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Deep Learning, Traffic Violation sia’s transportation sector and contribute to an increased risk of traffic accidents. Common

violations include riding without helmets and carrying more than one passenger. This study
proposes a motorcycle traffic violation detection approach using the YOLOv7 object detection
model applied to CCTV monitoring data. The dataset used in this study was obtained from
CCTV recordings at Jalan Gapura DPRD, Bandar Lampung, and consists of images repre-
senting three traffic density scenarios: low, medium, and high. The research methodology
includes frame extraction, image preprocessing, object labeling, model training, testing, and
performance evaluation using standard object detection metrics, namely Precision, Recall,
and mean Average Precision (mAP). Experimental results show that the YOLOv7 model
achieves consistently high detection performance across different traffic density conditions.
The best performance was obtained using a learning rate of 0.01 with 100 training epochs,
achieving 99.66% mAP in low traffic conditions, 98.75% in medium traffic conditions, and
97.08% in high traffic conditions. These results indicate that the proposed approach has
strong potential for implementation in CCTV-based traffic monitoring systems and may
support automated traffic violation detection as part of Electronic Traffic Law Enforcement
(ETLE) initiatives.
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1. INTRODUCTION on manual observation by traffic officers, which is subjective,
resource-intensive, and difficult to perform continuously. Al-
though CCTV systems have been widely deployed, manual mon-
itoring of CCTV footage remains inefficient and prone to human
error [2]. Consequently, automated detection systems based on

Motorcycles represent one of the most widely used modes of
transportation in Indonesia and play a crucial role in supporting
daily mobility. However, the rapid increase in motorcycle us-
age has also led to a higher incidence of traffic violations, such
as riding without helmets and carrying more than one passen-
ger. These violations significantly contribute to traffic accidents
and pose serious risks to both riders and other road users [1].
Therefore, the development of an accurate and reliable traffic
violation detection system is essential to improve road safety
and strengthen law enforcement.

Recent advancements in computer vision and deep learning
have opened new opportunities for intelligent traffic monitoring
systems. Conventional monitoring methods still rely heavily

deep learning have become an important solution to address
these limitations.

In recent years, Convolutional Neural Networks (CNN) have
demonstrated strong performance in object detection and classi-
fication tasks [3]. Among various object detection algorithms,
the You Only Look Once (YOLO) framework has gained signifi-
cant attention due to its capability for real-time detection with
high accuracy and efficiency [4]. Several studies have applied
YOLO-based approaches to traffic monitoring, including vehi-
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cle detection, violation detection, and intelligent surveillance
systems [2, 5, 6, 7, 8, 9, 10, 11, 12]. Furthermore, recent develop-
ments such as YOLOv7 have shown improvements in detection
accuracy and computational efficiency compared to earlier ver-
sions, making it suitable for real-time intelligent transportation
systems [13].

Despite these advancements, most existing studies primarily
focus on detection accuracy under relatively controlled or ho-
mogeneous traffic conditions. Limited attention has been given
to evaluating the robustness of detection models under varying
real-world traffic densities. In practice, traffic environments are
highly dynamic, where factors such as object occlusion, scale
variation, and illumination changes can significantly affect de-
tection performance [14]. In particular, the impact of different
traffic density levels—low, medium, and high—on model perfor-
mance remains underexplored, especially when using real CCTV
data in urban environments.

To address this gap, this study proposes the application and
robustness evaluation of the YOLOv7 model for motorcycle traf-
fic violation detection across multi-density traffic scenarios [15].
The proposed approach utilizes real-world CCTV data collected
from urban road environments and evaluates model performance
under low, medium, and high traffic density conditions. The
evaluation is conducted using standard object detection metrics,
including Precision, Recall, and mean Average Precision (mAP),
to assess detection accuracy and consistency.

The novelty of this study lies in its systematic evaluation of
YOLOV7 performance across varying traffic density scenarios us-
ing real CCTV data, which introduces higher visual complexity
compared to controlled datasets. In addition, this study provides
empirical insights into the robustness and reliability of YOLOv7
in dynamic traffic environments. The main contribution of this
research is the development of a practical and scalable traffic vi-
olation detection approach that can be integrated into Electronic
Traffic Law Enforcement (ETLE) systems, thereby supporting
more effective and automated traffic management in Indonesia.

2. METHODS

The research methodology consists of several main stages, such
as data collection, image preprocessing, data labeling, YOLOv7
model training, model testing, and performance evaluation. The
system process flow is designed to obtain reliable motorcycle
traffic violation detection results and is capable of operating in
real-time under various traffic density conditions. This multi-
stage pipeline follows standard practices in deep learning-based
object detection systems to ensure systematic model develop-
ment and evaluation [4, 14]. The stages in this research include
various processes as shown in Figure 1.

2.1 Video Recording

The video data was obtained from CCTV recordings installed on
Jalan Gapura DPRD in Bandar Lampung City. Video recordings
were taken at different times to represent three conditions, which
are low, medium, and high vehicle density. These conditions
were chosen to test the consistency and resilience of the model’s
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performance in dealing with variations in the number of objects
and levels. The use of real-world CCTV data is important to
reflect actual traffic conditions and improve the applicability of
intelligent transportation systems in real environments [2]. Each
video was further processed into image frames to be used as the
primary dataset for model development.

2.2 Pre-processing

During preprocessing, several processes are carried out to im-
prove data quality before model training. The first step is to
extract images from video data and save them for further pro-
cessing. The extracted images are then manually cropped with
the vehicle object as the center to ensure that the region of in-
terest is clearly defined. Afterward, the images are resized to
640x640 pixels to match the input size required by the YOLOv7
model [16].

Furthermore, noise in the irrelevant background is reduced
to improve image quality. Image denoising is an important step
in digital image processing, as noise such as salt-and-pepper,
Gaussian, and speckle can degrade image quality and negatively
affect feature extraction and detection performance [17]. By re-
ducing noise, the model is better able to focus on relevant visual
features, thereby improving detection accuracy. In addition, pre-
processing plays a crucial role in improving model performance
by standardizing input data and reducing unnecessary variations
that may affect the learning process [3]. Proper preprocessing
ensures that the model focuses on relevant features, thereby
improving detection accuracy and convergence stability.

2.3 Labeling

The target objects in the images are marked with bounding
boxes using the Roboflow platform and labeled according to the
violation class. Common violations committed by motorcyclists
are not wearing a helmet and carrying more than one passenger.
Thus, the classes labeled in this study are motorcyclists without
helmets (no helmet) and motorcyclists carrying more than one
passenger. These labeling results serve as the ground truth that
will be used in the model training and testing stages [4]. Figure
2 shows the image labeling process performed by the Roboflow
platform with both classes at the same time.
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Figure 2. Labeling Process of an Image

2.4 Data Splitting

The labeled dataset is divided into three subsets: training, vali-
dation, and testing, with a 80%:10%:10% split. The training data
is used to train the YOLOv7 model to learn the visual patterns
of traffic violations, while the validation data is used to monitor
class loss, objectness loss, and mAP during training to ensure
model stability and convergence.

The data test is used to evaluate the final performance of the
model on data that was not involved in the training process. The
dataset is randomly shuffled while preserving the distribution of
violation classes and traffic density variations, so that the model
can be evaluated in a representative manner in accordance with
the actual conditions of CCTV-based traffic monitoring [18, 19].
This strategy is widely used to avoid data bias and improve model
generalization [14].

2.5 Training and Configuration

Model training was conducted using the YOLOv7 architecture
on a GPU-based computing environment provided by the Kaggle
platform. The training process utilized an NVIDIA GPU (e.g.,
Tesla T4) to accelerate computation. Several hyperparameter
configurations were tested, including variations in learning rate
and number of training epochs, to determine the optimal model
performance. The training process was conducted using a batch
size of 16 and an optimizer such as Stochastic Gradient Descent
(SGD) with momentum, which is commonly used in YOLO-based
models [4, 13]. During training, performance metrics including
class loss, objectness loss, and mean Average Precision (mAP)
were continuously monitored to ensure stable convergence and
to prevent overfitting or underfitting. The use of hyperparameter
tuning is essential to achieve optimal model performance and
robustness.

2.6 Testing

Model testing was conducted using test data that was not in-
volved in the training process. Model performance was evaluated
by comparing the detection results with the ground truth. The
evaluation metrics used included Precision, Recall, and Mean
Average Precision (mAP). These metrics are commonly used
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in object detection tasks to measure detection accuracy, com-
pleteness, and overall performance of the model [4, 20, 21, 22].
Precision indicates the correctness of detected objects, Recall
measures the ability to detect all relevant objects, and mAP pro-
vides a comprehensive evaluation across all classes [20, 23].

2.7 Evaluation

The analysis of the research results was conducted by comparing
the performance of the YOLOv7 model in low, medium, and high
traffic conditions. The evaluation of the model’s performance
was based entirely on the mean Average Precision (mAP), Preci-
sion, and Recall metrics, which were used to assess the accuracy
of detection, the model’s ability to recognize all violation objects,
and the overall accuracy of the system. The differences in the
values of these three metrics were analyzed to understand the ef-
fect of traffic density on the performance of motorcycle violation
detection. This evaluation approach is important to assess model
robustness under varying environmental conditions, particularly
in real-world traffic scenarios [14].

Additionally, the visual detection results were analyzed to
assess the model’s ability to handle variations in traffic condi-
tions and changes in lighting in CCTV images. From the analysis
results, the most optimal parameter configuration was obtained
to assess the feasibility of applying YOLOV7 to a real-time CCTV-
based traffic monitoring system and supporting the implementa-
tion of Electronic Traffic Law Enforcement (ETLE).

Figure 3. Detection Results under Low Traffic Density

3. RESULTS AND DISCUSSION

This section presents the experimental results of the YOLOv?7
model for motorcycle traffic violation detection under different
traffic density conditions. The evaluation is conducted using test
data derived from CCTV recordings and focuses on standard
object detection metrics, including Precision, Recall, and mean
Average Precision (mAP). The methodology described in Section
2 is used as the basis for model development and evaluation.

3.1 Training Performance

The YOLOv7 model was trained using labeled images extracted
from CCTV recordings. The training process was conducted with
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several hyperparameter configurations to determine the optimal
model performance. Based on the experimental results, the best
performance was achieved using a learning rate of 0.01 with 100
training epochs. The training performance was monitored using
class loss, objectness loss, and mean Average Precision (mAP)
obtained from the validation dataset.

Model evaluation was conducted under three traffic density
conditions: low, medium, and high, in order to analyze the ro-
bustness of the model under different levels of visual complexity.
The detailed training results of the YOLOv7 model for each traffic
density scenario are presented in Table 1.

Table 1. Results of Training with 1rf 0.01 at epoch 100

Denggfﬁlfevel Irf  Classjss  Objloss mAP
Low 0.00008 0.00214 99.66
Medium 0.01 0.00001 0.00212 98.75
High 0.00219 0.00224 97.08

As shown in Table 1, the model achieves the highest per-
formance under low traffic density, characterized by minimal
loss values and maximum mAP. This indicates that the model
is able to learn visual patterns effectively when the number of
objects in the scene is relatively small. In contrast, increasing
traffic density leads to higher loss values and a slight decrease
in mAP, indicating increased detection difficulty due to higher
visual complexity and object interactions.

3.2 Result Analysis

The analysis of model performance under different traffic density
conditions is supported by visual detection results, as shown
in Figures 3-5. The analysis indicates that traffic density sig-
nificantly affects model performance, particularly in relation to
scene complexity and object visibility.

Under low-density conditions, the model achieves near-perfect
detection performance due to minimal object overlap and clearer
visual features. In such scenarios, each object appears distinctly
within the frame, allowing the model to accurately extract spatial
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and contextual features without interference from surrounding
objects. As a result, the detection process becomes more reliable,
leading to higher mAP and lower loss values. This is visually
confirmed in Figure 3, where objects are clearly separated and
detection results appear highly precise.

e T
f///ﬁ

Figure 5. Detection Results under High Traffic Density

In medium-density conditions, the model maintains stable
performance despite increased interactions between objects. Al-
though vehicles begin to appear closer to one another, the model
is still able to distinguish object boundaries and identify viola-
tion classes with relatively high accuracy. This indicates that
the model has learned sufficiently robust feature representations
to handle moderate levels of visual complexity. As illustrated
in Figure 4, objects begin to overlap but remain distinguishable,
and the model continues to detect violations accurately.

However, in high-density conditions, model performance
shows a slight decrease. This decline is primarily caused by
increased visual complexity, where multiple objects appear si-
multaneously within a single frame. In such situations, object
occlusion becomes more prominent, meaning that important
visual features—such as helmets or passenger counts—may be
partially hidden by other vehicles. Additionally, overlapping
objects reduce the clarity of object boundaries, making it more
difficult for the model to accurately localize and classify targets.
Variations in object scale further contribute to the reduction in
detection performance. These conditions are clearly illustrated
in Figure 5, where several objects are partially obscured.

Error analysis further reveals that false positives occur when
background elements or partially visible passengers are incor-
rectly classified as violations, particularly in crowded scenes
where visual ambiguity is high. On the other hand, false nega-
tives occur when actual violations are not detected, often due to
occlusion or insufficient feature visibility. These errors highlight
the limitations of the model in handling complex real-world con-
ditions, especially when key features are not fully observable.
Overall, these findings indicate that increasing visual complexity
directly impacts detection accuracy. The results demonstrate a
clear inverse relationship between model performance and scene
complexity, where higher traffic density leads to increased detec-
tion challenges. These visual observations further support the
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quantitative evaluation results presented in the testing results.

3.3 Testing Performance

The YOLOv7 model was evaluated using 150 test images that
were not included in the training dataset. These images were
extracted from CCTV recordings at the same location but from
different frames to ensure independence from the training data.
The frames were randomly selected to reduce temporal overlap
between the training and testing datasets while maintaining
representative traffic conditions. This approach ensures that
the model is evaluated on unseen images while preserving the
contextual characteristics of real-world CCTV monitoring,.

During the testing phase, the trained YOLOv7 model config-
ured with a learning rate of 0.01 and 100 training epochs—was
applied to detect motorcycle traffic violations. The model gen-
erated bounding boxes around detected objects and classified
them according to predefined violation categories, namely mo-
torcyclists without helmets and motorcyclists carrying more
than one passenger. The detection outputs were then compared
with the corresponding ground-truth annotations to determine
prediction accuracy.

The performance of the detection model was evaluated using
standard object detection metrics, including Precision, Recall,
and mean Average Precision (mAP). Precision measures the ac-
curacy of predicted detections, Recall indicates the ability of the
model to detect all relevant violation objects, and mAP provides
a comprehensive evaluation of detection performance across all
classes. To provide a clearer comparison of model performance
across different traffic density conditions, the evaluation results
are summarized in Table 2.

Table 2. Testing Performance under Different Traffic Density
Conditions

Denzzs}?:fevel mAP (%) Precision (%) Recall (%)
Low 99.66 99.5 100.0
Medium 98.75 98.2 99.4
High 98.10 100.0 97.8

As shown in Table 2, the model achieves the highest perfor-
mance under low-density conditions, with an mAP of 99.66%,
Precision of 99.5%, and Recall of 100.0%. This indicates that the
model is highly effective in detecting violations when the visual
scene is less complex.

In medium-density conditions, the model maintains strong
performance, achieving 98.75% mAP, 98.2% Precision, and 99.4%
Recall. Despite increased object interactions, the model remains
stable and capable of accurate detection. Under high-density con-
ditions, the model achieves 98.10% mAP, 100.0% Precision, and
97.8% Recall. The slight decrease in Recall indicates that some
violation instances are missed due to occlusion and overlapping
objects.

To further illustrate the impact of traffic density on model
performance, Figure 6 presents the relationship between traffic
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density and mAP values. The graph shows a gradual decrease
in mAP as traffic density increases from low to high. This trend
indicates that detection performance is inversely related to scene
complexity, where higher object density leads to increased oc-
clusion and overlapping, thereby reducing detection accuracy.

mAP vs Traffic Density

99.6 1
99.4
99.2
g 99.0 -
s
= 98.8 -
98.6 -
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98.2 4

T T
Low Medium High
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Figure 6. Relationship between Traffic Density and mAP
Performance

Taken together, these results indicate that the training con-
figuration using a learning rate of 0.01 and 100 epochs provides
stable and consistent performance across different traffic den-
sity scenarios. The consistency between training and testing
results demonstrates that the model generalizes well within the
observed environment. However, the gradual decrease in perfor-
mance highlights the impact of visual complexity on detection
reliability, particularly in real-world scenarios with high object
density.

3.4 Discussion

The results demonstrate that the YOLOv7 model provides strong
performance in detecting motorcycle traffic violations using
CCTV data. The consistency between training and testing re-
sults indicates that the selected hyperparameter configuration
specifically a learning rate of 0.01 and 100 epochs—ensures stable
convergence and reliable detection performance.

From both visual analysis (Section 3.2) and quantitative eval-
uation (Table 2), it is evident that model performance is strongly
influenced by traffic density and scene complexity. As traffic
density increases, detection becomes more challenging due to ob-
ject occlusion, overlapping, and reduced feature visibility. This
finding is consistent with previous studies in object detection,
where performance degradation is commonly associated with
high object density and occlusion effects [14].

Compared to previous YOLO-based studies [2, 5, 9] this study
not only achieves high detection accuracy but also provides a
structured evaluation of model robustness under varying traffic
density conditions using real CCTV data. This constitutes a
significant contribution, as many prior works primarily focus
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on overall accuracy without explicitly addressing performance
variability under different real-world conditions.

Despite these promising results, several limitations should be
acknowledged. First, the dataset used in this study is relatively
limited and collected from a single location, which may restrict
the generalization capability of the model across different envi-
ronments with varying lighting conditions, camera angles, and
traffic patterns. Second, the observed performance degradation
under high-density conditions highlights the model’s sensitivity
to occlusion and complex visual scenes.

To address these limitations, future research should focus
on expanding dataset diversity, incorporating multi-location
CCTV data, and conducting comparative evaluations with other
state-of-the-art object detection models. Additionally, advanced
techniques such as data augmentation, domain adaptation, and
model ensemble strategies may further improve detection ro-
bustness.

Taken together, these findings highlight that the YOLOv?7
model demonstrates strong potential for implementation in CCTV-
based traffic monitoring systems. Its ability to maintain high
detection performance across varying traffic conditions supports
its applicability in real-world scenarios. Furthermore, the integra-
tion of this model into Electronic Traffic Law Enforcement (ETLE)
systems can contribute to improving traffic safety, enhancing
law enforcement efficiency, and supporting the development of
intelligent transportation systems in urban environments.

4. CONCLUSIONS

This study aims to evaluate the performance of the YOLOv7
model in detecting motorcycle traffic violations under different
traffic density conditions using CCTV data. Based on the exper-
imental results, it can be concluded that the YOLOv7 model is
capable of detecting traffic violations with high accuracy across
varying traffic scenarios. The evaluation results show that the
model achieves strong performance with mAP values above 98%,
accompanied by high Precision and Recall. The optimal model
configuration was obtained using a learning rate of 0.01 and 100
training epochs, which provides stable convergence and consis-
tent detection performance. Furthermore, the analysis indicates
that traffic density significantly affects model performance. The
model performs optimally under low-density conditions, while
a slight decrease in performance is observed under high-density
conditions due to increased occlusion and object overlap. This
confirms that scene complexity is a critical factor influencing
detection accuracy. In addition, the model demonstrates the abil-
ity to generate continuous detection results from CCTV video
streams, indicating its applicability for real-time traffic moni-
toring systems. Therefore, the proposed approach has strong
potential to support the implementation of Electronic Traffic
Law Enforcement (ETLE) systems in improving traffic safety and
enforcement efficiency. However, this study has several limita-
tions, as the dataset used is relatively limited and collected from
a single location, which may affect the generalization capability
of the model. Future research is recommended to expand the
dataset, incorporate more diverse traffic conditions, and evaluate
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the model’s real-time performance in terms of computational
efficiency and detection speed.
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