
          International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

                Volume: 11 Issue: 08 | Aug 2024              www.irjet.net                                                                         p-ISSN: 2395-0072 

  

© 2024, IRJET       |       Impact Factor value: 8.226       |       ISO 9001:2008 Certified Journal       |     Page 363 
 

Integrated System for Self-Driving Cars 

Sam Selvaraj1, Archisha Srivastava1, Rajat Saboo1, Avani Bhuva2 

1BTech Computer Science Student, NMIMS MPSTME, Mumbai 
2Assistant Professor, Dept. of Computer Engineering, NMIMS MPSTME, Mumbai 

---------------------------------------------------------------------***---------------------------------------------------------------------
Abstract - Road safety in India is a pressing concern due to 
the prevalence of narrow roads, unclear lane markings, and 
unrepaired potholes, which frequently lead to accidents and 
traffic congestion. This issue is further compounded by 
pedestrians sharing the roads. In response to these challenges, 
we introduce a Vehicle Lane Detection system that 
encompasses lane, pothole and pedestrian detection.  
 
This paper presents a thorough investigation of the creation 
and application of a multipurpose vehicle assistance system 
intended to improve driver experience and road safety. Our 
system integrates advanced computer vision techniques for 
lane detection, pedestrian recognition, and pothole detection, 
culminating in a cohesive solution aimed at real-time analysis 
of the road environment. The lane detection module utilizes 
Sobel filters and Canny edge detection, demonstrating robust 
performance in accurately delineating lane boundaries under 
varying environmental conditions. Object detection 
capabilities are facilitated by the MobileNet SSD architecture 
pre-trained on the COCO dataset, enabling efficient 
identification of pedestrians and other potential hazards. 
Pothole detection is addressed through the integration of 
YOLOv7 pre-trained on the COCO dataset, offering high 
precision in detecting road surface irregularities. This paper 
also recommends the development of a live pothole database 
which can be used by roadway authorities for the efficient 
management and repair of roads. The proposed system is 
further validated through integration into consumer-grade 
hardware, showcasing its computational efficiency and 
practical feasibility for real-world deployment. Experimental 
results demonstrate the effectiveness and reliability of the 
system in enhancing driver awareness and safety on the road.  
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1. INTRODUCTION 

 
Lane detection plays a pivotal role in ensuring road 

safety, enhancing driving efficiency, and enabling self-driving 
technologies. This technology addresses the critical 
challenge of accurately identifying and tracking lane 
markings on roadways, providing essential guidance for 
vehicles to maintain proper lane positioning, make informed 
decisions, and avoid collisions. 

 
Owing to the intricate and ever-changing nature of road 

conditions, lane identification systems must be strong and 
dependable. Narrow roads, variable lighting conditions, 
adverse weather, and the presence of multiple lanes often 

pose challenges for human drivers and automated vehicles 
alike. In congested urban settings, the accurate identification 
of lanes becomes even more critical, as vehicles must 
navigate through complex traffic scenarios, including 
intersections, lane merges, and pedestrian crossings. 

 
The foundation of our system lies in the robust lane 

detection module, which utilizes Sobel filters and Canny edge 
detection algorithms to accurately delineate lane boundaries 
in varying lighting and weather conditions. By extracting 
relevant features from the road surface, this module serves 
as the cornerstone for subsequent analyses, enabling precise 
localization and tracking of the vehicle within its lane. 
Historically, lane detection predominantly relied on classical 
computer vision techniques. These methods utilized color 
and edge-based features to identify lane markings. However, 
these approaches faced limitations in coping with low-light 
conditions, inclement weather, and diverse road surfaces. 

 
In addition to lane detection, our system incorporates 

advanced object detection capabilities facilitated by the 
MobileNet SSD architecture pre-trained on the COCO dataset. 
This module enables the real-time identification and tracking 
of pedestrians, vehicles, and other objects of interest, 
allowing drivers to anticipate potential collision risks and 
navigate safely through congested traffic environments. 

 
Furthermore, we address the critical issue of road surface 

maintenance and safety by integrating a pothole detection 
module based on the YOLOv7 architecture pre-trained on the 
COCO dataset. This module enables the automated 
identification and characterization of road surface 
irregularities, such as potholes and cracks, empowering 
drivers and road maintenance authorities to take proactive 
measures to ensure road safety and infrastructure integrity. 

 
In essence, this research contributes to the advancement 

of intelligent transportation systems by offering a 
comprehensive and robust solution for road environment 
analysis and hazard mitigation. By combining traditional 
image processing techniques with deep learning-based 
object detection models, our system represents a significant 
step towards safer and more efficient road transportation 
systems. 
 
2. LITERATURE SURVEY 

2.1 Lane Detection 

Lane detection is a vital component of sophisticated 
driver assistance systems and driverless vehicles. A literature 
survey on lane detection techniques reveals a diverse range 
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of approaches. Classical methods, prevalent before 2010, 
often utilized color and edge-based features, but they 
struggled in challenging conditions like low lighting and 
adverse weather. 

 
In the last decade, deep learning techniques have gained 

prominence, with Convolutional Neural Networks (CNNs) 
being the most popular choice. Many studies have focused on 
end-to-end solutions, where CNNs directly predict lane 
markings' positions. Such approaches are effective but 
require large, labeled datasets. 

 
Semi-supervised and unsupervised techniques have also 

been explored, reducing the need for extensive labeled data. 
Additionally, researchers have addressed robustness issues 
by incorporating temporal information and context, 
improving performance in complex driving scenarios.  
 

Table-1: Lane Detection Papers 
 
Paper 

no. 
Method used Advantages Accuracy 

[1] 
Hough 

Transform, CNN, 
GNN 

Compiled 
MudLane dataset 

for suburban roads 
0.61 (F1) 

[2] 
Canny, Hough, 

CNN, Gabor 
Filter 

Introduces LDWS; 
Alerts driver on 
lane deviation 

- 

[3] 

RANSAC, 
Kalman, CNN, 
RNN, Spline, 

DBSCAN 

Integrated 
multiple 

algorithms 
- 

[4] 
FCOS, ResNet, 

FPN, GloU 
Handles different 
scales efficiently 

94.16% 
(AP) 

[5] 
GMM, MeanShift, 

Flood filling, 
Yolov4, ORB 

Introduces new 
vehicle dataset; 

Road 
segmentation; 
Object tracking 
with trajectory 

analysis 

87.88% 
(mAP) 

 
However, the field continues to evolve, with ongoing 

research into real-time efficiency, robustness under diverse 
conditions, and adaptability to various road types. The 
literature underscores the importance of combining 
traditional computer vision techniques with deep learning, 
leading to more reliable and versatile lane detection systems. 
 
2.2 Pothole Detection 

 
Pothole detection is a difficult task that has received a lot 

of attention from the academic community in recent years. 
This is because potholes can cause severe damage to 
automobiles and infrastructure, as well as accidents. For 
pothole detection, several methods have been proposed, 
including visual, acoustic, and sensor-based methods. 

 
Visual methods for pothole detection typically involve the 

use of images or videos to identify potholes.These methods 
are further subdivided into feature-based and learning-

based methods. To detect potholes, feature-based 
approaches rely on handcrafted elements such as edge and 
texture features. Learning-based techniques, on the other 
hand, employ deep learning models to learn discriminative 
features for pothole identification. 

 
Acoustic methods for pothole detection rely on the sound 

emitted by vehicles when they drive over potholes. These 
methods are further subdivided into time-domain and 
frequency-domain methods. To find potholes, time-domain 
algorithms analyse the acoustic input in the time domain. 
Frequency-domain methods, on the other hand, analyze the 
acoustic signal in the frequency domain to identify potholes. 

 
Sensor-based methods for pothole detection rely on 

sensors, such as accelerometers and gyroscopes, to measure 
the vibration and movement of vehicles. These methods can 
be further classified into single-sensor and multi-sensor 
methods. Single-sensor methods use data from a single 
sensor to identify potholes. Multi-sensor methods, on the 
other hand, use data from multiple sensors to identify 
potholes. 

 
Deep learning for pothole identification has been 

increasingly popular in recent years. Deep learning models 
have been demonstrated to produce cutting-edge results on 
a range of pothole detection datasets. Deep learning models, 
on the other hand, necessitate vast volumes of training data, 
which can be difficult and costly to obtain. 
 

Table-2: Pothole Detection Papers 
 
Paper 

no. 
Method used Advantages Accuracy 

[6] 
YOLO family and 
SSD-Mobilenetv2 

Provides real-time 
and low-latency 

YOLOv4-
85.48%, 
YOLOv3-
83.60% 

(mAP@0.25) 

[7] 

SSD-TensorFlow, 
YOLOv3-

Darknet53, 
YOLOv4-

CSPDarknet53 

High accuracy, 
precision, recall 

and mAP Reduces 
cost and time 

YOLOv4-
81.82%- 

[8] 
YOLOV3, SSD, 
FasterR-CNN, 

HOG with SVM 
Faster processing YOLOv3-82% 

[9] 
Vision-based, 3D 
reconstruction-

based 

Cost-effective, 
requires small 

storage, real-time 
data processing; 

accurate for 
measuring shape 

and volume of 
potholes 

- 

 
Overall, the pothole detection sector is fast evolving. New 
strategies and approaches are always being developed. As a 
result, considerable breakthroughs in pothole identification 
technologies are expected in the next years. 
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2.3 Object Detection 
 

Object identification is a fundamental computer vision 
problem that attempts to recognise and locate things in 
pictures and movies. It has a wide range of applications, 
including self-driving cars, robotics, surveillance, and 
medical imaging. 
 

Table-3: Object Detection Papers 
 
Paper 

no. 
Method used Advantages Accuracy 

[10] 
Yolo, RetinaNet, 

RCNN, VGG 

Compiled MudLane 
dataset for 

suburban roads 

Yolov4-
97.31% 
(mAP) 

[11] SSD 
Uses a better SSD, 

much more 
efficient 

- 

[12] 
YOLOv6v3.0, 
YOLOv6-N, 

YOLOv6-M/L 
Better accuracy 52.8% 

[13] 

DETR variants, 
DAB-DETR, 

Deformable-
DETR 

Outperforming 
previous methods 
with fewer model 

sizes 

66.0% (AP) 

[14] 

R-FCN, Mask R-
CNN, SSD. 
Feature 

extraction: VGG, 
ResNet, ResNeXt 

These algorithms 
can learn both low-
level and high-level 

image features, 
which are more 

representative than 
the handcrafted 

features 

- 

 
Traditional object detection methods typically involve two 
stages: 
 

1) Feature extraction: This stage extracts features 
from the input image, such as edges, corners, and 
color distributions. 
 

2) Classification and localization: This stage uses the 
extracted features to classify the objects in the 
image and localize their bounding boxes. In recent 
years, deep learning has revolutionized object 
detection. Deep learning models can learn 
discriminative features for object detection directly 
from the data, without the need for handcrafted 
features. 

 
The following are some of the most prominent deep learning 
models for object detection: 
 

 R-CNN: R-CNN is a two-stage model that uses region 
proposals to localize objects. 
 

 Fast R-CNN: Fast R-CNN is a faster version of R-CNN 
that uses a shared convolutional neural network 
(CNN) to extract features from the input image. 
Faster R-CNN: Faster R-CNN is an even faster 
version of R-CNN that uses a region proposal 
network (RPN) to generate region proposals. 

 YOLO: YOLO is a single-stage model that directly 
predicts the bounding boxes and class probabilities 
of objects in the input image. 
 

 SSD: SSD is another single-stage model that predicts 
bounding boxes and class probabilities of objects 
using a multi-scale feature map. 

 
A range of object detection benchmarks have seen state-

of-the-art performance from deep learning models. However, 
they need a lot of training data and might be computationally 
expensive. 

 
Overall, the field of object detection is rapidly evolving. 

New methods and approaches are being developed all the 
time. As a result, we can expect to see significant advances in 
object detection technology in the coming years. 
 
3. PROPOSED METHODOLOGY   
 

The application consists of an Integrated system that 
identifies potholes in real-time and provides the lane and 
pedestrian information to make decisions in self-driving 
mode. 

 

 
 

Figure 1: Block Diagram 

 Pothole Detection Module: This module uses a variety 
of sensors, such as cameras, LiDAR, and ultrasonic 
sensors, to detect potholes in real-time. The sensors 
collect data about the road surface, which is then 
processed by the pothole detection algorithm to identify 
potholes. The algorithm may use a variety of techniques, 
such as machine learning and deep learning, to detect 
potholes. 
 

 Lane Detection Module: This module uses cameras to 
detect lanes on the road. The cameras collect images of 
the road, which are then processed by the lane detection 
algorithm to identify the lanes. The algorithm may use a 
variety of techniques, such as edge detection and Hough 
transform, to detect lanes. 
 

 Pedestrian Detection Module: This module uses 
cameras to detect pedestrians on the road. The cameras 
collect images of the road, which are then processed by 
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the pedestrian detection algorithm to identify 
pedestrians. The algorithm may use a variety of 
techniques, such as deep learning and machine learning , 
to detect pedestrians. 
 

 Integrated System: The three modules are integrated 
together to provide a comprehensive system for pothole 
detection, lane and pedestrian information for self-
driving. The pothole detection module identifies 
potholes in real-time, the lane detection module 
identifies lanes on the road, and the pedestrian 
detection module identifies pedestrians on the road. 
This information is then used by the self-driving system 
to make decisions about how to navigate the road safely. 

 
Here is a short example of how the integrated system might 
be used: 
 

1) The pothole detection module identifies a pothole in 
the road ahead. 

2) The lane detection module identifies the lane that 
the self-driving car is currently in. 

3) The pedestrian detection module identifies 
pedestrians on the road. 

4) The self-driving system uses this information to 
decide how to navigate the pothole safely. For 
example, the self-driving system may slow down 
and swerve around the pothole, or it may come to a 
stop if there is oncoming traffic. 

 
The integrated system can help to make self-driving cars 
safer by providing them with real-time information about 
the road surface, lanes, and pedestrians. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4. METHODOLOGY 
 

 
 

Figure 2: Process Flow Diagram 

4.1 Lane Detection 
 

In this work, we introduce a Real-Time Road Lane 
Detection method that, through precise lane boundary 
detection, is essential to guaranteeing the safe navigation of 
autonomous vehicles. Algorithms for lane recognition are 
essential to autonomous car systems and Advanced Driver 
Assistance Systems (ADAS). Our goal in this work is to clarify 
the steps that make up this lane detection process: 

 
 Sobel Filter for Gradients: Utilizes the Sobel filter 

to compute the gradient of the image, emphasizing 
regions with significant changes in intensity. It 
enhances the edges in the image by highlighting 
variations in pixel intensities. 
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 Canny Edge Detection: Applies the Canny edge 
detection algorithm to further refine the edges 
detected by the Sobel filter. Focuses on identifying 
the most prominent edges in the image while 
suppressing noise and small variations in intensity. 
 

 Perspective Transformation: Implements 
perspective transformation to obtain a bird's-eye 
view of the road, aiding in better lane detection.It 
warps the image to a top-down perspective, 
allowing for more accurate analysis of lane 
markings. 
 

 Lane Fitting: Utilizes the transformed image to 
extract lane markings and fit polynomial curves to 
represent the left and right lanes.It applies a lane 
detection algorithm to identify and track the 
position of lanes, taking into account the curves and 
their relationships. 
 

 Integration: Combines the outputs of Sobel 
filtering, Canny edge detection, perspective 
transformation, and lane fitting to form a 
comprehensive lane detection system.It enables the 
system to robustly identify and track lanes under 
varying road and lighting conditions. 

 
The outlined steps of this Real-Time Road Lane Detection 
algorithm collectively contribute to robust and efficient lane 
detection, essential for enhancing the safety and 
performance of autonomous vehicles and Advanced Driver 
Assistance Systems (ADAS) 
 
4.2 Object Detection 

 
Convolutional neural network (CNN) designs in the 

MobileNet family are lightweight and efficient, which makes 
them perfect for mobile and embedded applications. 
Numerous tasks, including as segmentation, object 
identification, and picture classification, can be accomplished 
with MobileNets. 

 
MobileNets are frequently utilised as the foundation of a 

single shot detector (SSD) for object detection. One kind of 
object detector that can identify items in a picture in a single 
pass is an SSD. SSDs function by first employing a CNN 
backbone to extract features from the image. The SSD then 
makes use of these characteristics to forecast the classes and 
bounding boxes of the image's objects. 

 
MobileNet-based SSDs are particularly well-suited for 

mobile and embedded devices because they are efficient and 
lightweight. For example, the MobileNet SSD v2 model is 
only 267 layers deep and has 15 million parameters, making 
it much smaller and faster than other object detection 
models, such as Faster R-CNN. 

 
 
 

Step-by-step overview of how MobileNet is used for 
object detection: 

 
 Step 1 : Load the MobileNet model 

The MobileNet model is a pre-trained model that 
was trained on a large dataset of photos and labels. 
TensorFlow and PyTorch are two frameworks that 
can be used to load the MobileNet model. Once the 
model has been loaded, it is ready to be used for 
object detection. 
 

 Step 2 : Extract features from the input image 
The MobileNet model retrieves features from the 
input image. Features are high-level representations 
of the image that can be used to identify things in 
the image. The MobileNet model captures features 
from the input image by running it through a 
sequence of convolutional layers. 
 

 Step 3 : Predict bounding boxes and classes 
using the SSD head 
The SSD head is a network component of the 
MobileNet concept. The SSD head predicts a set of 
bounding boxes and classes for each feature map 
based on the retrieved features from the MobileNet 
model. A bounding box is a rectangle in a picture 
that surrounds an object. A class is a sort of item 
that is contained within the bounding box. 
 

 Step 4 : Filter bounding boxes using non-
maximum suppression 
Non-maximum suppression is a method for 
removing duplicate detections from a set of 
bounding boxes. Non-maximum suppression begins 
by sorting the bounding boxes according to their 
confidence scores. It then iterates over the 
bounding boxes, removing any that overlap with a 
bounding box with a higher confidence score. 
 

 Step 5 : Output the final bounding boxes and 
classes 
The MobileNet-based SSD produces a list of 
bounding boxes and their respective classes as its 
final output. The discovered objects can then be 
visualised by drawing these bounding boxes on the 
input image. 
 

MobileNet is a powerful tool for object detection. It is 
efficient and lightweight, making it ideal for mobile and 
embedded devices. 
 
4.3 Pothole Detection 
 

The detection of potholes is a critical aspect of our 
integrated lane and pothole detection system. Potholes pose 
a significant safety hazard to road users and can lead to 
infrastructure damage. To address this issue, we employed a 
YOLOv7 model pre-trained on the COCO dataset, customized 
and fine-tuned for pothole detection. This section details the 
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methodology adopted for pothole detection, encompassing 
data acquisition, model training, and post-processing steps. 
 
1) Data Collection and Labeling: Data acquisition and 

labeling play a pivotal role in training a robust pothole 
detection model. To create the dataset for pothole 
detection, one can collect images and videos of road 
surfaces, emphasizing regions with known potholes. 
These images and videos can then be manually 
annotated to label the pothole instances within them. 
The annotations included bounding boxes around each 
detected pothole and associated class labels. 
 

2) Data Pre-processing: Similar to the object detection 
component, data pre-processing is a vital step in 
preparing the input data for the YOLOv7 model. The 
following pre-processing steps were applied: 

 
 Image Resizing: We resized the images to a 

consistent resolution, aligning them with the 
model's input size. This standardization ensured 
that the model could process all images effectively.  
 

 Normalization: Image pixel values were normalized 
to a common range, typically [0, 1] or [-1, 1], to 
facilitate model convergence. 
 

 Data Augmentation: To supplement the dataset, 
data augmentation techniques such as random 
rotations, flips, and brightness modifications were 
used, boosting the model's capacity to manage 
differences in road conditions and lighting.  
 

 Label Encoding: Labels for potholes were encoded 
as numerical values, and the YOLOv7 model was 
configured to predict pothole locations within the 
images using bounding boxes. 

 
3) Model Training: The pre-trained YOLOv7 model served 

as the foundation for our pothole detecting architecture. 
We fine-tuned the annotated dataset to tailor it to our 
specific job. The training phase entailed optimising the 
model's weights in order to recognise potholes in the 
input photos accurately. 
 
 Loss Function:  We employed a custom loss function 

that combined classification and localization losses, 
focusing on accurate pothole localization and 
classification. 
 

 Hyperparameter Tuning:  We fine-tuned model 
hyperparameters, including  batch size, learning 
rate and the number of training iterations, to 
achieve the best performance. 
 

 
 

4) Post-processing: Once the model was trained, post-
processing steps were implemented to refine the 
pothole detection results: 
 
 Non-maximum Suppression (NMS): To eliminate 

duplicate and overlapping detections, we applied 
NMS to retain the most confident pothole 
predictions. 
 

 Thresholding: We set a confidence threshold to filter 
out low-confidence predictions, ensuring that only 
reliable pothole detections were considered. 
 

 Geospatial Mapping: Pothole detections can be 
correlated with location data to map the exact GPS 
coordinates of detected potholes, which will be 
instrumental for road maintenance tracking by the 
relevant authorities. 

 
Our pothole detection methodology provides a robust and 
efficient approach for identifying potholes in real-world road 
conditions, enabling road authorities to take proactive 
measures for maintenance and ensuring road safety. 
 
4.4 Integration 

 
In our pursuit of creating a comprehensive and efficient 

integrated system for road monitoring and maintenance, the 
successful fusion of lane detection, object detection, and 
pothole detection is pivotal. This section elucidates the 
strategy employed for this integration and underscores the 
significance of object tracking in elevating the system's 
performance. 

 
To establish an integrated system, we strategically 

combined the outputs of the three components—lane 
detection, object detection, and pothole detection. The 
following integration strategy outlines how the information 
from these components is harmonized: 

 
1) Parallel Processing: Each component operates 

independently in parallel. Lane detection, object 
detection, and pothole detection occur 
simultaneously, optimizing real-time performance. 
 

2) Object Localization: Object detection provides 
valuable insights into the presence of various 
objects on the road, including vehicles, pedestrians, 
and traffic signs. These object locations are 
integrated with lane detection to enhance 
understanding of the road environment. 
 

3) Pothole Detection and Geospatial Mapping: 
Pothole detections can be directly correlated with 
geospatial data. The GPS coordinates of detected 
potholes can be registered and mapped, providing 
road maintenance authorities with precise 
information on pothole locations. 
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5. EXPERIMENTS AND RESULTS 
 
5.1 Lane Detection 
 

 
 

Figure 3: Lane Detection 

For the lane detection component, we employed Canny 
edge detection followed by Hough line transformation to 
identify lane markings. Our approach yielded impressive 
results, accurately detecting lanes under varying lighting and 
road conditions. The lane detection algorithm showcased a 
robust performance, ensuring that the vehicle remains 
within the designated lanes. This is crucial for the safety and 
precision of autonomous vehicles and advanced driver-
assistance systems. 
 

5.2 Object Detection 
 

 
 

Figure 4: Object Detection 

Object detection using MobileNet SSD proved to be an 
integral component of our system, successfully recognizing 
pedestrians, obstacles, and various objects. 
 

Table 4: Object Detection Accuracy 
 

Algorithm Accuracy Speed Lightweight 

MobileNet SSD Medium High Yes 

Faster R-CNN High Medium No 

Masked R-CNN High Low No 

SSD Medium High No 

YOLOv5 Medium High No 

MobileNet SSD is a fast and lightweight object detection 
model that is well-suited for mobile devices and other 
embedded systems. It is based on the Single Shot Detector 
(SSD) architecture, but uses the MobileNet convolutional 
neural network (CNN) as its backbone. This makes 
MobileNet SSD more efficient and less computationally 
expensive than other object detection models, while still 
maintaining good accuracy. 
 
5.3 Pothole Detection 
 
The YOLOv7 model was employed for pothole detection, and 
the results were highly promising. The model exhibited a 
remarkable ability to identify potholes in real-time. 
 
By alerting drivers or automated systems to road 
imperfections promptly, this feature holds significant 
potential for enhancing road safety and reducing 
maintenance costs. 
 

 
 

Figure 5: Pothole Detection 

Table 5: Pothole Detection Accuracy 

Algorithm Accuracy Speed Robust 
Ease of 

Use 

YOLOv7 High High High Medium 

Faster R-CNN Medium Medium Medium Low 

Masked R-
CNN 

Medium Low Medium Low 

SSD Medium High Medium Medium 

 
Accuracy: On various object detection benchmarks, 

including COCO and KITTI, YOLOv7 has reached state-of-the-
art accuracy. This shows that it can detect potholes in a range 
of real-world scenarios. 

Speed: Because YOLOv7 is a single-stage object detector, it 
can detect things in an image in a single pass. As a result, it is 
much faster than two-stage object detectors like Faster R-
CNN and Mask R-CNN. 
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Robustness: Because YOLOv7 is trained on a vast dataset 
of photos, it is highly resistant to fluctuations in lighting, 
posture, and occlusion. This is critical for pothole detection 
because potholes can emerge in a variety of situations. 

Overall System Performance: The integration of these 
components into a single system resulted in a cohesive 
solution capable of comprehensive road monitoring. Real-
time execution was achieved on a moderately configured 
laptop, showcasing the system's efficiency and real-world 
feasibility. 

Accuracy and Speed: The accuracy and real-time 
processing capabilities of YOLOv7 and MobileNet SSD were 
crucial aspects of our project's success. These models 
efficiently detected potholes, objects, and pedestrians, 
providing timely information for decision-making. 

In summary, our integrated system demonstrated impressive 
capabilities in lane detection, pothole detection, and object 
recognition. These functionalities are integral for enhancing 
road safety and driver-assistance systems. While there is 
always space for improvement, the findings of this project 
demonstrate the possibility of merging modern computer 
vision techniques and deep learning models to handle 
difficult real-world transportation and road safety concerns. 

6. CONCLUSIONS 

A lane detection system with integrated pothole and 
object detection presents a significant leap forward in the 
realm of road safety and transportation technology. Our 
project has explored the diverse methods and approaches 
used in each of these crucial components, shedding light on 
the challenges and opportunities they present. 

Lane detection, a cornerstone of advanced driver 
assistance systems and autonomous vehicles, has evolved 
from classical techniques to deep learning methods. Its 
importance in ensuring vehicle safety and assisting 
autonomous navigation cannot be overstated. We realized 
that deep-learning methods are still computationally heavy to 
be run on a consumer device, hence traditional methods 
involving image processing are preferred.  

The detection of potholes, a pervasive road hazard, has 
traditionally relied on visual, acoustic, and sensor-based 
approaches. We've observed the growing interest in deep 
learning for pothole detection, leading to state-of-the-art 
results. While deep learning has shown promise, it does 
require substantial training data, which poses a challenge 
that researchers are actively addressing. 

Object detection, fundamental to a safer and more 
efficient road environment, also follows a trajectory from 
traditional two-stage methods to deep learning models. 
These models have the potential to revolutionize road safety 

and have achieved state-of-the-art results in numerous 
benchmarks. 

In conclusion, our project underscores the importance of 
combining traditional computer vision techniques with deep 
learning in the development of comprehensive and reliable 
lane detection systems. These systems offer immense 
potential for enhancing road safety, supporting autonomous 
vehicles, and contributing to smart city initiatives. As the field 
continues to evolve, we hope to see more robust technology 
which captures the nuances and chaos of everyday traffic in 
order to make safe decisions as an autonomous vehicle. 

7. FUTURE SCOPE 

The integrated lane detection, object detection, and 
pothole detection system presented in this research open 
avenues for several exciting future developments and 
applications. The following outlines potential directions for 
further exploration and improvement: 

1) Geotagging Potholes for Road Network 
Improvement 

The geotagging of potholes represents an 
indispensable next step in our system's evolution. By 
implementing a geotagging mechanism, we can 
create a dynamic and real-time map of road 
conditions, especially crucial in the context of 
countries like India with extensive road networks. 
Authorities and travelers could access this 
information, facilitating informed route planning 
and timely road maintenance. Geotagging can also 
enable the prioritization of road repair efforts based 
on the severity and location of potholes. 

2) Integration with Self-Driving Vehicles 

As self-driving vehicle technology continues to 
advance, our integrated system holds the potential 
to become an integral component of autonomous 
vehicles. The real-time and comprehensive data 
provided by our system can enhance the decision-
making processes of self-driving vehicles. This 
integration can facilitate safer navigation, optimized 
route planning, and timely response to road 
anomalies, ultimately contributing to the realization 
of fully autonomous transportation systems. 

3) Road Safety and Traffic Management 

Expanding the system's capabilities to include 
advanced traffic management and road safety 
features is another exciting avenue. Integrating real-
time traffic data, weather conditions, and predictive 
analytics can enable authorities to proactively 
manage traffic flow, reduce congestion, and enhance 
road safety through timely interventions. 
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4) Collaboration with Authorities and Civic Bodies 

To ensure the effective implementation of our 
integrated system, close collaboration with local 
authorities and civic bodies is essential. A 
cooperative approach will not only enable the 
deployment of our system on a larger scale but also 
foster data-sharing initiatives that benefit the 
community and infrastructure development. 
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