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Abstract: This paper is intended to study and develop a custom trained machine learning model which can detect potholes on road
in real-time. Potholes and Road Craters are one of the key contributors of the numbers of accidents take place each year. A
comparison for selection of object detection algorithm has been done in this paper. The proposed solution uses You Only Look
Once (YOLO) version 7 object detection algorithm to train and be able to detect potholes and road craters. After training the model
with the custom dataset, the model has achieved a precision of 0.94, recall value of 0.98. The mAP of the proposed solution 94.76%.
The solution is able to detect potholes in both daylit and low-light real-time scenarios.

Index Terms - Potholes, YOLO, CNN, Single Shot Detection, loU, Detection, Craters, Road, Highway, Accident, Deep
Learning

l. INTRODUCTION

For a nation to offer nationwide commuting options, roads are a necessity for transportation. Road infrastructure makes it possible
to link people and move commaodities, which improves the availability of jobs, business possibilities, and the health care system
nationwide. As top-notch roads contribute to the GDP of the nation, the disastrous infrastructure of roads can be fatal for the
safety of passengers and the condition of automobiles. Roads are typically built of asphalt pavement, which over time is
susceptible to various structural problems. Authorities have been concerned about the asphalt pavement distresses in order to
prevent unfavorable situations. These pavements are prone to two significant pavement failures, cracks and potholes, due to
factors like age, poor building materials, traffic volume, weather, and an inadequate drainage system. Figure 1 illustrates a pothole
as a concave-shaped depression in the road surface. Potholes are dangerous because they can cause accidents, unpleasant driving
experiences, and car malfunctions.

Fig. 1: Road Damage causing potholes and craters

Death tolls caused by accidents have increased by almost 7% from January 2022 to May 2022, in comparison with the same for
2021 [29]. A recent statistics state that more than 2000 people have lost their lives in highway road accidents during the first five
months of 2022. A data from West Bengal Traffic Police portrays that during 2018 to 2020, the number of accidents and fatalities
are significant. [30]
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Table 1: Accidents Statistics in West Bengal (2018-2020)

Year Accidents Reported Souls Killed Souls Injured Injured Severity Death Severity

(Per 100 accidents) (Per 100 deaths)
2018 10042 5417 9835 97.9 53.9
2019 10158 5500 9757 96.0 54.1
2020 9180 4927 8314 90.5 53.6

Potholes claims a large share in the numbers of accidents cause each day. As per a report of Times of India, a case-wise analysis
reveals that, almost 56% of fatalities in accidents were caused by over-speeding and 28% accidents took place due to careless
driving or overtaking, and more than 10% accidents’ cause were bad road conditions. The highest contributor to the number of
death tolls is the National Highways (34.5%), followed by State Highways (25.1%) [29]. These figures amply demonstrate the
necessity for a system that can foresee and address situations of encountering potholes at high speed that can occur when driving
on roads and expressways and result in deadly accidents. Although the issue cannot be resolved from the ground up, the proposed
solution’s development and implementation can help to some extent reduce the numbers.

1. LITERATURE SURVEY

Several studies have been conducted on deep learning-based pothole detection approaches using various machine learning-based
object detection algorithms. A comparative study by Roopak Rastogi [1] et al. Al. An accuracy of 87% is achieved using the YOLO
version 2 object detection algorithm. Muhammad Harun Assad et al. [31] developed an algorithm that uses YOLO v4 as the base
object detection algorithm, trained on a custom dataset, and achieved 90% accuracy at 31.76 FPS. Zhang et al. [32] proposed an
embedded system for road obstruction detection integrated with CNN using the Montreal Pavement dataset. The model shows that
the true positive rates for potholes, patches, marks, linear cracks, and crack networks are 75.7%, 84.1%, 76.3%, 79.4%, and 83.1%,
respectively. Oche et al. [33] used five binary classification models (Naive Bayes, Logistic Regression, SVM, K-Nearest Neighbors
(KNN), and Random Forest Tree) to apply various classifications to data collected via smartphone and car routes. They presented
a comparison of machine learning approaches. The Random Forest Tree and KNN achieved the highest accuracy of 0.8889 on the
test set. To improve the accuracy of the Random Forest Tree, they tuned hyperparameters and increased accuracy up to 0.9444. The
model has shown promising results on different routes and out of sample data. Arbawa et al. [34] proposed a method for detecting
road potholes using the gray-level co-occurrence matrix (GLCM) feature extractor and support vector machine (SVM) as a
classifier. They analyzed three features such as contrast, correlation, and dissimilarity. The results have shown that a combination
of contrast and dissimilarity features exhibits better results with an accuracy of 92.033% and computing time of 0.0704 seconds per
frame. Chen et al. [35] proposed a novel location-aware convolutional neural network and trained on a public pothole dataset that
consists of 4,026 images as training samples and 1,650 images as test samples. The proposed model is based on 2D-vision techniques
and location-aware convolutional networks. CNN networks consist of two main subnetworks; the first localization subnetwork
(LCNN) finds as many candidate regions as possible by employing a high recall network model, and the second part-based
subnetwork (PCNN) performs classification on the candidates on which the network is expected to focus. The proposed method
achieved high precision 95.2% and recall 92.0%.

From the computational problem approach, the main problem in this domain, that has to be solved, is to detect and classify various
scenarios from the environment and predict them after identifying. There are many algorithms that have been developed for object
detection like SSD (Single Shot Multi box Detection) [2,7], YOLO (You Only Look Once) etc. [2,9 ,10, 12, 13,14, 15, 16]. The
aim of this section is to study and compare these algorithms, and observe the best algorithm which is has the following qualities:

Fast: To be able to produce output in almost real-time.
Accurate: The accuracy of the output must be high.
Light weight:  To cut down the computational overhead in real-time environment, the algorithm must be lightweight.

In the following section, several object detection algorithms are discussed. Comparing all the pros and cons of the algorithms, the
best fit algorithm which performs well in our problem space is chosen for design and development.

1. Histogram of Oriented Gradients (HOG):

One of the earliest techniques for object detection is the Histogram of Oriented Gradients [4]. It was initially released in 1986.
Despite modest advancements in the following decade, the strategy did not become widely used in computer vision applications
until 2005, when it began to do so. A feature extractor is used by HOG to locate items in a picture. The feature descriptor employed
in HOG s a representation of a portion of an image from which we only take the most important details into account and ignore
everything else. The feature descriptor's job is to transform the image's total size into an array or feature vector. To locate the most
important areas of an image in HOG, we employ the gradient orientation technique.
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Fig. 2: Steps in HOG Algorithm

The histogram of the gradient for a specific pixel in an image is computed by taking into account the vertical and horizontal values
to get the feature vectors. A clear value for the present pixel is acquired by investigating the other entities in their horizontal and
vertical surrounds with the aid of the gradient magnitude and gradient angles. As seen in Fig. 2, a picture segment of a specific size
is taken into consideration. By breaking up the complete calculation of the picture into gradient representations of 88 cells, the
gradient is first determined. We may divide each cell into angular bins and compute the histogram for the specific area using the 64
gradient vectors that are obtained. The 64 vectors are shrunk down to 9 values by this technique. We have the option to build
overlaps for the blocks of cells after we have the size of the 9-point histogram values (bins) for each cell. The final steps are to form
the feature blocks, normalize the obtained feature vectors, and collect all the features vectors to get an overall HOG feature.

Limitations —

The Histogram of Oriented Gradients (HOG) [4], though relatively ground-breaking in the early days of object identification, had
a lot of flaws. It takes a long time to compute complicated pixels in photos and is useless in some cases involving tighter spaces
and object recognition.

2. Region-based Convolutional Neural Networks (R-CNN):

The object detection process has been improved over the past approach of HOG using region-based convolutional neural networks
[4]. We employ selected features in the R-CNN models [5] to try to extract the most important characteristics, which are typically
about 2000 features. A selective search algorithm that can produce these more significant regional recommendations may be used
to calculate the process of choosing the most important extractions.

Selective Search

Class Prediction

CNN

A

Bounding Box
Prediction

Fig. 3: Working principle of R-CNN [6]

The working procedure of the selective search algorithm to select the most important regional proposals is to ensure that you
generate multiple sub-segmentations on a particular image and select the candidate entries for your task. The greedy algorithm can
then be made use of to combine the effective entries accordingly for a recurring process to combine the smaller segments into
suitable larger segments. Our next objectives are to extract the features and create the necessary predictions after the selective search
method has been successfully performed. The convolutional neural networks can then be utilized to generate an n-dimensional
(2048 or 4096) feature vector as an output once we have made the final candidate suggestions. The task of feature extraction can
be easily completed with the aid of a pre-trained convolutional neural network.

Making the necessary predictions for the image and labelling the corresponding bounding box in accordance with those predictions
is the R-final CNN's step. The predictions are created by computing a classification model for each task in order to get the best
results possible. A regression model is then utilized to adjust the bounding box categorization for the suggested regions.
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Limitations —

i. Despite the pre-trained CNN models generating good feature extraction results, the total extraction process of all the area
recommendations, and ultimately the best regions using the present techniques, is incredibly sluggish.

ii. The R-CNN model's high prediction time, in addition to its sluggish training rate, is another significant flaw. The requirement
for extensive computational resources raises the process’s overall viability. Because of this, the entire architecture might be seen as

pricey.

iii. On occasion, the first step's candidate choices might go wrong because there aren't any room for change at that point. This has
a lot of potential to cause issues with the trained model.

3. Faster R-CNN:

The R-CNN [5] model was able to compute object detection and produce desired results, however there were numerous significant
flaws, particularly the model's speed. As a result, it was necessary to develop quicker approaches to some of these challenges in
order to fix the flaws with R-CNN. First, the Fast R-CNN was developed to address some of the R-underlying CNN's problems.

Instead of taking into account all of the sub-segments, the quick R-CNN approach runs the entire picture through the pre-trained
Convolutional Neural Network. A unique technique called region of interest (Rol) pooling uses two inputs—a pre-trained model
and a selective search algorithm—to produce an output for a fully connected layer. We will learn more about the Faster R-CNN
network, an advancement over the Fast R-CNN model, in this part. One of the best R-CNN [5] iterations, the Faster R-CNN model
significantly increases performance speed over its forerunners. The region proposals are computed using a selective search
algorithm in the R-CNN and Fast R-CNN models, while the Faster R-CNN [5] technique substitutes this current approach with a
better region proposal network. To provide useful outputs, the region proposal network (RPN) computes pictures at a variety of
sizes.

The local proposal network shortens the computation time for the margin, which is typically 10 ms per picture. The convolutional
layer of this network is what allows us to extract the key feature mappings for each pixel. We have many anchor boxes with various
scales, sizes, and aspect ratios for each feature map. We anticipate the specific binary class for each anchor box and then produce a
bounding box for it. Since there are a lot of overlaps created during the feature map creation process, the resulting data is then run
through the non-maximum suppression to remove any extraneous data. The region of interest is traversed by the output of the non-
maximum suppression, and the remaining steps and calculation are carried out similarly to how Fast R-CNN operates.

Limitations — The degree of time delay in the suggestion of various items is one of the Faster R-CNN method's primary drawbacks.
The speed can occasionally vary depending on the system being utilized.

4. Single Shot Detection (SSD):

One of the quickest methods to complete object identification jobs in real time computing is the single-shot detector for multi-box
predictions. While the Faster R-CNN techniques are capable of producing predictions with high accuracy, the total process is time-
consuming and necessitates a real-time job that runs at a rate of less than 7 frames per second, which is not ideal. This problem is
resolved by the single-shot detector (SSD) [15], which increases the frames per second to nearly five times that of the Faster R-
CNN model. It does away with the region proposal network and uses multi-scale features and default boxes instead.
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Fig. 4: Architecture of SSD Algorithm [8]

There are primarily three parts to the single shot multi-box detector design. The feature extraction phase, which is the initial step of
the single-shot detector, is when all of the essential feature maps are chosen. There are no further layers in this architectural zone,
just completely convolutional layers. The procedure of identifying heads comes next after extracting all of the necessary feature
maps. Additionally, fully convolutional neural networks are used at this stage. Finding the semantic meaning of the pictures is not
the problem at hand in the second step of the detecting heads, though. Instead, the main objective is to provide the best bounding
maps possible for all of the feature maps. The next step is to feed it through the non-maximum suppression layers after computing
the two crucial steps to lower the error rate brought on by repeated bounding boxes.
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Limitations —
i. The SSD [8] suffers from lowering the resolution of the photos to a poorer quality, albeit greatly improving performance.

ii. For small-scale objects, the SSD design will often perform worse than the Faster R-CNN [5].

5. You Only Look Once (YOLO):

One of the most well-liked model architectures and object identification algorithms is YOLO [9,12,17, 18]. The YOLO architecture
is frequently the first idea returned in a Google search for object detection algorithms. There are other YOLO variations, which we
shall go through in the next parts. The YOLO model achieves great accuracy and processing speed by utilizing one of the finest
neural network archetypes. The key factors influencing its appeal are its quickness and precision.

The YOLO [15] architecture achieves object detection with the use of three main terminologies. To fully understand why this model
performs so rapidly and precisely in comparison to other object identification algorithms, it is important to comprehend these three
strategies. Residual blocks are the initial notion in the YOLO model. In the first architectural design, grids were made in the specific
picture using remaining 7 x 7 blocks.

Each of these grids serves as a center point, and a specific forecast is created for each grid in accordance with that. In the second
method, the bounding boxes are created by taking into account each of the central points for a certain forecast. Although the
classification tasks are successful for each grid, it is more difficult to separate the bounding boxes for each forecast. The intersection
of union (I0U), which is used to determine the optimal bounding boxes for the specific object identification job, is the third and
final strategy.

Advantages of YOLO —

i. When compared to most training techniques and object detection algorithms, YOLO has a calculation and processing speed that
is relatively fast, especially in real-time.

ii. In addition to having a quick computation time, the YOLO technique also achieves a high level of accuracy overall by reducing
background mistakes compared to other approaches.

iii. The YOLO design makes it possible for the model to learn and comprehend various items more quickly.

Constraints of YOLO —

i. Due to the decreased recall rate, tiny objects in an image or video are not detected.

ii. Due to the restrictions of bounding boxes, it is impossible to identify two items that are extremely near to one another.
Versions of YOLO —

One of the most well-known and successful object detection algorithms is the YOLO [11] architecture. After the YOLO architecture
was released in 2016, its subsequent iterations, YOLO v2 [14] and YOLO v3 [36], debuted in 2017 and 2018. In contrast to 2019,
which saw no new releases, 2020 had three swift releases: PP-YOLO, YOLO v4 [15], and YOLO v5 [16]. Each iteration of YOLO
made a small advancement over its predecessor. To guarantee that object detection could be supported on embedded devices, the
small YOLO was also published. YOLO published its version 6 [12] in October 2021, and version 7 [13] on June 2™, 2022. The
quickest and most precise object identification system created to date is YOLOv7 [13].

I11. PROPOSED METHOD:

The proposed method uses custom trained YOLOv7 [13] model to detect potholes. Like the other modules, it takes input from the
dashcam and passes the frames through the trained model. If any pothole is detected in any frame, and its confidence value passes
the confidence threshold, then the pothole is located and identified, and an alert is show to the driver.

The mathematical representation for the function of detection of any pothole is as follows:

0, if confidence < confidence threshold

fm) =

1, if confidence = confidence threshold

Where, f(n) is the deterministic function for identifying a pothole in a frame, confidence is the similarity of the detected object with
the objects registered in custom trained model, and confidence threshold is the threshold for counting the detected pothole as a true
pothole. This component predicts the detection of any pothole based on the binary decision made by the deterministic function.
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The reason behind choosing YOLO v7 [13] as the main framework for our proposed solution is because YOLOV7 infers faster and
with greater accuracy than its previous versions (i.e., YOLOv6, YOLOVS5, etc.), pushing the state of the art in object detection to
new heights.

Model #Param.  FLOPs  Size APY@  APYZL  AP22l  APUAL AR APy h",_:‘::,_ S
YOLOv4 64.4M 142.8G 640 497%  68.2%  54.3% 32.9% 548%  63.7% YOLOY 0 -
YOLOR-us (r6.1) 46.5M 109.1G 640 502%  68.7%  54.6% 33.2% 55.5% 63.7% .
YOLOv4-CSP 52.9M 120.4G 640 503%  68.6%  54.9% 34.2% 55.6% 65.1% 55.00% - e s
YOLOR-CSP 52.9M 1204G 640 508%  69.5%  S553%  337%  560%  654% i Dual Suin TIC-RCNN)
YOLOv7 36.9M 104.7G 640 51.2% 69.7% 555% 35.2% 56.0%  66.7% __YOLOV7 is +1200% faster o BCALRONN)
improvement - = - i
YOLOR-CSP-X 96.9M 220.8G 640 527%  TL3% 574% 36.3% 571.5%  68.3% //
YOLOv7-X 71.3M 189.9G 640 529% TL1% 57.5% 36.9% 57.7%  68.6% - A R
improvement - -0.2 oL asoox *DETR-OCS-RI0L
YOLOv4-tiny 6.1 69 416 24.9% 42.1% 25.7% 8.7% 28.4% 39.2% ;
YOLOV-tiny 6.2 58 416 352% 528% 31.3% 157% 3B0%  534% E ) p—
improvement +2% - s N
YOLOv4-tiny-31 87 52 320 30.8% 47.3% 32.2% 10.9% 31.9% 51.5% < L]
YOLOv7-tiny 6.2 35 320 308% 473% 32.2% 10.0%  319% 52.2% —
improvement - -09 ! e votow I
YOLOR-E6 115.8M 683.2G 1280 557%  732%  60.7% 40.1% 60.4%  69.2% i
YOLOV7-E6 972M  5152G 1280 55.9% T3.5% 6L1% 40.6%  603%  70.0% s000% - —— -
improvement - 0.1 i
YOLOR-D6 151.7M 9356G 1280 56.1% 739% 61.2% 424% 60.5%  69.9% ' - YOLOVS (f6.1) —=Transtormers
Y(JL()\'?-I_)G_ 1547M 806.8G 1280 iﬁﬁ‘m: T3.8%  61.4% 41,}?{ 60.6% 70.]:,'5 25.00% . . H S— ,,';m, B
1‘;;];0(::;::?11 151.7TM 843.2G J%S(l 56.8% 744%  62.1% 4{)],8(1% 62.1%  70.6% hetlcr« V100 bt inference time, s
Fig. 5: Comparison of all YOLO versions [13] Fig. 6: The evaluation of YOLOV7 models show
that they infer faster (x-axis) and with
greater accuracy (y-axis) than comparable
real-time object detection models. [13]
ALGORITHM FOR POTHOLE DETECTION
INPUT : Live video feed from dashcam.
OUTPUT : Warnings of pothole if detected.
ALGORITHM:
STEP - 1: Start
STEP - 2: Define confidence_threshold
STEP - 3: Load YOLOv7 Model (custom-trained)
STEP - 4: Get frame
STEP - 5: Pass the frame through the model loaded in STEP — 3.
STEP - 6: For each detected potholes in the frame, repeat,
a. If the confidence of detected pothole is greater than or equal to defined confidence threshold in STEP-2,
then,

i. Count the pothole as a real pothole and show warning
b. Else, goto STEP - 4

STEP - 7: Stop

Load custom
trained YOLOv?
Model

Get Frame

Test each frame

For each
detected
N pothole:
Confidence
> Threshold
Confldence

Show warning

Fig. 7: Flow diagram of Pothole Detection System
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Fig. 8 describes the all the steps that have to be done sequentially in order to design, develop, implement and test the proposed
solution. The proposed solution has been divided into three main stages which are as follow:

1. Data Collection and Preprocessing:

All the relevant data are collected from different sources and cleaned to produce an almost error free dataset. After data
cleaning, all the images are annotated with relevant labels.

2. Model Training and Testing:
The Machine Learning model is developed with YOLO v7 architecture, and the model is tested using inference.
3. Prediction in real-time:

The final result is saved and is tested in real-time and real-life scenarios.

Model Training and
Testing

Dataset
Data Collection Splitting
And

Preprocessin, ST .
P B Prediction in real-time

' Image ! Train Validation Test 1 Input Video !
i . ! I !
< i | Collection || Dataset Dataset Dataset ! Frame |
' i ' i
! i ' l
' Dataset | ! ' 1
] . : 1
Dataset ' Cleaning ! Training Deep *7—7' Inference P’ Class Label i
1 ' Learning model i ;
: ! T e e e
! Image i
' Annotation !
R Check Performance <

Create and
Save Model

Fig. 8: Proposed methodology block diagram of real-time pothole detection.

IV. IMPLEMENTATION

1. Framework Used

You Only Look Once (YOLO) version 7 has been used as the main object detection framework in the implementation of the proposed
solution. YOLO is trained using an opensource neural network framework which is fast due to CUDA and C language providing the
real-time attribute for our detection.

2. Dataset Description

A custom dataset has been developed by combining the images of Roboflow Pothole Dataset and images captured by the authors
which contains a wide variety of images of potholes, plain roads, and different shapes and sizes of craters.

Fig. 9: Some images from the custom dataset
The whole dataset has been divided into three segments: train, test and validation. The training dataset contains 1265 images which
will be used to train and develop the model, the validation dataset contains 401 images which will be used to validate our model
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performance during training, and the test dataset contains 118 images to test the model post training. The dataset contains images
captured in day and night scenario.

3. Data Cleaning

After collection of the dataset, any irrelevant or unwanted images, images with low resolution, duplicate images are removed from
the dataset by manually removing images for any unwanted error from the training using the dataset.

4. Image Annotation

After the cleaned dataset has been generated, all the images of the train and validation dataset have been annotated manually. The
annotation and labeling work has been done using Labellmg framework, which is an open source Python library based on Graphical
User Interface. Labellmg is easy to use, and it directly produces the image annotated label data as YOLO format in a text file named
same as the corresponding annotated image. For training the YOLO model, the annotations should be in YOLO format as <class_id>
<center_x> <center_y> <width> <height>, where class_id is an integer value starting from 0 up to the number of classes defined; in
our case, the object class will be 0 as we have only one class, i.e., pothole and the remaining parameters are the coordinates, height,
and width of the labeled object bounding box.

5. Experimentation Protocols

The training of the YOLO model on the custom dataset has been carried out on Google Colab system having Intel Xeon CPU at
2.30 GHz wit h2 cores, 12 GB of memory and Nvidia Tesla T4 GPU with 16 GB of video memory and 1250 MHz of memory clock
and a GPU base clock of 585 MHz. The model has been trained with 100 epochs, a batch size of 32 and a learning rate of 0.001.
The filters are set to 18, as filter size = (class + 5) * 3, since, we have only 1 class. The model as taken 2-hours 52-minutes
approximately to train using the dataset.

V. EXPERIMENTAL RESULTS

The performance of the model has been evaluated with performance metrics (mAP, Precision, Recall, F1 Score and mean inference
time per image) using the following mathematical expressions:

- True Positive )
recision =
True Positive + False Positive

Recall True Positive @
ecall =
True Positive + False Negative

E & = 2 * Precision * Recall g
i o Precision + Recall ®)

N
Average Precision = Z(Rn —Ru_1)P, 4)
n=1
ML
Mean Average Precision (mAP) = i Z AP, (5)

n=1

The model is assessed by setting a threshold and checking the precision and recall values. For the calculations of precision and
recall, N thresholds are assumed, each of which consists of a pair of precision (Pn) and recall (Rn) values (n 1, 2, ..., N). Equation
(4) defines average precision (AP), while equation (1) defines mean average precision (mAP), which is the average of AP across
all classes. Since we only have one class, the AP and mAP will be the same in our instance. The amount of overlap between the
predicted bounding box and the actual bounding box is measured and compared to the Intersection over Union criterion (10U). For
this instance, we have devised the threshold to 0.4. Therefore, a prediction is correct if IOU score is greater than or equal to the
threshold of 0.4 (40%). The loU is calculated using the following formula:

loU - Area of Overlap .
°Y' T TArea of Union (6
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loU: 0.4034 loU: 0.7330 loU: 0.9264

Poor Good Excellent

Fig. 10: Different of types of Intersection over Unions, where based on the loU value, Poor, Good, Excellent — these three
categories have been devised

After training the model, the model has achieved a PR (precision) of 0.94, Recall value of 0.98. The F1 Score achieved is 0.96.

Precision Recall MAP@0.5
1.0
0.8 0.8 0.8
0.6 0.6 0.6
0.4
0.4 0.4
0.2 0.2
0.2
0.0 0.0
0 50 100 0 50 100 0 50 100
(a) (b) (c)

Fig. 11: (a) Precision graph, (b) Recall Graph, (c) mAP Graph obtained after 100 epochs

The mean average precision of the training has been finally calculated 94.76% as shown in Fig. 11(c).
The average detection accuracy of the developed model is calculated with the help of the following mathematical expression:

Ava. Detecti Detected Potholes 100 7
. = X
vg. Jetection Total Potholes ™

Table 2: Real-time pothole detection performance analysis calculated using (7)

Scenario Number of Potholes Detected Potholes Accuracy FPS
Day 23 23 100% 27.9
Night 20 18 90% 21.65

Several inferenced frames from videos captured for real-time performance analysis has been shown in Fig. 12. It has been found
out that the developed model has been performing with good accuracy in both daylit and night scenarios, though some false positive
cases are coming up in night and low light environment, the quantity of which is negligible.
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pothole 0.98 3 pothole 0.98

Fig. 12: Inferenced images using the developed model

V. CONCLUSION AND FUTURE SCOPE

The work presented in this paper comes up with the conclusion that, the YOLO v7 is the best fit for detecting potholes in images
and as well as real-time scenarios. The proposed solution has been found working with an average accuracy of almost 95%.
Although, there is many scopes of improvements in the solution. As it has been found out that the proposed solution is unable to
detect some of the potholes in low-light environments or in night. So, the volume of the dataset can be increased by adding more
night and low-light pothole images and train it later on with a greater number of epochs. New CNN and Deep Learning architectures
can be used to implement and train the proposed solution and analyse the performance. Depth sensors and Stereo Vision Cameras
can be used to perceive the environment for better accuracy which will be able to detect potholes more accurately. An ecosystem
of detection and alerting process can be developed by storing the Geo Locations of the potholes detected by the proposed solution,
with the help of GPS, and the locations can be stored on a cloud database, which can be used to alert any vehicle coming within the
proximity of that particular pothole by constantly comparing the locations of the pothole and the vehicle. The proposed solution
can be used to scan and collect road damage data, which can help Governments to automate the collection of all the road damage
information, reducing human effort.
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