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ABSTRACT 

Road safety in Africa faces substantial challenges that current public and custom datasets for autonomous 

driving do not adequately address. Public datasets frequently underrepresent object classes crucial to road 

safety in the African region, which features unique obstacles such as wild and domestic animals, informal 

public vehicles, and infrastructure hazards. Without these classes, detection models often miss road 

obstacles, thereby reducing safety on African roads. This study introduces a custom dataset of 3,236 

original images with annotations for 11 object classes. It includes wild animals (kudus, elephants), domestic 

animals (cattle, goats), informal public vehicles (boda bodas, tuk-tuks, minibus taxis), and infrastructure 

hazards (potholes, unmarked speed bumps). Three of the most recent You Only Look Once (YOLO) object 

detection models (versions 8, 9, and 10) were trained on our custom dataset and evaluated on an NVIDIA 

RTX 3050 GPU. Of all the models, YOLOv8 achieved the highest mean Average Precision (mAP)@0.5 of 

94.2%, followed closely by YOLOv10 and YOLOv9 at 92.5% and 90.6%, respectively, demonstrating 

strong detection performance on challenging, geographically relevant data. To assess the models in real-

world deployment, they were optimized with TensorRT and deployed on an NVIDIA Jetson Nano 

embedded platform. This optimization achieved a 77% reduction in inference time with a very small 

accuracy drop of 0.64%, proving that the models are capable of fast, accurate, real-time execution on 

inexpensive edge devices. This study addresses geographic bias in autonomous-driving datasets in Africa 

and offers deployment-ready solutions for inexpensive edge hardware. 

Keywords-edge deployment; geographic bias; road obstacle detection;YOLO 

I. INTRODUCTION  

Computer vision and object detection enable the 
identification of objects in images and videos using bounding 
boxes [1] and are now widely applied across various fields, 
particularly in autonomous driving and Advanced Driver 
Assistance Systems (ADAS). Object detection plays a crucial 
role in identifying road obstacles, enabling ADAS and 
autonomous driving systems to enhance road safety. Recent 
advances in high-accuracy object detection models have further 
enhanced the capabilities of autonomous driving and ADAS, 

contributing to the development of Intelligent Transport 
Systems (ITS) and improved road safety [2].  

Object detection frameworks are typically categorized into 
two groups: two-stage detectors and single-stage detectors [3]. 
Region-based Convolutional Neural Networks (R-CNNs) [4], 
Fast R-CNNs [3], Faster R-CNNs [5], and the Deformable Part 
Model (DPM) generate regional proposals first, followed by a 
second stage object classification; hence, they are two-stage 
detectors. This approach produces high accuracy at the expense 
of inference speed, limiting the deployment of two-stage 



Engineering, Technology & Applied Science Research Vol. 16, No. 2, 2026, 34423-34430 34424  
 

www.etasr.com Muzata et al.: Region-Specific Road Object Detection in African Environments: Dataset Curation, … 

 

detectors for real-time applications such as road obstacle 
detection, where speed is a critical factor.  

Single-stage detectors, such as the You Only Look Once 
(YOLO) [1] and Single Shot Detector (SSD) [6], perform 
localization and classification in a single pass, making them 
faster and more efficient than two-stage detectors [7]. By 
treating object detection as a single regression problem, the 
initial YOLO model transformed the field and paved the way 
for major advancements in subsequent iterations [1, 8]. Early 
improvements emphasized scale-aware detection and 
localization accuracy via multi-scale prediction [9] and anchor 
boxes [10], alongside the integration of Cross Stage Partial 
Darknet (CSPDarknet) [11] for improved feature extraction. 
More recently, PyTorch-based Cross Stage Partial Network 
(CSPNet) and Path Aggregation Network (PANet) [12] were 
adopted to further improve efficiency and adaptability in 
dynamic environments. 

Recent YOLO family iterations, including YOLOv8 [13], 
YOLOv9 [14], and YOLOv10 [15], have further improved 
road obstacle detection. YOLOv8 introduces an anchor-free, 
decoupled detection head in conjunction with the C2f module, 
enhancing feature fusion and detection performance. YOLOv9 
incorporates the Generalized Efficient Layer Aggregation 
Network (GELAN) and Programmable Gradient Information 
(PGI) to improve training stability and model resource 
efficiency. YOLOv10 applies an upgraded CSPNet and one-to-
many heads to further improve multi-scale detection. With each 
version, YOLO-based models have improved their ability to 
recognize diverse road components, from static obstacles [16] 
and surface hazards like potholes [17] to moving road users 
such as pedestrians [18].  

However, detection accuracy remains susceptible to 
limitations in the quality and balance of the training data, 
especially in unstructured driving scenarios. Authors in [19] 
reported that training strategies and offline data augmentation 
can significantly improve the detection and inference 
performance of YOLO models. This enables the YOLO family 
to meet the stringent computational and latency requirements 
for real-time deployment in complex, dynamic road 
environments typical of African road scenarios. Typical 
African road environments are often characterized by mixed 
traffic, where animals, informal public transport vehicles, and 
unregulated hazards are frequently present [20]. In these 
scenarios, fast and adaptable single-stage detectors like YOLO 
are the preferred choice. 

While these improvements highlight the suitability of 
YOLO-based models for real deployment, their performance 
and reliability remain constrained by a critical challenge: the 
geographic bias inherent in existing training datasets [21]. 
Widely adopted benchmarks such as Microsoft Common 
Objects in Context (MS COCO) [22], Karlsruhe Institute of 
Technology and Toyota Technological Institute (KITTI) [23], 
Berkeley DeepDrive 100K (BDD100K) [24], PASCAL Visual 
Object Classes (PASCAL VOC) [25], and Cityscapes [26] have 
driven remarkable progress in object detection. However, they 
predominantly represent structured road environments and 
conventional obstacle types characteristic of developed regions 
in North America, Europe, and East Asia. Moreover, 53% of 

African roads are unpaved [27], and traffic is often chaotic, 
with people frequently sharing space with vehicles and animals 
[28].  

Many studies have addressed this issue by developing 
custom datasets [19, 29, 30]. For example, authors in [31] 
created the Drive India dataset, which presents objects unique 
to Indian roads. It includes 24 object classes collected from city 
streets, rural roads, and construction areas, achieving a mean 
Average Precision (mAP) of 0.78 with YOLOv8. Similarly, 
authors in [32] developed a South Asia dataset capturing 13 
vehicle classes annotated by wheel number, driving force, and 
size to reduce the number of classes. Their dataset was trained 
on YOLOv5 and YOLOv8, achieving an mAP of 0.6 and 0.7, 
respectively. Authors in [33] created a dataset of three object 
classes (stone, pothole, and fallen trees), trained on an 
improved YOLOv5, achieving an mAP of 0.78. In [17], a 
custom pothole detection dataset for South African roads was 
developed, covering diverse lighting and weather conditions 
across the Eastern and Western Cape provinces. This dataset 
comprises 1,910 images annotated with bounding boxes and 
segmentation masks, supporting real-time deployment on edge 
devices using SSD and YOLOv3. This resulted in a strong, 
context-aware detection system that can be used in regional 
road maintenance and driver-assistance systems. 

However, most existing datasets, both public and custom, 
do not capture several critical object classes unique to African 
roads [19, 20, 34]. The absence of region-specific objects 
reduces the generalizability of object detection models, making 
it difficult to address the unique challenges of African road 
scenarios. Although authors in [19] focused on the detecting 
animals on African roads and achieved an mAP of 94.68%, 
there is still a lack of comprehensive datasets that include 
diverse vehicle types, animals, and infrastructure hazards.  

This study addresses this gap by developing a region-
specific custom dataset that integrates these object classes. It 
further compares the performance of three YOLO-based 
models: YOLOv8, YOLOv9, and YOLOv10. Our 
benchmarking uses an NVIDIA RTX 3050 GPU and an 
NVIDIA Jetson Nano to measure key metrics, such as 
precision, recall, and mAP. This analysis identifies the best-
performing model, particularly for low-cost edge hardware, and 
provides insights into the practical deployment of these models 
in resource-constrained African contexts. 

The key contributions of this study are: 

 Development and validation of a custom dataset explicitly 
tailored for African road scenarios, including rare wildlife 
and livestock road obstacles. 

 Comparison of YOLOv8, YOLOv9, and YOLOv10 using 
the custom African road obstacle dataset. 

 Systematic optimization for edge deployment, achieving 
4.4× speedup through TensorRT and demonstrating real-
time feasibility on the NVIDIA Jetson Nano. 
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II. METHODOLOGY 

A.  Data Collection and Annotation 

Images and videos related to common obstacles 
encountered on roads in the African region were collected from 
various trusted online sources, such as Pexels [35] and 
Unsplash [36]. Some images were manually collected using 
smartphone cameras. In total, 1,500 images were extracted 
from Pexels and Unsplash using ImageEye [19], and 316 
images were extracted from videos using a Python script. 
Images relevant to the African road context were collected by 
downloading 700 samples from the Open Image Dataset v6 
(OIDv6) [37]. Original image collection was conducted along 
urban roads in Kenya and both rural and urban roads in 
Zimbabwe using a Google Pixel 6 Pro and an iPhone 13 Pro, 
resulting in 720 images. The images from Kenya were captured 
along Gatundu and Thika Road in Juja, whereas those from 
Zimbabwe were captured in Mvurwi, Mashonaland Central 
Province, and Harare, Mashonaland East Province. The total 
number of original images in the dataset was 3,236. These 
include traffic scenes from urban and rural areas in the African 
region, including unstructured road conditions, dense traffic, 
unmarked road features, wild animals, jaywalkers, street 
vendors, unpaved roads, and damaged road surfaces. The 
images in Figure 1 represent examples of the collected images.  

 

  
(a) (b) 

  
(c) (d) 

  
(e) (f) 

Fig. 1.  Sample images: (a) mixed traffic scene, (b) minibus, (c) wild 

animal and a car, (d) pothole, (e) unmarked speed bump, (f) person 

jaywalking. 

All images were resized to a resolution of 608 × 608 pixels. 
This resolution was selected because it is compatible with the 
YOLOv8, YOLOv9, and YOLOv10 models, which accept 
input image resolutions that are multiples of 32 [38]. Higher-
resolution images are more suitable because they improve 
model accuracy; however, they require more computational 

resources. The 608 × 608 resolution provides a better balance 
between accuracy and available hardware.  

The resized images were uploaded and annotated in the 
Label Studio annotation tool using the bounding box labeling 
technique. That is, regular bounding boxes were drawn to mark 
the boundaries of each object class in the images. During the 
annotation, 11 object classes were considered to reflect the 
common African road obstacles. These are: 'person' (including 
jaywalkers and street vendors), 'car,' 'wild animals' (kudus and 
elephants), '2-wheeled vehicles' (boda bodas and bicycles used 
for transportation), 'bus,' 'minibus (used as taxis),' 'domestic 
animals' (sheep, donkeys, horses, goats, cattle, dogs), 'speed 
bumps,' 'potholes,' 'tricycle (tuk tuk),' and 'truck' (both large 
and small).  

This level of granularity demonstrates the lack of 
comprehensive, region-specific object classes in the majority of 
publicly available datasets. The inclusion of object classes such 
as street vendors, wild animals, informal public vehicles, and 
typical road hazards enables the trained models to better 
generalize and navigate the complex dynamics of African roads 
when trained on this dataset. Following annotation of all 
images, the dataset was exported to YOLO format (TXT) using 
normalized coordinates. This format was selected because it is 
compatible with the YOLO-based object detection models used 
for training and validation in this study. 

B. Dataset Statistics and Splitting 

The dataset contains 3,236 original images, each annotated, 
resulting in a total of 8,191 labels. Figure 2 shows the 
distribution of labels per class across the 11 object classes. The 
dataset was split into three subsets: training, validation, and 
testing. To ensure a robust and unbiased evaluation of model 
performance, the dataset was split using a 14:3:3 ratio [39]. 
This distribution allocates 70% of the data to training, allowing 
the model to learn from a diverse set of examples and reducing 
the risk of overfitting. The remaining 30% of the data was 
divided equally between validation and testing, with 15% 
allocated to each subset, enabling unbiased evaluation of the 
trained models. 

 

 

Fig. 2.  Distribution of total annotated instances across all classes in the 

dataset. 
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Detecting or classifying road obstacles is difficult due to 
changing lighting conditions, partial or complete occlusions, 
and varying viewing angles [40]. To correct geometric 
distortion, we employed various techniques, including random 
scaling and cropping. To correct photometric distortion, the 
brightness and noise of the images were adjusted. This method 
not only improves the performance of the model, but also 
improves its ability to handle complex and unpredictable 
conditions in real-world scenarios [41]. 

1) Geometric Augmentation: Random Crop 

Images were cropped with a minimum zoom of 0%, where 
the original image remains unchanged, and a maximum zoom 
of 27%, where approximately 27% of the image is removed 
from each side. This cropping approach is particularly useful in 
real-world scenarios, where road obstacles are unlikely to 
always appear in the same position, size, or shape. Cropping 
27% from each side of the images helps the model handle such 
variations more effectively [42]. 

2) Photometric Augmentation 

a) Brightness  

We modified the brightness of the images in the dataset 
within a range of −15% to +15%. This allows the model to 
handle varying brightness levels that represent different 
weather conditions. 

b) Exposure 

In this study, the exposure of the dataset was adjusted 
within a range of −13% to +13%. This is important for 
enhancing the model's robustness when handling different 
exposure levels that occur under various lighting conditions.  

c) Salt and Pepper Noise 

We deliberately modified the pixel values of the images, 
producing black-and-white spots in random regions, affecting 
1.5% of the pixels in each image. 

d) Light Rain Overlay 

The alpha blending technique was applied to simulate 
rainfall drops. Each image was transformed according to (1): 

O = (1 − α)I′ + αRain,    α = 0.25  (1) 

After applying the described geometric and photometric 
augmentation techniques, the dataset size increased from 3,236 
original images to 15,548 images. This increase enhanced data 
diversity and reduced the risk of overfitting during the training 
process of the models. 

C. Model Training 

The YOLO models, namely YOLOv8n, YOLOv9t, and 
YOLOv10n, were selected based on their suitability for real-
time detection under constrained hardware. The three models 
were originally developed using the PyTorch framework. 
Therefore, this framework was used to train the models on the 
custom dataset with an NVIDIA GeForce RTX 3050 GPU. 
Hyperparameters were carefully configured to strike a good 
balance between the models' performance and the available 
resources, given the limited training resources.  

A batch size of 16 was chosen to meet the memory and 
computational requirements of the available training hardware 
while maintaining training stability. The AdamW optimizer 
was used during training, with a learning rate of 0.001 and a 
momentum of 0.9, which helps limit excessive oscillations. A 
weight decay of 0.0005 was selected because it helps prevent 
overfitting by adding L2 regularization to the loss function.  

To make the models converge faster by providing a 
common set of visual features, pre-trained models on the 
COCO dataset were downloaded from Ultralytics [43]. The 
training was performed for 100 epochs on both the augmented 
and original custom datasets. Training the models on the same 
custom dataset and using the same framework, as well as the 
same hyperparameter configurations, ensured a fair comparison 
among the models.  

D. Model Testing 

Model testing was performed to ensure that the models 
YOLOv8, YOLOv9, and YOLOv10, trained on a custom 
dataset of African roads, are capable of detecting objects of 
interest accurately. The models were tested on both the dataset 
test set and a 5 min video filmed along Thika Road in Nairobi, 
Kenya.  

E. Model Evaluation 

The model was evaluated using three metrics: precision, 
recall and mAP. Precision measures how many of the detected 
road obstacles were correctly identified. Recall indicates the 
model's capacity to identify all road obstacles in the dataset. 
Finally, the mAP metric assesses the trained model's 
performance based on classifying detected objects into three 
categories: false positives (FP), false negatives (FN), and true 
positives (TP) [44]. The formulas for these metrics are given in 
(2) through (5): 

Precision =
��

�����
    (2) 

Recall =  
��

����  
    (3) 

AP = " P(R)dR
$

%
    (4) 

mAP =
$

'
∑ AP(i)'

)*$     (5) 

where n is the total number of categories, and AP(i) denotes 
the average precision of the i-th category. 

F. Deployment on Jetson Nano 

The NVIDIA Jetson Nano is a compact, powerful edge 
computer with parallel capabilities suitable for deep learning 
models. The Jetson Nano was configured using JetPack 4.6.1, 
which includes Ubuntu 20.04 as the supported operating 
system. Software libraries such as Ultralytics, TensorRT 8.6.0, 
CUDA 10.2, cuDNN 8.2.1, OpenCV 4.8.0 with CUDA, 
ONNX 1.17.0, and PyTorch 1.13 with GPU were installed to 
run deep learning models on the Jetson Nano.  

The ONNX package was used to export the three trained 
PyTorch models to ONNX, while maintaining an input 
resolution of 608 × 608 pixels. The converted ONNX models 
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were individually evaluated for mAP@0.5 and inference speed, 
using the ONNX Runtime engine in PyTorch.  

The ONNX models were carefully optimized with 
TensorRT engine formats while keeping the input resolution at 
608 × 608 to balance hardware constraints and small-to-
medium object detection. This optimization used TensorRT's 
tensor and fusion optimization capabilities, including pruning 
unnecessary nodes in the input-to-output path and fusing layers 
more prominently. To accelerate model inference speed on 
NVIDIA Jetson Nano, further optimization was performed 
using half-precision (FP16), a TensorRT precision calibration 
technique. The half-precision optimized models were 
reevaluated for mAP on the validation set of the custom 
dataset, and their results were recorded alongside inference 
speed.  

III. RESULTS AND DISCUSSION 

A. Test Results on NVIDIA RTX 3050 GPU 

The models successfully detected objects in the images 
drawing bounding boxes around predicted objects and 
assigning a confidence score to each detection, as shown in 
Figure 3. The confidence score quantifies the model's certainty 
for every identified object. Higher confidence scores indicate 
that the model detected objects with greater certainty. 

 

  
(a) (b) 

  
(c) (d) 

Fig. 3.  Testing results on NVIDIA RTX 3050 GPU using YOLO models: 

(a) YOLOv8 detection from live traffic video, (b) YOLOv10 detection from 

live traffic video, (c) YOLOv8 detection from test set, (d) YOLOv10 detection 

from test set. 

B. Evaluation Results on NVIDIA RTX 3050 GPU 

Results in Table I show that YOLOv8 achieved the highest 
precision (0.823), resulting in the fewest false road obstacle 
detections. YOLOv10 and YOLOv9 followed closely, with 
scores of 0.822 and 0.787, respectively, indicating that they 
also produce relatively few false positives. YOLOv8 again 
leads in recall (0.718), meaning it misses the fewest objects. 
YOLOv10 and YOLOv9 follow, with recall values of 0.704 
and 0.690, respectively. While all models perform equally, 

YOLOv9's somewhat lower recall implies it is more likely to 
miss some objects. YOLOv8 achieved an mAP of 0.942, 
demonstrating superior performance compared to YOLOv9 and 
YOLOv10. YOLOv10 and YOLOv9 also performed well, 
achieving an mAP of 0.925 and 0.906, respectively. Recent 
studies [30, 45, 46] on comparative analysis of YOLOv8, 
YOLOv9, YOLOv10, and YOLOv11 on road obstacles align 
with these findings.  

TABLE I.  YOLO MODEL PERFORMANCE BEFORE 
AUGMENTATION 

Model Precision Recall mAP@0.5 mAP@0.5:0.95 
Time 

(ms) 
FPS 

YOLOv8 0.823 0.718 0.798  0.593 10.8 93 

YOLOv9 0.787 0.690 0.763  0.566  23.0 44 

YOLOv10 0.822 0.704 0.783 0.589  12.8 78 

 
When evaluated on inference speed, YOLOv8 

outperformed YOLOv9 and YOLOv10, achieving an inference 
speed of 93 FPS. YOLOv10 closely followed, with an 
inference speed of 78 FPS. YOLOv9 exhibited the slowest 
inference speed of 45 FPS. Despite having the fewest 
parameters, YOLOv9's use of GELAN and PGI modules 
introduces dynamic computations that may impact both 
accuracy and speed, making it nearly half as fast as YOLOv8. 
In their study, authors in [18] compared YOLOv8 and 
YOLOv9 for detecting people in thermal images, and found 
that YOLOv9 is twice as slow, with YOLOv8 achieving 
approximately 29 FPS and YOLOv9 achieving 14 FPS. The 
experimental results suggest that despite the advancements 
made in the architecture of the latest models, YOLOv8 remains 
competitive, offering a superior balance in speed and accuracy.  

C. Evaluation Results on NVIDIA RTX 3050 GPU After 
Augmentation 

The results in Table II indicate that all three YOLO models 
benefit significantly from data augmentation, with consistent 
improvements in precision, recall, and mAP for different 
Intersection over Union (IoU) thresholds. Augmentation 
introduced artificial variations that enabled the models to learn 
more effectively, leading to better generalization and less 
overfitting. YOLOv8 achieved the best precision (0.938), 
implying it produces the fewest false positives, whereas 
YOLOv10 and YOLOv9 also showed good precision (0.926 
and 0.931, respectively). Recall improved as well, with 
YOLOv8 leading at 0.868, followed by YOLOv10 (0.860) and 
YOLOv9 (0.846), indicating enhanced detection of all relevant 
obstacles in the dataset. 

TABLE II.  YOLO MODEL PERFORMANCE AFTER 
AUGMENTATION 

Model Precision Recall mAP@0.5 mAP@0.5:0.95 
Time 

(ms) 
FPS 

YOLOv8 0.938 0.868 0.942 0.752 10.8 93 

YOLOv9 0.931 0.846 0.906 0.746 23.0 44 

YOLOv10 0.926 0.860 0.925 0.755 12.8 78 

 

D. Per-Class Analysis 

Table III presents the per-class performance of YOLOv8, 
YOLOv9, and YOLOv10. All models achieved strong 
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detection results, with AP@0.5 values above 0.78 for all 
classes. YOLOv8 demonstrated the most consistent and highest 
performance across most classes, particularly for critical and 
commonly occurring classes.  

TABLE III.  PER-CLASS PERFORMANCE COMPARISON 
(AP@0.5) 

Class YOLOv8 YOLOv9 YOLOv10 Best model 

2-wheeled vehicles 0.927 0.926 0.927 v8 / v10 

Car 0.918 0.861 0.864 v8 

Person 0.873 0.789 0.795 v8 

Tricycle 0.985 0.972 0.940 v8 

Bus 0.988 0.937 0.979 v8 

Minibus 0.970 0.922 0.946 v8 

Domestic animals 0.906 0.871 0.895 v8 

Speed bumps 0.995 0.995 0.995 All 

Potholes 0.850 0.804 0.818 v8 

Wild animals 0.987 0.988 0.976 v9 

Truck 0.971 0.899 0.917 v8 

 
All models showed slightly lower AP values for the pothole 

and person classes. This is likely due to high variability in 
appearance, size, and shape. Potholes vary in geometry, 
whereas people appear in diverse poses and scales. 
Additionally, both potholes and persons are often small in 
images, making it more difficult for the models to extract 
distinguishable features for accurate localization. These 
challenges are significant for lightweight models, which have 
limited capacity to capture such variations. 

E. Evaluation Results on NVIDIA Jetson Nano 

Figure 4 shows selected qualitative results of object 
detection on the NVIDIA Jetson Nano. The detections include 
frames from real-time traffic videos and the test set of the 
custom African road dataset. The models accurately localized 
objects using bounding boxes, assigned correct class labels, and 
achieved high confidence scores at an IoU threshold of 0.5. 

 

  
(a) (b) 

  

(c) (d) 

Fig. 4.  Testing results on Jetson Nano edge device using YOLO models: 

(a) YOLOv8 detection from live traffic video, (b) YOLOv10 detection from 

live traffic video, (c) YOLOv8 detection from test set, (d) YOLOv10 detection 

from test set. 

F. Performance Benchmarking of YOLOv8, YOLOv9, and 
YOLOv10 on Jetson Nano 

The evaluation results in Table IV indicate that YOLOv8 
provides the best detection accuracy in its PyTorch FP32 
version, achieving 0.942 mAP@0.5, with only a small drop 
(0.6%) when optimizing it with ONNX and TensorRT FP16 
formats. YOLOv9 shows similar behavior, achieving 0.906 
mAP@0.5 in PyTorch, with a slight reduction to 0.899 after 
TensorRT half-precision quantization. YOLOv10 achieves 
0.908 mAP@0.5 under TensorRT FP16.  

TABLE IV.  COMPREHENSIVE PERFORMANCE ANALYSIS 
ON JETSON NANO EDGE DEVICE 

Model Framework mAP Time (ms) FPS Loss (%) 

YOLOv8 

PyTorch 0.942 189.2 5.29 ̶ 

ONNX 0.936 118.0 8.47 0.64 

TensorRT 

FP16 
0.936 43.0 23.26 0.64 

YOLOv9 

PyTorch 0.906 262.0 3.82 ̶ 

ONNX 0.900 148.9 6.72 0.66 

TensorRT 
FP16 

0.899 62.0 16.13 0.77 

YOLOv10 

PyTorch 0.914 172.2 5.81 ̶ 

ONNX 0.908 114.8 8.71 0.66 

TensorRT 

FP16 
0.908 40.5 24.69 0.66 

 
While YOLOv10's mAP is slightly lower than YOLOv8's, 

it offers substantially faster inference, reaching 24.69 FPS with 
a latency of 40.5 ms, making it the fastest and most efficient 
model in terms of speed under FP16. Across all models, the 
TensorRT inference engine provides a 4.4× speedup compared 
to standard PyTorch. This acceleration is achieved through 
optimizations such as half-precision support, kernel auto-
tuning, and layer fusion, which enhance inference performance 
on the Jetson Nano [47]. Additionally, using the ONNX format 
also improves inference speed, making it a viable alternative 
for deployment. 

G. Comparison with Previous Studies 

Table V compares the models evaluated in this study with 
previously published studies on custom road obstacle datasets. 
The experimental results show that state-of-the-art YOLOv8–
YOLOv10 models achieve accuracy comparable to recent 
YOLO-based road obstacle detection methods, while 
maintaining inference times within the real-time range. 
However, it is important to note that inference speed is highly 
dependent on the underlying hardware and optimization 
settings used during evaluation. 

TABLE V.  COMPARISON OF YOLO MODELS ON ROAD 
OBSTACLE DETECTION WITH PREVIOUS STUDIES 

Study Model mAP@0.5 Inference time (ms) 

[48] 

YOLOv5 0.94 1.3 

YOLOv7 0.441 4.93 

YOLOv8 0.927 3.3 

[32] 
YOLOv5 0.60 Not indicated 

YOLOv8 0.70 Not indicated 

[33] YOLOv5 0.78 Not indicated 

This study 

YOLOv8 0.942 10.8 

YOLOv9 0.906 23.0 

YOLOv10 0.914 12.8 
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IV. CONCLUSION 

This study presented a region-specific dataset for road 
obstacle detection that addresses the complexity of traffic 
scenes in African driving conditions. The custom dataset 
comprises 3,236 original images annotated across 11 object 
classes representing typical African road scenarios, including 
informal public vehicles, livestock, wildlife, potholes, and 
unmarked speed bumps. Emphasizing these underrepresented 
obstacle types helps mitigate geographic bias, which often 
limits the deployment of mainstream object detection models in 
Africa.  

Experimental results demonstrated that the lightweight You 
Only Look Once v8 (YOLOv8) model provides the best trade-
off between accuracy and speed on the NVIDIA RTX 3050 
GPU, achieving 93 FPS with a mean Average Precision 
(mAP)@0.5 of 0.925. Per-class analysis showed that YOLOv8 
consistently outperformed other models across most object 
classes, while YOLOv9 and YOLOv10 remained competitive, 
particularly for objects with complex or irregular shapes, such 
as potholes.  

The feasibility of deploying these models on resource-
constrained hardware was evaluated using an NVIDIA Jetson 
Nano edge device. Conversion of PyTorch models to ONNX 
and TensorRT FP16 formats resulted in a 77% reduction in 
inference time with less than 0.8% accuracy drop. The fastest 
inference speed was achieved by YOLOv10 (24.69 FPS), 
whereas YOLOv8 maintained the highest accuracy after 
optimization. These findings represent a substantial initial step 
toward robust, low-latency obstacle detection on cost-effective 
embedded hardware, making the proposed models suitable for 
Advanced Driver Assistance Systems (ADAS) and other 
safety-critical applications in African scenarios.  

Future work will extend this study by incorporating video 
sequences to enable behavioral analysis and driving pattern 
recognition, and by generating behavioral annotations to 
improve model generalizability. Additionally, optimization 
techniques, such as knowledge distillation, will be investigated 
to further improve model efficiency and performance. 
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