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ABSTRACT

The quality of road infrastructure is one of the important factors in supporting the safety and comfort of road users as
well as the smooth distribution of transportation. Road maintenance requires periodic monitoring by authorized
institutions or agencies. Manual road condition monitoring tends to require considerable time, cost, and manpower, and
is also prone to subjectivity. Therefore, a computational system capable of performing this task is needed. Based on this
background, this study aims to develop a computer vision-based application for recognizing road conditions. Data
consisting of road images with proper annotations (damaged or good) were used to train the YOLOvS vision model. Our
test found that the system accuracy, precision, recall, and F1-score is 0.96, 0.93, 1.00, and 0.96 respectively. The
developed application allows users to input road images through a live camera and obtain real-time road condition
classification results.
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1. INTRODUCTION

Roads are a crucial component of community activities. Roads facilitate transportation access from the point of origin to the
destination. In addition, roads play an important role as land transportation infrastructure for both people and goods.
However, inadequate road conditions can cause accidents (Sasmito et al., 2023). Road damage such as cracks and potholes
has become an infrastructure problem that disrupts safety and traffic flow. The manual identification methods currently
used are considered less efficient (Iza Sofiani et al., 2025). Damage to these road segments can disrupt road user activities
and affect vehicle travel time, resulting in slower transportation movement (Kesuma Putra et al., 2022). Advances in science
and technology, particularly in the fields of artificial intelligence and machine learning, have facilitated problem solving
and improved human work efficiency (Djulyansyah et al., 2024). Since the discovery of Computer Vision in the 1950s, object
detection and classification have attracted considerable attention from various sectors, including industry and healthcare.
Since then, numerous studies have been conducted using various Deep Learning algorithms capable of detecting objects
(Sakinah et al., 2025). One of these approaches is the implementation of intelligent system methods for detecting road
damage using the Convolutional Neural Network (CNN) algorithm (Yulianto & Wibowo, 2023). Although this system still
requires a computer to run YOLOvVS, this research represents an important step toward the development of a more
independent and accurate road pothole detection system (Royhan et al., 2025). Through this application, users can take
appropriate follow-up or preventive actions to improve road conditions and effectively enhance traffic safety in Indonesia
(Habibi & Wibowo, 2023).

Research on road damage classification and recognition has been widely developed using deep learning and computer
vision methods to improve the ability to identify road conditions more quickly and accurately. Combining the strengths of
Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) can create a highly powerful hybrid
algorithm for detecting and analyzing road cracks (Akbar Pradana et al., 2024). In addition. The innovation in this research
uses CNN with the transfer learning method, which can be predicted to be more effective compared to the classical CNN
method because its architecture has been proven to save computational time and resources. This study is expected to produce
the best model with several conditioning techniques for classification in identifying types of road damage and can assist
related parties in damaged road maintenance (Shodiq et al., 2024). Besides CNN methods, research related to object
detection using the YOLO algorithm has also continued to develop. Mahmud et al. (2026) stated that YOLOvS8 provides the
best trade-off between accuracy and speed for real-time implementation. Based on these research results, YOLOvS8
demonstrates good accuracy performance and therefore has the potential to be applied in real-time applications. Other
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studies have also discussed the use of image processing methods in the process of identifying road damage. The results of
this study indicate that Canny edge detection is the best method compared to Sobel and Prewitt methods (Rafi et al., 2023).
The study shows that edge detection methods are still widely used to assist the process of identifying road damage patterns
based on line and edge patterns on road surfaces. In addition to detection methods, other studies have also discussed factors
affecting the level of road damage based on soil conditions and pavement types. The level of road damage is directly
proportional to the increasing values of the plasticity index, liquid limit, plastic limit, and soil expansion value. Conversely,
the level of road damage on the Manulai-Tablolong road section is inversely proportional to the decrease in shrinkage limit
values, maximum dry density, and CBR values (Hangge et al., 2022). Furthermore, research on pavement types also shows
that rigid pavement has different characteristics compared to other pavement types. Rizaldi et al. (2023) stated that rigid
pavement consists of slabs and foundation layers. Rigid pavement is generally used on roads with traffic conditions that
may cause damage in a relatively short period. However, if rigid pavement is properly maintained and kept in good
condition, rigid pavement will have a longer service life. In the process of road condition testing, several studies use the
Pavement Condition Index (PCI) method. The PCI method is used as a condition rating reference ranging from failed for
the lowest value of 0 to good for the best road condition value of 100 (Widiatmoko et al., 2022). This method is used to assist
the process of evaluating road conditions based on the level of damage found on the road surface.

2. RESEARCH METHOD

Overall, this research was conducted by involving several methods and stages as described in the following subsections.

2.1 Research Method

This study uses a quantitative method because the entire data processing procedure is carried out using numerical
calculations and number-based analysis. The data used consist of digital images of road conditions captured in real-time
through a camera and processed by the computer in the form of pixel matrices and numerical vectors. Computer vision
computation was performed using the YOLOv8 model to detect and classify road conditions into damaged road or good road
categories. All research stages, including image preprocessing, YOLOv8 model training, real-time object detection and
classification, and system performance testing, were conducted quantitatively. All computations were implemented using
the Python programming language. System performance analysis was carried out using the parameters of accuracy,
precision, recall, and Fl-score, which were presented in percentage form. The results of this analysis are useful for
evaluating the system's performance in classifying road conditions.

2.2 Pipeline of the System Development
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Figure 1. Pipeline of the System Development
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The development begins with the data collection process in the form of road condition images consisting of damaged
roads and good roads. After the data are collected, image annotation is performed by assigning labels to each image according
to the road condition category so that the data can be used in the YOLOv8 model training process. Once the model training
process is completed, the model is integrated into the developed application. After the application is ready, functional testing
is conducted using the black-box method to ensure that all application features operate according to the designed functions.
In this study, the evaluation is not specifically focused on the vision model itself, but rather on the overall system using
real-time images. This represents the final stage, where the system is tested to evaluate the system’s capability in
recognizing and classifying road conditions directly.

3. RESULTS AND DISCUSSION

This section discusses the implementation and testing results of the YOLOv8-based road condition classification application.
The discussion includes the application implementation results and system testing results using the confusion matrix
method. This section also analyzes the values of accuracy, precision, recall, and F1-score to evaluate the system’s capability
in recognizing and classifying road conditions automatically.

3.1 Constructed Dataset

In this study, the dataset was successfully constructed consisting of 50 images of damaged roads and 50 images of good
roads. The dataset was developed through preprocessing stages including resizing, data normalization, annotation, and
augmentation. The augmentation process included rotation and lighting variation. Figure 1 and Figure 2 show examples
of images from the constructed dataset.

Figure 2. Example of Good Road Images for the Dataset

Figure 3. Example of Damaged Road Images in the Dataset
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3.2 Developed Application

The application displays recognition results in the form of bounding boxes, classification labels, confidence scores, and the
number of damaged road recognitions. The system also provides application control features such as starting the recognition
process, stopping the recognition process, and resetting road section data.
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Figure 4. User Interface of the Road Condition Classification Application
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Figure 5. Application Interface During Testing on J1. Vila Pamulang Road Section

Aplikasi Pengenalan Kondisi Jalan Berbasis Klasifikasi

oo & m a

Kondisi Jalan

Rusak [ Berlubang

Jumlah Jalan Buruk

Figure 6. Application Interface During Testing on J1l. Pamulang Permai Road Section
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Figure 7. Application Interface During Testing on J1. Pamulang Raya Road Section
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Figure 8. Application Interface During Testing on J1. Alam Segar Road Section
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Figure 9. Application Interface During Testing on J1. Gria Jakarta Road Section
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Figure 10. Application Interface During Testing on J1. Vila Dago Road Section
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Figure 11. Application Interface During Testing on J1. Paradise Serpong Road Section
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Figure 12. Application Interface During Testing on J1. Nusa Loka Road Section
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Figure 14. Application Interface During Testing on J1. Vila Pamulang Mas Road Section

3.3 System Test Results

System testing was conducted using the confusion matrix method to evaluate the model’s performance in classifying road
conditions. The testing process used 100 test data consisting of 50 images of good roads and 50 images of damaged roads.
Based on the testing results, the following values were obtained.

Table 1. Test results with confidence threshold of 0.1 and 0.9 for the damaged road class and the good road class.
Road Condition

Actual/Predicted Damaged Good
Damaged 50 4
Good 0 46

Table 2. Confusion Matrix of the Test

Final Results

TP 50
FP 4
TN 46
FN 0

Table 3. Model Evaluation Results

Metrics
Accuracy 0,96
Precision 0,93
Recall 1
FI Score 0.96
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3.4 Discussions

Using equation (1), the system accuracy is 0.96, the precision is 0.93, the recall is 1.00, and the F1-score is 0.96. It shows
that the system is capable of performing road condition classification with good performance in real-time testing processes.
The high accuracy value was influenced by the use of a training dataset containing several types of road damage such as
potholes, cracks, and uneven road surfaces, allowing the vision model to learn damage patterns more effectively. The
precision value of 0.93 indicates that most damaged road classification results corresponded to the actual conditions,
resulting in a relatively low classification error rate. In addition, the recall value of 1 indicates that all damaged road data
in the testing process were successfully recognized by the system without any missed data. The F1-score value of 0.96 also
indicates that the model has a good balance between precision and recall in the real-time road condition classification
process. Furthermore, the training process using a dataset with various road conditions helped the model recognize the
differences between damaged roads and good roads under different testing conditions. The confidence threshold ranges from
0 to 1 and takes a significant role in determining the system’s accuracy, precision, recall and F-1 score. In this study, the
confidence thresholds for the damaged road class and the good road class were set to 0.1 and 0.9, respectively.

4. CONCLUSION

Based on the research that has been conducted, the YOLOv8-based road quality classification application was successfully
developed and is capable of identifying road conditions in real-time using a webcam mounted on a four-wheeled vehicle. The
system can classify road conditions into damaged road and good road categories based on road images captured by the
camera. Based on the model evaluation results, the model achieved an accuracy value of 0.96, a precision value of 0.93, a
recall value of 1, and an Fl-score value of 0.96, indicating that the model has good performance in the road condition
classification process. In addition, the developed application is capable of displaying classification results directly on the
system interface, thereby facilitating the road condition monitoring process. This study also demonstrates that the
implementation of computer vision and deep learning using YOLOvS8 can be utilized as a solution to assist the road condition
monitoring process compared to manual observation methods. The confidence threshold ranges from 0 to 1. In this study,
the confidence thresholds for the damaged road class and the good road class were set to 0.1 and 0.9, respectively.
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