
International Journal of Informatics and Communication Technology (IJ-ICT) 

Vol. 15, No. 3, September 2026, pp. 1331~1339 

ISSN: 2252-8776, DOI: 10.11591/ijict.v15i3.pp1331-1339      1331  

 

Journal homepage: http://ijict.iaescore.com 

Smart road maintenance: real-time surface damage detection 

and mapping with YOLOv8 
 

 

Preety Singh, Bommireddipalli Likhitha, Kolla Sahithi, Donthireddy Ganesh Reddy,  

Dammalapati Keerthana, Kolli Prasanna Adarsh 
Department of Computer Science and Engineering (Artificial Intelligence and Machine Learning, Internet of Things),  

VNR Vignana Jyothi Institute of Engineering and Technology, Hyderabad, India 

 

 

Article Info  ABSTRACT 

Article history: 

Received Jul 13, 2025 

Revised Dec 25, 2025 

Accepted May 17, 2026 

 

 The degradation of road surfaces presents considerable obstacles for the 

management of urban infrastructure. This study presents a deep learning 

model based on YOLOv8 that can find many types of road faults, like 

potholes, longitudinal cracks, transverse cracks, and alligator cracks, using 

pictures, video streams, and live webcam feeds. The suggested system can 

find things with an accuracy of 91.2%, and the confidence levels range from 

60% to 95%. Streamlit has been utilized to develop a web interface that 

makes it easier to use in real life. It makes it easy for users to choose inputs 

and provides outputs with notes and boundary boxes. GPS makes it possible 

to find problems with great accuracy, and a graphical dashboard presents 

damage categories and confidence levels in real time. Road maintenance is 

considerably more efficient with automated detection, location mapping, and 

easy-to-understand visualization. It is also easier to keep a check on smart 

municipal infrastructure. The results demonstrate that using computer vision 

and geospatial analytics together could make it easier to automatically check 

road conditions and make better decisions about how to run a city. 
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1. INTRODUCTION 

Road infrastructure represents a vital concern for the Indian economy and transportation sector. 

India possesses a road network spanning five million kilometers, making it one of the largest in the world. 

Rapid urbanization and increasing vehicle density have placed significant strain on infrastructure, particularly 

in rapidly expanding cities. Adverse road conditions contribute to traffic congestion, increased vehicle 

operating expenses, safety hazards, and economic detriments, necessitating the implementation of efficient 

and scalable road repair methodologies. Manual surveys take a lot of time and effort, and they sometimes 

show bias and inconsistency when checking Indian roads. Because the road network is so big, it is not 

practicable to check it by hand all the time. In recent times, there have been notable enhancements in 

automated road damage detection using deep learning techniques. The use of smartphones to detect potholes 

and road surface conditions has shown promising outcomes, offering an effective means of conducting low-

cost infrastructure inspections [1], [2]. Geolocation has also helped accurately locate the road defects that 

were detected for proper maintenance plans [3]. The advanced techniques in YOLO, YOLOv5, along with its 

lightweight counterparts, have increased detection accuracy while decreasing computational cost [4]–[7]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Benchmarking databases like RDD2022 have contributed to developing robust road damage detection 

techniques under various environmental conditions [8]. CNN-based techniques have also been used 

successfully for pothole detection [9], [10]. Recently, several research works have proposed advanced 

frameworks for object detection, using lightweight architectures, feature pyramid networks, attention, and 

advanced methods for feature fusion in order to improve pavement damage detection [11]–[16]. Deep neural 

networks, advanced versions of YOLO algorithm, and hybrid computer vision approaches have shown 

superior results in detecting longitudinal cracks, transverse cracks, and alligator cracks in various lighting and 

weather conditions [17]–[20]. Moreover, recent research has considered intelligent road monitoring solutions 

that involve UAV images, LiDAR sensors, GPS localization, and multimodal data fusion in order to provide 

large scale monitoring and smart city applications [21]–[25]. In spite of recent progress in this field, most of 

the existing solutions concentrate on damage detection accuracy and benchmarked datasets, whereas very 

few solutions have considered real-time implementation along with GPS-enabled visualization for 

infrastructure management. Thus, this work considers a solution based on YOLOv8 in order to detect various 

kinds of road damages and provides real-time GPS-enabled visualization. 

 

 

2. RESEARCH METHOD 

This study utilizes the YOLOv8 deep learning framework to enable real-time identification of road 

surface problems, including potholes, cracks, and surface irregularities. YOLOv8 is a sophisticated 

convolutional neural network (CNN) architecture engineered to attain elevated precision and minimal latency 

in object detection, rendering it exceptionally appropriate for real-time surveillance of roadway conditions. 

Figure 1 shows in detail how the suggested system is built. 

 

 

 
 

Figure 1. Block diagram of proposed system 
 

 

2.1.  Dataset collection 

A dataset consisting of 3,178 real-world images was gathered from the NH-44 spur road 

(Hyderabad–Nizamabad–Nagpur segment).  These images show problems with the road surface in many 

kinds of light and weather. To make the dataset more diverse, further annotated examples from the 

crowdsensing-based road damage detection challenge 2022 were added. The combined dataset was carefully 

labeled to show the many kinds of road damage. 
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2.2.  YOLOv8 architecture 

The YOLOv8-s model was chosen to attain an optimal equilibrium between detection precision and 

computational performance. The architecture comprises three primary components: the backbone, neck, and 

head networks. 

 

2.2.1. Backbone network 

The backbone network of YOLOv8 plays a crucial role in feature extraction by means of 

convolutional layers directly applied to the input image. This procedure is expressed as follows 

mathematically: 

 

F(i, j) = ∑∑I(m, n) ⋅ K(m, n) (1) 

 

The pixel value at (m,n) in the input image is represented by the notation where I(m,n), K(m,n), and 

F(i,j) respectively stand for the kernel weight, the output feature at (i,j) of the second layer and so on. 

 

ReLU(x) = max(0, x) (2) 

 

Upgrading the feature extraction in YOLOv8 is realized with cross stage partial fusion (C2f), which 

is a next-generation architecture that unites shallow and deep features in an effective manner. Rather than 

dealing with all feature maps at each layer. The following equation describes this merging method: 

 

Fmerged = Fshallow + Fdeep (3) 

 

2.2.2. Neck network 

The neck module of the YOLOv8 architecture is responsible for refining and improving the 

extracted features before they reach the detection head. The neck does this by the use of two powerful 

architectures: feature pyramid network (FPN) and path aggregation network (PAN), this process can be 

represented as: 

 

Fcombined = Flow + Up(Fhigh) (4) 

 

The path aggregation network (PAN) further refines the feature fusion process by enabling 

bidirectional information flow across multiple scales. 

 

Ffinal = Down(Fcombined) +  Up(Fcombined) (5) 

 

where Down(Fcombined) refers to the process of downsampling, which extracts more contextual information 

from the lower layers while Up(Fcombined) is the process of upsampling that allows the refined features to 

be propagated back to the higher resolutions.  

 

2.2.3. Head network 

In YOLOv8, the head network is crucial to the process of obtaining the final object detection 

predictions based on the refined feature maps that have been passed on. The bounding boxes are defined by 

the four parameters: the center coordinates (x,y) of the box and its width w and height h. When depicted 

mathematically, the bounding box is as follows: 

 

B = (x, y, w, h) (6) 

 

The confidence score is calculated based on the Intersection over Union (IoU) metric, which 

indicates how much the predicted box overlaps with the actual box. The formula for the confidence score is 

as follows: 

 

C = Po × IoU (7) 

 

In this context, Po refers to the likelihood of an object being present within the bounding box 

predicted, while IoU signifies the ratio of the overlap area to the combined area of the predicted and actual 

bounding boxes.  
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2.3.  Model training 

The model was trained over 100 epochs using a group size of 16 and an input resolution of 640 × 

640 pixels. The Adam optimizer was employed with a learning rate of 0.001. The trained model attained an 

overall detection accuracy of 91.2%, assessed across confidence thresholds spanning from 0.60 to 0.95. 

 

2.4.  Real-time deployment and spatial mapping 

People could upload pictures, movies, or watch live webcam streaming through a web app made 

with Streamlit. The trained YOLOv8 model is used to evaluate each frame in real time to find and classify 

objects. GPS integration makes it possible to automatically find road flaws, and an interactive interface 

shows information about the sort of damage, how sure you are about it, and where it is on a map. 

 

2.5.  Performance evaluation metrics 

Assessing the performance of an object detection model like YOLOv8, evaluation metrics play a 

crucial role. The metrics used in this study are: 

 

2.5.1. Precision 

Precision and recall are fundamental metrics used to evaluate object detection performance. It is 

defined as: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
   (8) 

 

True positives (TP) represents correctly identified objects, and false positives (FP) represents 

incorrectly detected objects that do not correspond to actual objects in the image. 

 

2.5.2. Recall 

It measures the proportion of correctly detected objects out of all actual objects present in the 

ground truth. Recall is given by: 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
             (9) 

 

where false negatives (FN) represents objects that were present in the image but not detected by the model. 

 

2.5.3. F1-score 

The F1-score represents the harmonic mean of both precision and recall which guarantees one 

measure of model performance. The formula for calculating it is as follows: 

 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (10) 

 

The F1-score ranges from 0 to 1, with higher values indicating a better balance between precision 

and recall. 

 

2.5.4. Mean average precision 

Mean average precision (mAP) is the main measure for comparing object detection models and is 

determined by adding up the precision-recall curve at various confidence thresholds. Initially, the average 

precision (AP) for each category is found as the area under the precision-recall curve: 

 

𝐴𝑃 = ∫ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(𝑅𝑒𝑐𝑎𝑙𝑙)
1

0
 𝑑(𝑅𝑒𝑐𝑎𝑙𝑙) (11) 

where precision is measured at different recall levels, and the integral represents the sum of precision values 

over varying recall thresholds. 

 

𝑚𝐴𝑃 = 1/𝐶 ∑ 𝐴𝑃𝑖
𝐶
𝑖=1  (12) 

 

where C is the total number of object classes, and APi is the Average Precision for class iii. A higher mAP 

value signifies that the model performs well across different object categories. 
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3. RESULTS AND DISCUSSION 

The outcome shows that the efficacy of the proposed YOLOv8-based road surface damage detection 

framework in precisely identifying multiple categories of road defects, such as potholes, longitudinal cracks, 

transverse and alligator cracks. The trained model attained an overall detection accuracy of 91.2%, with 

confidence scores primarily falling between 0.60 and 0.95, demonstrating strong and dependable 

performance across diverse road textures and illumination environments. The robust performance of the 

YOLOv8 model can be ascribed to its anchor-free detection approach, it uses the FPN–PAN architecture to 

combine features at different scales and has a cross stage partial-based backbone instead. All of these traits 

help it find fissure patterns that are microscopic, irregular, and hard to see. These architectural features make 

it easier to find things even when the real world is hard to deal with. The recommended system is better at 

finding things and making generalizations than other systems that have been released, like YOLOv5, Faster 

R-CNN, and traditional CNN-based methods. This is especially true when the technology is used on real-

world roads with different types of pavement and wear patterns. The proposed system maintains high 

accuracy while facilitating real-time deployment, contrasting with earlier techniques that occasionally 

encounter issues with real-time inference. 

 

3.1.  Result analysis 

Figure 2 illustrates the main interface of the GPS-enabled YOLOv8 road damage detection system. 

Images (.png, .jpg), videos (.mp4), and live camera streams may be provided to facilitate flexible real-time 

analysis. Bounding boxes, confidence levels, and positional metadata are allocated to each road defect and 

Figure 3 illustrates the real-time online interface developed with Streamlit. This interface enables automated 

detection and geolocation of road damage, facilitating straightforward fault visualization. Users have the 

ability to dynamically adjust confidence thresholds to optimize the trade-off between false positives and 

missed detections. 

 

 

  
 

Figure 2. Home page screen 1 

 

Figure 3. Home page screen 2 

 

 

Figure 4 illustrates the video-based detection module, wherein uninterrupted video streams are 

examined frame by frame for real-time identification of road damage. Location identification, real-time 

preview, and machine-driven processing enhance the efficiency of road inspection footage analysis with this 

module. The analytical interface depicted in Figure 5 summarizes the detection outcomes. A bar chart 

indicates that potholes constitute the most prevalent form of road damage, followed by longitudinal, 

transverse, and alligator fissures. This statistical representation facilitates the assessment of damage 

prevalence and supports data-driven maintenance planning. 

Geolocation-based visualization of road damage is presented in Figure 6. The interactive map 

displays defect locations, types of damage, and confidence scores for spatial analysis. Visualization helps you 

figure out which road repairs are the most important and makes it easier to plan maintenance. Finally,  

Figure 7 shows pictures of damage to the road, as well as graphs that show how often different types of 

damage happen and how the confidence scores are spread out. Most of the time, the detection model's 

confidence scores are between 0.6 and 0.9, which means it is likely correct. 
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Figure 4. Video detection screen 

 

Figure 5. Road damage detection analytics 

dashboard 
 

 

 
 

 

Figure 6. Geo location visualization 

 

Figure 7. Road damage detection visualization 

 

 

4. CONCLUSION 

This study developed a YOLOv8-based system for real-time road damage recognition and mapping 

that can accurately identify potholes, longitudinal fractures, transverse cracks, and alligator cracks. The 

suggested system had 91.2% detection accuracy across road and illumination conditions, proving its reliability. 

Practical implementation is possible since the framework processes pictures, video feeds, and live camera inputs 

in real time. An interactive visualization tool with GPS-enabled geolocation makes road damage mapping and 

monitoring easier. Scalable, user-centric, and cost-efficient, the suggested system may automate road condition 

assessment, maintenance prioritization, and smart city infrastructure management. 

Future study will integrate semantic segmentation and multimodal sensory data to improve detection 

robustness. Long-range damage detection, real-time road hazard notifications, and connection with big 

navigation platforms may improve route planning and road safety. 
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