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1. INTRODUCTION

Roads play a crucial role in supporting social and economic activities, including mobility, goods
distribution, and access to essential services. Well-maintained roads are essential for transportation safety and
efficiency, making road maintenance a critical issue. Roads are a key piece of infrastructure that supports
development but often suffer significant damage, requiring effective management [1]. Traditional road
damage surveys have drawbacks, including high costs and low efficiency, as they involve manual inspections
that are time-consuming, labor-intensive, and prone to human error. These limitations highlight the need for
automated and efficient solutions. Computer vision technology offers a promising alternative by enabling the
automatic detection of road damage at a lower cost, with higher efficiency and greater accuracy through
image and video analysis [2].

Research on road damage detection employs image processing techniques, machine learning (ML),
and deep learning (DL) methods. Threshold segmentation and edge detection identify crack features [2].
Sutikno et al. [3] employed edge detection techniques and thresholding in preprocessing, along with
backpropagation neural networks, for classifying road damage. Arya et al. [4] used the gray-level co-
occurrence matrix (GLCM) for feature extraction. To improve accuracy, Daneshvari et al. [5] combined local
binary pattern (LBP) and GLCM feature extraction with the K-nearest neighbors (KNN) classifier. In ML,
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support vector machines (SVMs) and neural networks rely on hand-crafted features [6], whereas the light
gradient boosting machine effectively categorizes crack patterns [7]. DL methods, particularly convolutional
neural networks (CNNSs), achieve high detection accuracy [8]. You only look once (YOLO) enables real-time
damage classification [9], [10], and models like RetinaNet and elman neural networks (ENN) are used for
high-resolution detection [11]. Generative adversarial networks (GANSs) facilitate crack segmentation [12],
enhancing overall detection systems.

The YOLO algorithm is widely used in research on road damage detection. Wan et al. [13]
developed YOLO-LRDD, an optimized version of YOLOV5s, reducing the model weight by 28.8% and
achieving a mean average precision (mAP) of 57.6%. Ruseruka et al. [14] used YOLOv5 for pothole
detection, achieving 93% precision and an mAP of 96.3%. Meanwhile, Zhao et al. [15] combined a
lightweight network and YOLOV5. Ye et al. [16] introduced YOLOvV7-AMEF for crack detection, achieving
91.3% precision and 94.1% mAP. Additionally, RDD-YOLO, an enhanced version of YOLOVS8, was
presented by Li et al. [17], achieving a mAP50 of 62.5%. While proposed enhancements to the YOLOv8n
algorithm to achieve real-time performance while maintaining high detection accuracy and robustness, others
have focused on alternative approaches [18], [19].

YOLOVIs has been utilized for highway damage detection, with a focus on highways in China [20].
This study proposes YOLOV9 for road damage detection, leveraging a combination of parameters, and
selects it due to its superior capabilities in visual analysis. The dataset used in this study was collected from
roadways in Indonesia and includes four types of road damage: alligator cracking, lateral cracking,
longitudinal cracking, and potholes. Compared to classical ML approaches that rely on hand-crafted features
and multi-stage pipelines, YOLOV9 offers an end-to-end DL framework that automatically learns
discriminative visual features and performs real-time object detection with higher accuracy and robustness in
complex visual environments. YOLOV9 was chosen for its advantages in image detection and better
performance compared to previous YOLO algorithms, such as YOLOv7 and YOLOVS8, on object detection
using the MS COCO 2017 dataset [21]. YOLOV9 has also proven reliable across several detection tasks,
including dam crack detection [22] and vehicle damage detection [23], [24]. An automatic road-damage
detection approach is expected to facilitate decision-making in road maintenance. Therefore, this study
contributes to improving the accuracy of detecting specific types of road damage, such as potholes,
longitudinal cracks, and alligator cracks, using the YOLOV9 model.

2. METHOD

The proposed method for road defect detection was divided into several steps, as shown in Figure 1.
The input of this method was a highway image dataset, and the result was the detected image. The proposed
method was divided into five processes: dividing data, image resizing, model training, model validation, and
model testing.
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Figure 1. Research method for road damage detection using YOLOV9
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2.1. Dataset

This research used a road-damage dataset consisting of images of paved roads with surface damage.
The dataset is publicly available on Kaggle [25]. This dataset contains images of paved roads with surface
damage measuring 1080 x 1920 pixels. Figure 2 shows sample images from the road-damage dataset used in
this study, covering four damage classes. Figure 2(a) shows alligator cracking, characterized by
interconnected cracks resembling a reptile's skin. Figure 2(b) presents lateral cracking, which runs
perpendicular to the direction of traffic. Figure 2(c) depicts longitudinal cracking that follows the direction of
traffic flow. Figure 2(d) displays a pothole, a surface depression caused by water infiltration and repeated
traffic loads.

(b)

(d)

Figure 2. Dataset example: (a) alligator cracking class, (b) lateral cracking class,
(c) longitudinal cracking class, and (d) pathole cracking class

2.2. Dividing data

The dataset was split into training, validation, and test sets. The training data accounted for 80% of
the total dataset. Meanwhile, the validation and testing data each comprised 10% of the total. This split ratio
is widely adopted in ML research to ensure sufficient data for model training while retaining representative
subsets for hyperparameter tuning and unbiased evaluation on unseen data [26].

2.3. Image resizing

Image resizing in the road damage image dataset does not change the image's aspect ratio. The size
of the image dataset before resizing is 1080 x 1920 pixels. After the image resizing process, the image size
changes to 288 x 512 pixels and 360 x 640 pixels. Resizing reduces computational burden, memory usage,
and training time, while retaining sufficient visual information for effective feature learning.

2.4. Hyperparameter setting

Hyperparameters will be configured before training the YOLOV9 model. The optimal configuration
of hyperparameters plays a crucial role in accelerating training, reducing memory usage, and improving
model performance. The hyperparameters that will be modified are the learning rate, batch size, image size,
and number of epochs. Other hyperparameter values are fixed. Tuning these hyperparameters helps balance
training efficiency, computational cost, and model generalization. Other hyperparameters are fixed to ensure
training stability and enable a fair evaluation of the effects of the selected parameters.

2.5. Training and validation

Training the road damage detection model begins by feeding the training data into the model.
Training was conducted for 150 epochs with a batch size of 16. The image size and learning rate were
adjusted based on the scenario to be run. In YOLOV9, the model is trained using pre-trained weights from the
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MS COCO dataset. The model validation process will also run at each completed epoch during training. The
validation process produces several values: precision, recall, and mAP. The best pavement damage detection
model is selected based on the highest mAP value obtained during validation.

The YOLOV9 model training process will pass through blocks in the YOLOV9 network, which are
divided into three parts: the backbone, neck, and head. The backbone extracts initial features from the input
image and progressively improves the feature representation [27]. The neck combines and refines the features
extracted by the backbone to produce better object detection [27]. The head is the part that detects objects by
predicting bounding box coordinates and class probabilities. The architecture diagram of the YOLOV9 model
training process is shown in Figure 3.
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Figure 3. Architecture diagram of the YOLOV9 model for road damage detection

The YOLOV9 detection model training involves several key building blocks and operations. The
building blocks include the convolution block, RepNCSPELAN4 block, Adown block, and spatial pyramid
pooling enhanced with local attention network (SPPELAN) block. Operations performed on these blocks
include concatenation, upsampling, and partitioning. The convolution block extracts key features from the
input image using a 2D convolutional layer, batch normalization, and the SiLU activation function [27].
RepNCSPELAN4 is a block of the YOLOV9 network architecture that extracts and enhances the feature
representation [28]. The Adown (asymmetric downsampling) block reduces the dimensionality of feature
maps by downsampling the input while retaining important information. SPPELAN incorporates spatial
pyramid pooling into the ELAN architecture, starting with a convolutional layer, followed by max pooling to
capture information across scales, and advanced convolution for more detailed feature extraction [27].
During the training of YOLOV9, advanced data augmentation methods such as Mosaic (combining four
images), MixUp (blending two images with label interpolation), flipping, random rotation, brightness and
contrast adjustment, and random cropping were applied to enrich dataset variability and improve model
generalization against diverse visual conditions [29].
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2.6. Evaluation metrics

The evaluation metrics used in this study include precision, recall, and mAP [30]. Precision can be
calculated using (1). Meanwhile, the recall value can be calculated using (2). The mAP value can be
calculated using (3). True positive (TP) detections refer to instances where objects are correctly identified,
while false positive (FP) detections indicate cases where objects are incorrectly identified as present. False
negatives (FN), on the other hand, represent ground-truth objects that the model failed to detect.

TP

P= TP+FP @
TP
T TP+FN 2
mAP =~¥N, AP, 3)

The average precision for class i, AP, is calculated using (4), where N represents the total number of
classes. The value of Pj(Rn+1) is determined through (5). Additionally, precision is represented as P(I?), is
evaluated at a given recall level R.

AP = Zn(Rn+1 - Rn)PL'(Rn+1) (4)

P;(Ry11) = E:gi%x P(R) (5)

=fn+1

3. RESULTS AND DISCUSSION

Testing is done with variations in learning rate and image size. The learning rate variations tested
were 0.1, 0.01, 0.001, and 0.0001. The tested image sizes were 288 x 512 and 360 x 640 pixels. All tests
were conducted on Google Colab using a 15.0 GB Tesla T4 with 12.7 GB of memory. The results of testing
using this validation data are shown in Table 1. Based on this table, the highest mAP is achieved with a
learning rate of 0.001 for an input size of 288 x 512 pixels. The model achieved 71.8% precision, 54.3%
recall, and 59.7% mAP. The best model, with an input size of 360 x 640 pixels, uses a learning rate of 0.001.
The model achieved a precision of 69.3%, a recall of 63.0%, and a mAP of 65.4%. The mAP at 360 x 640
pixels outperformed that at 288 x 512 pixels. Despite having inputs of different sizes, both achieved the best
performance using a learning rate of 0.001. Therefore, the best model chosen is the one with a learning rate
of 0.001 and an input image size of 360 x 640 pixels.

Table 1. Test results with varying learning rates and image sizes
Learning rate  Image size (pixel) mAP (%) Precision (%) Recall (%)

0.1 288 x 512 33.0 52.8 30.8
0.01 288 x 512 56.1 63.3 54.1
0.001 288 x 512 59.7 71.8 54.3

0.0001 288 x 512 50.7 61.4 44.6

0.1 360 x 640 48.5 51.9 47.2
0.01 360 x 640 62.6 71.1 58.7
0.001 360 x 640 65.4 69.3 63.0

0.0001 360 x 640 56.2 63.1 53.4

The results of the model testing process, which achieved the best performance using the test dataset,
are shown in Table 2. The model achieved an average precision of 76.2%, a recall of 49.2%, and a mAP of
62.8% across all classes. The model performed best at detecting the pothole class, achieving a precision of
84.9%, a recall of 63.5%, and a mean mAP of 73.6%. Then, the longitudinal cracking class had a precision
value of 76.2%, a recall of 54.9%, and an mAP of 66.3%. Furthermore, in the alligator cracking class, the
model achieves 74.6% precision, 48.5% recall, and 62.2% mAP. The lateral cracking class achieves the
lowest performance, with a precision of 69.2%, recall of 29.8%, and mAP of 49.3%. Figure 4 presents the
Precision-Recall curve for the proposed method for road damage detection. The test results show that the
model detects well in the pothole, alligator, and longitudinal cracking classes. However, the model still needs
improvement to detect the lateral cracking class. The lower detection performance of the lateral cracking
class is mainly due to its thin, low-contrast, and linear structure, which visually resembles road textures and
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markings. Additionally, lateral cracks often appear near road edges and are more susceptible to perspective
distortion and resolution reduction, leading the model to miss critical features during detection.

Figure 5 presents examples of road-damage detection results from the YOLOvV9 model across four
damage classes. In Figure 5(a), the model successfully detects both alligator cracking and longitudinal
cracking on the road surface. Figure 5(b) shows a correctly identified lateral crack, with a high confidence
score of 0.87. In Figure 5(c), a longitudinal crack is detected along the driving path. Figure 5(d) illustrates a
detected pothole, accurately localized in a high-traffic area. These results demonstrate the model's ability to
identify multiple types of road damage in real-world conditions, supporting its potential for practical road
monitoring applications. Furthermore, the model's lightweight, efficient design makes it suitable for
deployment on mobile and edge computing devices with real-time processing capabilities.

The proposed method (YOLOV9) was then compared with prior research and other YOLO variants.
The results of the comparison are shown in Table 3. YOLOV5 has been used for road defect detection by
Ruseruka et al. [14]. Additionally, we compared YOLOV7 and YOLOV8. The highest mAP is achieved by
the YOLOV9 detection model, with 65.4%. The YOLOV9 detection model is the best among several previous
YOLO algorithms. Therefore, YOLOV9 is a strong choice for building a road-damage detection model.

The dataset is limited by the use of a single smartphone camera and constrained environmental
variations, which may introduce bias. Additionally, high image resolution, resizing effects, and class
imbalance can reduce detection accuracy and model generalization, particularly for subtle damage such as
lateral cracks. Future work may explore multi-modal inputs such as infrared imagery, ensemble models to
enhance detection robustness, and domain adaptation techniques to improve generalization across different
environments and data sources.
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Figure 4. Precision-recall curve of the proposed method for road damage detection

Table 2. Best performance model testing results

Class mAP (%) Precision (%) Recall (%)
Alligator cracking 62.2 74.6 48.5
Lateral cracking 49.3 69.2 29.8
Longitudinal cracking 66.3 76.2 54.9
Pothole 73.6 84.9 63.5
All 62.8 76.2 49.2

Table 3. Comparison of the proposed method and other YOLO models

Model mAP (%) Precision (%) Recall (%)
YOLOV5 [14] 55.8 60.1 55.2
YOLOv7 62.9 65.5 61.9
YOLOv8 58.4 71.6 53.4
YOLOV9 (proposed method) 65.4 69.3 63.0

Enhancing road damage detection performance using the YOLOV9 model (Muhammad Farkhan Adhitama)



622 a ISSN: 2252-8776

jotor..crocking 0.75alligotor-crocking 0.90 “u

(b)

Figure 5. Example of road damage detection results using the YOLOV9-based model
for multiple damage classes: (a) alligator cracking class, (b) lateral cracking class,
(c) longitudinal cracking class, (d) pathole cracking class

4. CONCLUSION

This study proposed a road damage detection method in four categories: alligator cracking, lateral
cracking, longitudinal cracking, and pothole usage. The primary contribution of this study is the
demonstrated capability of the YOLOV9 model to detect specific types of road damage with optimized
hyperparameters accurately. The test results achieved an average precision value of 76.2%, a recall of 49.2%,
and a mAP of 62.8% for all classes. The highest detection performance was achieved for the pothole class,
with a precision of 84.9%, recall of 63.5%, and an mAP of 73.6%. Then, the longitudinal cracking class
achieved 76.2% precision, 54.9% recall, and an mAP of 66.3%. The alligator cracking class achieved a
precision of 74.6%, a recall of 48.5%, and an mAP of 62.2%. Then, the lateral cracking class gets a precision
value of 69.2%, a recall of 29.8%, and an mAP of 49.3%. The YOLOv9 model with the best performance
was trained with a learning rate of 0.001 and an input image size of 360 x 640 pixels. The model's validation
results yielded an average precision of 69.3%, a recall of 63%, and an mAP of 65.4% across all classes. The
model showed strong performance, particularly in detecting potholes and longitudinal cracks, which are
among the most critical defects affecting road safety and comfort. These findings demonstrate the potential of
YOLOVW9 as an effective tool for supporting automated road condition assessments. In practical terms, this
approach can help decision-makers and road maintenance agencies prioritize repairs, improve the efficiency
of inspection processes, and enhance infrastructure management. However, the relatively low recall and mAP
for lateral cracking indicate a limitation in detecting specific damage patterns, possibly due to variations in
crack shape and size or dataset imbalance. Future research could focus on further optimizing the model,
expanding the training dataset to include more diverse examples of lateral cracks, and validating the approach
on larger, more varied road-condition datasets to improve generalizability and robustness.
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