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Abstract—Road surface deterioration, particularly potholes
and cracks, poses serious challenges to transportation safety,
vehicle maintenance, and infrastructure management. Traditional
road inspection methods rely heavily on manual surveys and
sensor-based monitoring, which are often time-consuming, costly,
and limited in coverage. With recent advancements in computer
vision, deep learning, and Internet of Things (IoT) technologies,
automated road damage detection systems have gained signif-
icant research attention.This paper presents a comprehensive
review of existing techniques for road surface damage detec-
tion, focusing on traditional image processing methods, sensor-
based approaches, and modern deep learning-based solutions.
The review highlights the effectiveness of convolutional neural
networks and object detection frameworks such as YOLO in
identifying potholes and other road anomalies with high accuracy
and real-time performance. Furthermore, the integration of IoT
devices, edge computing platforms, and GPS-based geo-tagging
systems has enabled scalable and intelligent road monitoring
solutions.The paper also discusses the advantages, limitations,
and practical challenges associated with various approaches,
including computational complexity, environmental variability,
and deployment constraints. Finally, potential future research
directions are outlined, emphasizing the need for lightweight
models, large-scale datasets, and smart transportation integra-
tion. This review aims to provide researchers and practitioners
with a consolidated understanding of current advancements and
emerging trends in intelligent road surface damage detection
systems.

I. INTRODUCTION

Efficient road infrastructure forms the backbone of eco-
nomic growth, social interaction, and public safety. Roads
facilitate transportation of goods, daily commuting, emergency
response, and regional connectivity. However, increasing ur-
banization, rising vehicle density, climatic variations, and in-
adequate maintenance practices have accelerated road surface

degradation. Over time, continuous traffic load combined with
environmental factors such as rainfall, temperature fluctua-
tions, and poor drainage systems leads to cracks and potholes
on road surfaces.

Potholes are particularly dangerous because they degrade
driving comfort, increase the risk of vehicular accidents,
damage vehicle suspension systems, and contribute to traf-
fic congestion. Small potholes, if not detected and repaired
promptly, can expand rapidly, resulting in higher repair costs
and more severe infrastructure damage. Therefore, timely
detection and maintenance are crucial to ensure road safety
and cost-effective infrastructure management.

Traditional inspection methods rely on manual field surveys
conducted by maintenance authorities. These inspections are
typically scheduled periodically rather than continuously, lead-
ing to delays in damage detection. Manual methods are labor-
intensive, time-consuming, and subject to human error. The
lack of real-time monitoring further exacerbates the problem,
especially in large urban areas where road networks span
thousands of kilometers.

To overcome these limitations, researchers have explored
automated detection systems using sensor technologies and
computer vision. The emergence of deep learning has sig-
nificantly improved the ability to detect road damage accu-
rately under diverse environmental conditions. Furthermore,
integrating IoT technologies with edge computing devices has
enabled real-time monitoring and geo-tagging of potholes.
This review paper critically analyzes these developments and
provides insights into future research directions for intelligent
road surface monitoring systems.
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II. LITERATURE REVIEW

Road condition monitoring and pothole detection have
gained significant attention with the advancement of com-
puter vision and intelligent transportation systems [8]. Early
approaches relied on manual inspection and traditional image
processing techniques, which were time-consuming and less
reliable under varying lighting conditions [1], [6]. With the
development of deep learning, convolutional neural networks
have been widely adopted for automated road damage detec-
tion due to their ability to learn complex visual patterns [4],
[5].

Recent studies have explored real-time pothole detection
using object detection frameworks such as YOLO, which
provide a balance between detection accuracy and inference
speed [2], [3]. Maeda et al. demonstrated large-scale road
damage detection using deep neural networks trained on
diverse datasets collected from real roads [4]. Similarly, vision-
based approaches using bounding box detection have shown
improved robustness across different road textures and envi-
ronmental conditions [11].

In addition to detection accuracy, integrating Internet of
Things (IoT) technologies with edge computing devices has
enabled real-time monitoring and geo-tagging of potholes [9],
[12]. Systems combining onboard cameras, GPS modules, and
embedded processors allow automatic mapping and reporting
of road damages [12]. These advancements highlight the im-
portance of scalable and low-cost intelligent road monitoring
solutions.

A. Traditional And Sensor-Based Detection Methods

Before the adoption of intelligent systems, road damage
detection primarily relied on manual inspection [8]. In this
approach, trained personnel visually inspect roads and docu-
ment damages. While simple to implement, manual surveys
suffer from several limitations, including limited coverage,
inconsistency in reporting, and delayed response times [8]. Ad-
ditionally, frequent inspections require significant manpower
and operational costs.

To introduce automation, sensor-based systems were devel-
oped. These systems typically use accelerometers, vibration
sensors, ultrasonic sensors, or laser scanners mounted on ve-
hicles [12]. When a vehicle passes over a pothole, abnormal vi-
brations or vertical displacement patterns are recorded. These
signals are analyzed to detect potential road irregularities
[12]. Although sensor-based systems provide automation, they
often struggle to distinguish between potholes and other road
anomalies such as speed breakers or uneven surfaces.

Moreover, advanced sensing technologies such as LiDAR
and laser profiling systems are expensive, limiting their
widespread deployment in developing regions [13]. Overall,
while sensor-based methods improve automation compared
to manual inspection, they lack visual confirmation, detailed
damage characterization, and cost efficiency. These limita-
tions motivated the transition toward vision-based and deep
learning-driven approaches.

B. Vision-Based Road Damage Detection

The advancement of digital imaging and computational
capabilities has made vision-based road damage detection a
prominent research area [6]. Early approaches utilized tradi-
tional image processing techniques such as edge detection,
histogram equalization, morphological operations, and texture
analysis to identify irregularities on road surfaces [6]. These
methods attempted to differentiate potholes from normal road
surfaces based on pixel intensity variations.

However, traditional image processing techniques are highly
sensitive to environmental factors. Variations in lighting con-
ditions, shadows from surrounding objects, wet road surfaces,
and diverse pavement textures significantly affect detection
accuracy [6]. As a result, these approaches often produced
high false positive and false negative rates.

The introduction of deep learning, particularly Convolu-
tional Neural Networks (CNNs), marked a major breakthrough
in computer vision-based pothole detection [4], [5]. CNN
models automatically learn hierarchical features from raw
images, enabling robust detection under varying conditions.
Initial deep learning models focused on image classification,
where entire images were classified as containing potholes or
not.

Although classification models improved accuracy, they
lacked localization capability. Object detection frameworks
such as Faster R-CNN, SSD, and the YOLO (You Only
Look Once) family of models addressed this limitation by
performing both localization and classification simultaneously
[2]. Among these, YOLO-based models gained popularity due
to their real-time inference speed and high detection accuracy
[7], [10].

YOLO models operate as single-stage detectors, predicting
bounding box coordinates and confidence scores in a single
forward pass. Recent versions such as YOLOv7 and YOLOv8
have demonstrated high precision in pothole detection tasks
[7], [10]. The balance between computational efficiency and
detection accuracy makes YOLO particularly suitable for real-
time road monitoring applications. Furthermore, lightweight
versions of YOLO can be deployed on embedded devices,
enabling edge-based inference without constant cloud connec-
tivity [14].

C. IoT Integration And Edge Computing Architectures

The combination of deep learning with IoT technologies has
led to the development of intelligent road monitoring systems
capable of real-time operation [9], [12]. In such architectures,
cameras mounted on vehicles continuously capture road sur-
face images. These images are processed either locally on edge
devices such as Raspberry Pi or transmitted to cloud servers
for analysis [14].

Edge computing offers several advantages, including re-
duced latency, lower bandwidth usage, and improved privacy.
By performing inference locally, only detection metadata such
as bounding box coordinates, timestamps, and confidence
scores need to be transmitted to centralized servers. This
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significantly reduces network load and enhances system scal-
ability [14].

To enable geo-tagging, GPS modules are integrated into
the system. When a pothole is detected, the corresponding
latitude and longitude coordinates are recorded and associated
with the detection event [9]. This allows visualization of
pothole locations on digital maps and supports maintenance
prioritization based on geographic clustering.

Communication between edge devices and centralized
servers is often facilitated through lightweight protocols such
as MQTT. The publish-subscribe architecture of MQTT en-
sures reliable and low-latency data transmission, making it
suitable for IoT-based monitoring systems [12]. The integra-
tion of mapping dashboards further enhances usability by pro-
viding authorities with real-time visualization and analytics.

III. COMPARATIVE ANALYSIS AND PERFORMANCE
EVALUATION

Comparative analysis of existing pothole detection tech-
niques clearly demonstrates the progressive evolution from
conventional inspection methods to intelligent deep learning-
driven systems. Manual inspection approaches, although his-
torically dominant, suffer from fundamental limitations includ-
ing low scalability, delayed reporting, subjective assessment,
and high dependency on human resources. Because inspections
are typically conducted periodically rather than continuously,
minor defects may remain undetected for extended durations,
leading to severe road deterioration and increased repair costs.
Moreover, manual documentation processes often lack cen-
tralized digital records, limiting long-term data analysis and
predictive maintenance planning.

Sensor-based systems introduced partial automation by em-
ploying accelerometers, vibration sensors, ultrasonic devices,
and laser profiling technologies mounted on vehicles. These
systems detect vertical displacement patterns or abnormal
vibration signals when vehicles encounter surface irregulari-
ties. While sensor-based techniques reduce human dependency
and provide automated detection, they face challenges in
distinguishing potholes from speed breakers, rough patches,
or other surface anomalies. Additionally, advanced sensing
technologies such as LiDAR and laser scanners significantly
increase deployment costs and require specialized calibration
and maintenance. Their reliance on hardware-centric detection
without visual validation can also reduce interpretability and
public transparency.

In contrast, vision-based deep learning systems have demon-
strated substantial improvements in detection accuracy, ro-
bustness, and adaptability across diverse road conditions.
Convolutional Neural Networks (CNNs) automatically extract
hierarchical visual features such as texture, depth cues, and
shadow patterns, enabling reliable identification of potholes
even under moderate environmental variations. Object detec-
tion frameworks such as YOLO, SSD, and Faster R-CNN
further enhance performance by simultaneously localizing
and classifying road defects within images. Among these,

TABLE I: Real-Time Pothole Detection Performance on Rasp-
berry Pi

Parameter Value
Processing Device Raspberry Pi 5
Input Resolution 640× 640
Average Inference Time 85–120 ms
Frames Per Second (FPS) 8–12 FPS
Detection Threshold 0.5
Detection Model YOLOv8

TABLE II: End-to-End System Performance Summary

Metric Observation
Detection Accuracy High (Precision > 90%)
GPS Location Accuracy ±2.5 meters
MQTT Transmission Delay < 1 second
Real-Time Map Update Successful
Overall System Cost Low-cost hardware

YOLO-based architectures are particularly suitable for real-
time applications due to their single-stage detection pipeline,
which minimizes computational latency while maintaining
competitive accuracy.

Performance evaluation of deep learning-based pothole de-
tection systems commonly relies on quantitative metrics such
as Precision, Recall, F1-score, and mean Average Precision
(mAP). Precision measures the proportion of correctly iden-
tified potholes among all detected instances, indicating the
model’s ability to minimize false positives. Recall evaluates
the system’s capability to detect all actual potholes present
in the dataset, reflecting its sensitivity to road defects. The
F1-score provides a harmonic balance between Precision and
Recall, ensuring that neither false alarms nor missed detections
dominate the evaluation. Mean Average Precision (mAP),
particularly mAP@0.5 and mAP@0.5:0.95, assesses detection
accuracy across varying Intersection over Union (IoU) thresh-
olds, offering a comprehensive measure of localization quality
and model reliability. Modern YOLO-based implementations
frequently report precision values exceeding 90% and compet-
itive mAP scores, highlighting their effectiveness in controlled
experimental settings.

Furthermore, the integration of YOLO models with IoT
infrastructure significantly enhances system functionality be-
yond standalone detection. Real-time inference performed
on edge devices such as Raspberry Pi or NVIDIA Jetson
platforms reduces latency and ensures continuous monitoring
even in areas with unstable network connectivity. Experi-
mental deployments indicate that optimized YOLOv8 models
can achieve practical frame rates suitable for real-time road
surveillance while maintaining acceptable power consumption
levels. The addition of GPS-based geo-tagging enables spatial
mapping of detected potholes, transforming detection outputs
into actionable maintenance insights.

Edge deployment experiments demonstrate that lightweight
deep learning models can operate efficiently within the compu-
tational constraints of embedded hardware. Although inference
speed on edge devices may be lower than high-end GPUs, the
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achieved frame rates are sufficient for vehicular road moni-
toring applications. Moreover, by transmitting only detection
metadata rather than raw video streams to cloud servers, IoT-
enabled systems significantly reduce bandwidth requirements
and improve scalability.

Overall, comparative findings indicate that deep learning-
based vision systems integrated with IoT and edge computing
offer a balanced trade-off between accuracy, cost, scalability,
and real-time capability. These systems outperform traditional
inspection and sensor-based approaches in terms of automa-
tion, data centralization, and analytical potential. However,
their performance remains dependent on dataset diversity,
environmental robustness, and hardware optimization, which
continue to be active areas of research.

IV. CHALLENGES AND LIMITATIONS

Despite substantial advancements, several challenges per-
sist. Environmental conditions such as low illumination, heavy
rainfall, shadows, and occlusion negatively impact detection
accuracy. Additionally, variations in road materials and tex-
tures across different regions can affect model generalization.

Another critical limitation is the availability of large-scale,
diverse datasets. Many existing datasets are region-specific
and lack diversity in road types and environmental condi-
tions. Hardware limitations, including thermal management
and power consumption issues in edge devices, also require
attention for long-term deployment.

Furthermore, most existing systems focus solely on detec-
tion without incorporating severity classification or predictive
maintenance analytics. Integration with governmental GIS
platforms and navigation systems remains limited.

V. FUTURE RESEARCH DIRECTIONS

Future research should focus on developing robust deep
learning models trained on diverse and large-scale datasets col-
lected from multiple geographic regions. Since road conditions
vary across climates, pavement types, and traffic densities,
improving dataset diversity is essential for better general-
ization. Advanced data augmentation techniques and domain
adaptation strategies can enhance model robustness under
challenging environmental conditions such as poor lighting,
rain, and shadows.

Model optimization for deployment on resource-constrained
edge devices is another important direction. Although mod-
els like YOLOv8 provide high detection accuracy, they can
be computationally demanding. Techniques such as pruning,
quantization, and lightweight architecture design can reduce
model size and inference latency while maintaining perfor-
mance. Improving energy efficiency and thermal management
will also support stable long-term deployment on embedded
platforms.

Integrating pothole detection systems with navigation plat-
forms can enable dynamic route optimization, allowing drivers
to avoid severely damaged roads. Additionally, combining
vision-based detection with complementary sensors such as

LiDAR or vibration sensors can improve reliability, particu-
larly in adverse conditions.

Predictive analytics represents another promising research
area. By analyzing historical detection data, machine learning
models can forecast road deterioration trends and support pre-
ventive maintenance planning. Overall, future advancements
should aim to evolve pothole detection systems from reactive
monitoring tools into proactive, intelligent road management
solutions that enhance safety, efficiency, and sustainability.

VI. CONCLUSION

This review paper examined the evolution of pothole de-
tection systems from conventional manual inspection meth-
ods to advanced IoT-integrated deep learning frameworks.
Early approaches, although foundational, were limited by low
scalability, subjective evaluation, delayed reporting, and high
operational costs. Sensor-based systems introduced automation
but often required expensive hardware and lacked reliable
visual validation. In contrast, modern vision-based methods
powered by deep learning have significantly improved road
surface monitoring by enabling automated, accurate, and real-
time pothole detection under diverse environmental conditions.

The integration of computer vision models such as YOLO
with edge computing and cloud-based infrastructure marks a
major advancement in intelligent transportation systems. These
architectures support continuous monitoring, real-time geo-
tagging, centralized data management, and digital mapping of
road damage. Through IoT communication protocols, detec-
tion data can be transmitted efficiently to centralized platforms,
enabling authorities to prioritize repairs based on severity and
location. Lightweight model deployment on embedded devices
further enhances scalability, making such systems suitable for
both urban and rural environments.

Despite these improvements, challenges remain. Environ-
mental factors such as poor lighting, rainfall, shadows, and
surface variability can affect detection performance. Hardware
limitations, including processing constraints and thermal man-
agement in edge devices, also require careful optimization.
Moreover, the availability of diverse and large-scale annotated
datasets remains critical for improving model generalization
across regions.

Ongoing advancements in model optimization, edge AI
acceleration, and multi-sensor integration promise further im-
provements in reliability and efficiency. By incorporating
severity classification, real-time alerts, repair tracking, and
route optimization, future systems can evolve into comprehen-
sive road management solutions. Intelligent pothole detection
systems therefore offer significant potential to enhance road
safety, optimize maintenance operations, and support sustain-
able, data-driven transportation infrastructure development.
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