to the detection performance in ORSIs. The Res2 Block can
generate multi-scale features through a hierarchical short-cut connection and increase in
receptive fields, thus improving the detection accuracy and reducing the computational
consumption. However, its structure with parallel convolution and interactive operations
significantly increases the inference time. The Dense Block contains several dense layers.
The output of the dense layer is concatenated with its input, and the concatenated feature
map serves as the input of the next dense layer. This structure takes full advantage of the
short-cut that can better retain the feature and reduce the computation burden. However,
the Dense Block will deteriorate in the situation where the background submerges features
of detected objects in ORSIs, since the background information is more redundant and
complex. Meanwhile, the structure of the Dense Block will reduce its inference speed
due to the asymmetry of the input channels number and output channels number for a
convolution operation. The CSP Block is the feature extraction module of the backbone CSP
DarkNet in YOLOV4. It is mainly composed of several Res units based on a short-cut and a
cross-stage part containing a 1 X 1 convolution layer. Although this structure can double
the number of gradient paths and improve the detection accuracy through a splitting
and merging strategy, there is parallel convolution and the problem of the trunk of the
CSP Block being stacked alternately by an excessive convolution layer, which significantly
increase the degree of network fragmentation and thus decrease the inference speed [39].

In order to alleviate the shortcomings of the above Blocks, a novel feature extraction
module DenseRes Block is proposed in this study to improve the backbone in YOLOv4.
Firstly, the input feature map of the DenseRes Block was compressed in order to increase
the proportion of object feature information. Then, the series-connected residual struc-
ture with the same topology was utilized not only to obtain the high-level semantics of
the object feature but also to reduce the computational consumption and inference time.
Finally, the feature map output from the residual structure was combined with the in-
put of the DenseRes Block to enhance the semantic relevance between background and
detected objects.

2.3. Structure of the Neck

In the neck, feature maps output from the backbone will be processed and transmitted
to the prediction part of the detector. The neck of the early DL-based detectors only directly
transmits the last feature map of the backbone to the prediction part. The shallow feature
map contains rich location information but low-level semantic information, whereas the
deep feature map is the opposite; thus, this structure is not conducive to object detection,
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especially for small objects. In order to improve the detection performance of detectors for
small objects, Liu et al. [3] proposed a neck structure that directly transfers the feature maps
of different levels from the backbone to the prediction part of the detector for multi-scale
detection, and proves that the utilization of a shallow feature map is beneficial for small
object detection. However, shallow feature maps still lack high-level semantic information,
while deep feature maps are still short of location information. FPN [16] is designed to
transfer the high-level semantic information to the shallow feature map through the bottom-
up structure to further improve the detection performance of the detector for small objects.
In order to make the deep feature map possess rich location information and high-level
semantic information, BFPN [40] has been developed to fuse the penultimate feature map
and the last feature map based on FPN, while PANet [41] adds a top-down structure based
on FPN to transmit location information to the deep feature map. Both BFPN and PANet
can improve the detection performance for middle and large objects while maintaining a
high detection accuracy for small objects.

YOLOvV4 adopts the PANet as the framework in the neck. However, YOLOv4 suffers
from the problem of feature loss in ORSIs due to many convolution operations in the
neck. Therefore, a short-cut connection based on a residual is introduced to each CBL x5 in
the neck for strengthening the transmission of object features without an increase in the
computational burden and inference time.

2.4. Attention Mechanism

The attention mechanism assigns different weights to the pixel according to the
spatial or channel relationship between the pixels in the feature map to enhance the
representation of the feature, and it mainly includes three categories: a channel attention
mechanism (e.g., an SE Block [42] and ECA Block [43]), spatial attention mechanism
(e.g., a CA Block [44]) and hybrid attention mechanism (e.g., a CBAM Block [45]). The
attention mechanism can improve the detection accuracy in NSIs with a few parameters
and computation burden increase for detectors. The SE Block squeezes and then extends
channel information through two full connection layers in order to learn the relationship
of global channel information and effectively improve the detection performance, but the
relationship between local channel information is not considered. The ECA Block learns the
relationship between local channels through 1-D convolution with an adaptive convolution
kernel, which promotes the detection performance but ignores the relationship of global
channel information. In the CA Block, the information is extracted by average pooling
in horizontal and vertical directions, respectively, and then concatenated and fused by
2-D convolution. The fused information is split into two parts and each part is further
extracted by the convolution layer, respectively. The hybrid attention mechanism CBAM
Block combines the channel and spatial attention mechanism. Both the CA Block and
CBAM Block bring an obvious improvement in the detection accuracy in the natural scene
dataset, but their complex structure increase the inference time. Meanwhile, it is difficult for
them to use a few parameters to extract the spatial information of ORSIs due to their more
complex background and less spatial feature information for detected objects in ORSIs.

In order to more efficiently highlight the feature related to the detection task in ORSIs
with a better robustness, a novel channel attention mechanism named a DCA Block was
proposed to enhance the representation of the object feature in ORSIs through combing
global and local channel information with a slight inference time increase.

3. Proposed Methods
3.1. Method Overview

The structure of YOLOV4 is given in Figure 2. YOLOV4 consists of a backbone, neck
and prediction. YOLOV4 is established for NSIs and not practical enough to be adopted
in ORSIs directly. Specifically, the backbone CSP DarkNet in YOLOv4 utilizes the CSP
Block [37] as the feature extraction module and performs well in detection accuracy, but
its model complexity and computational burden can be further reduced to improve its
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deployability and inference speed for ORSIs. The neck PANet [41] employed in YOLOv4
can strengthen the integration of a shallow and deep feature map, but its CBL x5 modules
will easily cause the problem of feature loss, which is not conducive to information trans-
mission for objects in ORSIs. Moreover, attention mechanisms that can enhance the feature
representation are not utilized in YOLOv4.

The proposed detector YOLO-DSD based on YOLOv4 is shown in Figure 3. Three
new modules are presented to improve the performance of YOLOv4. In the backbone,
we developed a DenseRes Block as the main module for a better feature extraction and
reduction in computational cost. In the neck, S-CBLx5 was proposed to handle the
information loss problem, and the proposed attention mechanism, the DCA Block, was
added after each S-CBL x5 module to enhance the representation of features.
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Figure 2. The architecture of YOLOv4.
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Figure 3. The architecture of YOLO-DSD.
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3.2. Improvement in the Backbone

YOLOvV4 adopts a CSP Block, shown in Figure 4a, to extract features of images in the
backbone. Although the CSP Block performs well in detection accuracy, the structure of
the CSP Block containing a parallel convolution operation for reusing the feature of the
‘Input” and excessive convolution layers caused by ‘Res Unit’ takes up a large amount of
computing resources and inference time [39]. Aiming at this problem of the CSP Block,
we proposed a DenseRes Block, shown in Figure 4b, and employed it in the backbone for
feature extraction.
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Figure 4. The structure comparison between CSP Block (a) and DenseRes Block (b).

The DenseRes Block is only composed of several series-connected 3 x 3 convolution
operations félx)g, (i=1,2,---,n) and short-cut connections based on residual learning. y; is

the output feature map of f3(lx) 5- For the feature map Input € RV>H*C W, H and C indicate
the height, width and channel number of the map, respectively. Since the feature of detected
objects in ORSIs is easily overwhelmed by that of the background when transmitted, we
utilized a feature map with fewer channels as the output of the first convolution operation
to compress the ‘Input’ to focus on object features and reduce the proportion of background
information. Therefore, the feature map y; € R"*H*C was computed by

YW xHXG félx)3 (InputWXHXC) )

where C=n x G, f3(1x)3 contains the 3 x 3 convolution layer that compacts the number
of channels from C to G, the BN layer and the leaky ReLu activation function. If n =1,
the DenseRes Block is the same as the Res Block. When n > 1, the DenseRes Block will
compress the ‘Input’ and make a feature extraction. It was proven in Ref. [39] that the
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following operations can effectively reduce the memory access cost and the inference time
of the model: (1) the input channel and output channel of the convolution layer should
be equal as much as possible; (2) the number of fragmented operators (i.e., the number of
individual convolution or parallel operations in one building block) should be reduced.
Therefore, y;(1 < j < n) € RV*H*C could be designed as

G w G ] G
yisS=y G @ £ (y)31C) @

where féjx) 4(1 < j < n) contains the 3 x 3 convolution layer with the same number G
of input and output channels, the BN layer and the leaky ReLu activation function. @
indicates the element-wise addition. From the comparison between the CSP Block and the
DenseRes Block shown in Figure 4, the output of each ‘Res Unit” in the CSP Block will go
through two convolution layers with different kernel sizes, whereas that of each ‘y;” in the
DenseRes Block only goes through one 3 x 3 convolution layer. Therefore, the fragment
degree can be decreased. Moreover, we used a short-cut based on residual learning to
connect y;(1 < j <n)andy; 1(1 < j < n) for the problem of feature loss in the process of
feature extraction.

In ORSIs, there will be potential semantic relevance between the object and the back-
ground [21,38]. For example, cars and airplanes tend to park on land whereas ships
tend to sail on the sea, and bridges are built over water whereas overpasses are built
over land. In order to make the network better learn high-level semantic relevance, the
Output € RW*H*C was designed as

OutputhHxC: InputhHxC ® [yi];/iigii(cznx@ ©)

WxHxC(C=nxG . . .
where [y;] i:iz,_%_,n( "<6) concatenates Y1, Y2, ... , Yy in the channel dimension to a feature

WxHxC WxHxC(C=nxG)
R7 X '[]/i]izllz,...,n

formation was combined with the Input € R"*H*C holding more background information
by element-wise addition directly to improve the detection accuracy. Compared with the
CSP Block, such a designed structure in the DenseRes Block not only reuses the feature of
‘Input’ but also omits a parallel convolution operation, which can further reduce the degree
of the fragment in the backbone.

The DenseRes Block was utilized in order to replace the original module, the CSP
Block, in the backbone. The architecture and complexity of the restructured backbone,
named DarkNet-DenseRes, is shown in Table A1, Appendix A.

map with the same size as Input € possessing more object in-

3.3. Improvement in the Neck

YOLOV4 uses the feature pyramid structure of PANet in the neck to fuse feature maps
of different levels and extract a feature, which performs well in object detection in natural
scenes. However, the feature information of objects in ORSIs is usually far less obvious than
that of objects in natural scenes, and information loss caused by excessive convolutional
operations in PANet limits the detection performance of the network for the objects in
ORSIs. In order to solve this problem, S-CBL x5 was utilized to replace each CBLx5 in
the original neck as shown in Figure 3. The structure comparison between CBL x5 and
S-CBL x5 is given in Figure 5. S-CBL x5 adds two short-cuts based on CBL x5 and does not
add additional parameters and inference time.
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Figure 5. The structure comparison between CBL x5 (a) and the proposed S-CBL x5 (b).

To highlight significant features related to the detection task, the DCA Block was
proposed to optimize the weight distribution of each feature map in the channel dimension
by combining the local and global relationship between channels with a slight increase in
computations cost and inference time. The structure of the DCA Block is shown in Figure 6.
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of Kernel Size

A

ConvlD
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WxHxC Ix1xC
w

Input
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Figure 6. The structure of the proposed DCA Block.

The DCA Block is composed of a ‘Local Extraction Path” and ‘Global Extraction
Path’ in parallel. The ‘Global Extraction Path” is used to learn the global relationship
between channels, whereas the ‘Local Extraction Path’ is employed to extract the local
channel relationship.

Firstly, global average pooling was employed to obtain the integrated information
in the space dimension of each channel y;1'*¢ and y&; '€, where y; ;1€ and y5;*¢

indicate the input of the ‘Local Extraction Path” and ‘Global Extraction Path’, respectively,

d y1¥1xC — 1x1xC
andyry - =Ya -
Secondly, 151 in the ‘Local Extraction Path’ could be computed by
y£>2<1><C: féonle(deXC) @)
log,C +1
=B )

where féonvl p represents the 1-dimension convolution layer. Since each feature map has a
different number of channels and the kernel size of the convolution layer is proportional to
the number of the channels [43], the mapping between its kernel size (k) and the number of
input channels (C) is given in Equation (5). f(lgom;l p could adaptively select the kernel size
according to non-linearly mapping Equation (5); thus, it can extract the local relationship
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between covered channels more effectively than the convolution layer with a hand-given
convolution kernel size.

At the same time, two full connection layers were used as a bottleneck in the ‘Global
Extraction Path’ to build the global relationship of each channel:

v = £ (i e ®)

where fF(é) is the first full connection layer that compresses the channel number from C to

C/R, and f}? is the second full connection layer that extends the channel number from
C/R to C. The value of the zoom factor R that could reduce the complexity of the structure
was set to 32 according to the experimental results in Section 4.4.1. The structure of the
‘Global Extraction Path” with two full connection layers has a stronger non-linearity and
can fit better with the complex global relationship between each channel.

Thirdly, the output of the ‘Global Extraction Path” and ‘Local Extraction Path” were
combined by element-wise addition, and the sigmoid function was applied to generate the
weight w € R1*C, Finally, the output of the DCA Block was calculated as:

,w1><l><C — SlgTHOld(]/};élXC @ y£>2<1><C) (7)

OutputWXHXC _ w1><1><C ® InputhHxC (8)

where ® represents the operation of the element-wise product. As shown in Figure 3,
we added the proposed DCA Block after each S-CBL x5 to generate an improved PANet
(shown in Figure 7) with a structure that is more suitable for optical remote sensing object
detection and has a nearly equal computational cost compared to the original structure.

S-CBLx5
withDCA

Figure 7. The structure of the improved PANet.

3.4. Prediction

Decoding and obtaining the detection result were processed in the prediction. As
shown in Figure 3, each output of the neck went through with a CBL moduleand a1l x 1
convolution layer, and three feature maps, P; € [R52x52xnum_class p, ¢ [R26x26xnum_class
and P; € R13x13xnum_class yyare generated. Then, as shown in Figure 8, P;, P, and P; were
mapped back to the original image and the image was divided into 52 x 52,26 x 26 and
13 x 13 sizes of grids. Each grid corresponding to a feature map contains the information of
three anchors. In each anchor, (x, y) and (w, h) are the offset coefficient and size coefficient,
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respectively, Cf is the confidence of the grid containing the object and Cy, C, C3, ..., Cy
are the confidence of each object class, respectively.
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Figure 8. The image is divided into 52 x 52,26 x 26 and 13 x 13 by Py, P, and P3, respectively.

Then, each grid generated three bounding boxes according to the information com-
bined with anchors, and the process of converting the anchor to the bounding box is
illustrated in Figure 9. (Cy, C;) are the upper left corner position of the current grid and
the center of each grid anchor. (o(x), 0(y)) is the offset of the bounding box relative to the
anchor. The width by, and height b, of the bounding box were obtained through multi-
plying the width p,, and height pj, of the anchor by scaling factors ¢® and ", respectively.
Finally, the detection results were obtained after redundant bounding boxes were removed
through NMS.

b =o(x)+c,

b, =a(y)+e,
_ W o
bw. =p,xe LJ"
_ i
bk =p,xe current gri
] anchor

bounding box

Figure 9. The process of converting anchor to bounding box.

3.5. Loss Function

The loss function of YOLOv4 includes three parts: confidence, classification and
bounding box regression loss. YOLOv4 employs the complete intersection over union
(IoU) loss (ClolU) [46], replacing the mean squared error loss adopted in YOLOvV3 with
the bounding box regression loss. CloU takes the overlap area, center point distance and
aspect ratio into consideration simultaneously, and the convergence speed and detection
accuracy were improved. CloU introduces a penalty item «v based on the distance IoU loss
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to impose the consistency of the aspect ratio for the ground truth (bb$!) and bounding box
(bb?). The loss of CloU can be defined as Equation (9).
2 t b
Losscrou=1— (Iou 7 (biz’ ) _ oV
©)

2
— v _ 4 wgt wb
X=1Tur~v' V= 322 (arctan—hgt — arctanh—b

where b!, b are the center of bbS!, bb?, respectively, p denotes the Euclidean distance, c
represents the diagonal length of the smallest enclosing rectangle covering bb$*, bb?, o is
a positive trade-off value and v means the consistency of the aspect ratio. w$ t wt are the
width of the bbst, bb?, respectively. h8!, hP are the height of the bbs!, bb?, respectively.

CIOU can directly minimize the distance between the bounding box and ground truth
and accelerate the model convergence. Previous works [47-49] have proved that CIOU
can perform better in detecting objects with diverse sizes, which can match well with the
characteristics of remote sensing object detection tasks.

4. Experiments and Discussion

In this section, we conduct ablation and comparative experiments on a public optical
remote sensing dataset DIOR [2] with 20 categories to validate the proposed YOLO-DSD,
considering the accuracy, deployability and speed indictors. Another optical remote sensing
dataset RSOD [50] with 4 categories was utilized to further verify the effectiveness of the
proposed YOLO-DSD compared with YOLOv4.

4.1. Datasets
4.1.1. DIOR Dataset

DIOR [2] is a large ORSIs dataset that was established in 2020 to develop and validate
data-driven methods. It contains 23,463 images and 192,472 objects in total, covering
20 categories in optical remote sensing field. Images in this benchmark dataset have been
clipped into 800 x 800 pixels. There are vast scale variations across objects in DIOR because
it contains images with spatial resolutions ranging from 0.5 m to 30 m. According to the
definition of COCO [15], objects with area of ground truth less than 32 x 32 pixels, between
32 x 32 pixels and 96 x 96 pixels and larger than 96 x 96 pixels are taken as small, middle
and large-sized objects, respectively. Each category and the size distribution of objects in
DIOR is shown in Figure 10. It can be seen that objects in DIOR possess great size difference
and are concentrated in small and middle-sized.
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Figure 10. Each category and the size distributions of objects in DIOR.

Moreover, since images in DIOR are carefully collected under various environment
conditions, such as different weathers and seasons, these images possess richer variations
in viewpoint, background, occlusion, etc. Problems of intra-class diversity and intra-class
similarity are more laborious due to the above characteristics. The main difficulties in
real-world tasks can be well reflected by DIOR; thus, ablation experiments of YOLO-DSD
and comparative experiments with SOTA detectors were conducted in DIOR dataset.

4.1.2. RSOD Dataset

RSOD [50] contains 976 images that have been clipped into approximately 1000 x
1000 pixels, and the spatial resolution of these images ranges from 0.3 m to 3 m. There
are 6950 object instances in this dataset in total, covered by 4 common classes in ORSIs,
including 4993 aircraft, 1586 oil tanks, 180 overpasses and 191 playgrounds. Each instance
of classes is shown in Figure 11.

In addition, instances in RSOD dataset are under various scenes, including urban,
grasslands, mountains, lakes, airport, etc. Although the scale of RSOD is not as large as
that of DIOR, the characteristics of images in optical remote sensing object detection task
can also be reflected by RSOD dataset. Therefore, we further analyzed the effectiveness of
YOLO-DSD compared with YOLOv4 in RSOD dataset.

aircraft overpass playground

Figure 11. Each category of objects in RSOD.
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4.2. Evaluation Indicator

Detectors in this study were analyzed from three perspectives, including detection
accuracy, deployability and speed. The evaluation indicators of each performance are
shown in Table 1. The higher the mAP and FPS, but the lower Params and Flops, the better
the detector.

Table 1. The evaluation indicators.

Indicator Class Indicator Description

Average precision when IOU = 0.5. It is the most used
indicator in remote sensing object detection.
Mean values of mAPs under each IOU, which are taken

mAP?? (%)

0.5:0.95 (o
Accuracy mAP (%) at an interval of 0.05 between 0.5 and 0.95.
mAPS, mAPM, The mAP?0% of small, middle and large-sized object
mAPL (%) defined in MS COCO.
Deplovabilit Params Number of detector parameters.
cployabrity Flops Floating point operations.
Speed FPS (img/s) Frames transmitted per second.

4.3. Experiment Setting

In this study, the deep learning framework PyTorch1.7.1 was utilized to implement all
of the detectors in this study. The experimental environment was ubuntu18.04, CUDA11.1,
CUDNNS.0.5 and NVIDIA GeForce RTX 3080. In order to ensure enough training samples
and to make the test set reflect the characteristics of each dataset well, training and test
sets in DIOR were split by 1:1, whereas those in RSOD were split by 4:1 randomly. A
total of 90% of the training set was utilized for training detectors, and 10% was used for
monitoring to avoid overfitting. The input size and batch size of detectors was set to
416 x 416 and 7, respectively. Adam optimizer was employed to update the parameters,
with a weight decay of 2 x 10~%. The relationship between learning rate and epoch is
shown in Figure 12. For anchor-based detectors, K-means was utilized to optimize the size
of anchors before training.

2x10-44

rate

Ing_|

2x10-54

learn

2x10-64

20 220 270 300
epoch

o4

Figure 12. The relationship between learning rate and epoch.

4.4. Experiment Results and Discussion in DIOR Dataset
4.4.1. Ablation Experiment

Ablation experiments were conducted to verify the effectiveness of each improved
module in YOLO-DSD, and the results are shown in Table 2. The detector improved with
the DenseRes Block reduces Params by 23.9% (% x 100%) and Flops by 29.7%
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W x 100%), and increases FPS by 63.4% (% x 100%), while achieving a 0.2%
higher mAP%° and almost the same mAP?>%% compared with YOLOV4 as the baseline.
The detector improved by S-CBL x5 in the neck based on “+DenseRes Block” is beneficial
for mAP%? and mAP?509 which are brought about by the increase in mAPM and mAPL
without affecting the deployability and inference speed. However, the mAP® slightly
decreased by 0.3% because the short-cut utilized in S-CBL x5 strengthened the transmitting
of the feature, and thus introduced background features additionally, which attenuated
the representation of the feature for small-sized objects. The detector further improved by
the DCA Block achieved a significant increase in mAP due to the enhancement of feature
expression, and made up for the loss of mAPS caused by the short-cut with the same
Params and Flops, while the FPS was only slightly reduced by 5.3 img/s.

In summary, YOLO-DSD outperforms YOLOv4 both in the detection accuracy, de-
ployability and speed evaluation indicator. YOLO-DSD based on YOLOv4 increases the
commonly used indicator mAP% by 1.7% and the more rigorous indicator mAP?>0-%
by 0.9%. Specifically, YOLO-DSD has a greater advantage in mAPM and mAP", while it
achieves a similar and competitive mAP® compared with YOLOv4. In terms of deployabil-
ity performance, the Params and Flops of YOLO-DSD decreased by 23.9% and 29.7% more
than those of YOLOV4, respectively. YOLO-DSD also performs well in inference speed: it
is 50.2% faster than YOLOv4 in FPS.

Table 2. The ablation results of YOLO-DSD.

Detectors Params Flops FPS mAP%5 mAP-50.95 mAPS mAPM mAPr
YOLOv4(Baseline) 64.17 M 30.07 G 40.2 71.3 39.1 10.1 30.2 55.1
+DenseRes Block 48.81 M 2112 G 65.7 71.5 38.8 9.4 30.4 54.9
+S-CBL x5 48.81M 21.12G 65.7 719 39.2 9.1 30.9 55.7
+DCA(YOLO-DSD) 48.81 M 21.12G 60.4 73.0 40.0 9.6 31.6 56.4

We further analyzed the performance of the DenseRes Block. The ablation results of the
DenseRes Block are shown in Table 3. The structure of the DenseRes Block in each detector
is shown in Figure 13. Model 1 is the detector improved by the DenseRes Block without
the structure of the ‘Short-cut’ and ‘Combine’. ‘Short-cut’ and ‘Combine’ are introduced to
the DenseRes Block in Model 2 and Model 3, respectively. Model 4 utilizes the complete
DenseRes Block to improve the backbone of YOLOv4. From the comparison between
Model 1 and Model 2, the “‘Short-cut” introduced to DenseRes Block for the mitigation of
feature loss can improve the mAP of objects in each size. After adding the ‘Combine’ to
DenseRes Block, Model 3 performs better on the middle and large-sized object, while the
mAPS decreases slightly by 0.1%. The possible reason for this is that the feature of the
middle and large-sized object is obvious enough to build high-level semantic relevance
with the background feature, while the feature of the small object is not obvious enough
and thus it is easy for it to be overwhelmed. Model 4 improved by the complete DenseRes
Block achieves the highest mAP and a significant increase in mAPS, mAPM and mAP". It
is probable that, on the basis of the ‘Short-cut’, the feature of each size object can be better
retained when transmitting in the DenseRes Block, and can thus benefit the building of
high-level semantic relevance with a background feature through ‘Combine’.

178



Appl. Sci. 2022,12, 7622

Table 3. The ablation results of DenseRes Block.

DenseRes Block

Detectors FPS mAP?5 mAP0-5:095 mAPS mAPM mAP"
+Short-Cut* +Combine*
Model 1 65.7 70.8 38.2 9.1 29.9 54.4
Model 2 v 65.7 71.3 38.7 9.5 30.3 54.7
Model 3 Vv 65.7 71.2 38.5 9.0 30.2 54.9
Model 4 Vv Vv 65.7 71.5 38.8 9.4 30.4 54.9
Note: ‘Short-cut*” indicates a short-cut to connect y; (1 <i < n)and y ;_1) (1 <i < 1) in DenseRes Block; ‘Combine*’
means [y;] (1 <i <n) ® Input in DenseRes Block.
Inpur”™ Inpur”™ Inpur”"¢ Input”™™ )_ @ e

i)

Uulpm" e Uulpm
Model 1 Model 2

WxHxC

448

' Output”

Model 3

<HxC

Figure 13. The structure of DenseRes Block in each detector in Table 3.
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Model 4

The experimental results of DCA module ablation are shown in Tables 4 and 5. Table 4
shows the influence of scaling factor R on the performance of the DCA Block. The results
show that, when R = 32, DCA can achieve the best performance. Table 5 exhibits the
influence of three different fusion methods shown in Figure 14 on the performance of the
DCA Block. The results show that the DCA Block with a different fusion method can
effectively improve the detection accuracy. Specifically, compared with DCA in series, DCA
in parallel has a more obvious advantage in small and middle-sized objects, while the FPS
is slightly reduced by 0.7 img/s. This may be due to the fact that, when employing the
same number of operation layers in one building block, although the structure designed
in parallel has a higher fragment, it can keep the integrity of the feature better compared
with that in series. For the proposed DCA Block, which has a small structure complexity,
utilizing the structure in parallel makes it perform better in the enhancement of feature
expression without an obvious sacrifice of inference time.

Table 4. Results of different zoom factor ‘R’s in DCA Block.
DCA Block
Detectors FPS mAP05 mAP0-5:095 mAPS mAPM mAPL
Zoom Factor ‘R’
Model 1 R=1 60.3 72.4 39.3 9.2 31.1 55.8
Model 2 R=2 60.3 72.2 39.2 9.1 30.3 55.9
Model 3 R=4 60.3 71.8 39.0 9.2 30.1 55.9
Model 4 R=8 60.4 72.8 39.8 9.7 31.1 56.4
Model 5 R=16 60.4 72.3 39.5 94 31.2 56.2
Model 6 R=32 60.4 73.0 40.0 9.6 31.6 56.4
Model 7 R=64 60.4 72.1 39.6 9.2 314 56.1
Table 5. Results of different fusion forms in DCA Block.
DCA Block
Detectors FPS mAPYS mAP0-5:0.95 mAPS mAPM mAPL
Fusion Form
Model 1 ‘Global Path’ + "Local Path’ (In series) 61.1 72.2 39.7 9.3 31.2 56.5
Model 2 ‘Local Path’ + ‘Global Path’ (In series) 61.1 72.0 39.5 9.3 30.5 56.6
Model 3 ‘Global Path” + 'Local Path” (In parallel)  60.4 73.0 40.0 9.6 31.6 56.4

Note: ‘Global Path” and "Local Path’ refer to ‘Global Extraction Path’ and ‘Local Extraction Path’, respectively.
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Figure 14. The structure of DCA Block in each detector in Table 5.

4.4.2. Comparative Experiment

Four experiments were conducted in this study to verify the superiority of the pro-
posed method. (1) ResNet50 [34], VGG16 [33] and the backbones that were established
based on the CSP DarkNet framework with different feature extraction modules, including
the Res Block [34], ResNeXt Block [35], Res2 Block [36], Dense Block [27], CSP Block [37] and
DenseRes Block, were compared. (2) A comparison of different neck structures, including
FPN [16], BEPN [40], PANet [41], S-PANet (PANet improved with the proposed S-CBL x5)
and none (without feature pyramid structure), was conducted. (3) The performance of
different attention mechanisms, including the SE Block [42], ECA Block [43], CA Block [44],
CBAM Block [45] and DCA Block(R = 32), was compared and analyzed. (4) YOLO-DSD was
compared with eight SOTA detectors, including Faster-RCNN, SSD, RetinaNet, YOLOvV3,
YOLOvV4, YOLO-Lite (MobileNetV2 [51]—YOLOv4), CenterNet [7] and EfficientDet [9],
which have been widely applied in various natural scene visual detection tasks due to their
acceptable tradeoff between accuracy, deployability and inference time.

Comparative experiment for different backbones: The performances of the CSP Dark-
Net, which is improved by the proposed DenseRes Block (DarkNet-DenseRes) and other
backbones, are demonstrated in Table 6. Based on the CSP DarkNet framework, the pro-
posed DenseRes Block outperforms the ResNeXt Block and Dense Block in all indicators.
Although the mAP%> and mAP">%% of DarkNet-DenseRes are slightly lower than those
of DarkNet-Res by 0.1% and 1.3%, the Params and Flops of DarkNet-DenseRes are only
approximately 1/3 and 1/4 of DarkNet-Res, while the FPS of DarkNet-DenseRes is ap-
proximately 1/4 higher than that of DarkNet-Res. Similarly, the mAP%> and mAP?>09°
of DarkNet-DenseRes are 0.9% and 1.1% lower than those of DarkNet-Res2; however, the
Params and Flops of DarkNet-DenseRes are only approximately 1/3 and 1/2 of those of
DarkNet-Res2, while the interference speed is 2.3 times that of DarkNet-Res2 according to
FPS. The superiority of DarkNet-DenseRes compared with CSP DarkNet was analyzed and
proved in ablation experiments. DarkNet-DenseRes also has obvious advantage in all indi-
cators compared with ResNet50. Although DarkNet-DenseRes has a similar accuracy and
speed to VGG16, VGG16 has seven times as much Flops than that of DarkNet-DenseRes.
Therefore, DarkNet-DenseRes achieves the optimal balance of accuracy, deployability
and speed.

Table 6. Results of comparative experiment for different backbones.

Backbone Params Flops FPS mAP0> mAP0-50-95 mAPS mAPM mAPL

CSP DarkNet (Baseline) 26.61 M 17.34 G 40.2 71.3 39.1 10.1 30.2 55.1
DarkNet-Res ! 40.58 M 24.61 G 52.8 71.6 40.1 9.9 31.7 56.1
DarkNet-ResNeXt 2 20.55 M 1271 G 39.1 68.4 36.4 8.2 28.3 52.6
DarkNet-Res2 3 31.65M 19.33G 28.4 72.4 39.9 10.2 31.6 55.4
DarkNet-Dense 4 14.06 M 8.16 G 50.9 69.6 37.5 7.8 29.7 54.5
DarkNet-DenseRes °(Ours) 11.26 M 8.42 G 65.7 715 38.8 94 30.4 54.9
ResNet50 2351 M 1341 G 474 68.5 36.5 7.8 28.7 53.2

VGG16 17.07M 54.64 G 70.1 71.1 38.9 9.9 29.8 55.2

Note: 12345 means CSP DarkNet utilizes Res Block, ResNeXt Block, Res2 Block, Dense Block and DenseRes
Block as the main feature extraction module, respectively.

Comparative experiment for different necks: Table 7 shows the performance of each
neck structure that was tested by applying a no-feature pyramid structure (None), FPN,
BFPN, PANet (Baseline) and S-PANet to the modified YOLOv4, with the DenseRes Block in
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the backbone. ‘None” has the lowest Params (18.83 M) and Flops (4.89 G) and the highest
FPS (85.5 img/s), but it does not perform well in detection accuracy, and, in particular,
its mAPS is only 8.1%, whereas that of the other four necks ranges from 9.1% to 9.5%.
Therefore, the feature pyramid structure is vital for detection accuracy and, in particular,
for small size objects, which occupy more than 50% in DIOR. Although FPN and BFPN
are slightly better than PANet in deployability and inference speed, they have more than
a 2.6% inferiority in mAP of middle and large-sized objects, which, in total, account
for approximately 50% of objects in DIOR. It was proven that the structure of PANet is
important to the detection accuracy in YOLOv4 for ORSIs. PANet and S-PANet have almost
the same Params, Flops and FPS, but our S-PANet performs better than PANet in mAP0>
and mAP%>%% In conclusion, S-PANet is more suitable for optical remote sensing object
detection than other necks.

Table 7. Results of comparative experiment for different necks.

Neck Params Flops FPS mAP0> mAP0-5:095 mAPS mAPM  mAPl
None 18.83 M 489G 85.5 68.3 35.5 8.1 27.4 51.6
FPN 27.22M 8.50 G 71.8 69.1 36.0 9.2 27.2 51.4
BFPN 35.68 M 10.84 G 68.1 69.9 36.8 9.5 27.8 52.1
PANet (Baseline) 37.55M 1273 G 65.7 71.5 38.8 9.4 30.4 54.9
S-PANet(ours) 37.55M 1273 G 65.7 71.9 39.2 9.1 30.9 55.7
Comparative experiments for different attention mechanisms: Taking modified YOLOv4
with the DenseRes Block in the backbone and S-PANet in the neck as the baseline (None),
the indicator values of different attention mechanisms are exhibited and compared in
Table 8. The CA Block and CBAM Block containing the spatial attention mechanism
fail to improve the detection accuracy, and the FPS decreases significantly due to those
complex structures. Most channel attention mechanisms, including the SE Block, ECA
Block and DCA Block, can improve the detection accuracy. The DCA Block improves the
detection accuracy for small, medium and large sizes of objects, and achieves the highest
mAP?? =73.0% and mAP%>0% = 40.0%, with an increase of 1.1% and 0.8% compared with
‘None’, respectively, when R = 32, and the FPS only decreases by 5.3 img/s. In the case of
the SE Block, mAP%? and mAP%>%% increases by 0.2% and 0.1%, and the FPS decreases by
3.4 img/s. The ECA Block improves both mAP%® and mAP*>%% by 0.1%, and decreases
the FPS by 2.8 img/s. Therefore, the proposed DCA Block can achieve the best balance
between accuracy and speed.
Table 8. Results of comparative experiment for different attention mechanisms.
Attention Mechanism  Params Flops FPS mAP%5  mAPO-30-% mAPS mAPM mAPL
None (Baseline) 0 0 65.7 71.9 39.2 9.1 30.9 55.7
CA 4236 K 112641 K 57.2 71.6 39.0 9.1 30.4 55.9
CBAM 102.79 K 516.59 K 52.8 70.6 38.1 8.4 29.3 55.7
SE 51.20 K 51.272 K 62.3 721 39.3 9.0 30.8 56.5
ECA 0.02K 0.02K 62.9 72.0 39.3 9.2 30.7 56.1
DCA (R=32) 51.22K 830.24 K 60.4 73.0 40.0 9.6 31.6 56.4

Comparative experiments for different detectors: The performances of the proposed
YOLO-DSD and eight SOTA detectors are demonstrated in Table 9. RetinaNet and Efficient-
Det have a better deployability than YOLO-DSD, but their detection accuracy, especially
for small-sized objects and speed, are far behind that of YOLO-DSD, so this hinders the
application of these detectors in optical remote sensing object detection. The large Flops
of SSD and Faster-RCNN require a huge amount of computing resources, which greatly
increases the difficulty in deploying them on edge devices. Although the Params and Flops
of CenterNet are 67% and 69% that of YOLO-DSD, and the FPS is 46% faster, the detection
accuracy of CenterNet is significantly lower than that of YOLO-DSD (mAP%%%:35.8%
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vs. 40.0%), and the mAPS is only 62.5% that of YOLO-DSD. YOLO-Lite has an obvious
disadvantage in detection accuracy for small and large-sized objects, even though it has a
better deployability compared with YOLO-DSD. The inference speed of YOLOV3 is nearly
the same as that of YOLO-DSD, but the deployability and detection accuracy of YOLOv3
are obviously inferior to that of YOLO-DSD. The superiority of YOLO-DSD compared
with YOLOv4 was analyzed and proved in ablation experiments. Therefore, YOLO-DSD
outperforms other SOTA detectors in the balance of accuracy, deployability and speed.

Table 9. Results of comparative experiment for different detectors.

Detector Params Flops FPS mAP%S mAP?-5:0.95 mAPS mAPM mAPL
RetinaNet 36.72M 1724 G 44.6 62.7 37.6 4.8 30.9 57.5
EfficientDet 3.60 M 130G 18.1 50.4 294 24 249 46.0
SSD 26.15M 59.59 G 87.3 61.9 37.8 4.6 31.0 58.2
CenterNet 32.67M 14.62 G 88.5 61.4 35.8 6.0 27.3 55.3
Faster-RCNN 28.47 M 364.14 G 21.9 56.1 31.8 2.8 23.7 53.2
YOLO-Lite 1048 M 3.89G 54.1 64.5 33.1 6.5 26.1 48.7
YOLOv3 61.63 M 32.83G 61.4 69.2 34.7 7.8 27.4 49.8
YOLOv4 64.17 M 30.07 G 40.2 71.3 39.1 10.1 30.2 55.1
YOLO-DSD (ours) 4881 M 21.12G 60.4 73.0 40.0 9.6 31.6 56.4

Figures 15-17 exhibit the detection performance of Faster-RCNN, CenterNet, YOLOv4
and YOLO-DSD on DIOR. The detection result of the small-sized instance in Figure 15
indicates that both Faster-RCNN and CenterNet obviously miss detection. Although
YOLOvV4 could completely detect airplanes, it incorrectly detected a storage tank. Our
YOLO-DSD can correctly detect all airplanes without any false detection. Figure 16 presents
the detection results of an instance in the complex urban background. We can see that
Faster-RCNN only detects one ground track field, and that CenterNet misses two bridges
and two ground track fields and misdetects an overpass. YOLOv4 misses one bridge and
one ground track field, whereas YOLO-DSD detects all objects correctly. The detection
results of instances in a complex suburban background are given in Figure 17. It can be
seen that Faster-RCNN detects only one Expressway-Service-Area, CenterNet has two
false detections of an overpass and windmill, YOLOv4 detects two Expressway-Service-
Areas as one, and YOLO-DSD correctly detects all objects. The above instances verify that
YOLO-DSD can handle object detection under different complex backgrounds well.

Figure 15. The detection result of small-sized instance.
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Figure 17. The detection result of instance in complex urban background.

The precision-recall curves and AP (IOU = 0.5) of YOLOv4 and YOLO-DSD in each
category are given in Figure 18 for a better illustration of the difference in detection accuracy.
It can be seen that YOLO-DSD detects better than YOLOvV4 in 11 categories, including
airplane, airport, baseball field, chimney, dam, Expressway-Service-Area, golffield, ground-
trackfield, stadium, storagetank and transtation. In particular, the AP of YOLO-DSD in
airport, baseballfield, Expressway-Service-Area and groundtrackfield is over 2% higher
than that of YOLOv4. The AP of YOLO-DSD in airplane, transtation and stadium signif-
icantly increase by 6.63%, 5.21% and 17.02%, respectively. For the other nine categories,
YOLO-DSD only slightly decreases by 0.35~1.78% compared with YOLOv4 in AP, but still
has a competitive accuracy. Therefore, YOLO-DSD has a better accuracy performance than
YOLOV4 in the large-scale ORSIs dataset DIOR in total.
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Figure 18. The precision-recall curves and AP (IOU = 0.5) of YOLOv4 and YOLO-DSD in
each category.
4.5. Experiment Results and Discussion in RSOD Dataset
In order to further exhibit the superiority of the proposed YOLO-DSD based on
YOLOV4 in optical remote sensing object detection application, another comparison ex-
periment between YOLO-DSD and YOLOv4 was conducted in a four-category dataset,
RSOD [50], which contained aircraft, oil tank, playground and overpass. The experiment
result is shown in Table 10. It can be seen that YOLO-DSD outperforms in accuracy and
inference time compared with YOLOv4 under different input sizes, including 416 x 416,
512 x 512 and 608 x 608. Specifically, YOLO-DSD increases mAP*>, mAP%>0% and FPS
by 2.6%, 0.8% and 50.2%, respectively, under the input size 416 x 416, while, under the
input size 512 x 512, mAPYS, mAPY509 and FPS are improved by 2.1%, 1.9% and 54.9%,
respectively. In terms of the input size 608 x 608, the mAP??, mAPY>%% and FPS of
YOLO-DSD are 1.5%, 1.2% and 59.3% higher than those of YOLOV4.
However, it is noteworthy that the overpass AP of YOLO-DSD is higher than that of
YOLOvV4 in RSOD, whereas it is the opposite in DIOR. One possible reason for this is that
‘bridge” and ‘overpass’ possess a significant inter-class similarity and thus interfere with
the detection performance of YOLO-DSD in these two categories in DIOR. Therefore, how
to overcome the inter-class similarity between ‘bridge” and ‘overpass’ for a better detection
accuracy while keeping its deployability and inference speed is one of our future works.
Table 10. Results of comparative experiment for YOLOv4 and YOLO-DSD in RSOD.
APO.S
Detector Input Size FPS 0.5 0.5:0.95
P Aircraft Oil Tank  Playground Overpass mAP mAP
YOLOv4 416 x 416 40.2 97.8 95.7 99.4 67.2 90.0 52.1
YOLO-DSD x 60.7 98.0 98.2 99.6 74.4 92.6 529
YOLOv4 512 x 512 37.1 98.1 97.5 99.5 73.5 92.2 55.1
YOLO-DSD x 57.5 98.5 98.6 99.8 80.1 94.3 57.0
YOLOv4 608 x 608 34.9 98.2 98.5 99.9 79.2 94.0 58.5
YOLO-DSD 55.6 99.1 98.9 99.9 84.2 95.5 59.7
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5. Conclusions

In this study, a new detector, YOLO-DSD, based on YOLOv4, was proposed to bal-
ance the accuracy, deployability and inference time for remote sensing object detection.
Three main improvements were utilized in YOLO-DSD, including the DenseRes Block,
S-CBL x5 and DCA Block. Firstly, the DenseRes Block improves the backbone, which can
better compress and extract the object feature with a high accuracy but less computational
consumption. Secondly, S-CBL x5 introduced in the neck can mitigate feature loss without
increasing the consumption and inference time. Finally, a new channel attention mecha-
nism, the DCA Block, added to S-CBL x5 better highlights the important features in the
channel dimension.

Experiments on a large dataset, DIOR, were conducted to analyze the detection
performance from the accuracy (mAP), deployability (Params and Flops) and speed (FPS).
The results of the experiments indicate that the proposed DenseRes Block is superior to
other feature extraction modules, such as the Res Block, ResNeXt Block, Res2 Block, Dense
Block and CSP Block. Moreover, S-CBL x5 performs better than currently widely used
FPN, BFPN and PANet. In addition, the proposed DCA Block outperforms other attention
mechanisms, including the SE Block, ECA Block, CA Block and CBAM Block. Compared
with YOLOv4, YOLO-DSD reduces Params by 23.9% and Flops by 29.7%, but increases
FPS by 50.2%, while mAP% and mAP*>%% increased from 71.3% to 73.0% and 39.1%
to 40.0%, respectively. Compared with other SOTA detectors, including Faster-RCNN,
SSD, RetinaNet, YOLOv3, YOLOv4, CenterNet, YOLO-Lite and EfficientDet, YOLO-DSD
achieves the optimal balance of accuracy, deployability and inference time. In terms of
the RSOD dataset, compared with YOLOv4, YOLO-DSD achieves 1.5~2.6%, 0.8~1.2% and
50.2~59.3% increases in mAP%®, mAP%>0% and FPS under different input sizes, including
416 x 416, 512 x 512 and 608 x 608.

However, YOLO-DSD has a limitation in processing a serious inter-class similarity,
such as ‘bridge” and ‘overpass’, compared with YOLOv4. In order to further improve the
performance of the proposed detector, we will try to combine depthwise separable convolu-
tion [52] with the proposed DenseRes Block for a better feature extraction and deployability
reduction. Moreover, other non-consumption methods, such as image preprocessing and
anchor optimization, will be considered to improve the detector.
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Appendix A

Table Al. The architecture and complexity of DarkNet-DenseRes.

Stage Output Size Operation Number Params Flops
CBM 416 x 416 x 32 Conv-BN-Mish (k=3 x 3,c=32,s=1)% 1 928 166,133,760
DenseRes 208 x 208 x 64 Conv-BN-Mish (k=3 x 3,c=64,s=2) 1 18,560 805,748,736
Layer_1 208 x 208 x 64 Conv-BN- Leaky ReLu (k=3 x 3,c=64,s =1) 1 36,992 1,603,190,784
- 208 x 208 x 64 Concatenation 1 / /
DenseRes 104 x 104 x 128 Conv-BN-Mish (k=3 x 3,c=128,s=2) 1 73,984 801,595,392
Layer_2 104 x 104 x 64 Conv-BN- Leaky ReLu (k=3x3,c=64,s=1) 2 110,848 1,200,316,416
- 104 x 104 x 128 Concatenation 1 / /
DenseRes 52 x 52 x 256 Conv-BN-Mish (k=3 x 3,c=256,s5 =2) 1 295,424 799,518,720
Layer_3 52 x 52 x 32 Conv-BN- Leaky ReLu (k=3 x 3,c=32,s=1) 8 138,752 375,861,632
- 52 x 52 x 256 Concatenation 1 / /
DenseRes 26 x 26 x 512 Conv-BN-Mish (k=3 x 3,c=512,5=2) 1 1,180,672 798,480,384
Layer_4 26 X 26 x 64 Conv-BN- Leaky ReLu (k=3 x 3,c=64,s =1) 8 553,984 374,839,296
- 26 x 26 x 512 Concatenation 1 / /
DenseRes 13 x 13 x 1024 Conv-BN-Mish (k =3 x 3, c=1024, s = 2) 1 4,720,640 797,961,216
Layer_5 13 x 13 x 256 Conv-BN- Leaky ReLu (k = 3 x 3,c=256,s=1) 4 4,130,816 698,280,960
- 13 x 13 x 1024 Concatenation 1 / /
Total Params 11,261,600
Total Flops 8,421,927,296
Note: * k, ¢, and s mean kernel size, output channels and stride of the convolution layer, respectively.
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