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ABSTRACT 

 
A pothole is one of the major types of defects frequently found on the 

road whose assessment is necessary to process. It is one of the critical 

reasons for accidents on the road and the wear and tear of vehicles. Road 

defects assessment is to be done through defects data collection and 

processing of this collected data. Currently, using various types of imaging 

systems, data collection is near becoming automated, but an assessment of 

defects from collected data is still manual. Manual classification and 

evaluation of potholes are expensive, labor-intensive, time-consuming, and 

thus slow down the overall road maintenance process. 

This project describes a method for classification and detection of the 

potholes on road images using convolutional neural networks, which are 

deep learning algorithms. We used a convolutional neural network-based 

approach with pre-trained models to classify given input images into pothole 

and non- pothole categories in the proposed system. The method was 

implemented in python using the OpenCV library under windows and the 

collab environment. The results are evaluated and compared for 

convolutional neural networks and various seven pre-trained models through 

accuracy, precision, and recall metrics. 
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CHAPTER 1 

INTRODUCTI 

ON 

One of the growing fields in Science and Technology is the Advanced Driver 

Assistance Systems (ADAS) [2], [3]. Over the year’s transportation has gained 

paramount importance in daily life. Currently, the world is experiencing an 

exponential advancement in intelligent transportation systems. The ADAS has 

automated a plethora of features in vehicles leading to a smart and sophisticated 

driving experience. 

When the past present future of ADAS is examined, the word “safety” is 

always given prime importance. In essence, ADAM's main job is to reduce the 

fatalities caused by roads due to human errors. While speaking about road safety, 

potholes play a crucial role. In India, for three years (2015-2017), there have been 

over 9300 deaths and 25000 injuries exclusively only due to potholes not taking into 

consideration any other object that caused accidents [4]. When driving for 

prolonged hours or under stress or tension, the driver tends to miss out on 

concentration. 

 
 

One of the primary reasons behind such accidents is the driver’s inability to 

pay attention to every single detail on the road, and that’s when the ADAS comes 

into the picture. The data can either be directly reported to the driver by giving an 

alert symbol in the cabin of the vehicle or the data can be used by the autonomous 

driverless system where the system decides on what action it needs to mete out in 

order to prevent a collision and ensure a safe and comfortable riding experience for 

the passengers. Potholes detection can be broadly classified into three categories 

namely vibration- based methods, 3D reconstruction-based methods, and vision- 

based methods (2D image) [5]. Out of the three vision-based methods prove to be 

the most cost-effective ways of detection. 

 
 

At the same time, accurate detection of potholes using a 2D image is very 

tough. So, there is a need for a system which can detect Potholes from a 2D image 



with better 



accuracy and at greater speed. Especially countries like India need more focus as 

the potholes count is huge. Also, the system will have technical differences when 

implemented in different places depending on the degree of road maintenance. 

 

 
Detection of potholes is much more difficult when compared to other objects 

such as a pedestrian, vehicles, traffic signs, etc. because the former has a wide 

range of geometrics. When comparing the recognition algorithms, Convolutional 

Neural Networks (CNN) has proven to be one of the best [6]. 

 

In this paper, pothole detection is implemented using one of the CNN family’s 

unique representatives You Only Look Once (YOLO) to a newly created dataset for 

Indian roads. The pothole detection system aims to provide a solution for both 

municipal authority and the citizens to reduce the number of potholes by developing 

an application for mobiles. 

 
The entire design of the system is based on the integration of various libraries 

and frameworks. A mobile application, APIs to provide insights from data gathered, 

an object detection model to precisely detect the potholes and a cloud storage 

solution to store and handle various forms of data. The application has two major 

functionalities: First, for detection and gathering of data mainly for the local 

municipal body’s usage and the other is the view of the gathered data on a map 

which is helpful for both the authorities responsible for maintenance and also for 

citizens of the locality to be aware of their surrounding roads. 



CHAPTER 2 

LITERATURE SURVEY 

There are so many architectures and methodologies that can be used 

for potholes detection. Evaluating a pothole in most cases requires 3D 

equipment which is very expensive and not feasible on a large scale [7]. 

Instead, detecting a defect in the road using an image and then further 

processing it into defective and not-defective regions and analyzing the 

patterns in both the regions can help differentiate a pothole from the non- 

defective region which is essentially the road. Another method of analyzing 

these problems is by using three features of an image which are, the texture, 

shape, and dimensions of the defective area in the frame [8], [9]. But the 

method doesn’t have machine learning at the core of it. 

Therefore, one of the most basic ways to carry out potholes detection 

is by using Convolutional Neural Networks (CNNs). The Object Detection 

field started off with Region-Based Convolutional Neural Networks (R-CNN) 

and moved to faster and more advanced algorithms like YOLO (You Only 

Look Once) and SSD (Single-Shot Detection). The R-CNN’s use selective 

search algorithms to extract 2000 bounding boxes from the input image in 

the first step itself to stick with processing only the most important features 

in an input based on color, pattern, shape, and size [10]. The R- CNNs use 

a three-stage mechanism: feature extraction via Selective Search Algorithm, 

SVM classification, and Regression modeling for tight bounding boxes. The 

Fast R- CNN model uses a single-stage mechanism where it directly passes 

the input to a CNN and the output from this CNN is the Regions of Interest 

(RoI) [11]. 

Then an RoI pooling layer is applied to the output from the CNN to 

warp the images to the size the Network is accustomed to working with. 

These ROIs are given to a fully connected Neural Network (NN) that 

segregates them and returns bounding boxes on the ROIs using linear 

regression and softmax networks working in a parallel manner. This 

provides drastic speed gains as well as savings in terms of the size of the 

model. Although Fast R-CNN uses a one- 



stage mechanism, it relies on the selective search method initially and this 

consumes time. 

The Faster R-CNN passes the input image to a CNN which returns the 

feature map of the input and these feature maps are passed to Region 

Proposal Networks which gives object proposals along with a score of how 

much of an object that particular prediction resembles [12] [13]. This is 

passed to an RoI pooling layer which warps all the proposed Regions to the 

same size to make them compatible with further hidden networks that will be 

used in the process. The final layer is similar to that of the R- CNN which is 

a fusion of both the softmax and Linear Regression Layer which classifies 

and draws bounding boxes for the various objects available in the image. 

Even though the Faster R-CNN has improved speed, it has a 

fundamental drawback as the other two R-CNNs, it doesn’t look at the 

complete image at once, instead, they focus on parts of the image 

sequentially and this requires many complex stages. To work around this 

issue, the SSD and YOLO methods were created. The framework of YOLO 

yields drastic speed gains. It processes up to 45 fps, which is a massive 

improvement compared to Region-based CNN. To view the real-world 

events in real-time smoothly, 30 fps is a sufficient speed, but with 45 fps 

YOLO favors real- time Object Detection. SSD [14] is similar to YOLO but is 

more lenient in terms of aspect ratio compatibility. It works with 6 more 

additional aspect ratios than YOLO. 

This enables tighter object wrapping than YOLO. It also has higher 

accuracy than YOLO as it has a greater number of hidden layers. This added 

advantage of better accuracy comes with a trade-off, that is speed. Since 

cars move at very high speeds, pothole detection at such high speeds calls 

for high- speed detection and one of the highest speeds can be obtained by 

using YOLO as per the explanations available and illustrated above. 

In the pothole detection method, various studies have been carried out 

with different approaches, for example using a laser [8], vibration sensor [9], 

[10] and image-based detection, both two-dimensional [11] and three- 

dimensional using a stereo camera [12][13]. The development of advanced 



image processing technique, easy image interpretation, and the availability 

of low-cost camera acquisition devices have inspired the development of 

image- based pothole detection. Likewise, with the presence of new 

methods in the computer vision study, especially related to objects detection, 

give new opportunities to implement it in the road damage detection. In this 

study, YOLO (You Only Look Once), as one of the stateof-the-art methods 

in the field of object detection, is chosen as a pothole detection method. This 

research, hopefully, provides an alternative pothole solution on the road 

surface for road distress identification and classification as a complement to 

existing method 



 

CHAPTER 3 

 
AIM AND SCOPE OF THE 

PROJECT 
 

3.1 AIM : 

 
The main aim of the project is to identify the potholes on the roads and mark them on 

the road using deep learning. 

 
3.2 : PROJECT SCOPE : 

 

The primary goal is to extract pattern using a convolutional neural network-based 

approach with pre-trained models to classify given input images into pothole and non- 

pothole categories in the proposed system. The method was implemented in python 

using the OpenCV library under windows and the collab environment. The results are 

evaluated and compared for convolutional neural networks and various seven pre- 

trained models through accuracy, precision, and recall metrics. 

 
3.3 OVERALL OBJECTIVE : 

 

This analysis aims to observe which features are most helpful in predicting the 

crime rate and to see the general trends that may help us in model selection 

Currently, using various types of imaging systems, data collection is near 

becoming automated, but an assessment of defects from collected data is still 

manual. Manual classification and evaluation of potholes are expensive, labor- 

intensive, time- consuming, and thus slow down the overall road maintenance 

process. 



 

3.4 PROBLEM ANALYSIS 

 

There is an increasing need for assessment of national road condition. 

Currently, some automatic devices have been extensively applied to collect up-date 

data about road condition, such as the use of survey vehicle for collecting data— which 

make it faster and more accessible, and semi automatically data processing that is 

useful for policy decision making. Yet, demand for more detail road data is 

continuously growing; thus, data improvement needs to perform, upgrading the 

existing solution. To date, stages on identification and classification of road damages 

are being conducted semi manually based on images collected by survey vehicle; it is 

hindered due to the facts that this method is the cost-consuming process and may 

result in inconsistency. Therefore, this present work used YOLO with three different 

architecture configuration, i.e., Yolo v3, Yolo v3 Tiny, and Yolo v3 SPP, enabling us to 

create a more accurate assessment for detecting potholes on the road surface. The 

results showed the average mAP values for Yolo v3, Yolo v3 Tiny, and Yolo v3 SPP 

at 83.43%, 79.33%, and 88.93%. While the area measurement shows the accuracy of 

64.45%, 53.26%, and 72.10% respectively. And it needs 0,04 second to detect each 

image. Conclusively, it shows a satisfying result in pothole detection; thus, this 

technique has a high opportunity to be developed and implemented as a tool for road 

assessment. 

 

 
Road construction is one of the government's priorities. Therefore, every year 

targeted to increase national road length. These raises also improve road 

maintenance and road rehabilitation programs. Consequently, it is crucial to 

monitor the road condition to determine the proper programs. 



CHAPTER 4 

ALGORITHMS AND TECHNIQUES USED 

4.1 ALGORITHM EXPLANATION: 

The algorithm used to achieve this project is YOLO v3, a new approach to object 

detection. Prior work on object detection repurposes classifiers to perform 

detection. Instead, they framed object detection as a regression problem to 

spatially separated bounding boxes and associated class probabilities. A single 

neural network predicts bounding boxes and class probabilities directly from full 

images in one evaluation. Since the whole detection pipeline is a single network, 

it can be optimized end-to- end directly on detection performance. Our unified 

architecture is extremely fast. Their base YOLO model processes images in real- 

time at 45 frames per second. 

A smaller version of the network, Fast YOLO, processes an astounding 

155 frames per second while still achieving double the mAP of other real-time 

detectors. Compared to state-of-the-art detection systems, YOLO makes more 

localization errors but is far less likely to predict false detections where nothing 

exists. Finally, YOLO learns very general representations of objects. It 

outperforms all other detection methods, including DPM and RCNN, by a wide 

margin when generalizing from natural images to artwork on both the Picasso 

Dataset and the PeopleArt Dataset. 

YOLO reasons globally about the image when making predictions. Unlike 

sliding window and region proposal-based techniques, YOLO sees the entire 

image during training and test time so it encodes contextual information about 

classes as well as their appearance. Fast R-CNN, a top detection method, 

mistakes background patches in an image for objects because it can’t see the 

larger context. YOLO makes less than half the number of background errors 

compared to Fast R-CNN.YOLO learns generalizable representations of objects. 

When trained on natural images and tested on the artwork, YOLO 

outperforms top detection methods like DPM and R-CNN by a wide margin. Since 

YOLO is highly generalizable it is less likely to break down when applied to new 

domains or unexpected input. 



 
 

Figure 4.1 The Model 

 
 
 
 

 
The Initial Yolo model is inspired by GoogLeNet which has 24 

Convolutional layers and followed by 2 fully connected or Dense layers. Training 

a YOLO model is very fast and efficient. 

 
 

4.2 YOLO v3: 

YOLO makes use of only convolutional layers, making it a fully 

convolutional network (FCN). In the YOLO v3 paper, the authors present a new, 

deeper architecture of a feature extractor called Darknet-53. As its name 

suggests, it contains 53 convolutional layers, each followed by a batch 

normalization layer and Leaky ReLU activation. No form of pooling is used, and 

a convolutional layer with stride 2 is used to downsample the feature maps. 



This helps in preventing the loss of low-level features often attributed to 

pooling.YOLO is invariant to the size of the input image. However, in practice, we 

might want to stick to a constant input size due to various problems that only show 

their heads when we are implementing the algorithm. 

 
 

 

 
Figure 4.2 Architecture 



A big one among these problems is that if we want to process our images in batches 

(images in batches can be processed in parallel by the GPU, leading to speed boosts), 

we need to have all images of fixed height and width. This is needed to concatenate 

multiple images into a large batch. The network down samples the image by a factor 

called the stride of the network. For example, if the stride of the network is 32, then 

an input image of size 416 x 416 will yield an output of size 13 x 13. Generally, the 

stride of any layer in the network is equal to the factor by which the output of the layer 

is smaller than the input image to the network. 

The input is a batch of images of shape (m, 416, 416, 3). The output is a list of 

bounding boxes along with the recognized classes. Each bounding box is represented 

by 6 numbers (��, ��, ��, �ℎ, ��, �) (pc, bx, by, bh, bw, c). If we expand �c into 

an 80- dimensional vector, each bounding box is then represented by 85 numbers. 

 

 

Figure 4.3 Image Grid 



In the same way, as in all object detectors, the features learned by the 

convolutional layers are passed onto a classifier/regressor which makes the 

detection prediction. 

In YOLO, the prediction is done by using a convolutional layer that uses 1 

x 1 convolutions. So, the first thing to notice is our output is a feature map. Since 

we have used 1 x 1 convolution, the size of the prediction map is exactly the size 

of the feature map before it. In YOLO v3, the way you interpret this prediction map 

is that each cell can predict a fixed number of bounding boxes. 

For example, if we have (B x (5 + C)) entries in the feature map. B represents the 

number of bounding boxes each cell can predict. 

According to the paper, each of these B bounding boxes may specialize in 

detecting a certain kind of object. Each of the bounding boxes has 5 + C attributes, 

which describe the center coordinates, the dimensions, the objectness score, and 

C class confidences for each bounding box. YOLO v3 predicts 3 bounding boxes 

for every cell. 

We expect each cell of the feature map to predict an object through one of 

it’s bounding boxes if the center of the object falls in the receptive field of that cell. 

This has to do with how YOLO is trained, where only one bounding box is 

responsible for detecting any given object. First, we must ascertain which of the 

cells this bounding box belongs to. 

To do that, we divide the input image into a grid of dimensions equal to that 

of the final feature map. Take a look at the example below, where the input image 

is 416 x 416, and the stride of the network is 32. As pointed earlier, the dimensions 

of the feature map will be 13 x 13. We then divide the input image into 13 x 13 cells. 

Then, the cell (on the input image) containing the center of the ground truth 

box of an object is chosen to be the one responsible for predicting the object. In the 

image, it is the cell that is marked red, which contains the center of the ground 



box (marked yellow). Now, the red cell is the 7th cell in the 7th row on the grid. 

 
We now assign the 7th cell in the 7th row on the feature map 

(corresponding cell on the feature map) as the one responsible for detecting the 

dog. 

Now, this cell can predict three bounding boxes. Which one will be 

assigned to the dog’s ground truth label? In order to understand that, we must 

wrap our heads around the concept of anchors. (Note that the cell we’re talking 

about here is a cell on the prediction feature map. We divide the input image into 

a grid just to determine which cell of the prediction feature map is responsible for 

prediction). 

4.3 Anchor Boxes and Prediction : 

It might make sense to predict the width and the height of the bounding box, 

but in practice, that leads to unstable gradients during training. Instead, most of the 

modern object detectors predict log-space transforms, or simply offsets to 

predefined default bounding boxes called anchors. 

Then, these transforms are applied to the anchor boxes to obtain the 

prediction. YOLO v3 has three anchors, which result in the prediction of three 

bounding boxes per cell. 

Anchors are sort of bounding box priors, that were calculated on the COCO 

dataset using k-means clustering. We are going to predict the width and height of 

the box as offsets from cluster centroids. The center coordinates of the box relative 

to the location of the filter applications are predicted using a sigmoid function. 

The following formula describes how the network output is transformed to 

obtain bounding box predictions: 

Figure 4. 4 Formula 



 

 

Here ��, ��, ��, �ℎ are the x,y center coordinates, width, and height of 

our prediction. ��, ��, ��, �ℎ is what the network outputs. �� and �� are the 

top-left coordinates of the grid. �� and �ℎ are anchor dimensions for the box. 

 
4.3.1 Center Coordinates : 

We are running our center coordinates prediction through a sigmoid function. 

This forces the value of the output to be between 0 and 1. Normally, YOLO doesn’t 

predict the absolute coordinates of the bounding box’s center. It predicts offsets 

which are: 

⮚ Relative to the top left corner of the grid cell which is predicting the object 

⮚ Normalized by the dimensions of the cell from the feature map, which is, 1. 

 

 
Example, consider the case of our above dog image. If the prediction coordinates 

for the center is (0.4, 0.7), then this means that the center lies at (6.4, 6.7) on the 

13 x 13 feature map. (Since the top-left coordinates of the red cell are (6,6)). 

But wait, what happens if the predicted x and y coordinates are greater than 

one, for example (1.2, 0.7). This means that center lies at (7.2, 6.7). The center now 

lies in a cell just right to our red cell, or the 8th cell in the 7th row. 

This breaks the theory behind YOLO because if we postulate that the red 

box is responsible for predicting the dog, the center of the dog must lie in the red 

cell, and not in the one beside it. So to solve this problem the output is passed 

through a sigmoid function, which squashes the output in a range from 0 to 1, 

effectively keeping the center in the grid which is predicting. 



Notebook document: 

4.3.2 NON-FUNCTIONAL REQUIREMNTS : 

 
Process of functional steps, 

 
1. Problem define 

2. Preparing data 

3. Evaluating algorithms 

4. Improving results 

5. Prediction the result 

 
4.3.3 ENVIRONMENTAL REQUIREMENTS : 

 
1. Software Requirements: 

 
Operating System : Windows 

 
Tool : Anaconda with Jupyter Notebook 

 
2. Hardware requirements: 

 
Processor : Pentium IV/III 

 
Hard disk : minimum 80 GB 

 
RAM : minimum 2 GB 

 

 

Notebook documents (or “notebooks”, all lower case) are documents produced by the 

Jupyter Notebook App, which contain both computer code (e .g. python) and rich text 

elements (paragraph, equations, figures, links, etc…). Notebook documents are both 

human-readable documents containing the analysis description and the results 

(figures, tables, etc.) as well as executable documents which can be run to perform 

data analysis. 

https://jupyter-notebook-beginner-guide.readthedocs.io/en/latest/what_is_jupyter.html#notebook-app


 

4.4 Dimensions of the Bounding Boxes : 

The dimensions of the bounding box are predicted by applying a log-space 

transformation to the output and then multiplying with an anchor 

 

 

Figure 4.5 Dimensions of Bounding Boxes 
Here predictions, ��, and �ℎ, are normalized by the height and width of the 

image. (Training labels are chosen this way). So, if the predictions ��bx and ��by 

for the box containing the dog are (0.3, 0.8), then the actual width and height on the 

13 x 13 feature map are (13*0.3, 13*0.8). 

Jupyter Notebook App: 

The Jupyter Notebook App is a server-client application that allows editing and running 

notebook documents via a web browser. The Jupyter Notebook App can be executed on 

a local desktop requiring no internet access (as described in this document) or can be 

installed on a remote server and accessed through the internet. In addition to 

displaying/editing/running notebook documents, the Jupyter Notebook App has a 

“Dashboard” (Notebook Dashboard), a “control panel” showing local files and allowing to 

open notebook documents or shutting down their kernels. 



4.5 Objectness Score and Class Confidences : 

 
The First of all object score represents the probability that an object is 

contained inside a bounding box. It should be nearly 1 for the red and the neighboring 

grids, whereas almost 0 for, say, the grid at the corners. 

The objectness score is also passed through a sigmoid, as it is to be interpreted 

as a probability.Talking about Class confidences, they represent the probabilities of 

the detected object belonging to a particular class (Dog, Cat, person, car, bicycle, etc). 

In older YOLO versions it was used to softmax the class scores. 

In YOLO authors have decided to use sigmoid instead. The reason is that 

Softmaxing class scores assume that the classes are mutually exclusive. In simple 

words, if an object belongs to one class, then it cannot belong to another class. This 

is true for the COCO database, which we will implement first. 

 

 

4.6 Prediction across different scales: 

 
YOLO v3 makes predictions across 3 different scales. The detection layer is 

used to make detection at feature maps of three different sizes, having strides 32, 16, 

8 respectively. This means, with an input of 416 x 416, we make detections on scales 

13 x 13, 26 x 26, and 52 x 52. 

The network down samples the input image until the first detection layer, where 

detection is made using feature maps of a layer with stride 32. Further, layers are 

upsampled by a factor of 2 and concatenated with feature maps of previous layers 

having identical feature map sizes. Another detection is now made at layer with stride 

16. The same upsampling procedure is repeated, and a final detection is made at the 

layer of stride 8. 

At each scale, each cell predicts 3 bounding boxes using 3 anchors, making 

the total number of anchors used 9. (The anchors are different for different scales) 



 
Figure 4. 6 Prediction Feature at Different Scales 

 
YOLO authors report that this helps get better at detecting small objects, a 

frequent complaint with the earlier versions of YOLO. Upsampling can help the 

network learn fine-grained features that are instrumental in detecting a small object. 

 
4.7 Output Processing (Filtering with a threshold on a less Scores): 

 
For an image of size 416 x 416, YOLO predicts ((52 x 52) + (26 x 26) + 13 x 

13)) x 3 = 10647 bounding boxes. However, in the case of our image, there’s only one 

object, a dog. So, you may ask how do we reduce the detections from 10647 to 1? 

First, we filter boxes based on their objectness score. Generally, boxes having 

scores below a threshold (for example below 0.5) are ignored. Next, Non-maximum 

Suppression (NMS) intends to cure the problem of multiple detections of the same 

image. For example, all the 3 bounding boxes of the red grid cell may detect a box or 

the adjacent cells may detect the same object, so NMS is used to remove multiple 

detections. 

Specifically, we’ll carry out these steps: 

 
  Get rid of boxes with a low score (meaning, the box is not very confident 

about detecting a class). 



  Select only one box when several boxes overlap with each other and detect 

the same object (Non-max suppression) 

 
 

For better understanding, I will use the same example with the car I mentioned 

above. At first, we are going to apply the first filter by thresholding. We would like 

to get rid of any box for which the class “score” is less than a chosen threshold. 

The model gives us a total of 19x19x5x85 numbers, with each box described 

by 85 numbers. 

It’ll be convenient to rearrange the (19,19,5,85) (or (19,19,425)) dimensional 

tensor into the following variables: 

 

                                  box_confidence: tensor of shape (19×19,5,1) containing �� 

(confidence probability that there’s 

some object) for each of the 5 boxes predicted in each of 19 x 19 cells. 

● boxes: tensor of shape (19×19,5,4) containing (��,��,�ℎ,��) for each of the 5 

boxes per cell. 

● box_class_probs: tensor of shape (19×19,5,80) containing the detection 

probabilities (�1,�2,…�80) for each of the 80 classes for each of the 5 boxes per 

cell. 

Even after filtering by thresholding over the class scores, we still end up with 

a lot of overlapping boxes. A second filter for selecting the right boxes is called 

NMS. NMS uses the very important function called “Intersection over Union”, or 

IoU. 

 
 
 

 

Figure 4. 7 Intersection over union 
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CHAPTER 5: DESIGN 
 

 
Figure 5.1 Flowchart (Base paper) 

 

The design or flow of the project as shown in the above flow charts flows in the 

following way: 

● Dataset is created by collecting various pothole images. 

● Annotating the potholes in image with the help of GPU (graphical processing unit). 

● Splitting the annotated pothole images into training set and testing test. 

● The training set will go through the k-means clustering. 

● YOLO makes use of bounding box “priors” or “anchors” The authors of 

YOLO used K-means clustering to cluster the bounding boxes of objects in the 

training data to determine suitable anchor box sizes. 

● Gives through the turning architecture of YOLO. 

● And then performing training to the set. 
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● And then predicting the accuracy score of the model. 



 

 
 

Figure 5.2 Flowchart design 



The design or flow of the project as shown in the above flow charts flows in the 

following way: 

1. Initially we need to collect the data i.e images of potholes in this project we collected 

7500 pothole images from kaggle 

2. Then we need to annotate the data set i.e draw the bounding boxes where the 

potholes exist. 

3. After drawing the bounding boxes we need to divide the annotated dataset into 

training and test sets in order to train the model and validate the model over test set 

4. Now we need to create two files namely train.txt and test.txt where all file paths will 

be there for each and every image, these files will act as input to our train file to train 

and validate. 

5. Before training we need to configure all files, more about these files is discussed in 

IMPLEMENTATION section. 

6. Now we need to configure the yolo configuration file i.e. the Convolutional neural 

network used to train the Yolo object detection model. 

7. Now we need to start the training and ideally we need to stop the training when loss 

is below 0.06. 

8. Validate the trained model with the test set. 
 

9. Finish. 



6. IMPLEMENTATION 

 
In the above sections, it is all discussed about the background or the motivation 

behind this project: the project is to identify Potholes with various kinds of images. In 

this section all the steps will be given discussed: 

Steps: 

 
1. Collecting the data 

 
2. Label the data 

 
3. Prepare the config file 

 
4. Prepare the text files for training and testing 

 
5. Train the model 

 
6. Test the model over custom images 

 

 
6.1 Data Collection: 

 
This phase is common to any machine learning or deep learning project, Data 

is collected from a Kaggle repo. 

 
6.1.1 About the Dataset: 

 

The dataset for training constitutes 7,500 images for training and 1350 images 

for testing the model developed. This dataset consists of repetitive images which need 

to be filtered out such that images in the final dataset are unique and of different 

features. But, certain factors in this dataset are constant such as colors of roads, 

illumination, and pothole vicinity do not help in making the model well versed with 

various real-life scenarios. Using YOLO and OpenCV, we also reduced the resolution 

of images to remove the constant part of images in the dataset like the dashboard and 

the sky. 



 
 

Figure 6.1 Pothole image before predicting 
 
 
 

 

6.2 Labeling the data: 

 
In order to train the object detection model firstly after collecting the data, we 

need to label it using a tool i.e. we need to draw the bounding boxes and save these 

bounding boxes in the format of YOLO i.e. it saves the files in the `.txt` format. The 

tool used to label these images in ‘Labeling’. 



6.2.1 Installing labelimg: 

 
Goto this Github repo https://github.com/tzutalin/labelImg and clone this 

GitHub repo to the local computer using 

‘git clone https://github.com/tzutalin/labelImg.git ‘ 
 

 

Open this folder in the in-command prompt and install the tool using the 

following command 

‘python setup.py install’ 

After installation, we can launch the tool using the command ‘python 

labelimg.py’ 

 
 

Figure 6.2 GPU 

https://github.com/tzutalin/labelImg
https://github.com/tzutalin/labelImg
https://github.com/tzutalin/labelImg.git
https://github.com/tzutalin/labelImg.git


After launching the tool we need to change it to the YOLO format of labeling 

as mentioned above. 

After which we need to load the image directory consisting of all the images 

of potholes. 

 
 

Figure 6.3 Annotating using GPU 

 
 

The output file after labeling will be in the following format 
 

Figure 6.4 Parameters of the Annotated Pothole Image 



The categories in the text file are the class of bounding boxes and the 

coordinates of the bounding boxes. 

 
6.3 Training Yolo Model: 

 
 

To train the Yolo model we need to collect official pre-made code by the 

developer Pjreddie and to collect it and install necessary packages we need to clone 

the GitHub repo. 

‘git clone https://github.com/pjreddie/darknet’ 

 
After cloning the repo navigate to the cloned repo and type ‘make’. ‘make ‘ is a 

command which is used to install or to execute multiple bash shell commands in this 

makefile all the necessary installations like OpenCV build and Cuda build will be done. 

After the build is done we need to download the pertained convolutional 

weights which are trained over imagenet dataset. To download the pre-trained weight 

file use the following code. 

wget https://pjreddie.com/media/files/darknet53.conv.74 

 
Before starting the training there are some files and configuration that is to be 

done. Create a folder named training, inside it create a file named ‘trainer.data’ put 

the following code inside it 

classes= 1 

train = custom/train.txt valid = custom/test.txt 

names = custom/objects.names backup = backup/ 

 
In the train.txt file, there will be all image file paths that will be used for training, 

and similarly in test.txt, there will be all image paths used for validation. In objects. 

names file the name of the class ‘Pothole’. 
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And the backup is a parameter where all the weights will be saved for every 

1000 steps while we train the model. 

After all these steps we need to modify the config file of yolo-tiny.cfg It contains 

the training parameters as batch size, learning rate, etc., and also the architecture of 

the network as a number of layers, filters, type of activation function, etc. 

There are some changes that are to be done in the filters of Conv layers just 

before yolo layers. Change the number of filters for convolutional layer "[convolution]" 

just before every yolo output "[yolo]" such that the number of filters= 3 x (5 + 

#ofclasses)= 3x(5+1)= 18. 

 

 
Now we need to start the training. 

To start the training type the following command. 

./darknet detector train training/trainer.data training/ yolov3-tiny.cfg 

darknet53.conv.74 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 6.5 Output Architecture 



6.4 Testing and Validating Results: 

To test the trained model over custom images there is a format / code that is 

to be executed to test the model. 

Using the following code we can test the trained model:!./darknet detector test 

training/obj.data training/yolov3-tiny.cfg yolov3-tiny_final.weights 

CCPLX_G0089833.jpg 

 
 

Figure 6.6 Examples of prediction.jpg 



 

Figure 6.7 Example of predictions.jpg 
 
 
 

 

 

● Checking list of directories. 
 

 

 
● Changing the directory to the potholes folder and then to the darknet file. 



 
 
 

● Make is a command line tool which allows you to download the latest version of 

popular developer tools on your installation, installing it alongside all of the required 

dependencies 

 

 

● Chmod is used to change the access permission of file systems. 
 

 

Figure 6.8 input image 

● To display the input image before applying YOLO. 



 
 

Figure 6.9 Architecture 

 

● Detector command is used on image to detect the potholes in the image. The input 

images goes through the various layer like convolutional layer, max pooling layer, up 

sampling layer etc. 



 

Figure 6.10 predictions.jpg 

 

● Output of the predicted pothole image. 

 

6.5 Code to Run the project on a live camera 

 
 

import cv2 import time 

import numpy as np import core.utils as utils import tensorflow as tf from PIL import 

Image 

 
return_elements = ["input/input_data:0", "pred_sbbox/concat_2:0", 

"pred_mbbox/concat_2:0", "pred_lbbox/concat_2:0"] 

pb_file = "./yolov3_coco.pb" 



video_path = "./docs/images/road.mp4" # video_path = 0 

num_classes  = 80 

input_size = 416 graph = tf.Graph() 

return_tensors = utils.read_pb_return_tensors(graph, pb_file, return_elements) 

 
 

with tf.Session(graph=graph) as sess: vid = cv2.VideoCapture(video_path) while True: 

return_value, frame = vid.read() if return_value: 

frame = cv2.cvtColor(frame, cv2.COLOR_BGR2RGB) image = 

Image.fromarray(frame) 

else: 

raise ValueError("No image!") frame_size = frame.shape[:2] 

image_data = utils.image_preporcess(np.copy(frame), [input_size, input_size]) 

image_data = image_data[np.newaxis, ...] 

prev_time = time.time() 

 
 

pred_sbbox, pred_mbbox, pred_lbbox = sess.run( [return_tensors[1], return_tensors[2], 

return_tensors[3]], 

feed_dict={ return_tensors[0]: image_data}) 

 
 

pred_bbox = np.concatenate([np.reshape(pred_sbbox, (-1, 5 + num_classes)), 

np.reshape(pred_mbbox, (-1, 5 + num_classes)), 

np.reshape(pred_lbbox, (-1, 5 + num_classes))], axis=0) bboxes = 

utils.postprocess_boxes(pred_bbox, frame_size, input_size, 0.3) bboxes = 

utils.nms(bboxes, 0.45, method='nms') 

image = utils.draw_bbox(frame, bboxes) 

 
 

curr_time = time.time() 

exec_time = curr_time - prev_time 



result = np.asarray(image) 

info = "time: %.2f ms" %(1000*exec_time) cv2.namedWindow("result", 

cv2.WINDOW_AUTOSIZE) result = cv2.cvtColor(image, cv2.COLOR_RGB2BGR) 

cv2.imshow("result", result) 

if cv2.waitKey(1) & 0xFF == ord('q'): break. 



7. CONCLUSION 

 
Detection of potholes is special when compared to other artifacts. Detections 

such as a person, a vehicle, an aircraft, etc. Unlike other organizations, Things like 

potholes have no fixed form. It makes it this way Struggling for detection. Raising the 

scoring average Due to the aforementioned limitations, accuracy for the identification 

of potholes is challenging. 

 
In addition, by making appropriate architectural improvements, the mean 

average accuracy is increased. In the future, using a raspberry pi with a camera, the 

device can be applied in real-time in a car dashboard. The device can also be 

incorporated with a GPS[18] to track the position of the observed potholes, which can 

be a perfect use for the road maintenance squad. 
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