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Abstract: The drone industry has opened its market to ordinary people, making drones prevalent
in daily life. However, safety and security issues have been raised as the number of accidents rises
(e.g., losing control and colliding with people or invading secured properties). For safety and security
purposes, observers and surveillance systems must be aware of UAVs invading aerial spaces. This
paper introduces a UAV tracking system with ROI-based video coding capabilities that can efficiently
encode videos with a dynamic coding rate. The proposed system initially uses deep learning-based
UAV detection to locate the UAV and determine the ROI surrounding the detected UAVs. Afterward,
the ROl is tracked using optical flow, which is relatively light in computational load. Furthermore, our
devised module for effective compression, XROI-DCT, is applied to non-ROI regions, so a different
coding rate is applied depending on the region during encoding. The proposed UAV tracking system
is implemented and evaluated by utilizing videos from YouTube, Kaggle, and a video of 3DR Solo2
taken by the authors. The evaluation verifies that the proposed system can detect and track UAVs
significantly faster than YOLOV7 and efficiently encode a video, compressing 70% of the video
based on the ROI. Additionally, it can successfully identify the UAV model with a high accuracy of
0.9869 ROC-AUC score.

Keywords: UAV; object detection; object classification; video encoding

1. Introduction

Unmanned Aerial Vehicles (UAVs), commonly known as drones, have evolved from
niche gadgets into pivotal tools in various applications, ranging from military operations
to commercial and research endeavors. UAVs are now more prevalent than ever. Ini-
tially confined to military usage, UAVs have increasingly permeated numerous civilian
sectors, including simple navigation, environmental monitoring, agricultural surveying,
and notably, security and surveillance [1]. Crucial to such applications, the development
of advanced UAV tracking systems that ensure precise operation and navigation—often
in complex, dynamic environments—is in demand. A critical component of effectively
leveraging UAVs lies in developing advanced UAYV tracking systems, mainly through video
surveillance. These systems are designed to enhance the capabilities of UAVs in complex
environments by providing real-time data and insights essential for navigation, obstacle
avoidance, and mission-specific tasks. Video surveillance, integrated with state-of-the-art
computer vision technologies, plays a pivotal role in the real-time object tracking and
operational management of UAVs. According to Statista [2], the market for commercial
UAVs is expected to reach 13 billion U.S. dollars (USD) by 2025. As of October 2023, there
are 863,728 UAVs registered with the Federal Aviation Administration in the United States
alone [3]. As the number of UAVs—regardless of whether they are used for commercial or
military purposes—increases, the number of incidences caused by UAVs has increased [4].
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Incidences involving UAVs flying into restricted aerial zones are increasing along with the
total number of incidences. To prevent such incidents, detecting and tracking the object—in
this case, a UAV—reliably and accurately would be the first essential step.

Early works were primarily focused on enhancing the detection and tracking accuracy
under constrained environments by employing classical computer vision techniques such
as background subtraction and global/local contrast [5]. As the field progressed, more
sophisticated approaches were introduced, leveraging the power of artificial intelligence
and machine learning. These approaches have been utilized in many other UAV-related
areas, such as topology control [6] and location-based routing [7]. Notably, algorithms
like Kalman and particle filters were adapted for dynamic and uncertain environments to
improve tracking robustness [8]. In recent studies, integrated deep learning algorithms,
such as convolutional neural network (CNN) [9], are adopted to autonomously learn
from vast amounts of data, significantly improving the detection of UAVs against varied
backgrounds and during challenging conditions.

Furthermore, real-time object detection, such as YOLO (You Only Look Once) [10], has
revolutionized the field by reducing latency and increasing object recognition accuracy in
videos. This feature is indispensable in scenarios where speed and accuracy are crucial, such
as monitoring fast-moving targets or navigating through rapidly changing environments,
making it highly suitable for UAV surveillance and tracking.

In this paper, a UAV surveillance and tracking system with a suitable video coding
system for limited resource devices is introduced. The proposed system is based on the
region-of-interest (ROI) video coding technique and adopts object tracking to classify and
track ROI. Efficient ROl management is attained by using YOLOv?7 [11] for setting ROI
based on object detection with deep neural network and optical flow [12] for tracking ROI.
Video coding alone is a power-consuming process. Moreover, such deep learning tasks and
image processing for small devices can be overwhelming due to limited resources and lack
of GPU [13]. For capturing a moving object in a 30 frame-per-second or above video [14],
object detection becomes a power-consuming algorithm. Applying UAV detection and
video coding on every frame is unsuitable for such devices. On the other hand, calculating
optical flow over a small area with a small number of features to track can run even on a
mobile device—usually known for its limited resources. Therefore, the proposed system
adopts optical flow. The optical flow of the ROI is calculated to track the movement of
the object inside the ROI; the movement is utilized to adjust the ROI in the next frame,
achieving efficient ROI management. Before encoding, we apply our devised scheme
called XROI-DCT. With XROI-DCT in the proposed system, UAV tracking videos can
achieve high transmission efficiency. The result shows that the accuracy of our approach is
almost identical to that of YOLOV7 at a lower computation price [15]. The performance
of the proposed system is evaluated by comparing it to YOLOvV? in various aspects. The
contribution of this paper is presented as follows:

*  Wepresenta UAV tracking system. It utilizes YOLOvV7's real-time detection capabilities
and optical flow for a lightweight and fast UAV tracking system for limited resource
devices. In the evaluation section, experiment results show that the proposed scheme
can perform UAV detection 315.86% faster than YOLOV7.

*  Our proposed system is devised as a surveillance/tracking system that considers
video transmission. Due to XROI-DCT, the system is suitable for efficient video
transmission. The file size of the transmitted video is significantly smaller (averaging
70% compression) than the file size of the same video processed by YOLOv?7.

e  For predicting UAV models, our proposed system performs UAV identification based
on a CNN model. Our UAV identifier can distinguish 16 UAV models with high
accuracy, and its ROC-AUC score is 0.9869.

The rest of the paper is organized as follows. In Section 2, we present the relative re-
search regarding ROI-based video coding. In Section 3, an overall description of the system
is presented. Section 4 presents the prototype implementation and performance evaluation
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of the implementation. The paper is concluded in Section 5 with a brief presentation of our
future research.

2. Related Works

UAV tracking involves several technologies to meet user demands. UAV detection
requires a real-time processing capability; UAV identification should achieve great accuracy
so that the system can determine the model and distinguish the target UAV from other
UAVs. An effective coding system is needed for video storage and data transmission on
limited-resource devices, such as IoT and mobile devices. We can summarize this paper
as an image-based UAV identification and tracking system focusing on deep learning and
image processing. Coding systems must produce quality video with adequate file size to
be used by limited resource devices. Consisting of all the capabilities above, this presents a
challenging research topic, and the following are studies related to our work.

2.1. Object Detection Based on Deep Learning

While many object detection algorithms were already introduced, R-CNN was the first
deep learning-based object detection algorithm [16]. After R-CNN, its successors, such as
Fast R-CNN [17] and Faster R-CNN [18] have been devised. While these successors could
not achieve real-time processing due to expensive training costs and region proposals,
YOLO was introduced and has been evolving ever since. YOLO is fundamentally based
on a Convolutional Neural Network (CNN). By processing the entire image in a single
evaluation, YOLO accomplishes bounding box prediction (object detection) and inferring
class probability (object classification) in a single pass through CNN. This makes YOLO dif-
ferent from other detection systems where multiple networks or passes might be necessary.
YOLOV?7 is a more recent model of the YOLO family. Its architectural design improved
performance by focusing on optimization. These modules and optimization methods are
called trainable bag-of-freebies; they improve detection accuracy without increasing the
inference cost. Additionally, it is already proven that the YOLOV7 can detect small flying
objects such as UAVs [19]. Due to the nature of the UAV surveillance setting—capturing
images of flying UAVs from a distance—and the fast maneuverability of UAVs capable
of flying 60 km/h, quickly determining the bounding boxes accurately makes YOLOv? a
suitable choice for the proposed system.

2.2. ROI-Based Video Coding

Various researchers adopt ROI-based video coding schemes to increase video quality
without increasing the file size. ROI-based video coding schemes divide video images
into two regions, ROI and non-RO], and allow a system to encode with two different bit
rates. The means of setting and managing ROI is a popular research topic in ROI-based
video coding schemes. The research by Liu et al. uses the Means—Absolute-Difference
(MAD) prediction method to set ROI and adjust the Quantization Parameter (QP) value
of H.264 encoder to differentiate the compression rates of ROI and non-ROI [20]. In the
research by Arachchi et al., the authors utilize the Flexible Macroblock Ordering (FMO) tool
in H.264 video coding standard [21]. The work encodes the background and foreground
regions separately by dividing them into two slices. The writers claim that the proposed
technique improves the objective quality of the foreground by more than 1 dB. Zheng et al.
use the visual perceptual mechanism of the Human Visual System (HVS) on the H.264
standards [22]. The paper claims that using HVS improves overall visual quality and states
that the PSNR of the important region improves by 1.2 dB. The aforementioned researchers
set ROl in a video to separate the important and unimportant regions. By following the
standards, the researchers present a method to improve the quality of the important region.
In this paper, the system predicts the ROI differently from H.264 or VP9 [23] so that regions
of detected UAVs in the video are determined more accurately, and eventually improving
QoE by applying encoding at the correct region.
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2.3. Link-Aware Video Encoding and Streaming

CoSA, a cognitive video streaming system, streams video with compression rates set
according to the communication state [24,25]. The important area in a video is identified
using an IR depth camera. Then, CoSA streams the important area with higher quality and
the unimportant area with lower quality. Image encoding and decoding are handled by the
CoSA encoder and decoder. The CoSA encoder adopts high-frequency deletion techniques
to encode a video, and the decoder adopts high-frequency restoration techniques to decode
the video. The CoSA decoder not only decodes the video for viewing but also periodically
transmits the link state to the encoder to adjust the compression rate. The experiments
show that the system can deliver video data with two varying compression rates.

Even though CoSA introduced a new image streaming system that is robust to the
dynamic link state, it is not compatible with H.264 standards. Videos encoded using the
CoSA codec cannot be decoded with the original H.264 standard decoder, so the system’s
practicality is limited. CoSA’s codec is efficient and well-suited for conversational video,
but the incompatibility with the standardized codec limits its applicability. Moreover, CoSA
utilizes an IR depth camera to identify important areas. The requirement of an IR depth
camera further limits the applicability of CoSA. The proposed system in the paper produces
a more lightweight video and uses image processing for ROI selection, which does not
require additional hardware.

3. System Overview

This section describes the system’s structure and explains the algorithm associated
with it in detail.

3.1. Operation Flow

Figure 1 shows a simplified operation flow of the system. The system contains an
efficient ROI detection module, an ROI management module, an identification module,
and an XROI-DCT/encoding module.

Acquire Video Data

v

Spatial/Temporal Prediction

\ A

UAV Detection Optical F.IOW
Calculation

\ 2

ROI Management

v v

XROI-DCT / UAV Identification
Encoding
Video
Transmission

Figure 1. Operation flow diagram of the proposed system.
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The video is first loaded onto the system, and then each frame is analyzed to determine
its frame type. When video frames are loaded for the prediction, the proposed system
also performs UAV detection and calculates optical flow. If the frame is predicted to be an
I-frame, the system performs UAV detection to locate the UAV in the video. For frames
predicted as non-I frames, optical flow is calculated based on the current non-I frame and
the previous frame. The UAV detection and optical flow calculation operation saves the
detected UAV information and the optical flow information for each frame, which are
used to in ROI management operations. The ROI management operation is after the UAV
detection and optical flow calculation operation. The ROI management operation manages
the location of ROI using the detected UAV information and optical flow information of
each frame. Before ROI management operations are conducted, the system analyzes the
frame and performs frame prediction [26]. Such prediction based on predictive coding
exploits spatial and temporal redundancy between video frames for file size compression.
The reason for conducting such a process is to find key frames called I-frames. For I-frames,
the system sets ROI according to the area where the UAV is predicted to be by the UAV
detector based on YOLO. For other frames, the system manages the ROI by moving ROI
(from the previous frame) according to the motion vector derived from the optical flow
information. Then, frames are ready for XROI-DCT. The frames are divided into smaller
macroblocks, which are discrete cosine transformed for compression. XROI-DCT is based
on discrete cosine transform (DCT) [27]. During XROI-DCT, the high frequencies are
deleted to provide extra compression on non-ROI macroblocks. This forces the encoder to
give a high compression rate to the non-ROL. Transmission efficiency can be dramatically
improved by giving a different compression rate on ROI and non-ROI areas. Afterwards,
the proposed system follows the standard MPEG4 encoding process.

As shown in Figure 1, from acquiring video to ROI management is executed in a
single flow. However, precisely speaking, “XROI-DCT/Encoding’ is included in the single
flow. Inference by our UAV identifier does not guarantee real-time execution. So, UAV
identification—querying for inference from our CNN—is conducted in parallel. This
decision is based on the fact that the model of an already-detected UAV is highly unlikely
to change as long as it is constantly tracked. Therefore, UAV identification does not have to
be executed for every frame: this saves execution time and computing resources.

3.2. ROI Management

In this subsection, a detailed description of ROl management operation is depicted,
and the algorithm that manages the ROI displacement is presented. ROI management,
consisting of ROI classification and ROI tracking, is performed after the frame prediction.

3.2.1. ROI Classification

For frames that are determined as I-frames, detected UAV information, achieved
using an object detection algorithm, is employed to classify ROI during ROI management
operation. The proposed system adopts YOLOV? for the UAV detection algorithm. YOLOv?7
is a real-time object detector based on a well-known deep-learning architecture called CNN.

By processing an image through CNN, the algorithm detects objects. YOLO achieves
high speeds and high efficiency by integrating detection tasks—typically performed in
multiple stages—into one. YOLO detects objects in real time. This speed makes it suitable
for applications requiring real-time processing, such as video analysis, autonomous driving,
and real-time surveillance. The details of YOLO can be found in [28,29]. YOLO shows the
detected object, in this case, a UAV, on the video frame (or image) by drawing a bounding
box on the image. Figure 2a shows an example of the result. Each bounding box indicates
that the detection algorithm determines the region to contain an object. This region in
the bounding box is set as ROI in the proposed system. Even though the adopted UAV
detection algorithm is an efficient algorithm that claims to support real-time detection, it
would only mean anything if such a live stream could be sent to others. By performing
UAV detection on only I-frames, the proposed system significantly decreases the overhead
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of UAV detection. For other frames, the target UAV is tracked by applying optical flow and
moving the ROI according to the target’s movement. Every time an I-frame is detected,
the ROl is set as the bounding box by YOLO. This prevents the ROI from drifting due to
accumulated errors.

Figure 2. ROI management effect. (a) ROI classification using UAV detection. (b) ROI tracking using
optical flow.

3.2.2. ROI Tracking

The proposed system adopts optical flow to manage the movement of ROI for the
frames that were not used by UAV detection. Figure 2b demonstrates the information that
results from optical flow calculation, and Figure 3 depicts how optical flow is adopted
to calculate the motion vector of ROI in the proposed system. When an object shown in
a video moves between frames, the motion vector of the object between two frames can
be calculated using optical flow. In Figure 3a, motion vector v refers to the movement of
a square object. The proposed system calculates the motion vector v using optical flow
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values. Figure 3b depicts the optical flow values of pixels inside a particular area. Optical
flow calculation produces motion vectors of pixels, as shown in the figure. Figure 2b shows
an example of optical flow values extracted from a video. The figures imply that the optical
flow values of the UAV area are consistent, and the UAV’s motion vector can be calculated.
The motion vector of ROl is the average of the optical flow values of pixels in the ROIL
The proposed system estimates the displacement that needs to be applied to the ROI to
contain the important content inside it by utilizing optical flow values of the ROL Thus, the
movement of UAVs can be tracked, and the ROI can be adjusted according to it.

F(t-1) F(t-1)
F(t)

ROl Optical Flow F(t)
Prev. block NN

N\
N

N

Current block RO,

a b

Figure 3. Optical flow for ROI displacement. (a) Motion vector between subsequent frames. (b) Motion
vector calculation.

The proposed system only calculates the optical flow of the pixels inside the ROI to
minimize calculation. Calculation of optical flow over such region returns optical flow
values of every pixel in the ROI. However, simply averaging the optical flow values does
not produce an accurate motion vector of the ROI The ROI will not only contain UAVs, but
the backgrounds, too. The portion of background in the ROI is not negligible. Therefore,
optical flow values of the background pixels will count as errors and hinder the accuracy of
the resulting motion vector. Thus, when the proposed system calculates the motion vector
of the RO], it ignores the optical flow values of the background by ignoring the optical
flow values close to zero. However, errors by optical flow values of the background can be
accumulated. Thus, updating the ROI based on the UAV detector is essential for accurate
ROI tracking. The displacement of the ROI can be formulated as the following equation:

vy = OF;, where OF, = {V||OF(x,y)«|| > t},

vy = OF,, where OF, = {V||OF(x,y),|| > t}. @

In Equation (1), vy and v, represent the displacement of ROI in the x-axis and y-axis,

respectively; OF (x,y)x and OF (x,y), represent the horizontal and vertical component of

optical flow value at (x,y); and ¢t is the previously set threshold value. This equation

calculates the mean of the movement of valid pixels inside ROI. With Equation (1), the

proposed system estimates the area of the UAV on a frame without using the UAV detection
algorithm on every frame by utilizing optical flow.

3.2.3. ROI Adjustment

Often the size and shape of the ROI must be adjusted to match the movement of the
object inside the ROL If an object inside the ROI moves toward the camera, the size of
the ROI should increase to accommodate the increasing size of the object; the size of the
ROI should decrease if an object moves away from the camera. This can be determined
by evaluating the optical flow values of ROI subregions. In the proposed system, optical
values are calculated for four ROI subregions: the top, bottom, left, and right subregions.
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The optical values of ROI subregions are compared to adjust the width and height of ROI.
Process is shown in Algorithm 1.

Algorithm 1 ROI adjustment
Initialize: MV _] < zero, MV _r < zero, MV _t < zero, MV _b < zero;
count_| < zero,count_r <— zero, count_t < zero, count_b < zero;

OF(x,y) < optical flow values for all pixels (x,y) inside ROI

for each pixels in ROI do
if x < midpoint of ROI then
if OF(x,y)[h] < =1 ] OF(x,y)[h] > 1 then
MV_] + MV_l+ OF(x,y)[h]
count_l < count_l +1

end

if y < midpoint of ROI then

if OF(x,y)[v] < =1 || OF(x,y)[v] > 1 then
MV_t < MV_t + OF (x,y)[v]

count_t < count_t +1

end

nd

Ise

if OF(x,y)[v] < =1 || OF(x,y)[v] > 1 then
MV_b <~ MV_b+ OF(x,y)[v]

count_b < count_b +1

o

end
end
end
else

if OF(x,y)[h] < =1 || OF(x,y)[h] > 1 then
MV_r < MV_r+ OF(x,y)[h]

count_r < count_r +1

end

if y < midpoint of ROI then

if OF(x,y)[v] < —1 || OF(x,y)[v] > 1 then
MV_t < MV_t + OF(x,y)[v]

count_t < count_t + 1

end
end
else
if OF(x,y)[v] < =1 || OF(x,y)[v] > 1 then
MV_b <~ MV_b+ OF(x,y)|v]
count_b <+ count_b+1
end
end
end
end
if count_I > number of pixels in ROI/4 then
| Update left bound of ROI
end

if count_r > number of pixels in ROI/4 then
| Update right bound of ROI

end

if count_b > number of pixels in ROI/4 then
| Update bottom bound of ROI

end

if count_t > number of pixels in ROI/4 then
| Update top bound of ROI

end
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Conclusively, Algorithm 1 describes the overall process of ROI management. First, the
variables that manage the boundary of the ROI are initialized. Then, the object bounded
by the ROl is tracked by calculating the optical flow values of the pixels inside the ROI.
The ROl is divided into two subgroups to analyze the horizontal and vertical boundary
movement. The ROl is divided into two subregions, the left and right regions, to check
its horizontal boundary adjustment. The optical values of pixels in the left subregion are
added up for left-side boundary adjustment. The same applies to the right-side boundary
adjustment with the average optical flow value of the right subregion. The top and bottom
boundary adjustments are processed in the same way using top and bottom subregions,
which are retrieved by dividing the ROI horizontally from the middle. The average optical
flow value is calculated by averaging all of the optical flow values that are greater than
one or less than minus one. This is to minimize the effect of the background on the UAV
motion vector calculated by optical flow values. Since background pixels show minimal
movement between frames, pixels with small optical flow values are ignored. In Figure 2b,
based on the optical flow values inside the ROI, one could recognize that the background
pixels show almost no movement between frames. The accuracy of the algorithm is later
evaluated in Section 4.2.

3.3. XROI-DCT

The proposed system sets different compression rates for ROI and non-ROI to increase
the compression, thus increasing network transmission efficiency. The high-frequency
deletion technique is applied to achieve extra compression on the non-ROI area to achieve
such an effect. The high-frequency deletion technique produces additional compression by
zeroing the tail values of the discrete cosine-transformed macroblocks. After applying a
discrete cosine transform, the valuable information in the macroblock tends to be concen-
trated in the low-frequency section. By masking the high-frequency section, we can achieve
additional compression by sacrificing the minimum amount of image quality. XROI-DCT
is only applied to non-ROI regions, where information loss is affordable. By giving up the
higher frequencies, higher compression can be achieved.

3.4. UAV Identification

One of the goals of the proposed system is to integrate the UAV identification module
into the system. UAV identification is the task of determining the product model of the
target UAV. Like other well-known classifiers, such as AlexNet [30], Inception [31], and
SSD [32], authors have implemented a UAV identifier—a UAV model classification based
on CNN—to recognize the type of threat that the system is tracking. The implemented
CNN is trained with UAV image data collected from the web and manually labeled to
learn and distinguish UAV models. Our CNN is trained to detect multi-rotors. We chose
to train our CNN with multi-rotors because such UAVs are more difficult to distinguish
by models—even with human eyes. The images used to train were 1835 images, applied
with data augmentation of 16 different UAV models, and 390 images were used for testing.
Although it is a relatively small set of images for training a CNN, due to limited classes of
UAV models, the neural network was able to adapt well enough to identify UAV models.

4. Performance Evaluation

This section provides a brief description of the experiment setting with a thorough
evaluation of the system conducted with the prototype of our proposed algorithm. The
system is evaluated by encoding UAV videos from Kaggle and YouTube and videos taken
by the authors with Samsung Galaxy S10 Ultra. To further evaluate the system performance,
the encoded video is compared to the video produced by YOLOv?. The prototype of the
system was implemented on a standard desktop machine running Ubuntu 20.04 LTS with
Intel Xeon 16 processor CPU and 16GB RAM. The usage of GPU was restricted to mimic
the limited resource environment. YOLOv7 was adopted for object detection, and OpenCV
libraries were adopted for Optical Flow calculation and DCT operation. FEMPEG was used
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for spatial/temporal prediction. Since YOLOV7 could not classify UAVs into models while
being able to classify other objects (cars, trucks, desks, etc.) in the environment, the authors
have implemented CNN for UAV identification with Tensorflow. The models that the CNN
was trained for are listed in the following: 2DR Solo, DJI Phantom, DJI Inspire, DJI mavic,
Chroma, Yuneec Typhoon, Yuneec Typhoon 4K, Xplorer, AscTec FireFly, Ehang 184, DJI
Matrice, DJI S1000, XAG V40, Wingsland S6, MJX X916H, and Walkera QR Y100.

4.1. Experimental Configuration

The proposed system is evaluated by encoding a sequence of images retrieved from
YouTube, Kaggle, and recorded flying UAVs. The number-labeled videos, a flying Solo2 in
an urban setting, were taken by the authors. The videos all have different numbers of frames
and different resolutions. Table 1 lists details of the videos encoded for the evaluation. The
quality and overall file size of the video are compared to the video produced by YOLOV?7.

Table 1. Video information.

Video Name Resolution Original File Size No. of Frames
0 1920 x 1080 81.4 MB 1180
1 1920 x 1080 36.8 MB 654
2 1920 x 1080 30 MB 839
kaggle01 3840 x 2160 41.4MB 1735
kaggle02 3840 x 2160 16.3 MB 665
Youtube 1280 x 720 18.2 MB 300

4.2. Accuracy of ROI Tracking

In this subsection, the accuracy of the optical flow-assisted ROI tracking technique
is evaluated. The system can accurately set ROI by performing UAV detection on every
frame. However, since UAV detection is a costly algorithm on limited resource devices,
the proposed system adopts optical flow to track the displacement of the ROI. Figure 4
shows a visual representation that compares the ROI center tracked by using optical flow
and UAV detection. The x-axis indicates the frame number of a UAV video, and the y-axis
indicates the coordinates of the ROI center. The accuracy of the ROI tracking using optical
flow is illustrated in the figure. If the x and y coordinates calculated using the ROI tracking
scheme introduced in this paper are close to the coordinates retrieved by using the UAV
detection algorithm, the proposed scheme is accurate. As depicted in the figure, the ROI
tracked by using optical flow matches the ROI derived using UAV detection. Figure 4c
shows huge spikes near x = 0 and x = 120. These are not outliers: the UAV briefly jerked,
and the ROI responded abruptly. However, the target UAV never goes out of the ROI set.
This is the same case for Figure 4d,f. Authors have noticed that the slower the UAV, the
better it is for tracking. Prior research of [33,34] support our claim.

In Table 2, the average differences of the predicted midpoint are shown. The proposed
algorithm predicts the location of the UAV and bounds it with the ROI box. The differences
were measured in pixels by comparing its prediction to the prediction of YOLOv7 applied
to every frame. Since the proposed system'’s technique is a dead reckoning process, the error
tends to accumulate over time. The accumulated error is resolved by applying the periodic
UAV detection of I-frames. Overall, the locations of the two ROIs matched, indicating that
our proposed scheme was as accurate as YOLO.
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Figure 4. Accuracy of ROI management using optical flow. (a) Video 0. (b) Video 1. (c) Video 2.
(d) Kaggle01. (e) Kaggle02. (f) Youtube.

Table 2. Pixel difference of ROI midpoint.

Video Name

X-Coordinates
Avg. Difference (pixels)

Y-Coordinates
Avg. Difference (pixels)

0 0 0

1 0.007393715 0.007393715

2 0.003726708 0.002484472
kaggle01 3.395935529 2.116327961
kaggle02 0.004622496 0.001540832
Youtube 0.389105058 0.892023346
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4.3. Image Quality Analysis

In this section, the visual quality of the proposed system’s output is evaluated by
comparing the encoded videos using the proposed scheme to videos produced by YOLOVv?.
Figure 5 presents a visual representation of the encoded videos. The right images are frames
from the video encoded with the proposed system, and the left images are frames from the
video processed by YOLOV7. As shown in the figure, the image quality around the UAV is
maintained at a high level, while the quality of other regions is degraded. The two different
visual qualities within a single image depicted in the figure indicate that our proposed
system can successfully encode with varying compression rates. The slight degradation
of visual quality is due to the extra compression on non-ROIL The quality within ROI is
maintained. Also, the dampness in image quality was only in the non-important area, and
the image quality in the important area was maintained. Thus, we can conclude that the
proposed system efficiently encodes ROI and non-ROI with two different compression rates.

Figure 5. Comparison of videos (0, kaggle02, Youtube) processed with YOLOv7 (left) and the
proposed system (right).

4.4. Volume Size Analysis

This subsection investigates the effect of the XROI-DCT on file size. Table 3 shows
the video file size produced by the proposed system and YOLOvV?. Detailed information
regarding the file size of the encoded videos is addressed. By comparing the file size of the
videos processed by the proposed system to the videos produced by YOLOv7, we observed
that the file size of the video processed by the proposed algorithm is significantly smaller
than the file size of the video processed by YOLOvV?. In Table 3, the compression rate differs
depending on the video. All codecs are somewhat optimized and do not support the same
standards. All original videos used in the experiment were optimally encoded by some
codec. Such codecs are optimized differently, have different basic settings, and encode
video with different parameter sets. As evidenced, authors have found that ffmpeg—a well-
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known open-source codec—and OpenCV give different size outputs when they encode the
same video. The resulting videos produced by the proposed algorithm were encoded by
using OpenCV video compression with the same setting and parameters of YOLOv?7.

Videos with smaller ROI experienced smaller file sizes, and videos with larger ROI
had larger file sizes. This is due to different encoding rates: the ROI area, where XROI-DCT
is not applied, is encoded with a lower encoding rate so that it can be decoded without as
much loss as possible, and the non-ROI area, where XROI-DCT is applied, is encoded with a
higher encoding rate because it is efficient to have a compressed file size even if there could
be some loss in a non-important area during decoding. By observing the encoded videos’
file size, we were able to verify the effectiveness of the extra compression on non-ROL

Table 3. File size of video processed by YOLOv7 and the proposed system.

Video Name YOLOv?7 Proposed Algorithm Compression Rate
0 182.9 MB 34.7 MB 81.03%
1 85.2 MB 12.1 MB 85.8%
kaggle02 115.1 MB 52.7 MB 54.21%
Youtube 46.7 MB 29.4 MB 37.04%

4.5. Detection Speed

In this subsection, we evaluate how fast our proposed algorithm can detect a UAV
on a video frame. As said above, our proposed algorithm adapts optical flow to predict
the location of the UAV in the next frame so that it can track it. If the ROI is small and
accurate enough, optical flow is expected to be faster than the trained neural network’s
inference speed. Evaluation results can be seen in Table 4. The inference speed of a neural
network and optical flow calculation could vary depending on the hardware specification,
image size, video codec, etc. Comparing raw latency will be inaccurate and meaningless.
Therefore, we have compared two types of video—YOLOvV7 applied to every frame and
proposed algorithm—and presented them in a time-latency ratio. As shown in the table,
the proposed algorithm adopting optical flow takes less time than applying YOLO to every
frame. While Videol takes about 64.86% of YOLOvV7 process time, YouTube only takes
about 24.05%. The processing time depends on the size of the ROI and, more importantly,
the number of I-frames in a video. A large ROI accounts for more background pixels in
the ROI and more feature points. Thus, more optical flow calculations were conducted on
every frame except for I-frames. I-frames, where YOLOv7’s detection is applied, take more
time than non-I-frames, where optical flow is applied. As a note, there was one I-frame for
every 30 frames. This shows that optical flow is faster than YOLOV7’s inference.

Table 4. Detection speed improvement.

Video Name Jimponed g,
0 315.86%
1 54.17%
kaggle02 86.98%
Youtube 201.49%

4.6. UAV Identification

The UAV identification of the proposed system is evaluated in this subsection. UAV
identification of the proposed system is a UAV model classifier based on CNN. It was
trained to classify 16 models, including Mavic Pro, Phantom, and Solo2—all models in
the experiment videos. During evaluation, a small set of images, 1825 images for training
and 390 images for testing, was used. To overcome the performance ceiling due to the
small number of images, data augmentation was applied in various ways, such as rotations,
left-right flips, saturation, brightness control, etc. Figure 6 depicts the confusion matrix [35]
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of the UAV identifier in a heatmap. As shown on the scale to the right, the brighter the
color of the tile, the more frequently the identifier shows respected results. The diagonal
tiles on the heatmap represent cases where the prediction was correct, while other tiles
represent cases where the prediction was incorrect. Diagonal values refer to the number
of correct predictions during the testing phase. Therefore, the higher the diagonal values
of the confusion matrix, the more accurate the UAV identifier is. As shown in Figure 6,
most of the test trials are clustered around the diagonal tiles, meaning that the classifier
performs desirably.

Confusion Matrix

- 100

-80

- 60

True Label

Predicted Label
Figure 6. Confusion-matrix of the UAV identifier in a heatmap.

Figure 7 shows the Area Under the ROC Curve (AUC) [36], giving a graphical rep-
resentation of the performance of the UAV identifier. The AUC of the ROC curve is a
widely accepted metric for evaluating the performance of a classification model [37]. The
ROC curve describes the performance of a binary classifier based on its discrimination
threshold. On the AUC graph, the x-axis represents the true positive rate of the classifier,
while the y-axis represents the false positive rate of the classifier. Since the UAV identifier
is a 16-class classifier, merely applying outputs of the UAV identifier would not be able to
be diagnosed. Therefore, it will be fed a scoring label representing the cases in which the
identifier correctly predicted the class. Each ROC curve in the graph refers to the classifier’s
performance on one of the 16 classes. The ROC-AUC score—ranging from 0 to 1—was
0.9869. A score of 0.5 is the equivalence of random guessing, and a score of 1 indicates that
the model is an omniscient classifier. The dash line in the graph represents the score of 0.5.
This indicates that the UAV identifier is performing near to its best.
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Figure 7. AUC of ROC.

5. Conclusions

In this paper, an accurate UAV tracking/surveillance system with an efficient encoding
method was designed. The proposed system uses an ROI-based approach to apply two
different compression rates on a single video. On every frame of the input video, the
ROI region and the non-ROI region are determined using UAV detection, and a lower
compression rate is applied to the ROI region while a higher compression rate is applied
to the non-ROI region. This way, non-ROI regions, holding relatively less important
information, can be compressed without the concern of decoding. The movement of ROl is
managed using optical flow. Efficient transmission is achieved by applying XROI-DCT for
effective compression. The evaluation, composed of the implemented prototype, shows
that the proposed system can successfully encode with two different compression rates.
The evaluation shows that the videos encoded with the proposed system experienced an
average of 70% reduced file size without hindering the UAV region. The reduced file size
of the encoded video shows that it requires less bandwidth, and the fact that ROl is located
on the bounding box of the leading object detector, YOLOV7, most of the time shows that
detection is applied accurately.

For our future work, we plan to apply a rate decision to our system. By applying a rate
decision system, we can adapt the rate of a whole UAV tracking stream system. We plan to
explore the proposed system’s capabilities using infrared and thermal cameras, assuming
the UAV is visible in these imaging modalities. We aim to enhance the UAV identification
capacity beyond the current 16 classes to detect various UAVs, further improving its
robustness and versatility in identifying various UAV models. Additionally, we would like
to lessen the computation cost of the encoding phase so that it is suitable for IoT devices.
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