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The increasing number of material trucks on arterial roads has posed
challenges for traffic surveillance and regulatory compliance.
Traditional monitoring techniques that rely on manual observation
are often ineffective and susceptible to irreqularities, highlighting the
need for automated real-time monitoring systems. This study proposes
a lightweight object detection approach using YOLOv8n to improve
real-time truck detection performance in traffic monitoring
applications. A quantitative experimental methodology was employed
by performing hyperparameter tuning through adjustments to the
number of epochs, batch size, optimizer, and learning rate. The dataset
was collected from real traffic environments using smartphone
cameras and CCTV (TP-Link Tapo C320WS). A total of 36
experimental configurations were evaluated using Precision, Recall,
F1-score, mAP@50, and mAP@50-95 metrics. Experimental results
showed that the optimal configuration, consisting of 100 epochs, a
batch size of 16, the Adam optimizer, and a learning rate of 0.001,
achieved a mean Average Precision (mAP)@50 of 0.9302 and
mAP@50-95 of 0.7226. Although the performance improvement over
the baseline YOLOv8n model was relatively modest, repeated
experiments demonstrated improved model stability and consistency
after hyperparameter optimization. Real-time deployment on a local
GPU achieved a stable processing speed of 14—23 Frames Per Second,
with an average of 19 FPS, enabling real-time monitoring
performance aligned with the camera input rate. The integrated
system successfully combines object detection, tracking, and license
plate recognition for practical traffic monitoring applications.
However, smaller objects such as license plates remained more
challenging to detect due to localization limitations under occlusion
and low-light conditions.
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1. INTRODUCTION

The increasing number of material trucks on arterial highways has resulted in
numerous issues, such as traffic congestion, road deterioration, and heightened accident
risks. In Bali, this situation is further complicated by the enforcement of regional restrictions,
specifically the Circular Letter of the Governor of Bali Number 2 of 2026, which governs
vehicle access and operational compliance in designated areas. Traditional monitoring
techniques dependent on manual observation frequently exhibit inefficiencies and
limitations in reliably identifying violations or suspected fraudulent activities, underscoring
the necessity for an automated, real-time monitoring system.

Recent advancements in computer vision, namely in object detection using deep
learning, have facilitated the creation of intelligent monitoring systems. You Only Look
Once (YOLO) model family demonstrates strong performance in real-time detection,
attributed to its speed and precision [1], [2], [3]. YOLOvV8n features a lightweight
architecture ideal for implementation in resource-limited settings [4], [5].

Numerous prior studies have utilized YOLO-based models for vehicle detection.
Nonetheless, the majority concentrate on broad vehicle classification, neglecting real-time
system integration and the optimization of training parameters for particular scenarios [6],
[7], [8]- Moreover, insufficient focus has been directed towards the influence of
hyperparameter tuning on enhancing detection accuracy in practical traffic monitoring
systems [9].

To address these limitations, YOLOv8n was optimized through hyperparameter
tuning, including adjustments to epochs, batch size, optimizer, and learning rate [10]. The
dataset utilized in this work was gathered employing CCTV (Tapo C320WS) across diverse
environmental conditions. The optimized model is subsequently integrated into a real-time
system that integrates object detection, tracking with DeepSORT, and license plate
identification utilizing EasyOCR [11].

This study primarily contributes by evaluating the effectiveness of hyperparameter
tuning in enhancing YOLOv8n performance for particular object identification tasks and
illustrating its implementation in a real-time traffic system. The findings are expected to
provide insights into the creation of effective and precise monitoring systems for traffic
regulation enforcement.
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2. RESEARCH METHOD

This study utilizes a quantitative experimental methodology to assess the
performance of YOLOv8n under various hyperparameter setups. The research pipeline
encompasses data collection, data preprocessing, hyperparameter tuning, system
integration, and model evaluation.
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Figure 1. Research workflow of the proposed system

The dataset utilized in this study was collected from real traffic environments using
a smartphone camera and a security camera (TP-Link Tapo C320WS) installed on major
roads in Bali [12]. The data collection was conducted under various environmental
conditions to improve model robustness. The dataset was primarily collected under
daytime traffic conditions, while nighttime scenarios remained relatively limited in this
study. The recorded videos were converted into image frames, yielding a total of 2,990
images.
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All photos were carefully annotated utilizing Roboflow with three object classes:
Targeted Truck (truk_target), Truck (truk), and License Number (plat_nomor) [13]. The
Targeted Truck class denotes transport trucks utilized for carrying materials in Bali, namely
those employed for the transportation of excavation materials, referred to locally as "galian
C." These trucks generally possess unique visual attributes, including dump trucks, open
cargo, and particular structural forms that distinguish them from standard cargo trucks [14].
The preprocessing procedures encompass scaling images to 640x640 pixels [15] and
employing data augmentation techniques, including brightness adjustment of -25% and
+25%, blur up to 1.5px, and noise up to 1.72% of pixels. The dataset was split into training
(70%), validation (20%), and testing (10%) subsets [16], [17].

Figure 2. Sample dataset and annotation results (a) Targeted Truck + License Number, (b) Multi-
object Trucks, (c) Targeted Truck + License Number

This study employs the YOLOv8 Nano (YOLOv8n) object detection model, chosen
for its lightweight architecture and appropriateness for real-time applications [18].
Hyperparameter adjustment was performed to enhance model performance without
altering the network architecture [19], [20]. Training was conducted in a cloud-based
environment utilizing GPU acceleration (Google Colab), employing a baseline model with
default settings as a reference point.

Table 1. Hyperparameter configurations used in this study.

No Hyperparameter Values
1 epochs 50, 100, 150
2 batch_size 16, 32, 64
3 imgsz 640
4 optimizer SGD, Adam
5 Ir0 0.01, 0.001

Four primary hyperparameters were assessed: the number of epochs (50, 100, and
150), batch sizes (16, 32, and 64), optimization algorithms (Adam and SGD), and learning
rates (0.01 alongside 0.001). The input image size is fixed at 640x640 pixels, yielding a total
of 36 experimental configurations[21].
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To evaluate the consistency of the training process, repeated experiments were
conducted under randomized training conditions using the same hyperparameter
configurations for both the baseline and optimized YOLOv8n models.

The optimal YOLOVS8n, integrated with DeepSORT and EasyOCR, was deployed in
a real-time monitoring system. It was evaluated on a local machine (Intel Core i5, 16GB of
RAM and GPU RTX 3050) processing 15 FPS RTSP streams from a TP-Link Tapo C320WS
camera or archived videos. Additionally, a time logic and vSirtual line technique was
implemented to detect Targeted Truck (truk_target) infractions across designated
boundaries.

To measure the detection capabilities, metrics including Precision, Recall, F1-score,
and Mean Average Precision (mAP) were calculated. The principal assessment metric
employed in this study is mAP@50, whereas mAP@50-95 serves as a supplementary metric
to evaluate localization accuracy across various IoU thresholds .

3. RESULTS AND DISCUSSION

This section presents the comprehensive findings of the hyperparameter tuning
process for the YOLOv8n model and evaluates its performance in the context of material
truck detection. The discussion focuses on how different configurations influence key
detection metrics and the subsequent effectiveness of the model when integrated into a real-
time monitoring system. By comparing the results, the analysis highlights the stability and
precision gains achieved through systematic tuning. Furthermore, this section examines the
practical implications of the model's performance on various object classes, particularly in
handling the challenges posed by different object sizes and environmental conditions
during live deployment

3.1. Experimental Results

A number of experiments were performed to assess the accuracy of the YOLOvS8n
model in detecting material trucks and license plates. A total of 36 hyperparameter
configurations were evaluated, encompassing differences in epochs, batch size, optimizer,
and learning rate. The performance of every configuration was quantified through
Precision, Recall, F1-score, mAP@50, and mAP@50-95. A baseline model utilizing the
default parameters of YOLOv8n was incorporated for comparative analysis.

Table 2 displays the ten most effective hyperparameter settings in conjunction with
the baseline model. Due to space constraints, only the most effective configurations are
presented, while the comprehensive findings of all 36 tests are excluded. All setups
demonstrated notably high mAP@50 values (exceeding 0.91), signifying that YOLOv8n
possesses robust baseline performance. The optimal model was achieved with Adam
optimizer with a learning rate of 0.001, trained over 100 epochs with a batch size of 16,
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resulting in a mAP@50 of 0.9302 and a mAP@50-95 of 0.7226. In comparison to the baseline
model, the enhancement was modest, indicating that the default YOLOvS8n setup is already
close to optimal[22].

Table 2. Training Results

Epoch Batch  Optimizer Ir precision recall mAP50 mAP50-95
100 16 Adam 0.001 0.882007743  0.913275641 0.930209921 0.722611267
100 default default default  0.872930367  0.925992585  0.930032853  0.721433409
100 64 SGD 0.001 0.852430794  0.941785546 0.929819906  0.706633951
50 32 Adam 0.001 0.849649038  0.930332716  0.926760561  0.719732534
50 16 SGD 0.01 0.875230148  0.922385787 0.92528883 0.71685624
150 32 Adam 0.001 0.862433875  0.924718874  0.925043999  0.720805019
150 16 SGD 0.01 0.856389422  0.935481748  0.922854652  0.716364914
150 16 Adam 0.001 0.882308011 0.897843208 0.922536071 0.71826711
150 32 SGD 0.001 0.877329013  0.898975498  0.921963528  0.703479882
100 32 SGD 0.001 0.859074669  0.925333164 0.921559725 0.709689264

A class-wise analysis was performed to evaluate the detection capabilities across
different target groups, in addition to the overall performance evaluation. The contrast
between mAP@50 and mAP@50-95 scores for each class is depicted in Figure 3.
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Figure 3. The contrasted results of mAP@50 and mAP@50-95 metrics for each object class across all
experimental configurations

Figure 3 illustrates a significant disparity between the results of the mAP@50 and
mAP@50-95 metrics, particularly concerning the License Number (plat_nomor) category.
The mismatch mostly arises from the reduced object size and increased detection
complexity, rendering precise localization more difficult. The model accurately detects
license plates (high mAP@50) but fails to generate precise bounding boxes at elevated IoU
thresholds, leading to diminished mAP@50-95 scores. Conversely, larger objects like Truck
(truk) and Targeted Truck (truk_target) exhibit more reliable performance across both
parameters, signifying enhanced localization precision and greater detection stability.
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3.2. Evaluation Metrics

To evaluate the performance of detection models, metrics such as Precision, Recall,
and F1-score are commonly utilized. Precision quantifies the proportion of correct positive
predictions, whereas Recall assesses the system's ability to successfully retrieve all relevant
targets. Meanwhile, the F1-score is defined as the harmonic average between both Precision
and Recall metrics.

Precision = — (1)
TP+FP
Recall = —= (2)
TP+FN

F1 =2 x Lrecision xRecall o

Precision+Recall

1
mAP =% AP, (4)

Within these mathematical formulas, the terms TP, FP, and FN stand for true
positives, false positives, and false negatives, respectively. To obtain the Average Precision
(AP), one must calculate the integral area under the precision-recall graph for every
individual category. Furthermore, the mean Average Precision (mAP) is formulated by
taking the mean of the AP values across all existing categories. In object detection tasks,
mAP@50 is frequently employed as the primary evaluation parameter, whereas mAP@50-
95 offers a more rigorous assessment across several IoU thresholds [19].

3.3. Hyperparameter Analysis

Subsequent research was conducted to evaluate the influence of each
hyperparameter on model performance[20]. The results are presented in Figure 4. Figure
4(a) illustrates that the Adam optimizer exhibited enhanced stability with a reduced
learning rate of 0.001, whereas SGD demonstrated somewhat elevated median values in
certain configurations. Nonetheless, the disparities were not substantial.

Figure 4(b) demonstrates that a learning rate of 0.001 consistently yielded better and
more stable performance relative to 0.01, signifying smoother convergence throughout
training. Figure 4(c) indicates that smaller batch sizes (16) generally attain better peak
performance, whereas larger batch sizes yield more consistent results. Figure 4(d)
demonstrates that extending the number of epochs beyond 100 did not markedly enhance
performance, showing that the model had already achieved optimal convergence.
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Figure 4. Hyperparameter analysis of YOLOv8n performance based on mAP@50: (a) optimizer
comparison, (b) learning rate comparison, (c) batch size comparison, and (d) epoch variation.

3.4. Comparison

The accuracy of hyperparameter tuning was evaluated by comparing the optimal
model to the baseline YOLOv8n model. The findings of the comparison are presented in
Table 3. The baseline model exhibited competitive performance, suggesting that YOLOv8n
yields robust results even in the absence of considerable optimization [21].

Table 3. Comparison of Optimized YOLOv8n and Baseline YOLOvS8n

Model Precision Recall F1-Score mAP50 mAP50-95 Size
Optimized YOLOv8n 0.8820 0.9133 0.8974 0.9302 0.7226 5.9 MB
Baseline YOLOv8n 0.8729 0.9260 0.8986 0.9300 0.7214 6 MB

As observed in Table 3, the optimized model exhibits a trade-off between Precision
and Recall when compared to the baseline. Specifically, the Optimized YOLOv8n yields a
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higher Precision (0.8820 compared to 0.8729) alongside a slightly lower Recall (0.9133
compared to 0.9260). Functionally, this indicates that the hyperparameter tuning encourages
the model to be more selective in its positive predictions, which helps in reducing False
Positives (e.g., minimizing the misclassification of standard pickup trucks as targeted
material trucks). While the slight drop in Recall implies a minor increase in missed
detections (False Negatives), the overall detection performance remained relatively
balanced.

Table 4. Statistical consistency analysis of repeated experiments

Model Mean mAP50 Std. Dev 95% CI
Optimized YOLOv8n 0.9230 0.0050 0.9106 — 0.9354
Baseline YOLOv8n 0.9167 0.0046 0.9052 - 0.9281

To further evaluate the consistency of the proposed hyperparameter tuning strategy,
repeated training experiments were conducted under randomized training conditions using
the same configurations for both the baseline and optimized YOLOv8n models. The
statistical results are summarized in Table 4. The optimized configuration achieved a
slightly higher average mAP@50 score (0.9230) compared to the baseline model (0.9167).
However, minor performance variations were observed across repeated runs, reflecting the
stochastic characteristics of deep learning training processes.

The overlapping confidence interval ranges indicate that the observed improvement
should be interpreted as a modest enhancement rather than a substantial performance
increase. Nevertheless, the optimized configuration demonstrated slightly improved
average detection performance and more consistent localization behavior across repeated

experiments.
Table 5. Comparison of YOLOvVS Variants
Model Precision Recall F1-Score mAP50 mAP50-95 GFLOPs Parameters Size
Optimized 0.8820 0.9133 0.8974 0.9302 0.7226 8.1 3.0M 5.9 MB
YOLOvV8n
YOLOvVS8s 0.8750 0.9120 0.8927 0.9250 0.7080 28.4 111 M 21.5 MB

To provide additional context regarding model selection, the optimized YOLOv8n
model was compared with the larger YOLOVS8s architecture using the same hyperparameter
configuration. The comparison results are presented in Table 5. Although YOLOvVS8s
achieved competitive detection performance, the optimized YOLOv8n model produced
slightly higher Precision, F1-score, mAP@50, and mAP@50-95 values.

In contrast, YOLOvVS8s required substantially higher computational complexity, as
reflected by its larger number of parameters, GFLOPs, and model size. Despite the increased
model capacity, YOLOv8s did not demonstrate substantial performance improvements
compared to the optimized YOLOv8n model. These findings indicate that the optimized
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YOLOVS8n configuration provides a more efficient balance between detection accuracy and
computational cost, making it more suitable for real-time traffic monitoring applications.

3.5. Model Evaluation

To further assess the accuracy of the top-performing model, supplementary analysis
was performed utilizing precision-recall curves and confusion matrix evaluation.

Precision-Recall Curve

plat_nomor 0.869
truk 0,934
—— truk_target 0.989
= all classes 0,931 MAP@0.5

Precision

0.0 0.2 0.4 0.6 08 10
Recall

Figure 5. The precision-recall graph of the optimal model for each object class

Figure 5 illustrates that the model attains elevated precision and recall for larger
objects, such as trucks and truck targets, signifying robust detection accuracy. Nonetheless,
the performance for license plates is comparatively inferior, aligning with prior findings
attributed to the reduced object size and increased detection challenges.

Confusion Matrix Normalized
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Figure 6. Confusion matrix of the optimized YOLOv8n model
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Figure 6 illustrates that the model accurately classifies the majority of cases,
particularly for the truck_target class, which has the highest detection accuracy.
Misclassifications have been noted within the license plate category, hence reinforcing the
difficulties associated with identifying smaller items. The model exhibits robust
classification accuracy with negligible confusion among primary object categories.

3.6. System Implementation

The most effective model was integrated into a real-time monitoring system utilizing
video streams from CCTV (TP-Link Tapo C320WS) and recorded footage. The system
incorporates YOLOvVS8n for object detection, DeepSORT for object tracking, and EasyOCR
for license plate recognition.

In the integrated system, YOLOvVS8n is utilized to detect trucks and license plates
from each video frame. The detected vehicles are subsequently processed using DeepSORT
to maintain object identity consistency across consecutive frames, enabling stable tracking
during vehicle movement. When a target truck crosses the predefined virtual line during
restricted operational hours, the detected license plate region is cropped and forwarded to
EasyOCR for text recognition. This integration enables the system to perform real-time
object detection, tracking, and license plate identification simultaneously. However, OCR
performance may decrease under challenging conditions such as motion blur, partial
occlusion, low-light environments, or small license plate objects.

To optimize the tracking performance within the integrated system, DeepSORT was
configured with a max_age of 30 frames to handle brief vehicle occlusions and an n_init of
3 frames to confirm new tracks, minimizing false positive trajectories. Regarding the
EasyOCR component, its isolated performance was evaluated through functional testing
during the real-time observation trials. As reflected in the minor misdetection rates (Table
6), the OCR successfully extracted license plate strings when YOLOv8n provided tightly
cropped bounding boxes under clear daylight. The few observed system failures were
primarily driven by OCR limitations, rather than detection misses, where text recognition
degraded significantly when input regions suffered from motion blur or low-light
conditions.

(b)
Figure 7. Real-time detection and plate recognition: (a) detection of truck target and license plate
and (b) detection of truck object
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Figure 7 illustrates the real-time detection dashboard, wherein the system analyzes
live video streams to identify moving cars. A temporal logic and virtual trigger line are
employed to detect when objects traverse a certain boundary, facilitating automated
surveillance of possible infractions.

Details

Figure 8. Detailed target truck detection result

Figure 8 displays the comprehensive detection outcomes, encompassing license
plate identification with EasyOCR. The system extracts license plate numbers from
identified vehicles and offers a manual verification option to enhance recognition precision
and dependability.

To ensure the system's reliability, three separate live observation tests were
conducted, each lasting 10 minutes. The averaged results of these real-time implementation
trials are summarized in Table 6.

Table 6. Real-Time System Performance over Three Observation Trials

Parameter Test 1 (10 min) Test 2 (10 min) Test 3 (10 min)

Hardware Specs Intel i5, 16GB RAM, RTX Intel i5, 16GB RAM, RTX Intel i5, 16GB RAM, RTX
3050 3050 3050

Camera 15 FPS (Input) 15 FPS (Input) 15 FPS (Input)

Total Observed 34 29 53

Avg. FPS 14-23 (Avg: 19) 14-23 (Avg: 19) 14 - 23 (Avg: 19)

Success Objects Detected 32 29 52

Avg. Confidence Score 92.3% 89.96% 93%

Misdetections / Missed 2 0 1

Table 6 shows that the system achieved a processing speed of 14-23 FPS, exceeding
the camera's 15 FPS input due to the high computational performance of the local GPU. The
average confidence scores remained high (above 89%) because the vehicles were clearly
visible under stable lighting conditions. However, minor misdetections in Test 1 and Test 3
were observed, primarily caused by objects partially occluding the target trucks or motion
blur effects during rapid vehicle movement. Despite these challenges, the system
consistently fulfills the requirements for real-time traffic monitoring.
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(b)

Figure 9. Failure cases under challenging environmental conditions: (a) partial occlusion causing
missed vehicle detection, and (b) low-light nighttime conditions reducing object visibility and OCR
performance.

Several failure cases were observed during real-time deployment, particularly under
challenging environmental conditions. As illustrated in Figure 9, detection performance
may decrease due to partial occlusion and low-light nighttime conditions. Partial occlusion
can cause missed vehicle detection when the target object is blocked by another vehicle,
while nighttime environments reduce object visibility and OCR readability due to poor
illumination and light glare.

4. CONCLUSION

This study evaluated the effectiveness of hyperparameter tuning on the YOLOv8n
model for real-time material truck detection. Experimental results demonstrated that
adjustments to hyperparameters, including epochs, batch size, optimizer, and learning rate,
influence detection performance. The optimal configuration was achieved using 100 epochs,
a batch size of 16, the Adam optimizer, and a learning rate of 0.001, resulting in a mAP@50
score of 0.9302 and a mAP@50-95 score of 0.7226. Although the optimized model only
showed modest improvements over the baseline YOLOv8n model, hyperparameter tuning
contributed to improved model stability and consistency across repeated experiments.

Further analysis indicated that object size significantly affected detection
performance. Larger objects such as trucks and targeted material transport vehicles
achieved more stable and accurate detection results, while smaller objects such as license
plates remained more challenging, particularly in mAP@50-95 due to localization
limitations. The optimized model was successfully deployed in a real-time monitoring
system integrating object detection, tracking, and license plate recognition. Validation
through multiple live observation trials demonstrated stable system performance with an
average processing speed of 19 FPS, indicating suitability for real-world traffic monitoring
applications.
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This study still has several limitations. The dataset was primarily collected under
daytime traffic conditions, causing nighttime and extremely low-light scenarios to remain
relatively underrepresented. In addition, the detection of small objects such as license plates
remains challenging under conditions involving motion blur, partial occlusion, and poor
illumination, which may reduce localization accuracy and OCR readability.

Future research may focus on improving small-object detection performance and
enhancing OCR robustness under challenging environmental conditions. Expanding the
dataset with more diverse traffic scenarios, particularly nighttime conditions, may further
improve model generalization. Additionally, future system development may explore
deployment on edge-computing devices and integration with broader intelligent
transportation systems for automated traffic monitoring and enforcement.
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