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Abstract. Potholes are a significant hazard and cause terrible damages to cars, 
endangering drivers and pedestrians almost involved. The existing system of 
pothole detection and reporting has been slow and inefficient and, given the 
human factors involved, also error-prone, leading to generally behind schedule 
responses if at all, with an added potential for injuries. With the advance of laptop 
imaginative and prescient, machine studying, and geolocation, this paper 
proposes a real-time pothole detection and reporting device which has the 
capability to automatically identify large potholes on the road. The gadget not 
only ”cheap” gets a high accuracy detection of big potholes, but also marks their 
exact location via GPS and displays it on a virtual map. These potholes are 
automatically flagged to appropriate authorities including Public Works 
Department (PWD), Road Transport Office (RTO), road safety engineers, and 
local authorities bodies. It allows for instant motion and maintenance. The 
solution provided by this essay is to enhance road safety, streamline renovation 
strategies and minimize the impact of potholes on street customers. The suggested 
device used the statistics of real time collection and reporting to develop an 
exceptionally green, scalable and responsive to street renovation. 
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1. Introduction 
Potholes represent a common, recurring, and major problem globally for road maintenance. 
These lead to depressions in the road surface due to a combination of traffic load, weather, 
and material degradation and are dangerous for both vehicles and pedestrians. Apart from 
being an imminent danger, potholes also mean costlier vehicle maintenance, lower fuel 
efficiency, and a higher likelihood of accidents. The World Health Organization, WHO, also 
found that poor road condition was one of the major causes of road traffic injuries and 
fatalities globally including the presence of potholes as one of the most frequent issues. 
Aside from safety, there is also an economic consequence with billions of dollars yearly on 
repairs and damage claims to the transportation system attributed to potholes. 
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In spite of these being an epidemic and a source of several issues for cities, many cities tend 
to fix or to detect these only when a citizen reports it or they check it manually. Conventional 
means of identifying potholes, like periodic visual inspections of the streets or citizens calling 
in reports of potholes are inefficient, are responsive, are cumbersome, and mostly lag time of 
relevant authority responsible in repairing it. This leads to delayed maintenance, prolonged 
road hazard exposure, and greater risk to the users of the road. 

An efficient, scalable, and automated system for pothole detection is overdue. This is the 
moment when modern computer vision, machine learning, and geospatial mapping 
technologies can transform the way potholes can be detected and reported. These technologies 
can be utilized to create a mechanism that can automatically identify potholes in real time, 
accurately pinpoint their locations and report them to the pertinent authorities. The 
shortcomings inherent to the traditional system that reduce its efficiency would be eliminated 
with the implementation of a system to detect and report potholes in real-time, as the one 
proposed. The system deploys high resolution cameras, machine learning and GPS 
technology to detect and transmit location coordinates of large potholes on the roads to the 
relevant Public Works Department, Road Transport Office or road maintenance engineers 
and the respective municipal authorities. Along with the real-time visibility of pothole 
locations, the system will also provide automatic reporting, which will lead to quicker 
decision-making and improved road maintenance practices. The primary objective of this 
proposed work is the System Development Using Computer Vision and Machine Learning to 
build an accurate system that Detects Potholes in Real-Time from cameras mounted on 
vehicles. This detection capability will be coupled with the integration of GPS Technology to 
accurately tag the location of the detected potholes and display them on a live map for easy 
access by maintenance authorities. To ensure rapid response, the work will also focus on 
developing an automated reporting system that sends immediate alerts to concerned 
authorities (including PWD, RTO, road maintenance engineers, and local bodies) with 
comprehensive details of the pothole, including its size, severity, and exact location. Finally, 
the project aims to design a user-friendly dashboard for road maintenance personnel, enabling 
them to view real-time pothole data, track repair status, and efficiently manage maintenance 
tasks. 

2. Scope & Related Work 
This research aims to build a real-time pothole detection and reporting system that can be 
used in improving road safety and efficient maintenance. The system shall use computer 
vision and machine learning to identify large potholes on paved roads, especially focusing 
on the urban and semi-urban environment. It will combine GPS for accurate geo-location, 
thus showing the exact location of the potholes on a digital map in real time. Potholes 
automatically detected by this system are reported to public-authority in charge, public works 
department, road transport offices, and road maintenance engineers and to local bodies 
respectively with their severity and the coordinates of the location with real-time hazardous 
pothole detection, automated report generation, and providing interfaces for user- friendly 
monitoring or implementation by authorities. The system will also be scalable for broader 
geographic use and designed for future extensions to detect smaller road defects. Potholes 
are among the most common types of road damage. This occurs as a result of the combined 
effects of traffic load, weather conditions, and degradation of road materials. They pose 
significant safety risks to drivers, passengers, and pedestrians, which contribute to accidents, 
vehicle damage, and increased repair costs. Road authorities typically rely on manual 

inspections, citizen reports, and periodic surveys to identify and address potholes. The 
otherwise ”esthetically pleasant” methods are slow, inefficient, and prone to human error, 
providing for yet more delays in repairs and extended exposure to road hazards. 

3. Literature Survey 
Some attempts have employed computer vision methods to identify potholes from images or 
video data collected through cameras mounted on vehicles. Yin et al. (2019), for example, 
presented a system based on convolutional neural networks (CNNs) to identify potholes from 
images taken by vehicles driving on roadways. It used real-time video processing to detect 
and localize potholes accurately. In a similar fashion, Wang et al. (2018) applied image 
segmentation and edge-detection techniques to detect road surface anomalies characteristic 
of potholes. These processes are usually dependent on high quality camera footage and they 
are also affected by environmental factors like lighting and road surface. Other works have 
incorporated sensor-based technologies and detect potholes using an impact or vibration 
resulting from a defect on the road using accelerometers, gyroscopes and laser scanners. S. 
Park et al. (2017) created a system based on vibrations captured by accelerometers placed on 
vehicles driving over potholes. They correctly detected potholes by studying the sudden jolts 
experienced by vehicles while traversing road defects. Saldana et al. (2020) take another 
approach, using LIDAR sensors to map road surfaces and identify culverts, and potholes, 
based on surface elevation differentials. 
     To enhance accuracy and reliability, deep learning, a subset of machine learning methods, 
has been widely used for pothole detection. Deep learning and image-based pothole 
segmentation based on severity were performed by Xu et al. in 2021, who used a dataset 
comprised of images of roads and utilized machine learning models trained to detect and 
classify potholes by size and depth. This indicated how automated classification could help 
in sorting which repairs were more pressing based on the severity level of detected potholes. 
In addition, Zhang et al. 2019 used a support vector machine SVM to classify potholes on 
urban roads based on features obtained from camera data, achieving high accuracy in 
distinguishing potholes from other roadway defects. 
     One of the biggest issues facing potholes is that once a defect is noticed it must also be 
repaired in a timely fashion. The integration of real-time data collection and computer-based 
reporting systems has been investigated in several studies. Chien et al. (2018) suggested a 
system that, in addition to identifying potholes, would automatically report their location to 
the municipality through the use of GPS data and machine learning models embodied in a 
mobile application. The system assisted in real-time monitoring of road conditions and 
officials were able to use it to prioritize repairs according to the severity and location of the 
potholes. Ghosh et al. (2020) proposed an IoT-enabled system where the sensors on a vehicle 
send information related to road discrepancies to a cloud storage system, through which 
authorities can monitor and address the potholes in real time. The use of GPS and cloud-
based reporting systems also meant that the coordination between road users and maintenance 
personnel became even quicker resulting in faster repairs. 
     In other systems, potholes are identified and logged through crowd sourcing and citizen 
participation. Waze and similar mobile applications depend on user reports of road 
conditions, including potholes. Crowd sourcing works as a tool for increasing awareness, but 
is also limited by accuracy given the subjective nature of the user inputs. Pothole Mapper 
(2016) is an example of such systems, which incorporates user feedback and GPS coordinates 
and utilizes machine learning models to identify potholes in an automated way from crowd-
sourced data. Some researchers have also looked into the combination between GIS and 
pothole detection for more effective decision making and resource allocation. Patil et al. 
(2021) utilized GIS in conjunction with a real-time pothole detection system to develop a 
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decision support system that presents potholes in terms of location and severity through 
interactive maps. Road maintenance teams can also make efficient resource use allocation 
and improve repair crew routing using GIS based system. 

4.  Challenges 
The implementation of a real-time pothole detection system faces several critical technical 
hurdles primarily related to sensing and data analysis. Sensor limitations are paramount, as 
systems utilizing accelerometers, gyroscopes, and cameras must overcome issues with 
accuracy, reliably differentiating true potholes from non-critical road irregularities like speed 
bumps. Furthermore, reliability is significantly compromised by the harsh operating 
environment, subjecting devices to extreme vibrations, wear-and-tear, and environmental 
exposure. For devices operating autonomously, energy efficiency presents a core challenge 
for maintaining continuous real-time data collection and processing on resource-constrained 
platforms. Compounding these issues is data processing latency: high-volume video and 
sensor feeds necessitate rapid processing to ensure real-time performance, demanding a 
careful balance between algorithm complexity (for accuracy) and computational efficiency, 
particularly when deploying edge computing where decentralized processing must navigate 
trade-offs between power consumption and speed. Finally, integration with location services 
is imperfect, as GPS accuracy is often degraded in dense urban areas, requiring robust 
solutions for mapping compatibility to correctly assign pothole locations to official road 
maps. 
     Infrastructural challenges pose significant barriers to the successful deployment of a large-
scale, real-time reporting system. Connectivity issues are critical, as the system relies heavily 
on reliable network access, which is frequently inconsistent or unavailable in rural and remote 
regions. Inadequate infrastructure for high-speed data transmission, such as limited 5G 
network coverage, can substantially degrade overall system performance. Moreover, the lack 
of standardization across data formats, communication protocols, and detection 
methodologies creates notable interoperability issues, hindering seamless data exchange 
between various monitoring systems and governmental stakeholders. 
     The final layer of difficulties involves logistical and operational complexities. Effective 
road maintenance requires seamless coordination with authorities, yet the fragmentation of 
responsibility among Public Works Departments (PWDs), Regional Transport Offices 
(RTOs), and local bodies complicates streamlined reporting and prompt action. The absence 
of clear policies and frameworks for receiving and handling real-time pothole alerts often 
slows the entire repair process. From a long-term perspective, maintenance and scalability 
are challenging. Scaling the system to cover vast geographical areas necessitates significant 
investment in hardware upgrades, software patching, and network infrastructure, involving 
massive financial and human capital, making it difficult to expand coverage without 
experiencing performance degradation. 

5. Architectural Overview  
The proposed system architecture (Figure 1) is designed as a four-layered structure, ensuring 
seamless data flow from raw collection to final reporting and maintenance action. This 
structure facilitates real-time processing, accurate localization, and efficient communication 
with relevant stakeholders. 
 
 
 

 
Figure 1: Architectural Overview of Potholes Detection and Reporting System 

 

5.1 Sensing Layer 

This foundational layer is responsible for the real-time collection of road surface data. It 
primarily utilizes high-resolution cameras mounted on vehicles to capture continuous video 
feeds and images of the road surface. In addition to visual input, this layer integrates 
accelerometers and gyroscopes to measure sudden vehicle vibrations and jolts, which serve 
as preliminary indicators of road anomalies. This multi-sensor approach ensures robustness, 
as the visual data confirms the type and severity of the defect indicated by the vibration data. 

5.2 Processing Layer 

The Processing Layer serves as the intelligence hub of the system. It ingests the raw data 
from the Sensing Layer and employs Machine Learning (ML) algorithms and Computer 
Vision (CV) models (such as YOLOv8 or customized CNNs) to identify and classify 
potholes. The primary functions include: 

1. Object Detection: Identifying the presence and bounding box of a pothole within 
the captured image frames. 

2. Classification and Severity Assessment: Categorizing the detected defect (pothole 
vs. crack, etc.) and estimating its size and depth to assign a severity score. 

3. Real-Time Filtering: Minimizing false positives (e.g., shadows or manhole covers) 
to ensure the accuracy of the final reported data. 

5.3 Mapping Layer 

This layer is dedicated to accurate spatial localization and contextualization of the detected 
potholes. It tightly integrates the processed detection data with GPS coordinates derived from 
the vehicle's location services. The core function is to generate geospatial tags for each 
confirmed pothole and feed this data into a Geographic Information System (GIS). This 
enables the system to display the pothole location, size, and severity on a live, interactive 
road map accessible to authorities. 
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5.4 Communication Layer 

The Communication Layer is the interface responsible for generating alerts and presenting 
actionable information to end-users. It facilitates the immediate dispatch of automated reports 
containing the pothole's location, size, and severity to concerned authorities (PWD, RTO, 
etc.). Furthermore, this layer supports a user-friendly dashboard where road maintenance 
personnel can view real-time pothole data, track the status of reported defects, and efficiently 
prioritize and manage repair tasks based on location and severity. 

6. Methodology 
The operational framework for the real-time pothole detection and reporting system is structured into 
five distinct, sequentially dependent stages: Data Collection, Data Processing, Pothole Detection, 
Validation, and Localization and Reporting. 

6.1 Data Collection 

Real-time data is systematically collected via a multimodal sensing array. This array primarily consists 
of high-resolution cameras and inertial sensors (accelerometers and gyroscopes) mounted on vehicles 
or strategically positioned fixed roadside units. Both sensor readings, which capture vibration and 
estimated depth profiles, and the corresponding imagery are meticulously time-stamped and geotagged 
using GPS technology. This precise temporal and spatial referencing is crucial for subsequent accurate 
analysis and localization. 

6.2 Data Processing and Pothole Detection 

The raw data is first subjected to pre-processing to optimize quality and compatibility. This involves 
noise reduction techniques to filter out irrelevant signals and data normalization to ensure consistent 
sensor output for the analysis algorithms. Subsequently, the system executes the core Pothole Detection 
stage: it employs a two-pronged approach by first analyzing sensor data for anomalous aspects, such as 
sudden vertical acceleration indicative of a road defect. Concurrently, a Convolutional Neural Network 
(CNN) is applied to the image data, tasked with feature extraction to identify the characteristic edges, 
contours, and textural properties of potholes. 

6.3 Validation and Reporting 

The Validation stage is critical for maintaining system integrity. It utilizes a cross-referencing 
mechanism that correlates the findings from the inertial sensors with the visual confirmation from the 
CNN, significantly reducing the occurrence of false positives. Once confirmed, detected road anomalies 
are then definitively classified by severity based on measured size and estimated depth parameters. The 
final stage is Localization and Reporting: the validated potholes are accurately tagged with their GPS 
coordinates and integrated into a GIS-enabled platform, allowing the locations to be visualized on real-
time maps. For major potholes, the system triggers an Automated Reporting sequence, instantly raising 
alerts and notifying all concerned authorities (via SMS, e-mail, or a customized web portal) with 
specific details including location, severity, and time of detection. 

7. Results and Analysis 

7.1 Pothole Detection Accuracy 

Detection Rate: The system obtained an average pothole detection accuracy of 94.8%, a false 
positive rate of 3.1%, and a false negative rate of 2.1%. The combination of sensor data 

(accelerometers and gyroscopes) with real-time image processing enabled the system to 
detect accurately even when road conditions change. 
Scenarios Tested: 
- Urban Roads: Detection accuracy of 96.2%. 
- Rural Roads: Detection accuracy of 91.7%. 
- Highways: Detection accuracy of 95.4%. 
The minor variation in accuracy is attributed to differences in road textures and lighting 
conditions. 

7.2 Localization Performance 

GPS Integration: 
Localization module effectively localized the pothole positions with an average error of ±2.5 
meters. Such degree of precision was considered adequate for real road maintenance 
applications. 
Edge Cases: 
Areas with Weak GPS Signals: Complementary localization methods, supplemented by 
triangulation, reduced errors to ±4 meters. 
Dynamic Vehicle Speed: The system showed stable performance from 20 to 120 km/h. 

7.3 Automated Alert System 

Alert Transmission 
Using 4G/5G networks, the system sent alerts to a centralized server with an average time of 
1.2 seconds. In areas with limited connectivity, data was stored locally and synchronized 
when the network was available. 
Maintenance Prioritization: 
Using severity scores (based on pothole depth and frequency of occurrence) allowed the 
system to focus road maintenance efforts by prioritizing which roads and sections to fix. In 
contrast, comparative analysis revealed a 25% improvement in response efficiency for 
maintenance teams using this system. 

7.4 Comparative Benchmarking 

The performance of the proposed system was compared to existing pothole detection 
solutions. 

Figure 2: Performance comparison of proposed system with existing pothole detection 
solutions 
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using GPS technology. This precise temporal and spatial referencing is crucial for subsequent accurate 
analysis and localization. 

6.2 Data Processing and Pothole Detection 

The raw data is first subjected to pre-processing to optimize quality and compatibility. This involves 
noise reduction techniques to filter out irrelevant signals and data normalization to ensure consistent 
sensor output for the analysis algorithms. Subsequently, the system executes the core Pothole Detection 
stage: it employs a two-pronged approach by first analyzing sensor data for anomalous aspects, such as 
sudden vertical acceleration indicative of a road defect. Concurrently, a Convolutional Neural Network 
(CNN) is applied to the image data, tasked with feature extraction to identify the characteristic edges, 
contours, and textural properties of potholes. 

6.3 Validation and Reporting 

The Validation stage is critical for maintaining system integrity. It utilizes a cross-referencing 
mechanism that correlates the findings from the inertial sensors with the visual confirmation from the 
CNN, significantly reducing the occurrence of false positives. Once confirmed, detected road anomalies 
are then definitively classified by severity based on measured size and estimated depth parameters. The 
final stage is Localization and Reporting: the validated potholes are accurately tagged with their GPS 
coordinates and integrated into a GIS-enabled platform, allowing the locations to be visualized on real-
time maps. For major potholes, the system triggers an Automated Reporting sequence, instantly raising 
alerts and notifying all concerned authorities (via SMS, e-mail, or a customized web portal) with 
specific details including location, severity, and time of detection. 

7. Results and Analysis 

7.1 Pothole Detection Accuracy 

Detection Rate: The system obtained an average pothole detection accuracy of 94.8%, a false 
positive rate of 3.1%, and a false negative rate of 2.1%. The combination of sensor data 

(accelerometers and gyroscopes) with real-time image processing enabled the system to 
detect accurately even when road conditions change. 
Scenarios Tested: 
- Urban Roads: Detection accuracy of 96.2%. 
- Rural Roads: Detection accuracy of 91.7%. 
- Highways: Detection accuracy of 95.4%. 
The minor variation in accuracy is attributed to differences in road textures and lighting 
conditions. 

7.2 Localization Performance 

GPS Integration: 
Localization module effectively localized the pothole positions with an average error of ±2.5 
meters. Such degree of precision was considered adequate for real road maintenance 
applications. 
Edge Cases: 
Areas with Weak GPS Signals: Complementary localization methods, supplemented by 
triangulation, reduced errors to ±4 meters. 
Dynamic Vehicle Speed: The system showed stable performance from 20 to 120 km/h. 

7.3 Automated Alert System 

Alert Transmission 
Using 4G/5G networks, the system sent alerts to a centralized server with an average time of 
1.2 seconds. In areas with limited connectivity, data was stored locally and synchronized 
when the network was available. 
Maintenance Prioritization: 
Using severity scores (based on pothole depth and frequency of occurrence) allowed the 
system to focus road maintenance efforts by prioritizing which roads and sections to fix. In 
contrast, comparative analysis revealed a 25% improvement in response efficiency for 
maintenance teams using this system. 

7.4 Comparative Benchmarking 

The performance of the proposed system was compared to existing pothole detection 
solutions. 

Figure 2: Performance comparison of proposed system with existing pothole detection 
solutions 
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The proposed system outperformed existing solutions, particularly in terms of accuracy and 
real-time responsiveness. 

8. Algorithms  

Algorithm Workflow 

1. Input: Road surface image. 
2. Preprocess: Grayscale, noise removal, and contrast enhancement. 
3. Detect: Apply edge detection, thresholding, and contour analysis. 
4. Classify: Use trained machine learning or deep learning models. 
5. Localize: Add GPS coordinates to detected potholes. 
6. Output: Report pothole details and send alerts. 

 
1. Image Preprocessing: Capturing images is the first step, followed by preprocessing (e.g., 

normalization, noise reduction). 
2. Object Detection: A Convolutional Neural Network (CNN) is trained to detect potholes 
from images. The network is trained on a labeled dataset of potholes and non-pothole road 
conditions to learn the distinguishing features. 
3. Geospatial Data Integration: The GPS module records the coordinates of potholes, 
which are then used to create a live map of the pothole locations. 

9. Conclusions 
The rising potholes on roads threaten transportation safety, infrastructure quality, and general 
mobility in cities. The paper looked into the design and development of a system that could 
promptly and accurately detect potholes in real time, map their locations, and take action by 
automatically generating reports. By incorporating advanced sensor technologies, machine 
learning algorithms, geographic information systems, and communication in the Internet of 
Things, the system avoids some of the flaws presented in traditional methods of pothole 
detection and reporting. Data coming from accelerometers, gyroscopes, cameras, and 
ultrasonic sensors provide accurate and reliable information. Precise geo-location along with 
classification on a severity scale makes possible priority-setting by authorities to direct 
effective maintenance operations. The automated reporting mechanism transmits pothole 
detection information to the concerned parties including Public Works Department, Regional 
Transport Office, and Road maintenance engineers and other bodies concerned at the local 
municipal levels thus ensuring reduced response time and efficiency in operations. 
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