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Abstract

A pothole is a structural failure in a road that is a major cause of disturbances to traffic flow,
particularly in developing countries where infrastructure maintenance is often delayed or
inefficient. Traditional manual inspection methods for identifying potholes and planning
repairs can be time-consuming. This study presents an automated pothole detection model
using the latest YOLOvV11-s object detection algorithm. Unlike previous research that focused
on driver alerts and pothole classification based on the size of the pothole, this model
integrates pothole detection with a traffic data API to prioritise road repair works based on
traffic volumes. The dataset used for training, validation and testing was obtained from the
RoboFlow platform, while images from Sri Lankan roads were used for deployment
validation. The model achieved a precision of 0.851, a recall of 0.676, and mean average
precision (mAP) scores of 0.802 (IoU@0.5) and 0.510 (IoU@0.5:0.95), demonstrating strong
detection capabilities. The developed model can assist maintenance authorities in prioritising
road repairs based on traffic volume. It can be further enhanced by integrating pothole
characteristics, such as type and size, with traffic data to improve decision-making on the
priority of repair works.
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1. INTRODUCTION

Transportation systems play a significant role in economic and social development
worldwide. However, ensuring the long-term quality and functionality of these
systems can lead to significant challenges, particularly in the construction and
maintenance of road infrastructure. In many regions, poor road design, material
degradation, and inadequate maintenance contribute to surface defects such as
potholes, which undermine the reliability and efficiency and quality of the transport
network [1], [2].

Potholes lead to a range of operational issues, including reduced travel comfort,
vehicle damage, increased travel time, and disruption to traffic flow [3]. These issues
affect everyday road users and disrupt the traffic flow, and impose financial and
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logistical burdens on transportation authorities. In countries like India and Sri Lanka,
where extensive road networks are heavily utilised, the timely detection and repair of
potholes are crucial to maintaining road quality and supporting mobility. However, the
urgency and priority of pothole repairs vary depending on contextual factors such as
road type, usage intensity, traffic volume and nature of potholes.

In Sri Lanka, the road network is extensive and diverse, with about 150,000 km of
roads categorised primarily by their function, volume, and administrative
responsibility. The main categories include Expressways (E), national roads (A and B
class roads managed by the Road Development Authority), provincial roads, and a
large proportion classified as rural low-volume roads. The impact of potholes on these
types of roads will vary according to the volume of traffic [4]. Therefore, it is
necessary to analyse the traffic volume to determine the order in which the roads
should be repaired.

Considering the large networks of roads, manual inspection and decision making on
the order in which the roads should be repaired can be time-consuming and less
cost-effective. Consequently, researchers have turned to automated pothole detection
using cameras, sensors and deep learning techniques [5], [6]. Several studies have
also explored the use of computer vision models for automated pothole detection with
convolutional neural networks (CNNs) and object detection algorithms. For instance,
Lakmal and Dissanayake [7] implemented image segmentation techniques to identify
potholes on Sri Lankan roads, achieving a high detection accuracy. Similarly, various
global studies have employed various You Only Look Once (YOLO) object detection
algorithms to detect potholes and integrated them into mobile phone applications to
notify presence of potholes to drivers [8]. Recent studies have shown that more
advanced YOLO models, such as YOLOvS [9] and YOLOv11-s [10] outperform
earlier versions in both detection speed and accuracy. Various studies have also
consistently shown that YOLO-based models are efficient and precise compared to
other deep learning alternatives for pothole detection [11], [12].

While these systems have shown considerable effectiveness in performance, their
primary focus was on real-time alerting for driver safety rather than maintenance
planning. Therefore, there is a gap in research applying the latest YOLO architecture,
YOLOvI11-s, within the Sri Lankan context, where the traffic volume plays a critical
role in prioritising maintenance works. Several studies have attempted to classify
potholes based on size and depth, but they often overlook the importance of road
classification based on traffic volume for determining repair urgency. Therefore, this
study proposes a lightweight and efficient pothole detection model using the latest
YOLO algorithm, YOLOv11-s. This model aims to determine the priority order of
pothole repairs based on the traffic volume.
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2. LITERATURE REVIEW
A. Classification of Potholes

Pothole classification and severity assessment are significant in determining the
priority of road maintenance works. Potholes are generally classified based on
features such as size, depth and surface area [13]. Studies have often used machine
learning and image processing techniques to classify potholes according to such
features. [14] developed a model that classifies pothole severity using colour disparity
maps. The model used a severity scale determined by human-automated features that
enables authorities to prioritise the severity of the potholes. Other approaches have
classified potholes such as ‘small’ or ‘large’ based on surface area with high accuracy
using CNN [15], [16]. Some studies have also attempted to consider the presence of
water in potholes as a separate category in pothole severity classification [17].

However, existing models have overlooked the contextual importance of traffic
volumes to prioritise the urgency of repair works. The impact of a pothole can cause
significantly different risks depending on whether it appears on a high-traffic area or a
low-traffic rural road. In high-speed zones, even minor potholes can lead to severe
impacts in terms of traffic flow disturbances. Despite this, the classification of roads
has not been integrated into pothole detection models. Therefore, incorporating traffic
volume as a factor in severity assessment is critical for effective road maintenance
planning.

B. Object Detection for Potholes

CNNs have been widely used for pothole detection in recent years due to their strong
performance in object detection tasks [8], [18]. CNN-based object detection models
can be generally classified into two categories: single-stage detectors and multi-stage
detectors [19]. Single-stage detectors such as YOLO algorithms perform object
classification and localisation simultaneously in a single step, which makes them ideal
for real-time applications for object detection. In contrast, multi-stage detectors such
as Fast Regional Convolutional Neural Networks (Fast R-CNN) and Mask Regional
Convolutional Neural Network (Mask R-CNN), separate the object classification and
localisation process. Multi-stage detectors often have high accuracy but slower
inference speed in object detection.

Several studies have demonstrated the effectiveness of YOLO architectures in
detecting potholes under diverse road conditions. For instance, Hiremath et al. [8]
developed a mobile application that uses a YOLO-based model to detect potholes and
notify drivers in real time. Other studies have explored the use of newer YOLO
variants to improve detection accuracy and classify different pothole types. Bhavana
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et al. [9] proposed a model based on YOLOVS to detect and categorise potholes, while
other researchers have used YOLOvV7 for enhancing traffic safety through real-time
road surface monitoring [20]. Performance comparisons between different YOLO
versions have also been explored in various studies. For example, Park (2021)
conducted a study comparing YOLOv4 and YOLOVS, highlighting differences in
detection speed and accuracy. More recently, Fortin and Llantos [10] evaluated the
performance of the latest YOLO iterations such as YOLOv9, YOLOv10, and
YOLOvI11. The study revealed that YOLOvI11 delivered the best overall performance
for pothole detection tasks. The YOLOvI1 algorithm is the latest version of the
YOLO series, which offers significant improvements in object detection and
classification (Fortin & Llantos, 2025; He et al., 2024).

The YOLO architecture typically consists of three main components: (1) the
Backbone, responsible for feature extraction, (2) the Neck, which enables the model
to detect objects of different sizes, and (3) the Head performs the final object
classification and bounding box regression (He et al., 2024). According to Rasheed,
object detection applications can be designed to focus on the object size to enhance
resource efficiency. According to Kishor 2024, there are variants of YOLOv11 such
as YOLOvll-n (nano), YOLOvI11-s (small), YOLOvIl-m (medium), YOLOv11-I
(intermediate), and YOLOv11l-x (extreme). Depending on the requirements, the
suitable variant can be selected. This study uses the YOLOv11-s algorithm to develop
the pothole detection model due to its ability to balance between speed and accuracy,
ideal for medium-scale objects

C. Significance and Transferability

This study introduces an object detection model based on the YOLOv11-s algorithm
to detect potholes and prioritise maintenance requirements according to the traffic
volume on the road. While several studies have focused on pothole detection and
severity classification based on the size and nature of the pothole, the outcomes have
been used to provide real-time alerts to drivers and enhance road safety. None of the
studies have attempted to classify potholes considering the traffic volume on the
roads, despite their importance in decision-making for road maintenance works. This
study addresses this gap by proposing a system that integrates object detection with a
decision-making model to support maintenance planning based on road traffic volume
data. The model was trained, tested and validated using an online dataset. To assess
the model for deployment, pothole images from Sri Lankan roads were used.
Although the focus of this study is on Sri Lankan roads, the model approach is
transferable. By integrating the traffic volume data specific to other locations, the
model can be generalised and implemented in other countries facing similar road
infrastructure challenges.
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3. METHODOLOGY
A. Dataset Collection

For the detection of the potholes, it was necessary to use a dataset for training, testing
and validation. The dataset for this study was obtained from an online platform called
RoboFlow. The platform provides a collection of high-quality images and metadata
specifically designed for training computer vision models. The images were
standardised to a resolution of 640x640x3 (RGB scale) to ensure the consistency of
the dataset throughout the model training, testing and validation processes. The
selected dataset consisted of 1,595, with 80% allocated for training, 10% for
validation and 10% for testing. The split ensures that the model has a large enough
dataset for training, validation and testing.

The YOLOv11-s algorithm has various hyperparameters that determine the
performance and efficiency of the model [22]. These can be tuned before training the
model and remain unchanged throughout the training process. In YOLOv11-s-based
models, genetic algorithm used optimized the hyperparameters tuning through
mutation process. The mutation process in the YOLOv11-s models introduces small
random changes in the hyperparameters of the model to improve its accuracy without
manual tuning. In such models, batch size, learning rate, momentum, weight decay,
number of epochs and patience levels are the frequently tuned hyperparameters [23] .
However, in this study, all hyperparameters were kept at their default values, which
have already been optimised by the mutation process, with the exception of the
number of epochs and patience level, which were adjusted to improve training
efficiency and prevent overfitting.

The number of epochs refers to the number of times the entire dataset passes through
the training. Studies have shown that models trained with 300 epochs have shown
high performance and accuracy [24]. Therefore, in this study, the number of epochs
was set at 300. However, object detection models can face issues such as overfitting
due to a smaller dataset and a high number of epochs. This can be mitigated by using
early stopping techniques [25], [26] and data augmentation [27]. Early stopping value
can be set using the patience level, which defines the number of epochs the model will
continue to train for without any performance improvements. Once the patience level
is reached, the training will be halted. Data augmentation allows for generating new
data from existing data through methods like geometric transformations, colour
adjustments, and noise addition [28]. In the developed model, an early stopping with a
patience level of 20 epochs was set, where the model will stop training when there is
no improvement in performance observed for 20 consecutive epochs.
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B. Model Training

As illustrated in Figure 1, the initial stage involved training the pothole detection
models using 80% of the pothole dataset. For the training, two types of inputs were
used such as plain image and the metadata (annotations) that provided information
about the image and the objects within it. In the pothole dataset, the annotation
defined the bounding box around the pothole. The bounding box coordinates consist
of 5 components (X, Y, W, H and confidence score) as shown in Figure 2. The X and
Y values represent the normalised coordinates of the centre of the bounding box,
while the W and H represent the normalised height and width of the bounding box.
The confidence score is also referred to as the Intersection over Union (IoU), which
represents the ratio between the prediction and the ground truth, as shown in Figure 3.

IoU measures the ratio of the overlapping area between the prediction and the ground
truth relative to the total area covered by both. Figure 3 displays three IoU value
representations, where 4A indicates relatively low overlap and imprecise localisation,
resulting in an IoU of 0.475. 4B depicts a better prediction with an IoU of 0.741,
while 4C demonstrates the highest detection accuracy with an IoU of 0.891.
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Grid Height = 200
Grid Width = 200 X = (290 - 200)/200 = 0.45
Bounding Box Width =250 v _ (270-200)/200 = 0.35
Bounding Box Height =180 = 200/640 = 0.313

Height of Image = 640 H = 180/640 = 0.282
Width of Image = 640

Figure 2: Bounding Box Coordinates

Figure 3: Calculation of IoU values

C. Model Validation (Internal)

The performance of the model was monitored throughout the training process using
the validation dataset split (10% of the used dataset). For every training epoch, the
model was evaluated using the validation dataset to assess the improvements in
performance. This phase ensured that the optimum level of training was given to the
model so that it was able to detect potholes from unseen data.

D. Model Testing

Upon the completion of internal validation, the model was tested using the remaining
10% of the dataset through the inference pipeline. Inference is the process of using a
trained model to make predictions on unseen data. As illustrated in Figure 1, each test
image is passed through the model to detect and localise potholes. The performance of
the model was evaluated using metrics such as precision values, recall values,
precision-recall curves, mean Average Precision (mAP) scores and loss curves.
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E. Integration of Traffic Data API

Once a pothole is detected, the model retrieves its location using embedded GPS
metadata and identifies the corresponding road segment. The traffic volume for each
road is then obtained through a traffic data Application Programming Interface (API)
(See Figure 4), which provides real-time or average daily vehicle count data. Based
on this information, the model assigns a repair priority to each pothole, giving higher
priority to those found on roads with consistently high traffic volumes.

This priority-based ranking system enables road maintenance teams to focus on
repairing potholes in the most critical and heavily used areas first, improving the
efficiency and safety of maintenance efforts. Furthermore, the model was enhanced to
continuously retrieve traffic flow data in specified areas, enabling it to identify traffic
patterns and determine the urgency of repairs. Roads consistently showing high traffic
volume are flagged as high-priority zones, ensuring that maintenance decisions are
guided by both object detection and traffic data.

Figure 4; Retvieval of Traffic Volume Dara

F. Model Validation (External)

The model was validated for deployment using images captured from various Sri
Lankan roads. These images were passed through the model’s inference pipeline to
evaluate its performance in detecting potholes and determining repair priorities by
considering the traffic volume.

4. RESULTS AND PERFORMANCE EVALUATION

The YOLOvI11-s model was trained with a total of 300 epochs set as the upper limit.
However, due to the implementation of the early stopping hyperparameter, training
was halted after 99 epochs, which were completed in approximately 0.279 hours.
Early stopping prevents overfitting by terminating the training once the model's
performance plateaus on the validation set. During this training period, the model
achieved its best performance. The inference speed was recorded at 5.4ms (see Figure
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5), indicating the time the model takes to process an image and output the detection
results.

To evaluate the performance of the object detection model, several standard metrics
were used, including precision, recall, mean average precision (mAP), and loss curves
[23], [29], [30]. This section discusses the major performance evaluation metrics used
to analyse the performance of the developed model.

Figure 5: Maodel Performance Values

A. Precision

Precision refers to the proportion of correctly identified potholes (true positives)
among all instances that the model predicted as potholes (true positives + false
positives). A high precision score implies that the model makes fewer false positive
detections, meaning it is less likely to wrongly identify background features as
potholes. According to the confusion matrix, the developed model achieved a
precision score of 0.822, indicating strong accuracy in distinguishing true potholes.

True Positives

Precision = (Equation 1)

True Positives+False Positives

B. Recall

Recall measures the model's ability to detect actual potholes in the dataset. It is the
ratio of true positive detections to all actual positive cases. The model obtained a
recall score of 0.734, demonstrating its effectiveness in detecting the relevant
instances, though some were missed.

True Positives
True Positives+False Negatives

Recall = (Equation 2)
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C. Precision-Recall Curve
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Figure 6: Precision-recall curve

The precision-recall (PR) curve visualises the trade-off between precision and recall at
different threshold levels. A high precision with low recall indicates that while most
of the model’s predictions are correct, it fails to detect all instances. Conversely, high
recall with low precision means the model identifies most true positives but includes
more false positives. An ideal model offers a balance between these two metrics. As
shown in Figure 6, the precision-recall curve for the developed model demonstrates a
reasonable balance, supporting its suitability for pothole detection in real-world
conditions [31].

D. Mean Average Precision

Mean Average Precision (mAP) is a widely used metric that combines both precision
and recall to evaluate the accuracy of object detection models [32]. It measures how
well the predicted bounding boxes overlap with the ground truth boxes. The mAP
value is calculated as shown in Equation 3. In this study, since the model only
performs detection (not multi-class classification), the mAP score is equivalent to the
Average Precision (AP). The model’s performance was evaluated at two Intersection
over Union (IoU) thresholds: mAP@0.5 and mAP@0.5:0.95. The developed model
achieved a mAP@0.5 of 0.800, indicating high accuracy in detecting potholes with a
moderate overlap threshold. However, the model achieved a score of 0.540 for
mAP@0.5:0.95. Although this is a relatively lower score, it demonstrates the model's
ability to generalise well for higher thresholds.
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E. Training and Validation Loss

The training process was further assessed using training and validation loss curves,
which indicate the model’s ability to learn and generalise. YOLOv11-s uses a unified
loss function comprising three components:

o Bounding Box Loss (box loss) measures the accuracy of the predicted bounding
boxes compared to the ground truth.

o Classification Loss (cls_loss) evaluates the model’s performance in correctly
identifying the object class.

o Distribution Focal Loss (dfl loss) addresses class imbalance and improves
localisation accuracy, especially for smaller objects [33].

As shown in Figure 7, both the training and validation losses decreased steadily with

increasing epochs, indicating effective learning and proper model optimisation. The

consistent reduction in loss reflects the model's capacity to improve detection

performance while avoiding overfitting.
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Figure 7 Training and Validation loss
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F. Model output

Based on the labelled dataset, the YOLOv11-s was employed to detect potholes in the
target road sections. The detection outcomes of the model are presented in Figure 8.
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Figure 10: Pothole Detections on Sri Lankan Roads 2

Figure 1 Pothole Detections on Sri Lankan Roads 3
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The results of the deployment validation carried out using pothole images from Sri
Lankan Roads have been provided in Figures 9, 10 and 11. The model accurately
recognised and localised potholes in the input images using bounding boxes,
following the trained detection framework. In addition to detection, the model utilised
traffic volume data retrieved through the traffic data API to assess the urgency and
severity of each pothole.

The severity was inferred by considering the traffic volume, such as the road type and
its traffic flow. Potholes detected on roads with high traffic volume as per the traffic
data API, were classified as high priority due to the increased safety risks and
potential for traffic disruption. Conversely, potholes on low-volume rural or
residential roads were assigned lower priority for maintenance. The final output
consisted of annotated images showing the detected potholes, their bounding boxes,
and associated confidence scores. Each detection was also associated with its location,
road classification, and assigned repair priority. The model's output enables road
maintenance authorities to schedule and allocate resources efficiently.

5. CONCLUSION AND RECOMMENDATION

Previous studies on pothole detection have explored a range of computer vision tools,
including image segmentation and object detection, to identify potholes and classify
their severity based on the physical characteristics of the potholes. These approaches
have been used to alert drivers in real-time and improve road safety. However, none of
the studies have incorporated traffic volume into the severity assessment of the
potholes despite its relevance in decision-making for road maintenance. The findings
of this study address that gap by demonstrating that the developed model can support
maintenance authorities in prioritising pothole repairs based on actual road usage.

To address this gap, this study developed a deep learning-based pothole detection
model using the YOLOV11-s algorithm to identify potholes and prioritise their repair
based on traffic volume. The model was trained using an online pothole image dataset
and integrated with a traffic data API to retrieve the traffic volume flow information.
Once potholes were detected, the model determined the urgency of repair by
assigning higher priority to potholes located on high-traffic roads. This approach
enables road maintenance authorities to focus on the most critical areas first.

The model's performance was evaluated using key metrics such as precision, recall,
and mean Average Precision (mAP). It achieved a high precision of 0.851 and
competitive mAP scores of 0.802 at IoU 0.5 and 0.510 at IoU 0.5:0.95, demonstrating
its effectiveness in accurately detecting and localising potholes. Validation with
images from Sri Lankan roads confirmed the model’s practical applicability and
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adaptability to local conditions. The developed model can be further enhanced by
integrating pothole characteristics, such as type and size, with traffic data to improve
decision-making on the urgency of repair works.
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