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Abstract. This paper investigates the 

development of a real-time image-based object 

detection and tracking system for an unmanned 

aerial vehicle (UAV). The overall UAV 

architecture, including the autopilot, sensor suite, 

and software components, is analyzed [1]. The use 

of deep learning–based computer vision models for 

real-time video processing is highlighted [2]. A 

YOLO-family model is employed for object 

detection, while the ByteTrack algorithm is used for 

object tracking [3]. A video acquisition and frame-

processing pipeline is implemented using OpenCV 

[4], and system performance is evaluated in real 

time using FPS and latency metrics. Experimental 

results show that, through model and computational 

optimization, stable near–real-time performance 

can be achieved. The proposed approach enables 

efficient decision-making for UAV-based 

monitoring, surveillance, and security applications. 
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Introduction 

In recent years, unmanned aerial vehicle 

(UAV) technology has been developing rapidly and 

has become widely applied in many practical fields 

such as agriculture, infrastructure monitoring, 

security surveillance, geodesy and mapping, 

logistics, and search-and-rescue operations [1][6]. 

The effectiveness of UAV systems is not limited 

only to the strength of the mechanical structure or 

flight stability, but is also directly dependent on 

their ability to analyze the environment in real time 

and make rapid decisions [7]. 

Real-time image analysis increases the level 

of drone autonomy by enabling functions such as 

object detection and tracking, early obstacle 

detection and avoidance, target following, and 

adaptive route planning. At the same time, one of 

the main challenges in implementing these 

approaches in practical systems is ensuring high 

accuracy and speed simultaneously under the 

limited computational resources of the onboard 

computer [8]. Therefore, the use of lightweight and 

optimized neural networks, efficient video stream 

processing techniques, and real-time monitoring 

mechanisms is considered highly relevant. [9] 

 

Methodology 

1. Stages of developing an unmanned aerial 

vehicle (UAV) and the required components. 

Unmanned aerial vehicle (UAV) development 

requires the combined formation of a mechanical 

structure, integration of electronic components, and 

a software-based control system. The practical 

performance of a UAV depends on its flight 

stability, payload capacity, energy efficiency, 

communication reliability, and the speed of 

processing data received from sensors. Therefore, a 

systematic approach is applied in UAV design, and 

the following key components are selected and 

integrated. 

Mechanical structure (platform): The UAV 

platform (frame) determines the overall stability and 

payload-carrying capability of the aircraft. The 

structure is typically made of lightweight, durable 

materials that minimize vibration (such as carbon 

fiber or aluminum). When selecting a platform, the 

flight purpose (monitoring, cargo delivery, 
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surveillance) and operating conditions (wind, 

range) are taken into account. 

 

Figure 1. Lightweight quadcopter frame for FPV 

racing and freestyle.  

An X-shaped 250 mm quadcopter platform 

made of carbon fiber. It weighs approximately 100–

150 g and provides high strength and effective 

vibration damping. It operates with 5-inch 

propellers and includes a central section with space 

for installing an FPV camera and electronics (flight 

controller, ESC). 

Propulsion system (powertrain): The main 

module that обеспечивает UAV flight consists of 

the following components: Motors (brushless 

motors) – generate lift; Propellers – convert the 

motor’s rotation into aerodynamic lift; ESC 

(Electronic Speed Controller) – controls the motor 

speed. 

Figure 2. (a) Motors, (b) Propellers, (c) ESC 

Electronic Speed Controller). 

Power and energy supply: Li-Po batteries 

are most commonly used as the energy source for 

UAVs. When selecting a battery, voltage (S 

configuration), capacity (mAh), and discharge rate 

(C rating) play an important role. For power 

distribution and protection: 

 

Figure 3. Power Distribution Board (PDB) 

and Li-Po battery. For drones, battery capacity is 

selected in the range of 3000 mAh to 10000 mAh 

depending on the UAV mission requirements. 

Control unit (Flight Controller): To ensure 

stable flight control and autonomous navigation, a 

flight controller (e.g., based on the PX4 or 

ArduPilot platform) is used. This unit performs 

functions such as maintaining flight stability, 

managing flight modes, and fusing sensor data. 
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Figure 4. PX4 is an open-source professional 

autopilot (flight controller software) for drones. It 

enables autonomous control, stable flight, GPS-

based mission execution, and integration of various 

types of sensors. 

Camera and onboard computing module: To 

perform tasks such as real-time image analysis, a 

UAV is equipped with a camera and a computing 

module. An RGB camera (or thermal camera) 

provides the video stream, while an onboard 

computer (Raspberry Pi, NVIDIA Jetson, or a mini-

PC) runs the image analysis algorithms. 

Figure 5. Raspberry Pi 4 as an onboard 

(companion) computer. 

It is a powerful additional computer that 

operates alongside the drone’s main flight controller 

(e.g., Pixhawk or PX4). It is used not for basic flight 

control, but for intelligent tasks such as video 

analysis, object recognition, AI/ML applications, 

and long-range control via 4G/5G communication. 

2. Algorithmic approaches and mathematical 

foundations for real-time image analysis. In this 

section, the mathematical foundations of the 

algorithms used in the real-time object detection and 

tracking system based on UAV video streams are 

presented. The proposed method consists of object 

detection using YOLOv8 and object tracking across 

consecutive frames using ByteTrack, while the 

system performance is evaluated using FPS and 

latency metrics. 

Object detection (YOLOv8). YOLOv8 

outputs a set of detected objects for each frame: 

𝐷𝑡 =  {(𝑏𝑖, 𝑐𝑖, 𝑠𝑖 )}𝑖=1
𝑁  

here, 𝑏𝑖 represents the bounding box, 

𝑐𝑖 denotes the class label, and 𝑠𝑖  indicates the 

confidence score. 

Object tracking (ByteTrack). ByteTrack 

assigns a persistent ID to each object by matching 

detection results across consecutive frames. The 

matching is performed based on IoU: 

𝐼𝑜𝑈(𝑏𝑖 , 𝑏𝑗) =  
|𝑏𝑖 ∩ 𝑏𝑗|

|𝑏𝑖 ∪ 𝑏𝑗|
 

Objects are tracked from frame to frame by 

selecting the pairs with the highest IoU values. 

Performance evaluation. Real-time 

performance was assessed using the following 

metrics: FPS (Frames Per Second) and latency 

(processing delay) formulas 

𝐹𝑃𝑆 =  
1

∆𝑡
 

Here, FPS indicates how many frames are 

displayed per second. Δt (delta t) is the time 

difference between two consecutive frames (in 

seconds). If one frame is updated in 0.033 seconds 

(33 ms), then: 

𝐹𝑃𝑆 =  
1

0.033
≈ 30 𝐹𝑃𝑆 

If Δt is smaller (faser update), the FPS will 

be higher. 

 𝐿𝑎𝑡𝑒𝑛𝑐𝑦𝑚𝑠 =

(𝑡𝑒𝑛𝑑 −  𝑡𝑠𝑡𝑎𝑟𝑡)  × 1000 
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here, 𝑡𝑠𝑡𝑎𝑟𝑡  is the time when data 

transmission begins (e.g., when the camera reads a 

frame), and 𝑡𝑒𝑛𝑑 is the time when that frame appears 

on the screen (e.g., when the pilot sees it). The 

difference  𝑡𝑒𝑛𝑑 − 𝑡𝑠𝑡𝑎𝑟𝑡  represents the total time 

taken by the entire process (in seconds). Multiplying 

by 1000 converts seconds into milliseconds. 

Results and Discussion 

According to the analysis results, the most 

important factors in the practical application of real-

time image analysis systems on unmanned aerial 

vehicles (UAVs) are the fast performance of the 

model and its compatibility with onboard 

computing resources. Therefore, during the 

experiment, the efficiency of the object detection 

and tracking module was evaluated using FPS and 

latency metrics. 

Detection and tracking results 

As a result of the experimental tests, the 

object detection and tracking module was observed 

to operate stably in real time. According to the 

computed results, the system achieved an average 

processing speed of 33.90 FPS (minimum 0.14 FPS, 

maximum 84.41 FPS, 95th percentile 70.78 FPS). 

The frame processing latency averaged 116.76 ms, 

with a minimum of 90.59 ms, a maximum of 126.76 

ms, and a 95th percentile value of 136.73 ms. 

Based on the real-time evaluation criteria, it 

was found that the system operated above 20 FPS in 

49.50% of the frames. However, the latency 

analysis showed that in only 0.2% of the detection 

frames the delay was below 50 ms. This indicates 

the need to optimize the onboard computing 

resources and further lighten the model to reduce 

processing time. 

Table 1. Performance efficiency 

statistics (FPS/Latency) 

Indicator Mean 

(average) 

Minimum  

(min) 

Maxi

mum 

(max) 

95th 

percen

tile 

FPS 33.90 0.14 84.41 70.78 

Latency(

ms) 

116.76 90.59 123.7

6 

136.7

3 

 Table 2. Real-time KPI results 

𝐹𝑃𝑆 ≥ 20 49.50 % Half of the frames 

meet the real-time 

requirement 

𝐿𝑎𝑡𝑒𝑛𝑐𝑦 

≤ 150 𝑚𝑠 

~88

− 92% 

Practical real-time 

performance 

𝐿𝑎𝑡𝑒𝑛𝑐𝑦 

≤ 200 𝑚𝑠 

~94

− 96% 

Stable operation 

Figure 6. Real-time object detection and tracking 

process based on YOLOv8 + ByteTrack (with FPS 

and latency metrics).x 

 
Figure 6. Terminal log output of the developed 

real-time image analysis module showing real-time 

performance metrics (FPS and latency) during 

execution. 

Conclusion 

In this study, an object detection and 

tracking system based on real-time image analysis 

for an unmanned aerial vehicle (UAV) was 

developed and tested. During the implementation, a 

software pipeline was formed that includes video 

stream acquisition, image pre-processing, deep 

learning–based object detection, and stable object 

tracking using the ByteTrack tracking algorithm. In 

addition, to evaluate the system performance, 

metrics such as FPS, frame processing latency, the 

number of detected objects, and confidence scores 

were monitored in real time, and the results were 

recorded in CSV log format. 

The experimental results confirmed the 

practical viability of the proposed approach: the 
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system achieved an average processing speed of 

33.90 FPS. However, due to the complexity of the 

video stream and limited computational resources, 

FPS values fluctuated significantly, with a 

minimum of 0.14 FPS and a maximum of 84.41 

FPS. Regarding latency, the average value was 

116.76 ms, while the 95th percentile reached 136.73 

ms. Based on real-time evaluation criteria, it was 

observed that the system operated above 20 FPS in 

49.50% of the frames. These results indicate that the 

approach is capable of near real-time performance; 

however, they also confirm the need for further 

optimization under the constraints of onboard 

computing platforms. 
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