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Abstract

Road damage, including potholes and cracks, is a significant issue frequently encountered in road infrastructure in many
regions. Such conditions accelerate road degradation, increase the risk of traffic accidents, and significantly increase the
maintenance and repair costs. Although several deep learning models have been proposed for road damage detection, few
studies have systematically compared the performance of lightweight YOLOVS variants using a consistent dataset. To address
this gap, this study proposes a road defect detection and classification model based on the YOLOVS series, which is enhanced
using transfer learning to improve performance and efficiency. The dataset, obtained from Roboflow, comprises 3,846 images
categorized into training, validation, and testing sets. Three YOLOvV8 variants—YOLOv8n, YOLOv8s, and YOLOv8m—were
benchmarked for performance. A performance evaluation was performed using the metrics of precision, recall, and mean
Average Precision (mAP). Results show that YOLOv8m achieved the highest precision (99.00%), recall (98.40%), and mAP
(99.50%). In the pothole category, precision reached 98.70% and recall 99.30%; in the crack category, precision was 99.30%
and recall 97.60%. The findings demonstrate that YOLOVS, particularly the YOLOv8m variant, is highly effective for real-time
road damage detection and classification, offering a viable solution for intelligent transportation systems and automated
infrastructure monitoring. This research has the potential to revolutionize infrastructure monitoring by enabling scalable, real-
time, and cost-effective assessments of road conditions. It minimizes reliance on manual inspections, reduces human errors,
and contributes to the development of intelligent transportation systems and predictive maintenance strategies.
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1. Introduction every year in line with efforts to repair infrastructure
that various factors, such as excessive vehicle loads and
extreme weather conditions, have damaged. In addition,
according to the Directorate General of Highways, the

Ministry of PUPR has allocated a budget of Rp14.6

The Roads are a critical component of transportation
infrastructure, playing a strategic role in supporting
national economic growth by facilitating the movement

of goods and services [1]. However, increasing traffic
volumes, environmental factors, and inadequate
maintenance practices have led to widespread road
deterioration in many regions, including Indonesia.
This calls for early detection and more effective
maintenance strategies to ensure that road infrastructure
continues to support community mobility and economic
growth optimally [2].

The Indonesian Ministry of Public Works and Housing
(PUPR) plans to 2024 a budget for road maintenance

trillion for regional road repairs, planned to start in July
[3]. Increasing road damage is caused by high vehicle
volumes, extreme weather conditions, inadequate
construction quality, and lack of regular maintenance.
This problem affects transportation efficiency and can
hinder sustainable economic development. Therefore,
strategic measures involving integrated planning,
construction, and maintenance of road infrastructure are
needed to ensure its continued function in supporting
mobility and national economic growth [4].
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One of the solutions that can be applied to increase the
effectiveness in detecting and handling road damage is
the utilization of artificial intelligence-based
technology, especially machine learning [5]. Using
machine learning to detect road damage allows
analyzing road conditions to be carried out more
quickly, accurately, and efficiently [6]. Machine
learning technology can process road image data from
sensors or drones to identify various types of damage,
such as cracks, potholes, etc. This technology not only
helps reduce the time required for manual inspections
but also minimizes the risk of human error when
assessing the level of damage. In addition, machine
learning can also optimize road maintenance planning
so that the government and related parties can take more
proactive steps to deal with damage before it worsens.

The purpose of this research is to conduct a benchmark
study on the performance of three variants of the
YOLOv8 model, namely YOLOv8n (lightweight),
YOLOv8s (balanced), and YOLOv8m (high-
performance), in detecting and classifying road defects,
especially the crack and pothole categories. YOLOV8
was selected for its balance of accuracy, speed, and
deployment readiness. While YOLOvV11 is the latest
release, this study focuses on a systematic evaluation of
YOLOV8 sub-variants YOLOv8n (lightweight),
YOLOv8s (balanced), and YOLOv8m (high-
performance), which remain underexplored in current
literature. This focus offers novel contributions to real-
world road damage detection.

In previous research conducted by Jakubec et al [7],
hole detection was performed using CNN models such
as R-CNN and YOLO under various weather and
lighting conditions; YOLOv7 performed best in sunny
and wet scenarios, while R-CNN excelled in low-light
conditions. Sasmito et al [8] Implemented CNN to
detect cracks, holes, and white lines from video footage,
achieving 88% accuracy, with potential for
improvement through increased datasets. Wang et al [9]
developed BL-YOLOvV8 using 4,373 images, which
improved mAP@0.5 by 3.3%, reduced parameters by
29.92%, and minimized computational load, making it
efficient for lightweight devices. Ali et al [10] used the
GLCM method with Neural Network classification on
29 images, resulting in an accuracy of 0.79, with
suggestions  for improvement through dataset
expansion. Djulyansyah et al [11] applied YOLOVS to
detect road conditions in real-time to assist the visually
impaired, achieving over 96% accuracy for most
classes, but only 62% for potholes, requiring further
dataset optimization.

This study implements transfer learning techniques to
improve the performance and efficiency of the model
and compares its effectiveness based on the model's
complexity and implementation needs in the field.
While YOLOVS is no longer the latest version in the
YOLO series, it remains one of the most widely adopted
object detection models due to its balance of accuracy,
speed, and ease of deployment. Unlike previous studies

that primarily used traditional CNN-based approaches
or earlier YOLO versions such as YOLOv4, YOLOV5,
and YOLOv7, this study focuses on systematically
benchmarking three sub-variants of YOLOvVS8
(YOLOv8n, YOLOv8s, and YOLOv8m) using a
unified dataset and consistent evaluation metrics to
determine optimal trade-offs between accuracy, model
complexity, and real-time applicability.

Furthermore, this study addresses two critical research
gaps identified in previous works. The first concerns the
lack of comprehensive evaluation of the generalization
capability of object detection models, particularly in
recognizing subtle and fine-grained crack patterns that
are often misclassified under real-world conditions. The
second pertains to the absence of systematic
comparisons among YOLOv8 sub-variants to assess
their respective effectiveness for real-time deployment
in practical scenarios. To overcome these limitations,
this study employs transfer learning along with
advanced data balancing and augmentation techniques
to enhance model robustness and improve detection
performance, especially in crack classification, which
has yielded suboptimal results in prior research. In line
with these objectives, the study investigates which
YOLOv8 variant (YOLOv8n, YOLOv8s, or
YOLOvV8m) provides the most optimal balance between
detection accuracy, model complexity, and feasibility
for real-world implementation. The hypothesis is that
YOLOvV8m provides the highest detection accuracy due
to its deeper architecture, while YOLOv8n performs
better in terms of inference speed and computational
efficiency. This clear formulation of the research
question and hypothesis provides a strong
methodological foundation and reinforces the scientific
validity of the comparative analysis.

2. Methods

This research adopts an experimental study strategy to
test a pothole and crack road defect detection and
classification model using YOLOv8 and Transfer
Learning to evaluate its performance. This process
includes designing the steps applied during the
research. The research framework is presented in Figure
1.

Based on Figure 1, the research flow begins with Data
Acquisition, including Data Collection and
Identification. Road damage images were obtained
from Roboflow, using the free Public Plan, which
ensures open access by listing datasets and trained
models publicly. This plan supports transparency and
reproducibility without requiring the restricted features
of the Premium Trial. All images were manually
reviewed for label accuracy, class balance, and COCO
format compliance [12].

The preprocessing stage was conducted to prepare the
dataset to fit the needs of the YOLOvV8 [13]. This
process includes three primary methods: data balancing,
labelling, and splitting. Data balancing is done to
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maintain the data balance in each class so that the model
is not biased. Data Labelling is redone using the YOLO
annotation format to consistently define the bounding
box on the image. After that, Data Splitting is

performed by dividing the dataset into three subsets,
namely training, validation, and testing data, to ensure
that the model evaluation is carried out objectively and
supports the ability to generalize to new data.

Data Acquisition Data Preprocessing

Data Collection

v ] v

Data Labeling

'

Data Splitting

Data Balancing

[Data Identification

Training Model, Evaluation & Inference Testing

Training Model

Model YOLOvVS Series
(Yolov8n, Yolov8s, Yolov8m)

v

Transfer Learning

¥

Pretrained Model

¥

Fine-tuning
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Confusion Matrix
(mAP, Precision, Recall)

v

| Model Inference Testing |

Figure 1. Research Framework

The YOLOV8 series models (YOLOv8n, YOLOVvSs,
and YOLOv8m) were utilized in the subsequent stage
using a transfer learning approach, which involved
leveraging pretrained weights trained on large-scale
datasets, followed by fine-tuning on the road damage
dataset used in this study. This strategy enables the
models to retain general visual features while adapting
specifically to the target domain, thereby improving
performance and reducing training time [14]. This
technique allows the utilization of weights and features
from previous training to make adapting the model to
new datasets more efficient and accurate [15].

Model evaluation is performed using test data, a
confusion matrix, and several key evaluation metrics,
such as mMAP@0.5, precision, and recall [16]. Using a
transfer learning approach, the evaluation stage aims to
provide an objective picture of the model's ability to
detect and classify road defects, such as potholes and
cracks.

The final stage in this research is model inference
testing, where the YOLOvV8 model trained using
transfer learning techniques is tested again with new
data to assess its performance under real conditions.
This test determined how well the model could detect
and classify road damage types when applied to real-
world scenarios. The results and analysis section then
describes the research flow of the YOLOVS8
implementation with transfer learning as well as the
effectiveness of the model in image detection and
classification tasks. The research results from each

stage of the process are explained to provide a complete
picture of the application of this technique for
improving road defect detection.

YOLOWVS is a detection model that is highly efficient in
recognizing various objects in an image. It can perform
detection and classification simultaneously in a single
process, making it an ideal choice for models that
require high speed in real-time [17]. The main
advantage of YOLOV8 lies in its computational
efficiency and ability to provide accurate predictions
with low latency. This makes it very suitable for
application in various conditions that require fast and
high-precision object detection [18]. In addition,
YOLOvV8's optimized architecture allows for improved
performance compared to previous versions, making it
one of the best solutions in the field of deep learning-
based object detection [19]. Its architectural structure
can be seen in Figure 2. Based on Figure 2, which is
reproduced directly from previous research [20], the
YOLOvV8 architecture consists of three main
components, namely the Backbone, the Head, and the
Loss Function. In the feature extraction (feature
learning) stage, the network structure receives the
image as initial input and processes it through several
levels of the feature pyramid (P1-P5). The Backbone
performs this process by applying convolution and
pooling layers to extract and represent essential features
in a numerical feature map. Each step in this layer
strengthens the image representation before it is passed
on to the prediction stage.
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In the prediction stage, the Head plays a role in
connecting the extracted features with the detection
layer to generate object predictions at various scales
[21]. This layer consists of several fully connected
neurons that receive input from the feature map

generated by the backbone [22]. Then, these predictions
are adjusted through a series of hidden layers, resulting
in more accurate classification and object localization
results.

Backbone Neck
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Figure 2. YOLOV8 Architecture

The convolution layer is the main component in a CNN
network and performs convolution operations on the
previous layer's output. It contains a series of filters that
are learned to extract essential features from the input
image, allowing the model to recognize more complex
patterns. A pooling or subsampling layer usually
follows the convolution layer. Its function is to reduce
the dimension of the output of the convolution layer in
the height and width spatial dimensions [23]. In this
way, the number of parameters that the network has to
learn is reduced, helping to overcome overfitting and
improving the efficiency and accuracy of the network
[24]. Activation functions such as ReLU (Rectified
Linear Unit) are used to introduce nonlinear properties
in the network [25]. This function retains positive
values and assigns zero values to negative inputs,
assisting the model in capturing complex relationships
in the data. In YOLOVS, there is Lucky ReLU, which
aims to improve this activation function.

YOLOV8's three detection heads may limit its ability to
detect partially obscured or small objects [26].
Therefore, adding Dynamic Detection Heads
(DyHeads) is proposed to improve the detection
capability. DyHeads incorporate an attention
mechanism with three main components: scale-aware
attention, spatial-aware attention, and task-aware
attention. By applying these mechanisms, the YOLOV8
model can be more optimized in detecting objects of
various sizes and in more complex conditions [27]. To
optimize the processing of multi-scale semantic
information with high resolution, Dynamic Heads
(DyHeads) are used in YOLOv8 [28]. It aims to
improve classification accuracy and object localization
by utilizing richer and more relevant features for each
prediction [29].

In the optimization process, YOLOvV8 uses a Loss
Function consisting of a combination of Complete
Intersection over Union (CloU) and Distribution Focal
Loss (DFL) for bounding box regression, and Binary
Cross Entropy (BCE) for classification [30]. However,
several evaluation metrics are used to assess the model's
performance in accurately detecting objects, namely
mean Average Precision (mAP), Precision, and Recall
[31]. The mAP is calculated using Equation 1.

mAP ==YN_ AP, (1)
Where N is the dataset's total number of object classes,
and APi is the average precision for the i-th class. The
Precision is calculated using Equation (2), and the
Recall is computed using Equation 3.

TP

Precision = )
TP+FP
Recall = —=* 3)
TP+FN

Where TP is the number of correct positive predictions,
FP is the number of incorrect positive predictions, and
FN is the number of positive objects the model does not
detect.

The dataset used for the YOLOvV8 model with the
Transfer Learning technique, with the name Cap DP
Dataset and Pre-Trained Model by TS obtained from
Roboflow [32]. This dataset consists of 3,846 images
with two categories of road damage, namely potholes
and cracks. The dataset is divided into 2,689 images for
training data, 767 for validation data, and 390 for test
data. Each image in the dataset has been labeled
according to the road damage category, which will be
used to train and test the detection and classification
model for potholes and cracks.

The stages of the machine learning process are as
follows.

3. Results and Discussions
3.1 Results

The results of this research will be explained through
several stages in the Yolov8 model with Transfer
Learning. Each stage, from data acquisition to model
evaluation and inference testing, is essential for
accurate analysis. The following section elaborates on
each stage of the process in detail.

The first step in the data acquisition stage is collecting
the dataset from an online provider, Roboflow. This
dataset consists of 3,846 images with two categories of
road damage, namely potholes and cracks. The dataset
is divided into 2,689 images for training data, 767 for
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validation data, and 390 for test data. Each image in the
dataset has been labeled according to the road damage
category, which will be used to train and evaluate the
model.

In the data preprocessing stage, three main steps are
performed: data balancing, labeling, and splitting. Data
balancing was performed by undersampling the
majority class, pothole, to equalize the number with the
minority class, crack, 1,554 images each, to create a
balanced data distribution and improve the model's
generalization ability. Next, all images were annotated
using the YOLO format with the help of tools such as
Roboflow, which provides accurate bounding box
information to detect the location of road defects, either
potholes or cracks. After labeling, the dataset is divided
into three subsets with a ratio of 70:20:10 for training,
validation, and testing, that the model can learn
optimally.

The model training stage uses 768 x 768-pixel
resolution images for 200 epochs with a batch size 16.
The process uses the AdamW optimizer with an initial
learning rate of 0.00015 that decreases gradually
through a cosine scheduler scheme until it reaches 0.01
and is supported by regularization in the form of
momentum of 0.937, weight decay of 0.001, and
dropout of 0.2 to prevent overfitting. The applied data
augmentation includes color augmentation (hue,
saturation, brightness), horizontal inversion, as well as
complex augmentation such as mosaic, mixup, and
copy-paste, followed by geometric augmentation such
as rotation, translation, scale, shear, and light
perspective to improve the generalization ability of the
model to visual variations. The YOLOv8 model uses a
pre-training architecture during retraining, where the
initial layers are retained to identify basic features. In
contrast, the final layers are adjusted to be more relevant
to road defect classification. The model is retrained with
the processed dataset and monitored using mMAP,
precision, and recall evaluation metrics. The best model
selection is based on validation performance; the final
results obtained show the stability of the training and
the model's ability to detect and classify road defects on
new data. The results of model training with several
scale variants are shown in Table 1.

Based on Table 1, the YOLOv8m model provides the
best results with a precision value of 99.00%, a recall of
98.40%, and mAP of 99.50%, indicating a highly
optimized detection and classification capability of road
defects, both potholes and cracks. The model
consistently outperformed across all evaluation metrics
in both classes. Meanwhile, the YOLOv8s model also
performed very well with a precision of 95.00%, a recall
of 95.00%, and mAP of 98.10%, indicating a fairly
optimal balance, although still below the performance
of YOLOv8m. On the other hand, the YOLOv8n model
has the lowest performance among the three, with a
precision value of 92.50%, a recall of 89.80%, and mAP
of 95.40%, although it still shows decent performance
in the light detection scenario. Thus, it can be concluded

that the YOLOv8m model is the best choice for the road
defect detection and classification task as it can provide
an optimal balance between precision, recall, and mAP
across all classes. After the retraining was completed,
an evaluation was conducted to assess the improvement
in the model's performance. Analysis of the learning
curves showed that the model avoided overfitting or
underfitting. The confidence threshold is adjusted to
optimize predictions, while the precision-recall curve is
used to understand the balance between precision and
recall. The confusion matrix shows the distribution of
model predictions and detects misclassifications. Other
evaluation metrics, such as mAP, precision, and recall,
show significant improvement after transfer learning is
applied, as shown in Figure 3.

Table 1. Summarizes Evaluation Model Results

Precision Recall mAP
Model Class (%) (%) (%)
Pothole 94.70 94.20 98.00
Yolov8n Cracks 90.20 85.50 92.80
All Class  92.50 89.80 95.40
Pothole 95.90 98.10 99.30
Yolov8s Cracks 94.10 92.00 97.00
All Class  95.00 95.00 98.10
Pothole 98.70 99.30 99.50
Yolov8m  Cracks 99.30 97.60 99.40
All Class  99.00 98.40 99.50

Figure 3 is derived from the training process of the
YOLOvV8 model and illustrates the various evaluation
metrics and loss values that occur during the training
and validation process. Figure 3(a) Training Loss
Metrics displays the wvalues of train/box_loss,
train/cls_loss, and train/dfl_loss. These three graphs
consistently decrease as the number of epochs
increases, indicating that the optimization process is
running well. The decrease in box loss suggests that the
model is more accurate in predicting the position and
size of objects. The decline in classification loss reflects
the increased accuracy of the model in classifying
objects into the appropriate class. In contrast, the
decrease in distribution focal loss indicates that the
model is more precise in estimating the spatial
distribution of objects. In Figure 3(b), Validation Loss
Metrics are also seen in the graphs of loss values against
validation data, namely val/box_loss, val/cls_loss, and
val/dfl_loss, shown in the second row. The decrease in
these three graphs shows that the model has improved
performance on the training data and has good
generalization ability to new data. This indicates that
the model does not experience performance beyond the
training data.

In addition to the loss values, Figures 3(a) and (b) also
show graphs of the evaluation metrics, namely
precision(B), recall(B), mAP50(B), and mAP50 95(B).
The precision graph shows an increase in value over
time, indicating that the model generates fewer false
positives. Meanwhile, the recall graph has also
increased, indicating that the model can detect more
relevant objects and minimize false negatives. The
mean Average Precision (mAP) values at the loU
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threshold of 0.5 (mAP50) and the range of 0.5 to 0.95
(mAP50-95) show a significant upward trend, reflecting
the model's good performance in detecting and

classifying objects with high precision at various levels
of precision.

train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
1.04
0.475 0.40 0.990
1.02
0.450 0.985 0.98
1.00
0.425 0:35 0.980
—e— results 0.98 0.97
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0.400 0.30 SMOO 0.96 0.975
0.375 0.94 0.970 0.96
0.350 0.25
0.92 0.965
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10 20 10 20 10 20 10 20 10 20
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Figure 3. Graphs, (a) Training Los

Overall, this graph shows that the model has gradually
improved in performance, with a good balance between
the training process and the ability to generalize new

Precision-Confidence Curve Recall-

1.0

s Metrics, (b) Validation Loss Metrics

data, as shown in the confidence curve, recall, precision,
and precision-recall results in Figure 4.
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Figure 4. Confidence Curve, (a) Re

Figure 4 is generated through program processing that
visualizes the classification results of the model in the
form of an evaluation curve. Figure 4(a), Precision-
Confidence Curve, shows a precision that increases
sharply and reaches a value of 1.00 at a confidence of
0.893, indicating a very accurate prediction at a high
confidence threshold. Figure 4(b), Recall-Confidence
Curve, shows high recall at low increases. Meanwhile,
Figure 4(c), Precision-Recall Curve, shows excellent
model performance with high precision and recall in
both classes, and an overall MAP@0.5 of 0.995. These
results indicate the model's balanced and highly reliable
performance detecting objects at various confidence

= all classes 1.00 at 0.000

04

Precision

cracks 0.994
pathole 0.995
= all classes 0.995 MAP@0.5

0.6
Confidence

02 0.4 0.6

Recall

0.8

Recall (c) Precision-Recall

call, (b) Precision, (c) Precision-Recall

levels. Finally, the evaluation with a confusion matrix
is shown in Figure 5.

Based on the model evaluation results with the
Confusion Matrix shown in Figure 5, the model can
classify the class quite well. Figure 5(a) Confusion
Matrix indicates the number of correct and incorrect
predictions in absolute numbers. In contrast, Figure 5(b)
Normalized Confusion Matrix presents normalized
values in proportions for straightforward interpretation
of model performance. Darker colors on the main
diagonal indicate high accuracy for each class, while
misclassification can be analyzed by distributing values
outside the main diagonal.
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Figure 5. Diagram, (a) Confusion Matrix, (b) Confusion Matrix Normalized

Figure 5(a) is generated through program processing
that visualizes the model's classification results as a
confusion matrix. Based on Figure 5(a), the model has
a high degree of accuracy in classifying the cracks and
pothole classes, with each having 1527 correct
predictions for cracks and 1537 for potholes. The
dominant principal diagonal value indicates that the
model can identify objects correctly. However, there are
still  some misclassifications, especially in the
background class, which is often classified as cracks in
65 cases. This indicates that the model still has
difficulty distinguishing background features from
other objects.

In addition, the confusion matrix also shows that there
is an exchange of predictions between cracks and
potholes, with 14 cases each. However, the high number
of correct predictions in both main classes indicates that
the model can recognize the damaged road features
well. Analysis of the error patterns is essential to
identify areas that need to be optimized, for example,
by adjusting the threshold or adding a variety of training
data to reduce ambiguity between background and other
objects.

Figure 5(b) is generated through program processing
that visualizes the classification results of the model in
the form of a normalized confusion matrix. Based on
Figure 5(b), the model shows a high proportion of
correct predictions in the pothole and cracks classes, at
0.99 and 0.98, respectively. A small proportion of
misprediction is observed when objects from the cracks
or pothole class are not recognized and predicted as
background. For example, 0.01 of the pothole class was
predicted as background. This indicates that although
the model performs very well in identifying the main
objects, there is still a need to improve the detection
sensitivity of less obvious objects, which can be done
by adding training data with variations in lighting
conditions, shape, or texture of the damage.

This normalization helps to clarify the proportional
distribution of prediction errors. For example, a small
fraction of the cracks and pothole classes were still

mistakenly predicted as background, at 0.01 each. This
indicates that the model sometimes had difficulty
recognizing the features of these objects completely and
thus did not give a prediction (false negative). In
addition, it can also be seen that the background class
often appears as a prediction result for objects not
confidently recognized by the model, especially in the
area of cracks. This information is essential for
identifying weak points in the model's performance,
which can be addressed by adjusting the confidence
threshold or adding more training data on the variations
of conditions that cause detection failures.

The final stage is to test the model on new data to ensure
that the model can perform detection and classification
well in real scenarios. Inference is performed on test
validation images that were never used in training. The
results of testing using a new dataset of 8 images that
show the ability of the model to detect and classify two
types of road damage, namely potholes and cracks,
show that the model can recognize and classify objects
well, as shown in Figure 6. The inference testing results
in Figure 6 show that the model can detect and classify
objects in the pothole and crack classes, which are
characterized by bounding boxes and varying
confidence scores.

In Figure 6(a), the model detects two potholes with high
confidence, 0.92 and 0.89. The undetected regions are
not structural potholes but surface water puddles, which
do not meet the feature patterns learned by the model
during training. Zooming in would not improve
detection, as those areas lack the edge and depth
characteristics of true potholes. Figure 6(b) displays
crack detection on rough surfaces with a confidence of
0.81, indicating the model's sensitivity to thin cracks
despite road textures resembling other objects.
Furthermore, in Figure 6(c), the model can recognize
potholes in rural areas with confidence reaching 0.87
and 0.77, despite visual distractions such as the
presence of vehicles. In Figure 6(d), multiple detection
of multiple potholes in one image shows the model's
effectiveness in identifying objects simultaneously with
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confidence levels such as 0.80, 0.78, 0.76, 0.46, and
0.35. This variation suggests robust model performance
across diverse visual conditions.

In the second row, the detection of different shapes is
also consistent in Figure 6(e), where the model detects
one pothole with a confidence of 0.83, even though
puddles cover part of the object. This demonstrates the
model's ability to identify pothole contours under
complex visual conditions. Figure 6(f) shows a crack
detection with a vertical orientation on a relatively
smooth asphalt road surface, with a confidence of 0.82.
This detection shows the model's sensitivity to linear

crack shapes. Meanwhile, Figure 6(g) also shows a
vertical crack with a confidence of 0.89 on a textured
road surface, reinforcing the model's ability to deal with
variations in surface texture. Finally, Figure 6(h) shows
horizontal crack detection with a confidence of 0.87,
demonstrating the model's consistency in recognizing
different crack orientations and shapes. These results
show that the model has good generalization power in
dealing with various visual conditions, including
variations in shape, direction, surface texture, and
visual distractions such as puddles or the presence of
other objects.

Results of Model Inference Testing

@ (b)

© )

® ®

)] (h)

Figure 6. Model Inference Testing Result. (a) Potholed Road on Wet Surface. (b) Cracked Road on Rough Surface. (c) Pothole on Rural
Road. (d) Potholes with Multiple Spots. (e) Potholes on Broken Asphalt Roads. (f) Road with Vertical Cracks on Asphalt. (g) Vertical Cracks
on Asphalt Road. (h) Horizontal Cracks in Asphalt.

3.2 Discussions

This research aligns with the background that
emphasizes the importance of road infrastructure in
supporting mobility and economic growth and the
urgency of early detection of road damage through
modern technology. By applying the YOLOv8 model
and transfer learning techniques, this research
successfully developed an effective and efficient
pothole and crack road damage detection and
classification model. The evaluation results showed
excellent model performance with a precision of
99.00%, a recall of 98.40%, and an mAP of 99.5%,
indicating an excellent level of accuracy in the detection
and classification process. This study is also consistent
with several previous studies, showing improved model
performance and better accuracy compared to previous
studies. The complete comparison results can be seen in
Table 2.

Based on Table 2, this study not only compared several
road defect detection models, including YOLOvS, but
also addresses performance limitations found in

previous works by optimizing YOLOV8 using transfer
learning techniques.

Prior studies using models such as R-CNN (mAP
70.30%) and YOLOv7 (mAP 88.30%) [7], YOLOV4-
Tiny (88% accuracy) [8], BL-YOLOv8 (mAP 90.70%,
F1-score 87.00%) [9], and GLCM with Neural Network
(accuracy 79%, precision 66%, recall 80%) [10],
showed limited performance, especially in balancing
high accuracy, precision, and generalization. In
addition, a previous study using YOLOvVS8 achieved
only 82.8% accuracy [11]. Suggesting that further
enhancement was needed.

Table 2. Model Comparison Results

Research Method Overall Performance
This YOLOV8 with Precision 99.00%, Recall
Research Transfer Learning 98.40%, and mAP
Technique 99.50%

R-CNN with mAP
7] RO esNet50 70.30% and YOLOVT

mAP 88.30%.

0,

8] YOLOVA4-Tiny Accuracy 88%, Kappa

Accuracy: 86%,
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9] BL-YOLOVS MAP 90-70%0 and F1- variants  YOLOv8n  (lightweight), =~ YOLOVS8s
Score 87.00% = (balanced), and YOLOV8m (high-performance) for

Grey Level Co- Accuracy 79%, precision . . .
10 occurrence Matrix ~ 66%, and recall 80% road surface defect detectlon,_spemflcally targeting
(10] (GLCM) and Neural potholes and cracks under varied real-world surface
Network conditions. The proposed method significantly

[11] YOLOV8 Accuracy 82.8%

This study fills that gap by applying transfer learning to
the YOLOV8 model and demonstrates significant
performance  improvements, achieving 99.00%
precision, 98.40% recall, and 99.50% mAP. These
results indicate a notable advancement in detection
capability, especially for complex and varied road
defect types. In addition, advanced data augmentation
strategies and attention to model generalization during
training improved robustness, particularly in handling
fine-grained crack patterns. By integrating transfer
learning, this research improves existing YOLOv8
performance and contributes a more robust and
generalizable solution for real-world road defect
detection.

Therefore, this study extends the current understanding
of YOLOvVSs effectiveness and addresses previously
identified weaknesses in model architecture and
training strategy. Although this study focuses on model
evaluation and has not yet reached the real-time
deployment stage, the feasibility for real-time
implementation was analyzed based on inference speed
and hardware configuration. The YOLOv8n and
YOLOvV8s models, tested on an NVIDIA T4 GPU,
achieved inference speeds of 3.9 ms (256 FPS) and 9.2
ms (108 FPS), respectively. Meanwhile, the YOLOv8m
model, evaluated on a high-performance NVIDIA A100
GPU, reached 3.3 ms (303 FPS). These results
significantly exceed the standard 30 FPS threshold for
real-time operation, suggesting that all tested YOLOV8
variants, particularly YOLOv8n and YOLOv8s on
standard GPUs, are theoretically capable of supporting
real-time road monitoring applications. The YOLOv8m
model also demonstrated superior accuracy with
99.00% precision, 98.40% recall, and 99.50% mAP.
Although direct deployment has not been performed,
these findings support the model's strong potential for
future implementation in edge computing environments
and embedded systems, which will be explored in
subsequent research.

4. Conclusions

This study confirms the effectiveness of the YOLOvVS8
model, enhanced through transfer learning, in
accurately detecting and classifying road defects,
especially potholes and cracks. Among the three
variants evaluated, YOLOv8m delivers the best
performance across all metrics, making it the most
suitable model for real-time implementation. The
research offers practical insights for selecting the
appropriate YOLOV8 variant based on deployment
requirements, advancing previous research on different
models YOLOv4 and YOLOV5, as well as YOLOv?7.
The key scientific contribution of this study is that it is
the first to systematically benchmark all three YOLOV8

improves generalization on real-world test data and is
adaptable for real-time applications, offering a practical
and efficient foundation for future automated road
inspection systems. Nevertheless, this study is limited
to two classes of defects, and it is therefore
recommended that future research extend the model's
classification capabilities to include other critical road
surface issues such as alligator cracking, rutting, and
edge cracking, which are prevalent in field conditions
and play a vital role in road safety and maintenance
prioritization.
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