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ABSTRACT: Road potholes are one of the primary causes of traffic accidents, vehicle damage, and congestion, especially
in developing areas. The situation becomes more critical during monsoon seasons when puddled water completely hides
potholes from visual observation. Conventional methods for detecting potholes depend on either manual inspection or basic
image processing techniques which require lengthy time periods for their implementation and produce less precise results
which cannot be used in expansive operational settings. The research introduces SMARTVISION which functions as a
hybrid system for detecting potholes under both dry and flooded road conditions. A vehicle-mounted camera
captures real-time road images which the system processes using the YOLOvVS8 deep learning model to detect potholes
through visual features that include edges and texture and irregular shapes. The system uses underwater SONAR sensors to
measure road depth changes through ultrasonic wave reflection principles because visual detection has become
unreliable in flooded environments. The proposed system achieves better detection performance through its
combination of computer vision technology and sensor-based depth analysis which works across different environ- mental
conditions. The experimental results show that the system achieves better accuracy and real-time performance and stronger
performance than traditional methods. The system enhances transportation safety while it helps develop intelligent
transportation systems and smart city infrastructure development.

KEYWORDS: SMARTVISION, Road Safety, Pothole Detection, Computer Vision, Al Surveillance, Smart Cities, Image
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I. INTRODUCTION

The transportation system depends on road infrastructure to provide safe and efficient movement of people and goods. Pot-
holes exist as the most frequent and dangerous road problems which impact all types of roads in both urban and rural lo-
cations. The undetected surface irregularities result in vehicle destruction and traffic interruptions and major collisions.

The traditional method for detecting potholes requires exten- sive manual inspections which consume excessive time and
workforce resources while struggling to cover extensive road systems. Intelligent transportation systems (ITS) technological
progress creates increasing demand for systems that can dis- cover and track events in real time with automated processes.
The latest computer vision and deep learning advancements enable systems to identify potholes through image recognition
methods. The YOLO model demonstrates effective perfor- mance for pothole detection during clear weather conditions
[8] [9]. The systems encounter major difficulties because they struggle to detect potholes which become hidden during low-
light situations and heavy rainfall.

The research introduces SMARTVISION which functions as a detection system through its use of vision-based deep
learning and sensor-based depth measurement technology. The system achieves dependable pothole detection through its
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integration of YOLOvV8 and SONAR sensing technology which works in both visible and non-visible environments to
enhance system performance in real-world situations.

Il. RELATED WORK

The current literature on pothole detection studies which two main methods that use either visual systems or sensor
technologies as their primary detection methods. Vision-based methods utilize image processing or deep learning
techniques to identify potholes from road images. The initial methods used edge detection with texture analysis techniques
which proved to be vulnerable to changes in lighting conditions [5]. Recent research studies have utilized deep learning
systems which include convolutional neural networks (CNNs) and YOLO systems to achieve better accuracy and instant
detection capabilities [1] [2].

Sensor-based approaches, on the other hand, use accelerome- ters, ultrasonic sensors, and vibration analysis to detect road
irregularities. The methods successfully detect changes that occur on road surfaces; however, their performance decreases
when vehicles generate dynamic movements which cause false detection errors [3].

Some studies have explored the use of smartphone-based data collection and deep learning for road damage detection
through their research [6]. Most existing systems use either vision-based methods or sensor-based methods as separate
solutions. Very few approaches address the challenge of de- tecting potholes under flooded conditions.

A significant research gap exists because researchers have not developed a unified system which can detect road condi-
tions in both dry and submerged environments. The proposed SMARTVISION system addresses this limitation by combin-
ing deep learning-based visual detection with SONAR-based depth sensing, ensuring reliable performance across diverse
environmental conditions.

I11. PROPOSED SYSTEM ARCHITECTURE

The SMARTVISION system which has been proposed op- erates as a hybrid adaptive system which detects potholes
through its combination of vision-based and sensor-based detection methods. The system architecture contains multiple
operational modules which work together to achieve accurate pothole detection results which maintain their accuracy across
various weather conditions from dry streets to flooded areas. The system consists of three main components which are the
vision-based detection module and the sensor-based detection module and the decision-making module. The system links
its different components through interconnections which enable real-time data handling and intelligent detection functions.

Vision-Based Detection Module
The vision-based detection module identifies potholes through its capability to analyze live road images. The vehicle-
mounted camera system continuously records road surface images which are processed by the YOLOvV8 deep learning
model. YOLOV8 operates as a single-stage object detection system which achieves both rapid performance and accurate
results needed for immediate use.

The model examines each video frame to identify potholes through visual analysis of irregular shapes and cracks and
texture changes. The system creates bounding boxes around identified areas which it pairs with confidence scores that show
how likely the detection is correct. This method enables exact positioning of potholes on the roadway. The vision- based
module shows good performance during regular daylight and complete sighting conditions. The system detects objects with
brief pauses which enable it to function as an immediate operational tool. The system experiences performance issues
during conditions of dim light and shadow presence and when water fills potholes because visual details become harder to
identify.

Sensor-Based Detection Module

The vision system receives enhancement through the sensor- based detection module which detects potholes through phys-
ical measurements that do not depend on visual data. The distance through the time-of-flight method. When a pothole
is present, there is a sudden increase in the measured distance due to the depression in the road surface.
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The system uses two types of sensors to determine road flooded conditions through the SONAR sensor and a rain sen- sor
which detects water present on the road. The accelerometer (MPU6050) detects vibrations and sudden movements when the
vehicle passes over uneven surfaces, providing additional confirmation of pothole presence.

The module achieves improved detection results through its ability to analyze data from various sensors while maintaining
the ability to detect hidden potholes.

Decision-Making and Mode Selection Module
The decision-making module functions as the main control system for the SMARTVISION system. It uses both vision-
based and sensor-based system outputs to create the final detection output.

The system functions in two different modes which depend on the existing environmental conditions. Dry Road Mode
uses the YOLOvV8 model as its primary tool for detecting potholes through visual data. The system switches to sensor-
based detection through SONAR and other sensor inputs when the rain sensor detects water presence or visibility is poor in
Flooded Road Mode.

The decision algorithm examines confidence scores from the vision model and depth variation sensor data and vibration
sensor data. The system confirms a pothole detection through its two modules which generates an alert when it reaches
sufficient confidence.

This hybrid decision system improves accuracy while decreas- ing false detections and maintaining dependable
performance throughout various road conditions and weather conditions.

IV.WORKING PRINCIPLE

The SMARTVISION system operates through its core design which combines visual detection methods with depth sensing
technologies.

The camera system starts its operation by capturing ongoing road surface conditions through real-time image acquisition.
The YOLOvV8 model processes the images to identify potholes by examining visual elements which include unusual shape
patterns and texture details. The model produces bounding box results together with confidence score data.

The SONAR sensor performs two functions: it transmits ultrasonic waves and calculates distance through time-of-flight
measurement.

v xt 1)

module becomes essential for detecting objects during heavy rain or flooded road conditions which make camera systems
ineffective.

where:

D= (1)

The vehicle uses an underwater SONAR sensor which it installs at its base to measure distance between the vehicle and the
road surface. The sensor uses ultrasonic waves to measure

D = distance between sensor and road

- v = speed of sound

- t = time taken for echo to return

A sudden increase in distance indicates a pothole. Additional sensors such as rain sensors and accelerometers provide sup-
porting information regarding environmental conditions and vehicle movement.

The system integrates outputs from both modules to make a final decision, ensuring accurate detection under all conditions.

Intersection over Union (loU)
The loU metric evaluates detection accuracy.

AreaOverlap
for detection when it detects flooded conditions because this approach provides better results during times of low visibility.
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The MPUG6050 accelerometer detects vibrations and sudden movements which occur when vehicles drive on uneven road
surfaces. The system provides additional evidence of pothole existence which helps to improve detection accuracy.

An RCWL motion sensor detects vehicle movement which re- stricts detection activities to vehicle operation while
decreasing false alarm rates.

The system components receive power from a regulated power
loU =AreauUnion %)
supply which maintains consistent system operation. The system achieves effective data transmission between sensors

Pothole Depth Calculation
Depthpothole = Dpothole —Dnormal @)

where:
e Dpoimole = Measured distance at pothole
o  Duorma = normal road distance

Pothole Severity Estimation
Severity =qa X Areapothme + B X Depthpothole (4)

where a and  are weighting parameters.

V. HARDWARE IMPLEMENTATION

The hardware design of the SMARTVISION system concen- trates on its three essential design elements which include
simple design, efficient operation, and real-time system perfor- mance capabilities for its intended use in vehicles. The
system uses multiple sensors together with processing units to create a system which reliably detects potholes across various
weather conditions.

The system uses an ESP32 microcontroller as its primary processing unit which handles all system control functions. The
device gathers sensor information which it processes before sending data to the vision-based system. The use of embedded
controllers such as ESP32 enables efficient real- time data handling in smart transportation applications [3].

A camera module is mounted at the front of the vehicle to continuously capture images of the road surface. The system uses
the YOLOV8 deep learning model to process these images for pothole detection purposes. Deep learning-based vision ap-
proaches have demonstrated exceptional accuracy for detecting road damage through typical operational conditions [1], [9].
To enhance detection in challenging scenarios, an underwater SONAR sensor is installed at the bottom of the vehicle. The
sensor uses ultrasonic waves to measure the distance between the vehicle and the road surface. The distance measurements
enable the detection of potholes which remain hidden during water accumulation. Sensor-based detection techniques have
been widely used to detect road irregularities through physical measurements [5] [6].

The system includes a rain sensor which detects water pres- ence on the road. The system selects sensor-based methods
and microcontroller through proper interfacing methods. The hardware setup maintains a small size and low pricing while
effectively operating in real-world situations of intelligent transportation systems.

SOFTWARE DESIGN

The SMARTVISION system software processes real-time data while detecting objects and integrating sensors with high
effi- ciency. The YOLOv8 model is used for vision-based pothole detection. It is trained using annotated road images
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containing potholes under different conditions. The model processes input images and detects potholes by generating
bounding boxes and confidence scores.

The ESP32 microcontroller is programmed using the Arduino IDE to read sensor data from the ultrasonic sensor, rain
sensor, accelerometer, and motion sensor. The firmware continuously monitors sensor readings and identifies abnormal
patterns such as sudden depth changes and vibrations.

The system uses a decision-making algorithm which combines results from vision and sensor modules to make its determi-
nation. The system confirms pothole detection when either module detects a pothole and creates an alert.

The system displays sensor data and detection outcomes through a serial monitor and interface which enables users to
observe system performance in real time while debugging the system.
The software detects potholes with high accuracy because it runs at low latency and real-time performance.

VI.RESULTS AND ANALYSIS

The section provides an evaluation of the performance re- sults which the SMARTVISION pothole detection system has
achieved. The system combines vision detection through YOLOV8 with sensor detection capabilities which use ul- trasonic
and rain and motion and vibration sensors. The evaluation process tests the hybrid system under two different road
conditions which are dry and flooded.

The YOLOV8 model detects potholes in real time through its ability to identify visual characteristics which include
abnormal shapes and surface breakpoints. The model shows detection capabilities through its output of bounding boxes
which come with confidence scores as shown in Fig. 1. Deep learning-based approaches like YOLO have proven to be
effective for real-time object detection tasks [8] [9].

Fig.1. YOLOVS detecting a pothole with bounding box and confidence score
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Fig.2. Training performance showing reduction in loss and improvement in precision, recall, and Map

The training results demonstrate how the model learns throughout its entire learning process. The loss curves demon- strate
a continuous decline which proves that the model successfully acquires important features. The detection ability of the
system improves through time because its precision, recall, and mAP values continue to rise. Deep learning- based road
damage detection systems have shown comparable advancements according to research studies [1] [6].
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Fig.3. Confusion matrix representing classification performance
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The confusion matrix in Fig. 3 highlights the classification performance of the model. A high number of true positive
detections and relatively low false detections indicate that the model performs well in distinguishing potholes from normal
road surfaces.

Precision-Recall Curve

pothole 0.774
= all classes 0.774 mAP@0.5

0.8

0.4

0.2

Fig.4. Precision-Recall curve showing trade-off between precision and recall

The precision-recall curve demonstrates the balance between detection accuracy and completeness. The model maintains
high precision across different recall values, indicating that it can detect potholes reliably without generating excessive false
positives.

F1-Confidence Curve

pothole
= all classes 0.76 at 0.478

Fig.5. Fl1-score vs confidence curve indicating optimal detection threshold

The F1-score curve helps determine the optimal confidence threshold for detection. It reflects a balanced trade-off between
precision and recall, ensuring that the system performs effec- tively under varying conditions.
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Fig6. Sample pothole detection results using YOLOV8 with bounding boxes

The detection results establish the YOLOV8 model as an effective detection system. The system identifies potholes on
various road types while providing confidence ratings which prove its effectiveness in real-time operations.

Vision-Based Detection Analysis

The researchers tested the vision-based system by using actual street footage which they obtained from various weather
condi- tions and daylight situations. The YOLOv8 model successfully detected potholes with high accuracy by generating
bounding boxes and confidence scores.

The results show that the model performs well in dry con- ditions, achieving high precision and low detection latency.
However, its performance decreases in situations where visi- bility is poor, such as during low lighting or when potholes
are filled with water. This limitation exists in all vision- based systems which depend on visual elements to function
according to [2].

Sensor-Based Detection Analysis

The researchers conducted tests on the sensor-based module which used data from four different sensors including the
ultrasonic sensor and rain sensor and MPUG6050 accelerometer and RCWL motion sensor. The ultrasonic sensor
effectively captured depth variations in the road surface whereas the accelerometer detected vibrations caused by
uneven terrain. The rain sensor detected water presence in flooded road conditions while the ultrasonic sensor showed
irregular depth variations. The system used this feature to detect potholes which were not visible to the camera. Sensor-
based approaches are known to be effective in detecting hidden road irregularities [5].

The sensor-based system generates false positives when vehi- cles move suddenly or road conditions change. The system
enhances detection reliability under difficult environmental conditions.
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Fig.7. ESP32 serial monitor showing confirmed pothole detection
Fig. 7 shows the real-time output of the system, where pothole detection is confirmed based on sensor data.
Comparative Analysis
A comparison between different detection methods is pre- sented in Table I.
The results of the comparison demonstrate that SMARTVI- SION system achieves superior accuracy while processing data
in real time. The system detects potholes in flooded areas which current methods cannot accomplish.

TABLE | PERFORMANCE COMPARISON OF DETECTION METHODS

Method P ecision (%6) Latency (ms) Flooded Roads
Image Processing 70 400 No
Sensor-Based 75 120 Yes
Deep Learning 20 180 No
SMARTVISION 094 150 Yes

Overall Analysis

The hybrid method through its implementation brings about substantial enhancements to pothole detection results. The
vision-based module delivers precise detection for standard conditions, while the sensor-based module provides depend-
able detection in difficult conditions which include flooded pathways.

The SMARTVISION system creates a strong solution that can be applied to multiple situations by connecting both systems
together. The system shows better accuracy and shorter re- sponse times and greater system dependability which makes it
ready for use in intelligent transportation systems in real-world situations.

ADVANTAGES

The SMARTVISION pothole detection system brings multiple important benefits to the table when compared to traditional
detection methods. The system achieves better accuracy and reliability through its combination of deep learning-based
vision techniques and sensor-based depth analysis which out- performs existing standalone methods [1] [3].
SMARTVISION provides real-world operational capabilities through its ability to function under both dry road conditions
and flooded road conditions which traditional systems can only operate through visual detection methods [2] [5]. The
YOLOvV8 model enables immediate detection capabilities with minimal delays which transportation systems require to
function effectively [9]. The model uses advanced visual feature analysis to accurately iden- tify potholes through its study of
edges and texture and surface irregularities [1]. The system gains greater operational strength through its addition of sensor-
based detection which allows it to maintain proper performance during low-light and under- water situations. The entire
system achieves cost efficiency through its use of low-cost components which include ESP32 and standard sensors that
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enable large-scale deployment. The system achieves better detection accuracy because it integrates multiple sensing
methods which decrease false positives and enhance decision-making performance according to the study results. [3] The
SMARTVISION system enhances road safety through its ability to identify potholes at an early stage which decreases the
chance of accidents and vehicle destruction.

VII. LIMITATIONS

The SMARTVISION system demonstrates effective perfor- mance but requires consideration of its existing limitations.
The system’s accuracy depends on sensor performance which environmental factors including noise and water turbulence
and improper calibration will disrupt [5]. The system experi- ences reliability problems because sudden vehicle movements
and road irregularities trigger false positive results in sensor- based detection. The vision-based module works with high
accuracy during standard conditions however poor lighting conditions and road surface shadows and reflections reduce its
performance [2]. The YOLOv8 model achieves its best per- formance through high-quality diverse training datasets which
limited data help create detection problems [1] [9]. The need for real-time processing with large-scale deployment creates
hardware limitations because it needs advanced computational resources. The system needs to improve its current
limitations which will assist future research to develop stronger system security and increased system capacity.

VIII. FUTURE SCOPE

The SMARTVISION system shows effective performance but needs multiple system improvements to enhance its
operational capabilities and real-world function. The system can be ex- panded through GPS module integration which
enables the system to record pothole locations while creating maps that help road maintenance teams identify damaged
areas for effi- cient repairs. The YOLOvV8 model needs training on larger and diverse datasets which will enhance its ability
to detect objects correctly across various lighting and weather and road situa- tions [1] [9]. The system achieves better
compactness through its operational deployment on embedded edge Al platforms which include Raspberry Pi and Jetson
Nano for real-time vehicle integration. The system can be expanded by supporting cloud-based data storage with
communication systems that allow pothole data collection from multiple vehicles to enable extensive monitoring of road
conditions [3]. The system can expand its capabilities to detect various road anomalies which include cracks and speed
breakers and obstacles to function as a complete road monitoring system. The system needs integration with smart city
infrastructure which will enable automated road maintenance together with traffic management improvements that support
intelligent transportation system development [2]. The system can be extended to estimate or predict remaining road
surface life through its analysis of pothole occurrence and depth changes and its study of long- term surface deterioration
[10].

IX. CONCLUSION

The hybrid pothole detection system combines camera vision technology with depth-sensing sensors to achieve accurate
detection across different road conditions. The system uses the YOLOv8 deep learning model to detect potholes on dry
roads through real-time image analysis which enables visual feature extraction of shape, texture and surface irregularities

(21 [9]

To solve the problems that vision-based techniques face in flooded areas the system includes an underwater SONAR
sensor. The sensor uses ultrasonic wave reflection to measure road depth changes which allows it to detect potholes that are
not visible. The system achieves better detection performance through its use of depth measurement combined with motion
and vibration data collection [5] [6].

The experimental results show that the hybrid method pro- vides better detection performance and reliability results than
traditional systems which use only one detection method. The vision-based module achieves good performance during
clear weather conditions whereas the sensor-based module maintains active detection capability during low-visibility and
flooded situations.

The SMARTVISION system provides an effective solution for detecting potholes in real time through its practical and
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efficient operational methods. The system improves road safety while decreasing vehicle damage and facilitating the
development of intelligent transportation systems and smart infrastructure [2] [3].
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