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Abstract

Road traffic fatalities remain a significant global public health crisis, with the WHO identifying helmet and seatbelt non-
compliance as among the leading contributing risk factors. According to the WHO Global Status Report on Road Safety 2023,
Nigeria is part of WHO African region, which has the among the highest road traffic death rates in the world at 19.4 deaths per
100,000 people, with enforcement of helmet and seatbelt compliance remaining persistently limited by personnel constraints and
the scale of the road network. With over 195,000 kilometers of road network to monitor, manual enforcement by Federal Road
Safety Corps officers alone is not scalable, motivating the need for an automated, resource-efficient screening approach. This
study fine-tunes a pre-trained YOLOvV8n object detection model for helmet and seatbelt compliance detection using the publicly
available SeatbeltHelmet dataset comprising 9,166 images across 9 annotated classes. The dataset was split into 8,020 training,
764 validation and 382 test images, and the model was trained for 50 epochs with a batch size of 16 and an image size of 640x640
pixels using the AdamW optimizer on a free-tier Google Colab GPU. The model was evaluated on a held-out test set of 382
images using mAP50, mAP50-95, Precision and Recall. The fine-tuned model achieved an overall mAP50 of 0.599, with Person-
Seatbelt achieving the strongest per-class performance at mAP50 of 0.912 and Person-NoSeatbelt at 0.847. Helmet and No-
Helmet detection performed comparatively weaker, at mAP50 of 0.537 and 0.380 respectively, reflecting the smaller object size
and visual similarity of helmets at typical traffic camera distances. These results demonstrate that a lightweight fine-tuned object
detection model is viable for automated road safety compliance screening in resource-constrained African settings where manual
monitoring alone is insufficient to address the scale of the problem.
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1. Introduction

For a long time, road traffic fatalities have represented a factors. According to a Lancet study drawing on data from 185
persistent global public health crisis, with the non-use of seat- countries, enforcing seatbelt use could save an estimated
belts and helmets being among the leading contributing 121,083 lives globally per year, while enforcing motorcycle
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helmet use could save a further 51,698 lives annually [1]. The
WHO further notes that seatbelt use by front-seat passengers
reduces the risk of fatal injury by 45 to 50 percent, and reduces
the risk of death and serious injury among rear-seat occupants
by 25 percent [2].

According to the WHO Global Status Report on Road
Safety 2023, Nigeria ranks amongst the highest road traffic
death rates in Africa at 21.4 deaths per 100,000 people [2].
With motorcycles, locally known as "okada," being one of the
most popular modes of transport, this statistic makes helmet
compliance particularly critical. In the case of seatbelts, which
have been mandated in Nigeria since 2003 under the FRSC
Act, compliance has remained persistently low especially
amongst commercial vehicle drivers.

Nigeria has over 195,000 kilometers of road networks,
making the current manual method of enforcement, where
FRSC officers’ conduct roadside checks and issue fines for
non-compliance not scalable across the full road network.
This approach is further limited by the availability of person-
nel, and the fines currently imposed are insufficient to deter
violations consistently.

Computer vision and deep learning present a solution to the
scale and consistency problem. Unlike manual checks, an au-
tomated system can process images and video frames contin-
uously and consistently without personnel constraints. Object
detection models like YOLO can identify whether riders are
wearing helmets or whether drivers are wearing seatbelts di-
rectly from images, making automated compliance screening
possible.

This study aims to fine-tune a pre-trained YOLOvS8n object
detection model for helmet and seatbelt compliance detection,
evaluate it using standard object detection metrics including
mAP, precision, and recall, and demonstrate its relevance to
road safety enforcement in resource-constrained settings such
as Nigeria and Africa as a whole. The paper follows the fol-
lowing structure: section two reviews the related work, section
three describes the methodology, section four presents the re-
sults, section five the discussion, and section six the conclu-
sion.

2. Related Work

Research into automated helmet and seatbelt compliance
detection has grown significantly in recent years, driven by
the need for scalable enforcement systems. The field has con-
sistently moved from traditional image processing methods
toward CNN and YOLO based approaches. This section re-
views the most relevant work and identifies where this study
fits in.

Yung et al. conducted a key comparative study evaluating
YOLOVS, YOLOv6, and YOLOV7 for safety helmet detection,
demonstrating that newer YOLO versions consistently im-
proved on their predecessors in both detection accuracy and
speed [3]. The limitation however was that the study focused
on construction site helmets rather than motorcycle helmet
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compliance on public roads, and did not extend to YOLOVS.
Similar architecture-focused improvements have since been
explored: Chen et al. proposed a lightweight helmet detection
algorithm built on an improved YOLOvV4 [4], Zhao et al. in-
troduced BDC-YOLOVS, a helmet detection model built on an
improved YOLOvVS backbone [5], and Liu et al. presented a
helmet-wearing detection algorithm based on improved
YOLOVS [6]. Like Yung et al., these studies remain centered
on construction and industrial helmet detection rather than
road traffic enforcement.

More recent work by Wei et al. applied deep learning spe-
cifically to helmet wearing detection using an improved
YOLOVS based approach, achieving strong detection perfor-
mance and confirming YOLOVS as a superior base model for
helmet detection tasks [7]. The drawback was that the study
focused on industrial and construction settings rather than
road traffic enforcement and helmet compliance on public
roads. Building on YOLOVS as a base, Khalil et al. proposed
a YOLOv8-driven smart helmet detection system aimed spe-
cifically at traffic safety monitoring [8], while Zhang et al. in-
troduced a lightweight YOLOvVS variant for safety helmet de-
tection with reduced computational overhead [9]. While Kha-
lil et al.'s work extends helmet detection toward traffic con-
texts, neither this nor Zhang et al.'s work addresses seatbelt
compliance or combines both detection tasks in a single model.

The IEEE SCEECS 2023 paper on real-time seatbelt detec-
tion using YOLO is more directly relevant to this study. It de-
termined whether a driver's seatbelt was fastened from camera
footage using a YOLO based model, demonstrating that
YOLO is well suited for compliance detection tasks [10]. The
limitation was that it focused on in-cabin camera setups rather
than external traffic surveillance, limiting its applicability to
large scale road monitoring.

Sutikno et al. represents the most directly relevant prior
work, a 2023 study that used YOLOVS specifically for auto-
mated detection of drivers and passengers without seatbelts,
demonstrating that YOLOvVS could effectively classify seat-
belt compliance from vehicle images [11]. The limitation was
that the study was conducted in a controlled environment with
limited image diversity and did not address the challenges of
varied lighting, camera angles, and road conditions typical of
real-world traffic surveillance. Related seatbelt-focused work
includes Gu et al., who proposed a gated Bi-LSTM model with
part-to-whole attention on diagonally sampled patches for seat
belt detection [12], and a 2025 follow-up by Sutikno et al. that
combined CLAHE preprocessing with YOLOv11 for seat belt
compliance detection [13]. Together, these confirm the con-
tinued viability of the YOLO family for seatbelt-specific de-
tection, though both still rely on relatively controlled or pre-
processed imagery rather than raw external traffic surveillance
footage.

Building on this body of work, this study fine-tunes
YOLOvV8n for combined helmet and seatbelt compliance de-
tection in a single model. While existing studies have largely
focused on Asian and Western road environments like India,
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China, Thailand and similar contexts, the application of auto-
mated compliance detection to road safety enforcement in Ni-
geria and sub-Saharan Africa has not been directly addressed
in the reviewed literature, bringing this approach to a region
where manual enforcement capacity is limited and road fatal-
ity rates remain among the highest on the continent.

3. Methodology

This section outlines the steps taken to fine-tune a pre-
trained YOLOvV8n model for helmet and seatbelt compliance
detection. It covers the following: dataset, data preprocessing,
model selection, training configuration, and evaluation met-
rics.

3.1. Dataset

The dataset used in this study is the SeatbeltHelmet dataset
by helmet-seatbelt-detection, a publicly available annotated
dataset comprising 9,166 images across 9 annotated classes
covering helmet and seatbelt compliance across varied road
and traffic conditions. The dataset comes pre-annotated with
bounding boxes in YOLO-compatible format, meaning no
manual labeling was required. The dataset was split into 8,020
training images, 764 validation images and 382 test images
[14].

3.2. Data Preprocessing

Before training, the images were resized to 640x640 pixels,
the standard input size expected by YOLOv8. Data augmen-
tation was applied, that is, artificially expanding the dataset by
flipping, rotating, and adjusting the brightness of existing im-
ages so the model learns to handle varied real-world lighting
and road conditions.

3.3. Model Selection and Architecture

YOLOv8n was selected as the object detection model for
this study, as it represents the most current and optimized
lightweight variant of the YOLO family, offering strong de-
tection performance without requiring large computational re-
sources [15]. The model is fine-tuned rather than trained from
scratch, it begins with weights pre-trained on the COCO da-
taset and is then adapted to the helmet and seatbelt compliance
detection task. The model handles 9 detection classes across
the dataset, with the five compliance-relevant classes being
Helmet, No-Helmet, Person-Seatbelt, Person-NoSeatbelt and
Seatbelt.

3.4. Training Configuration

The model was trained using the following configuration: a
batch size of 16 images per step, an image input size of
640%x640 pixels, and training was run for 50 epochs. The
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optimizer was automatically selected by YOLOvVS as AdamW.
All training was performed on Google Colab using a free-tier
GPU instance, which provided sufficient computational re-
sources for fine-tuning a lightweight YOLOv8n model on this
dataset.

3.5. Evaluation Metrics

The model's performance was evaluated using standard ob-
ject detection metrics mAP@0.5, mAP@0.5-0.95, Precision,
Recall, and IoU with a threshold of 0.5. Since the model han-
dles 9 detection classes, results are reported both overall and
per class to give a complete picture of detection performance
across all compliance-relevant classes.

4. Results

This section presents the results obtained from fine-tuning
YOLOvV8n on the SeatbeltHelmet dataset, evaluated on a held-
out test set of 382 images across 9 classes. Performance is re-
ported using mAP50, mAP50-95, Precision and Recall both
overall and per class. The analysis and commentary focus spe-
cifically on the five compliance-relevant classes Helmet, No-
Helmet, Person-Seatbelt, Person-NoSeatbelt and Seatbelt.

4.1. Overall Performance

The fine-tuned model achieved an overall Precision of
0.599, Recall of 0.583, mAP50 of 0.599 and mAP50-95 of
0.370, demonstrating the model's general ability to detect
compliance-relevant objects across varied traffic and road
conditions. It is important to note that the gap between mAP50
and mAP50-95 is expected for a lightweight model like
YOLOvVS8n and is consistent with results reported in similar
fine-tuning studies. For a road safety enforcement context
such as Nigeria's, where the primary goal is reliable flagging
of violations rather than pixel-perfect localization, mAP50 is
the more operationally relevant metric and 0.599 represents a
functional detection baseline.

4.2. Per-Class Performance

It was observed from the results that Person-Seatbelt
achieved the highest mAP50 at 0.912 and Person-NoSeatbelt
at 0.847, indicating that the model detects seatbelt compliance
and violations with high confidence. The Seatbelt class also
performed strongly at mAP50 0.780, further reinforcing that
seatbelt detection is the strongest aspect of the fine-tuned
model. Helmet detection achieved mAP50 of 0.537 and No-
Helmet achieved 0.380 lower but still functional, most likely
attributable to the smaller apparent object size and the visual
similarity between helmeted and unhelmeted riders at typical
traffic camera distances. Among the auxiliary classes, Bike
achieved mAPS50 of 0.883 and Car achieved 0.847, confirming
that the model handles vehicle context detection well. Table 1
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presents the precision, recall, mAP50 and mAP50-95
achieved by the fine-tuned model across all 9 classes on the

382-image held-out test set.

Table 1. Per-Class Test Set Performance.

Class Images Instances Precision Recall mAP50 mAP50-95
All 382 1453 0.599 0.583 0.599 0.370
Bike 158 338 0.729 0.953 0.883 0.631
Car 87 146 0.689 0.870 0.847 0.683
Helmet 93 126 0.538 0.563 0.537 0.204
Mobile 8 9 0.000 0.000 0.0106 0.0025
No-Helmet 119 222 0.445 0.407 0.380 0.130
NoPlate 72 142 0.433 0.148 0.195 0.070
Person-NoSeatbelt 98 116 0.842 0.735 0.847 0.577
Person-Seatbelt 136 181 0.894 0.843 0.912 0.632
Seatbelt 129 173 0.824 0.731 0.780 0.398

4.3. Training Curves

The mAP50 improved steadily throughout the training pro-
cess, with validation performance closely tracking training
performance, indicating that the model generalised well rather
than overfitting. Training and validation loss decreased

train/box_loss train/cls_loss

train/dfl_loss

consistently across all 50 epochs, confirming stable conver-
gence throughout. The chosen training configuration was,
batch size 16, image size 640 and AdamW optimizer which
proved appropriate for this dataset and task. Figure 1 presents
the training and validation curves, including box loss, classi-
fication loss, precision, recall and mAP recorded across all 50
epochs.
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Figure 1. YOLOvSn Training Performance Curves over 50 Epochs.

4.4. Confusion Matrix

It was observed that Person-Seatbelt and Person-NoSeatbelt
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showed strong diagonal values with minimal confusion be-
tween them, the most operationally critical distinction for
compliance enforcement. Confusion was more pronounced
between the Helmet and No-Helmet classes, consistent with
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their lower mAP50 scores, and is most likely attributable to
the smaller object size and visual similarity between helmeted

and unhelmeted riders at distance. Figure 2 presents the nor-
malized confusion matrix obtained on the 382-image test set.
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Figure 2. Normalized Confusion Matrix for Helmet and Seatbelt Compliance Detection.

5. Discussion

The overall results of this study demonstrate that YOLOv8n
can be effectively fine-tuned for helmet and seatbelt compli-
ance detection even in a multi-class setting. Achieving an
overall mAP50 of 0.599 on a 9-class dataset using a light-
weight fine-tuned model represents a practically viable result
for resource-constrained deployment. While the model is not
perfect, it is a functional one for an enforcement support tool
in a setting like Nigeria where no automated compliance de-
tection system currently exists, a functional baseline is a
meaningful contribution.

The most notable finding requiring explanation is the clear
performance gap between seatbelt detection and helmet detec-
tion. Person-Seatbelt achieved mAP50 of 0.912 and Person-
NoSeatbelt achieved 0.847, significantly outperforming Hel-
met at 0.537 and No-Helmet at 0.380. This gap can be at-
tributed to the fact that seatbelts are detected in the context of
the full upper body of a person inside a vehicle, providing a
much larger and more consistent visual region for the model
to work with, compared to helmets which are smaller objects
that vary significantly in color, shape and size across different
brands and types.

The seatbelt detection results of this study are comparable
to and in some cases stronger than results reported in prior
work. Sutikno et al. reported strong seatbelt classification
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performance in a controlled environment, whereas this study
achieves comparable results on a more diverse real-world da-
taset. In the case of Wei et al., their improved YOLOVS ap-
proach focused on industrial settings where helmets are more
uniform and larger relative to the frame, which partly explains
why their helmet detection performance exceeded that of this
study. It is important to note that these performance differ-
ences are largely attributable to dataset characteristics and de-
ployment context rather than model architecture limitations.

Relative to the broader related work, this study's contribu-
tion is distinct in scope rather than raw performance. Yung et
al. compared successive YOLO versions for helmet detection
but did not extend to YOLOvVS or address seatbelt compliance
[3], while the SCEECS seatbelt study relied on in-cabin cam-
era footage rather than external traffic surveillance [10], lim-
iting its applicability to large-scale road monitoring. This
study's use of a single fine-tuned model to detect both helmet
and seatbelt compliance from external traffic imagery there-
fore addresses a combination of tasks, deployment setting, and
geographic context not covered together in the reviewed liter-
ature.

Regarding limitations, the most significant is the class im-
balance in the dataset, particularly the No-Helmet class which
underperformed relative to the Helmet class, which raises a
concern for enforcement since detecting the violation is oper-
ationally more important than detecting compliance, in hind-
sight, training on a dedicated dataset containing only helmet
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and seatbelt classes rather than a 9-class dataset would likely
have yielded stronger per-class performance on the compli-
ance-relevant classes, as the model's learning capacity would
not have been distributed across auxiliary classes. It is also
worth noting that the dataset was not collected specifically in
Nigerian or African road conditions, the images are predomi-
nantly from Asian traffic environments, which may limit di-
rect transferability to Nigerian road settings where lighting
conditions, camera angles and vehicle types differ. Despite
these limitations, the model's strong seatbelt detection perfor-
mance has immediate practical relevance. Seatbelt non-com-
pliance remains persistently high among commercial vehicle
drivers in Nigeria, and the model's ability to reliably flag both
compliant and non-compliant cases means it could be de-
ployed on existing CCTV infrastructure at major road check-
points to automate that screening, reducing the personnel bur-
den on FRSC officers and improving the consistency of en-
forcement across the road network.

6. Conclusion

This study fine-tuned a pre-trained YOLOvS8n object detec-
tion model for helmet and seatbelt compliance detection using
the publicly available SeatbeltHelmet dataset comprising
9,166 images across 9 classes. The model was evaluated on a
held-out test set of 382 images using standard object detection
metrics such as mAP50, mAP50-95, Precision and Recall.

The fine-tuned model demonstrated strong seatbelt compli-
ance detection performance, confirming that YOLOv8n is a
viable lightweight model for automated compliance screening
in resource-constrained settings. This study also demonstrated
the feasibility of fine-tuning a single model for combined hel-
met and seatbelt detection simultaneously, rather than requir-
ing two separate dedicated models for each compliance type.
Overall, this study brings automated compliance detection to
a regional context where manual enforcement capacity is lim-
ited and road fatality rates remain among the highest on the
continent.

Future work should focus on collecting or curating a dataset
specifically from Nigerian and African road conditions to im-
prove direct transferability and real-world performance in the
target deployment environment. A dedicated helmet and seat-
belt only dataset without auxiliary classes like Mobile and No-
Plate, would likely yield stronger per-class performance on
the compliance-relevant classes specifically.

Abbreviations
YOLO  You Only Look Once
mAP Mean Average Precision
TIoU Intersection over Union
CNN Convolutional Neural Network
GPU Graphics Processing Unit
WHO World Health Organization
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CCTV  Closed-Circuit Television
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