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Abstract : Potholes are a structural damage to the road with hollow which can cause severe traffic accidents and impact to road
efficiency. In this project i have proposed a efficient pothole detection system using deep learning algorithm which can detect the
potholes on the road. I have collected some images containing pothole and non-potholes which are splitted into training and testing
set, then I have used CNN (Convolutional Neural Network) algorithm which processes the images and detects the potholes. Finally,
the accuracy and performance of the model is analyzed and the experimental results are shown. The results show that CNN model
is the best and fastest for pothole detection.
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I. INTRODUCTION

A crack is the separation of an object or material into two, or more, pieces under the action of stress. Depending on the substance
which is cracked, the crack reduces the strength of the materials in most cases, e.g. building walls, roads, etc. This cracks become
worsen to pavement which increases with load of the vehicles travelling on it. Large holes are formed, making the road more
dangerous, if these early small cracks are left untreated.

The problem statement for pothole detection using image processing involves developing a system that can accurately detect
potholes in images of roads. The system is designed to process a large number of images quickly and provide an output indicating
whether any potholes are detected. The motivation behind this project stems from the fact that existing pothole detection systems
often lack high accuracy or demand significant computational power. Potholes are a major cause of accidents globally, necessitating
a faster and more efficient solution. This project aims to construct an algorithm capable of detecting potholes with high accuracy to
help save lives and prevent accidents.

Il. LITERATURE REVIEW
Various techniques are being used for pothole detection, including manual notification via mobile applications, sensor-based
techniques, and computer vision-based methods. Automated pothole detection techniques are generally more useful and efficient
than manual ones.

N. Hoang (2018) proposed an artificial intelligence model for pothole detection using machine learning algorithms like Least
Squares Support Vector Machine (LS-SVM) and Artificial Neural Network (ANN), achieving accuracy rates of approximately 89%
and 86% respectively. K. An et al. (2018) experimented with pre-trained models and achieved a classification accuracy rate of 97%
with colored images and 97.5% with grayscale images.

K. An et al. (2018) experimented with several pre-trained models for pothole detection. They achieved the classification accuracy
rate of 97% using coloured images and 97.5% using grayscale images.

S. Ryu et al. (2015) designed a system that uses an optical device to collect road images and an algorithm to detect potholes by
extracting dark regions and analyzing features like size and compactness, achieving a 73.5% accuracy rate. A. Akagic et al. (2017)
proposed an unsupervised vision-based method that extracts pothole areas from the RGB color space and performs image
segmentation, achieving an accuracy of 82%.

I1l. RESEARCH METHODOLOGY

Pothole detection using Convolutional Neural Networks (CNN) is a deep learning approach used for image recognition and
classification. A CNN is a layered architecture that includes convolutional layers, pooling layers, and fully connected layers.

IJNRD2507224

International Journal of Novel Research and Development (www.ijnrd.org)



http://www.ijnrd.org/

© 2025 IJNRD | Volume 10, Issue 7 July 2025 | ISSN: 2456-4184 | INRD.ORG

3.1 Methodology

The general architecture of the CNN used in this project is illustrated in Figure 1. The process begins with an input image
(e.g., 28x28 pixels). This image passes through a series of convolutional and pooling layers (Conv_1, Max-Pooling, Conv_2, etc.),
which extract and downsample features. The resulting feature maps are then "flattened" into a one-dimensional array. This array is
fed into a fully connected neural network which, after processing through its layers (fc_3, fc_4), produces an output that classifies
the image.
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Figl. Architecture of CNN

Convolutional Neural Network is an Deep Learning algorithm, which takes the image as an input and specify the weights
and biases to various objects/aspects in the image and that will be used to differentiate between images. The above image will
summarize the process taken place in the CNN.

1. The input image is sent into the CNN which will first convert it to the feature image.
2. The feature image will undergo Pooling process.

3. The pooled feature image data will be flatten into array

4. The flatten data will be used to train the NN

3.2 Data and Sources of Data

The dataset for this project was downloaded from Kaggle and contains 681 JPG images. These are categorized into 329 "pothole"
images and 352 "normal” (non-pothole) images. Figure 2 shows an example of a normal road image from the dataset, characterized
by a smooth, intact surface. Figure 3 shows a typical pothole image, clearly depicting damage and cavities in the road surface. The
full dataset is divided into an 80% training set and a 20% test set for model training and evaluation.

Fig2. Normal Fig3. Pothole
3.3 Technical Components:

The implementation involves loading necessary libraries (Keras, TensorFlow), initializing the neural network, adding
convolutional and max-pooling layers, flattening the data, and creating the neural network layers. The model is compiled using
binary cross-entropy as the loss function, suitable for binary classification.

Hardware: A PC or laptop with an Nvidia 1660 GPU and 8GB of RAM.
Software: Windows 7 or above, Python programming language, and Jupyter Notebook IDE.
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3.4 Step-by-Step Working of the CNN Model

The entire process, from input image to final prediction, can be broken down into two main phases: Feature
Extraction and Classification.
This is where the model learns to "see.” It automatically detects important visual features in the image through a series of
specialized layers.

Step 1: Input Image
The process starts with an input image from the dataset. Let's say it's a 64x64 pixel color image. The model sees this as a 3D array
of numbers (64x64x3, where 3 represents the Red, Green, and Blue color channels).

Step 2: Convolutional Layer

e What it is: This is the primary building block of a CNN. It uses a set of learnable filters (or kernels). A filter is a small
matrix of numbers that slides (or "convolves") across the entire input image.

e What it does: As the filter slides, it performs a mathematical operation that detects a specific feature. For example, one
filter might be very good at detecting horizontal edges, another at detecting vertical edges, and another at detecting a
specific curve or color. The network learns the best filter values during training.

e Output: The output of this layer is a set of feature maps, which are essentially representations of the original image
highlighting where specific features were detected.

Step 3: Activation Function (ReL.U)
e What it is: After each convolution, an activation function called ReLU (Rectified Linear Unit) is applied.
e What it does: Its formula is f(xX) = max(0, ). It simply turns any negative pixel values in the feature map to zero and keeps
positive values as they are. This introduces non-linearity, which is crucial for the network to learn complex patterns beyond
simple straight lines.

Step 4: Pooling Layer (Max Pooling)
e What it is: The pooling layer's job is to reduce the size of the feature maps.
e What it does: It slides a small window (e.g., 2x2 pixels) over the feature map and, from each window, takes only the
maximum value. This has two key benefits:
1. It reduces the computational load for the subsequent layers.
2. It makes the feature detection more robust. The model becomes less sensitive to the exact location of the feature
in the image (a concept called "translation invariance").
These three steps (Convolution -> ReLU -> Pooling) are typically repeated multiple times. Each successive layer learns to detect
more complex and abstract features by building upon the features detected in the previous layers (e.g., from edges to shapes to parts
of a pothole).
Once the model has extracted the key features from the image, this phase uses those features to make a final decision.

Step 5: Flattening
e The final pooled feature maps are still in a 2D grid format. The "Flatten" layer converts this 2D data into a single, long 1D
vector of numbers. This is done to prepare the data for the standard neural network layers that follow.

Step 6: Fully Connected Layers (Dense Layers)
e What they are: These are the classic neural network layers where every neuron in the layer is connected to every neuron
in the previous layer.
e What they do: These layers take the long list of extracted features from the Flatten layer and perform the final classification.
They weigh the importance of different features to determine the probability of a pothole being present. For instance, the
presence of dark, irregular shapes with sharp edges might be given a high weight.

Step 7: Output Layer
e This is the final layer of the network. For a binary classification task like this (Pothole or Not Pothole), it usually consists
of a single neuron.
e It uses a Sigmoid activation function, which squashes the output value into a range between 0 and 1. This value can be
interpreted as a probability.
o Anoutput close to 1 means the model is highly confident the image contains a pothole.
o An output close to 0 means the model is highly confident the image is normal.

IV. RESULTS AND DISCUSSION
The CNN model was trained on the input image datasets. The performance of the model during training is depicted in Figure 4.
This graph plots the model's accuracy on the training data ("Accuracy") and its accuracy on the validation data ("Value
Accuracy") over 25 epochs. The blue line shows that the training accuracy rapidly increases and stabilizes near 1.00 (or 100%).
The orange line, representing the validation accuracy, fluctuates but generally stays in a high range, indicating the model's ability
to generalize to new, unseen images. The graph demonstrates that running more epoch batches improves the accuracy and makes
the system more robust.
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After training, the model was tested on new images to verify its detection capabilities. Figure 5 shows the model's output when
given an image of an undamaged road. The model correctly classifies the image as "normal”. In contrast, Figure 6 shows the
output for an image with clear road damage, which the model correctly identifies as a "pothole". These outputs confirm the
model's successful learning and classification ability. The final results from the test showed a maximum confidence level of
approximately 97% in detecting potholes from test images.
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Fig5. Normal Image Detected
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Fig6. Pothole Image Detected

V. CONCLUSION AND FUTURE WORK
The pothole detection system using a CNN-based deep learning model has proven to be an effective solution for improving
road maintenance. The proposed model achieved an accuracy of approximately 97%, offering a more accurate, low-cost, and less
complex alternative to other techniques.
For future work, the deep-learning architecture can be further refined to enhance performance. We believe that with more training
data, the results will substantially improve. Additionally, a future task could involve integrating a running model with a car's camera
to enable real-time pothole detection.
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