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Abstract. The development of intelligent unmanned aerial vehicles with onboard computer vision capabilities
is increasingly relevant to search and rescue operations. However, real-time human detection on compact UAV
platforms remains challenging due to limited computational resources, varying environmental conditions, and the
small size of distant targets. This study presents a UAV-based human detection and localization system integrating
a Raspberry Pi 4 Model B, YOLOVS, and u-blox NEO-M8N GPS. The system performs onboard processing of the
video stream and associates detected targets with the UAV's geographical position. The YOLOv8 model was trained
using the VisDrone2019-DET dataset and evaluated through real-world flight experiments under different
distances, altitudes, and lighting conditions. The system achieved an average detection confidence of 0.67, with a
maximum confidence of 0.81, and a real-time processing speed of 4-8 FPS. Human targets were detected at
distances of up to 30 m, while GPS positioning errors ranged from 1.6 to 2.8 m, with a mean error of approximately
2.12 m. The results demonstrate the capability of the proposed UAV platform to perform onboard human detection
and GPS-based localization in real-time, providing a basis for UAV-assisted search and rescue applications.

Keywords: Unmanned aerial vehicles, search and rescue, object detection, computer vision, autonomous
navigation, embedded systems, real-time processing.

1. Introduction

Unmanned aerial vehicles (UAVs) have become an important technology for search and rescue (SAR)
operations, providing rapid aerial surveillance, efficient coverage of large areas, and direct access to hazardous
or inaccessible locations. Compared with traditional ground searches, UAVs can reduce response time and
improve situational awareness by transmitting live video and collecting geographic information during flight.
These capabilities are especially valuable in forests, mountainous terrain, and disaster-affected areas [1-3].

Recent advances in artificial intelligence have significantly improved the autonomy of UAV systems.
Computer vision algorithms, particularly the YOLO family of object detectors, enable drones to identify people
in aerial images with high processing speed, making them suitable for real-time applications on embedded
platforms. Combined with GPS navigation, onboard detection allows each identified target to be associated
with geographic coordinates, providing rescue teams with accurate location information [4,5].

Despite these advances, practical deployment of UAV-based SAR systems remains challenging because
human targets often appear as small objects against complex aerial backgrounds, while varying illumination,
shadows, and limited onboard computational resources can affect detection performance. Previous studies have
addressed lightweight object detection and autonomous navigation; however, practical UAV-based SAR
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systems still face challenges in combining real-time onboard inference with GPS-based localization and
reliable field operation on resource-constrained embedded platforms [6-11].

This study presents the design and experimental validation of an autonomous FPV UAV based on
Raspberry Pi 4 that integrates lightweight YOLO-based human detection with GPS navigation. The proposed
system performs onboard real-time video processing, associates detected human targets with GPS coordinates,
and records detection data to support search and rescue operations.

The main contributions of this work are:

1) Development and engineering integration of a compact, Raspberry Pi 4-based UAV platform for
onboard human target detection;

2) Implementation of real-time YOLOV8 detection synchronized with GPS coordinates using standard,
unmodified network architecture;

3) Experimental validation of the complete hardware—software system under real flight conditions,
evaluating detection accuracy, processing speed, and GPS positioning error.

The article is organized into five sections. Section Il presents related work on UAV-based search-and-
rescue systems and deep learning-based object detection. Section Il describes the materials and methods,
including the proposed UAV system architecture, hardware and software configuration, YOLOVS training, and
experimental methodology. Section IV presents the experimental results, including YOLOvV8 detection
performance, real-time inference results, and GPS positioning accuracy. Section V concludes the study by
summarizing the main findings and outlining directions for future work.

2. Related Works

Recent studies have investigated deep learning-based methods for human and object detection in UAV-
assisted search and rescue applications. In [3], the authors developed a drone-based autonomous human
identification system for real-time search and rescue missions. The proposed approach combines human
detection with UAV-based localization and autonomous operation. In [2], the authors investigated autonomous
human detection using a lightweight deep learning model deployed on embedded UAV hardware. In [8], the
authors presented a state-of-the-art review of human detection from UAV imagery for search and rescue
missions, covering existing detection methods, datasets, and evaluation approaches.

YOLO-based architectures have been widely investigated for real-time detection in aerial imagery. In [1],
the authors studied YOLO-based detection for real-time search and rescue and evaluated different architectural
modifications, including FPN, BiFPN, PB-FPN, an additional P2 detection head, attention modules, and
deconvolution. The experiments were conducted using VisDrone for initial training and the Heridal dataset for
SAR-specific fine-tuning. The best-performing configuration achieved a mAP@50 of 0.802 while maintaining
real-time inference on Jetson Nano hardware.

In [6], the authors proposed an enhanced YOLO11 model for maritime search and rescue object detection.
The architecture incorporates a Space-to-Depth module in the backbone, content-aware upsampling in the
neck, and an additional detection head for shallow features. The proposed modifications were designed to
improve the detection of small, overlapping, and rarely occurring objects. Experiments on the SeaDronesSee
dataset showed improved performance compared with YOLOv8, YOLO11, and MambaYOLO, including
under lightweight model configurations. In [7], the authors investigated small-object detection for maritime
search and rescue using a virtual testbed developed in Unreal Engine. The study focused on customizing YOLO
models and using a simulated environment for training and evaluation. The virtual testbed was used to
reproduce different maritime SAR conditions and to investigate the performance of object detection models
under controlled scenarios. Model architecture and computational efficiency have also been investigated in
UAV-based SAR applications. In [9], the authors evaluated different backbone architectures for YOLOv10
across several model variants, including Nano, Small, Medium, Large, and X-Large configurations. The study
compared EfficientNet, GhostNet, MobileNet, ResNet50, and Swin backbones in terms of detection accuracy,
inference speed, and computational requirements. The YOLOv10-Nano configuration with a MobileNet
backbone achieved 80.5 FPS with a mAP@0.5:0.95 of 0.3945, while larger configurations provided higher
detection accuracy at increased computational cost.

Thermal infrared imagery has also been investigated with YOLO-based object detection. In [12], the
authors evaluated YOLO models for object detection in thermal infrared images. The study examined the
performance of different YOLO architectures on thermal data and investigated their applicability to object
detection under conditions where thermal information can provide an alternative to visible-spectrum imagery.
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Autonomous UAV navigation has been considered together with computer vision-based detection. In
[13], the authors investigated autonomous UAV navigation for search and rescue missions using computer
vision and convolutional neural networks. The system combines visual perception with UAV navigation and
object tracking. At the multi-UAV level, in [4], the authors proposed an open collaborative platform for
multiple drones supporting search and rescue operations. The platform addresses coordination and information
exchange between UAVs during SAR missions. In [5], the authors developed an autonomous search and rescue
drone integrating onboard computing, flight control, and deep learning-based object detection.

In [10], the authors reviewed smart drone technologies for security surveillance and search and rescue
applications, including sensing, artificial intelligence, autonomous operation, and communication
technologies. In [11], the authors reviewed metaheuristic algorithms for node placement in UAV
communication networks, covering optimization approaches for UAV-assisted communication systems.
However, existing approaches still have limitations related to small-object detection, computational
complexity, and real-time deployment. Architectural modifications can improve detection accuracy but may
increase model complexity, while lightweight models can reduce computational requirements at the cost of
detection performance.

3. Materials and Methods

3.1 System Architecture

The proposed UAV system consists of two main components: the flight platform and the ground
equipment. The flight platform integrates the propulsion system, flight controller, GPS/compass module,
onboard computing unit, camera, battery, and communication receiver. The ground equipment provides remote
control and monitoring of the UAV during operation. The flight controller is responsible for real-time flight
stabilization, sensor processing, and motor control, while the Raspberry Pi 4 Model B performs onboard image
processing and YOLO-based object detection. The camera provides a real-time video stream to the Raspberry
Pi, where individual frames are processed to identify objects of interest. The u-blox NEO-M8N GPS module
provides the current geographical position of the UAV, which is associated with the detected objects [14]. The
separation of flight-control and computational functions allows the flight controller to maintain stable UAV
operation independently of the computational load generated by the object detection process. The overall
electrical and data connections between the main components of the proposed platform are illustrated in Fig.1.

Fig.1. Architecture of the Autonomous Drone System.

Figure 2 presents the functional architecture of the proposed UAV system. The architecture is divided
into two main subsystems: flight control and Al-based processing. The flight-control subsystem consists of the
flight controller, electronic speed controllers (ESCs), and motors, which provide UAV stabilization and
propulsion.
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Fig.2. Functional architecture of the proposed UAV-based object detection system.

The Al subsystem includes the camera, Raspberry Pi onboard computer, and YOLO detection model.
The camera provides image data to the Raspberry Pi, where YOLO performs real-time object detection. The
detected objects are subsequently associated with the UAV's GPS position to obtain their geographical
coordinates.

3.2 Hardware Configuration

The UAV platform was assembled using commercial components for flight control, propulsion,
navigation, communication, and onboard computing. The main hardware components and their functions are
summarized in Table 1. The F405 flight controller with an integrated 65A 4-in-1 ESC serves as the main flight-
control unit. Itis based on the STM32F405 ARM Cortex-M4 microcontroller and ICM42688P IMU, providing
real-time sensor processing, flight stabilization, and motor control. The integrated ESC controls four EMAX
RS2205 2300KV brushless motors equipped with HQ5045 BN propellers [15]. Navigation is provided by the
u-blox NEO-M8N GPS module with an integrated compass.

Table 1. Hardware configuration of the proposed UAV platform.

Component Model / Specification Function
Flight controller F405 + STM32F405 + ICM42688P Flight stabilization and sensor
processing
ESC and | 65A 4-in-1 ESC, EMAX RS2205 2300KV x4, | Motor control and propulsion
propulsion HQ5045 BN
GPS/Compass u-blox NEO-MSN Positioning and orientation
Onboard Raspberry Pi 4 Model B Image processing and YOLO
computing inference
Power system 4S LiPo, 4200 mAh UAV and onboard power supply

The module supports multiple GNSS constellations and communicates with the flight controller through
UART. The FlySky FS-iA6B receiver provides wireless remote-control communication with the flight
controller. The Raspberry Pi 4 Model B is used as the onboard computing platform for image processing and
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YOLO-based object detection. The flight controller and Raspberry Pi operate as separate processing units,
allowing flight stabilization and Al-based image processing to be performed independently. The UAV is
powered by a LiPower 4200 mAh 4S LiPo battery. A DC-DC step-down converter provides a regulated 5 V
supply for the Raspberry Pi to ensure stable onboard computing during operation.

3.3 Software Pipeline and YOLO Training Configuration

The YOLOV8 model was trained on the VisDrone2019-DET [16] dataset using an NVIDIA GeForce
RTX 4090 GPU. The training pipeline was configured for 100 epochs with a batch size of 16 and an image
resolution of 1280 x 720 pixels. Standard data augmentation techniques provided by the Ultralytics [17]
framework were applied during training to enhance model robustness under varying illumination and aerial
perspectives, including mosaic augmentation, random horizontal flipping, HSV color space jittering (hue,
saturation, value), and random scaling. Following training, the optimized weights were deployed directly onto
the Raspberry Pi 4 Model B onboard computer for real-time inference using the CPU runtime environment.

For each detected object, the system records the detection information together with the corresponding
UAYV positional data obtained from the GPS module. The resulting data include the detected class, confidence
score, bounding-box coordinates, geographical coordinates, and timestamp. This pipeline enables real-time
object detection and provides the information required for subsequent evaluation of the UAV-based detection
and localization system.

3.4 Experimental Methodology

The proposed UAV-based object detection system was evaluated through real-world flight experiments
using a human target. A total of 5 flight tests were conducted at an approximate flight altitude of 5 m, with the
UAV-to-target distance reaching up to 30 m during the experiments. Each test flight evaluated the system
localization accuracy over one of five pre-designated ground reference points. Onboard positional telemetry
was recorded using the u-blox NEO-M8N GPS module. Reliable positional accuracy was maintained during
flights with a 3D fix status, 11 active satellites, and a Position Dilution of Precision (PDOP) of 1.87. Ground
truth coordinates for the reference points were measured prior to the flights using a high-precision handheld
GNSS receiver with differential correction as a baseline for comparison. The detection capability of the system
was evaluated under different environmental and operational conditions, including clear weather, cloudy
conditions, direct sunlight, shadowed areas, moving targets, and different flight conditions. During each flight,
the camera provided a 1280 x 720 video stream to the Raspberry Pi 4 Model B, where the YOLOv8 model
performed onboard real-time inference.

The detection performance was evaluated using precision, recall, Fl-score, mAP@0.5, and
MAP@0.5:0.95. Precision and recall were calculated as:

TP

precision = ——, 1
recall = —— \ )
TP+FN

where TP denotes true positive detections, FP denotes false positive detections, and FN denotes false
negative detections.

The mAP@0.5 metric was used to evaluate the mean Average Precision at an loU threshold of 0.5, while
mAP@0.5:0.95 represents the mean Average Precision calculated over 1oU thresholds from 0.5 to 0.95 with a
step of 0.05. The real-time performance of the system was evaluated using the frames per second (FPS) metric:

N
FPS == 3)
where N is the number of processed frames and T is the processing time in seconds.
GPS performance was evaluated using the coordinates obtained from the u-blox NEO-M8N module
during flight. The localization error was determined by comparing the recorded position with the corresponding
reference position.
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4. Results

The experimental results demonstrate the performance of the proposed Raspberry Pi-based YOLO
detection system under real-world UAV operating conditions. The trained YOLOv8 model was evaluated
using the VisDrone2019-DET dataset, which contains aerial images from 10 object classes, including
pedestrian and people. A Precision—Recall (PR) curve was used to evaluate the detection performance of the
trained model, as shown in Figure 3.
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Fig.3. Precision and Recall Curve.

The system achieved an average detection confidence of 0.67, with a maximum confidence of 0.81. The
real-time processing speed ranged from 4 to 8 FPS, while human targets were detected at distances of up to 30
m. The GPS-based localization error was approximately 2 m. The class-wise evaluation showed different
detection performance across the object categories. Table 2 presents detection performance of YOLOv8 model.

Table 2. Detection performance of YOLOvVS8 on VisDrone2019-DET dataset.

Class AP@0.5
Bus 0.954
Car 0.920
Pedestrian 0.863
Motor 0.853
Van 0.766
People 0.763
Truck 0.714
Tricycle 0.627
Bicycle 0.476
Awning-tricycle 0.341
All classes (Overall mMAP@0.5) 0.742

The highest AP was obtained for bus (0.954), followed by pedestrian (0.863), motor (0.853), and people
(0.763). The lowest AP was observed for awning-tricycle (0.341). The overall mMAP@0.5 was 0.742. The real-
world performance of the complete hardware and software architecture was evaluated during field flight
operations. The onboard metrics, including processing speed, detection confidence levels, operating range, and
positioning accuracy, are detailed in Table 3. The real-time detection results obtained from UAV camera
frames are presented in Figure 4, demonstrating the detection of human targets during flight.



122 Eurasian Physical Technical Journal, 2026, 23, 3(57) Engineering

Table 3. Performance results.

Experimental Parameter Measured Value
Target Detection Class Human (Pedestrian / Person)
Onboard Hardware Platform Raspberry Pi 4 Model B
Video Stream Resolution 1280 x 720 px
Onboard Processing Speed 4-8 FPS
Average Detection Confidence 0.67
Maximum Detection Confidence 0.81
Maximum Detection Distance Upto30m
Mean GPS Localization Error ~2.12m

As shown in Figure 4, the YOLOv8 model successfully detected human targets in the UAV video frames
by generating bounding boxes and confidence scores. The confidence values varied depending on the target
distance and apparent object size, with higher confidence observed for closer targets and lower confidence for
more distant individuals.

Fig. 4. Real-time human detection using the proposed UAV system.

As shown in Figure 4, the YOLOv8 model successfully detected human targets in the UAV video frames
by generating bounding boxes and confidence scores. The confidence values varied depending on the target
distance and apparent object size, with higher confidence observed for closer targets and lower confidence for
more distant individuals. The UAV demonstrated stable flight and reliable GPS positioning during the
experiments. The GPS data obtained during flight were successfully associated with the detected targets for
subsequent localization. The UAV position obtained from the satellite navigation system during the experiment
is presented in Figure 5.

Fig. 5. GPS position of the UAV during the experimental flight.
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The GPS measurements showed positioning errors ranging from 1.6 to 2.8 m across the five reference
points. The mean positioning error across all measurement points was 2.12 m, with a standard deviation (SD)
of 0.44 m and a Root Mean Square Error (RMSE) of 2.16 m. The lowest error of 1.6 m was obtained at Point
3, while the highest error of 2.8 m was observed at Point 2. These statistical metrics demonstrate consistently
positioning repeatability of the onboard navigation system under real flight conditions. The GPS positioning
results obtained at the five reference points are presented in Table 4.

Table 4. GPS positioning accuracy at five reference points.

Measurement Point Reference Coordinates GPS Measurement Error (m)
Point 1 43.2381° E, 76.9452° N 43.2383°, 76.9450° 21
Point 2 43.2395° E, 76.9468° N 43.2393°, 76.9471° 2.8
Point 3 43.2402° E, 76.9445° N 43.2404°, 76.9446° 1.6
Point 4 43.2378° E, 76.9479° N 43.2376°, 76.9478° 19
Point 5 43.2391°E, 76.9461° N 43.2390°, 76.9463° 2.2

The experimental results showed that the detection performance varied depending on target distance,
illumination, object motion, and environmental conditions. Higher confidence values were generally obtained
for closer targets under favorable lighting conditions, while distant or low-light targets resulted in lower
detection confidence and loss of occasional detection. UAV motion and increased computational load also
affected the real-time processing performance. Despite these factors, the proposed system successfully
combined YOLO-based human detection with GPS positioning, allowing detected targets to be associated with
their geographical coordinates during UAV operation. A quantitative comparison with recent related works is
summarized in Table 5.

Table 5. Performance comparison with related UAV-based object detection systems.

Ref. Model Target / Dataset Hardware Platform Accuracy Speed
(MAP@0.5) (FPS)

[1] Modified YOLO VisDrone / Heridal NVIDIA 0.802 ~15-25
(FPN/BIiFPN)
[6] Enhanced YOLO11 SeaDronesSee Embedded / GPU - -
[9] YOLOv10-Nano VisDrone / Desktop/Workstation 0.394 80.5
(MobileNet) Benchmark GPU
Proposed Standard YOLOv8 VisDrone / Real Raspberry Pi 4 Model B 0.742 4-8
System Flight (CPUL)

Compared to high-throughput implementations such as [9], which achieved 80.5 FPS using YOLOv10-
Nano on high-performance desktop GPU hardware, the proposed system operates at a lower rate of 4 to 8 FPS.
This difference is primarily due to the severe hardware constraints of the Raspberry Pi 4 Model B, which relies
exclusively on a quad-core ARM Cortex-A72 CPU without dedicated Neural Processing Units (NPUSs) or
onboard discrete GPUs.

Despite operating at lower frame rates than GPU-based systems, a processing speed of 4 to 8 FPS remains
fully adequate for real-time UAV search and rescue operations. Assuming a standard search flight speed of 2
to 4 m/s at an altitude of approximately 5 m, processing 4 to 8 FPS provides updated target detections and
synchronized GPS coordinates every 125 to 250 milliseconds. This spatial and temporal resolution ensures
continuous coverage without localization blind spots, confirming the practical real-time applicability of the
proposed low-cost, CPU-based system.
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5. Conclusion

This study presented a UAV-based real-time human detection and localization system integrating the
YOLOv8 model, Raspberry Pi 4 Model B, and u-blox NEO-M8N GPS module. The proposed system was
designed to perform onboard object detection while simultaneously obtaining the geographical position of the
UAV during flight.

The YOLOvV8 model was trained using the VisDrone2019-DET dataset and evaluated under real-world
UAYV operating conditions. Experimental results showed an average detection confidence of 0.67, with a
maximum confidence of 0.81. The onboard system achieved a processing speed of 4-8 FPS and detected human
targets at distances of up to 30 m using a 1280 x 720 video stream. The GPS evaluation demonstrated
positioning errors ranging from 1.6 to 2.8 m, with a mean error of approximately 2.12 m across five reference
points. The obtained results indicate that the system can combine real-time human detection with GPS-based
positional information during UAV operation. The main limitations were related to the computational
resources of the Raspberry Pi 4, reduced detection confidence for distant or low-light targets, and variations
caused by object motion and environmental conditions.

Future work will focus on improving real-time inference efficiency, enhancing detection performance for
small and distant targets, and integrating more accurate localization and tracking methods for autonomous
search-and-rescue missions.
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