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Abstract — In general, Self-Driving car uses a combination 
of numerous sensors, cameras, radars, LIDAR, high-
performance processors and artificial intelligence (AI) 
technology to travel between destinations without the need 
of a human operator. This research utilizes a Raspberry pi 
4 (2GB) as the processing element and a camera module 
connected to it acts as the input for the car. Machine 
learning models are used for lane detection, steering angle 
prediction, and object detection, focusing on traffic light 
and stop sign detection, to make various decisions for 
the car. Raspberry pi is the main part of the system with 
the task of processing the video provided by the camera 
by extracting individual image frames, detecting the road 
lanes and the objects in front of it, and finally taking various 
decisions for the car such that the car follows the lane lines 
and doesn’t go off-track, maintains appropriate speed and 
turning angles, and follows traffic rules by recognizing 
the status of traffic lights and detecting stop sign. For the 
lane detection and steering angle prediction model, lane 
images were collected by manually controlling the car 
through the track lane. Those thousands of lane images 
were transferred to the computer, and after pre-processing, 
the model was trained using Google Colab. Similarly, for 
the object detection model, images were collected for the 
required classes and then used, to train a pre-trained 
YOLOv8 model for detecting only the few required classes 
of object. Finally, both the machine learning models were 
saved in Raspberry Pi. In the inferencing process, the latest 
image frame from the camera was fed into the raspberry 

pi after conversion into appropriate format as required by 
the steering prediction model (YUV Format) and object 
detection model (RGB Format). After interpretation 
of the output of these models, the decision for the car 
movement was sent to the motor driver module which then 
controlled the rotation and speed of the Battery-Operated 
(BO) motors. In the end, the car prototype successfully 
followed the predefined lane tracks and detected objects 
within its view, achieving near real-time inferencing at low 
speeds. In conclusion, this paper presents the integration 
of two machine learning models to develop a miniature 
self-driving car prototype within a resource-constrained 
environment capable of autonomously navigating road 
lanes and making precise decisions.
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Lane detection, Object detection, Traffic light detection, 
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Introduction

Background Theory

A self-driving car (sometimes called an autonomous car 
or driverless car) is a vehicle that uses a combination of 
sensors, cameras, radar and artificial intelligence (AI) to 
travel between destinations without a human operator. 
To qualify as fully autonomous, a vehicle must be able to 
navigate without human intervention to a predetermined 
destination over roads that have not been adapted for its use. 
An autonomous car can go anywhere a traditional car goes 
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and do everything that an experienced human driver does. 
These cars use vast amount of data for machine learning and 
neural networks, to build the system that can drive by itself.

Autonomous cars rely on sensors, actuators, complex 
algorithms, machine learning systems, and powerful 
processors to execute software. It creates and maintains 
a map of their surroundings based on a variety of sensors 
situated in different parts of the vehicle. Radar sensors 
monitor the position of nearby vehicles. Video camera 
detects traffic lights, read road signs, track other vehicles, 
and look for pedestrians. Lidar sensors bounce pulses of 
light off the car’s surroundings to measure distances, detect 
road edges, and identify lane markings. Ultrasonic sensors 
in the wheels detect curbs and other vehicles when parking. 
Sophisticated software then processes all this sensory input, 
plots a path, and sends instructions to the car’s actuators, 
which control acceleration, braking, and steering. Hard-
coded rules, obstacle avoidance algorithms, predictive 
modelling, and object recognition help the software follow 
traffic rules and navigate through obstacles. 

In the race to design vehicles that are fully independent 
of drivers, the automotive industry looks to the Society of 
Automotive Engineers’ (SAE) system of categorization that 
defines the six levels of automated driving[1] as follows:

•	 Level 0 (No Automation): The human driver is in 
constant and complete control of the car.

•	 Level 1 (Driver Assistance): System provides 
continuous assistance with either acceleration/braking 
OR steering, while driver remains fully engaged and 
attentive. Cruise control, lane keeping and parking 
assist are other such common place features found in 
autonomous car of this level.

•	 Level 2 (Additional Assistance): More than one function 
is automated at the same time such as a combination of 
adaptive cruise control and lane centering. However, 
the driver must still remain constantly attentive.

•	 Level 3 (Conditional Automation): System actively 
performs driving tasks while driver remains available 
to take over. If the system can no longer operate and 
prompts the driver, the driver must be available to 
resume all aspects of the driving task.

•	 Level 4 (High Automation): System is fully responsible 
for driving tasks within limited-service areas while 
occupants act only as passengers and do not need to 
be engaged.

•	 Level 5 (Full Automation): The car can completely 
drive itself without a human operator. The vehicle is 
designed to perform all driving function and monitor 
roadway conditions for an entire trip.

Problem Statement

Self-driving technology relies on accurate lane detection 
and object recognition to navigate safely and follow 
traffic rules. However, most autonomous systems require 
high-performance hardware, making them costly and, 
implementing such technology in a resource-constrained 
environment remains a significant challenge.

This research focuses on developing a low-cost miniature 
self-driving car prototype using a machine learning-based 
approach on a Raspberry Pi 4 (2GB). The key challenge is 
achieving real-time lane detection and steering prediction, 
and object recognition while ensuring efficient processing 
on limited hardware. The system must accurately detect lane 
markings, identify critical traffic signs such as stop signs 
and traffic lights, and make appropriate driving decisions. 
By addressing these challenges, this study demonstrates the 
feasibility of implementing machine learning-based steering 
prediction and object detection on low-power hardware, 
contributing to research and education in autonomous 
vehicle technology.

Objectives

•	 To build a miniature car-based prototype that can 
navigate through road lanes accurately.

•	 To detect and identify object in front of the car, and take 
decisions accordingly.

•	 To integrate and operate two machine learning models 
on a Raspberry Pi while minimizing inference time.

A.	 Scope and Applications

The scope of this paper involves developing a self-driving 
car prototype using a Raspberry Pi and a camera module 
that can autonomously follow the marked lanes and detect 
objects in front of it, by integrating two machine learning 
models while achieving high accuracy.

This paper serves as a low-cost implementation for learning 
and research in lane detection and object detection using 
machine learning. It enables students and researchers to 
explore computer vision techniques for identifying lane 
markings and detecting critical road signs, such as stop 
signs and traffic lights by implementing machine learning 
models on a resource-constrained system. Its concepts can 



88 KEC Journal of Science and Engineering, Vol. 9 Issue 1,  April  2025

also be applied to smart robotic systems, such as warehouse 
automation, where small autonomous vehicles follow 
designated paths to transport goods efficiently.

Literature Review

This paper proposed an autonomous car that was capable of 
sensing its environment and navigating without human input 
using components like Camera, Ultrasonic sensor, Raspberry 
pi, and GPS module. It consisted of three subsystems: 

(i)	 Client systems, such as hardware platform; 

(ii)	 Algorithms for localization, perception, and planning 
and control; and 

(iii)	 The cloud platform, which included data storage. 

Using the cloud platform, better recognition, tracking, and 
decision models were trained and tested. [2] 

This study produced a successful model that navigates 
through the traffic and tackles all the obstacles placed in its 
path. This self-drive car was implemented using Machine 
Learning algorithms and Convolutional neural networks in 
a way that provides complete automation to the driver. This 
car integrated and performed the following functions: self-
park, avoid traffic congestion, follow lane markings, avoid 
obstacles and detect vehicles and moved accordingly based 
on its distance from other vehicles.[3]

This paper discussed the use of CNN deep learning algorithm 
for recognizing the surrounding environment in creating 
the automatic navigation required by autonomous cars. 
The system designed creates and learns the data set taken 
in advance from Udacity Self-driving car simulator and the 
learning outcomes were implemented in an open simulation 
system. This simulation showed high accuracy in learning to 
navigate the autonomous car by observing the surrounding 
environment.[4]

In this paper, a monocular vision-based self-driving car 
prototype using Deep Neural Network on Raspberry Pi was 
proposed. First, the CNN model parameters were trained 
by using data collected from vehicle platform built with a 
1/10 scale RC car, Raspberry Pi 3 Model B computer and 
front facing camera. The training data were road images 
paired with the time-synchronized steering angle generated 
by manually driving. Second, road test the model on 
Raspberry to drive itself in the outdoor environment around 
oval-shaped and 8-shaped with traffic sign lined track. The 
experimental results demonstrated the effectiveness and 
robustness of autopilot model in lane keeping task. Vehicle’s 

top speed was observed about 5-6km/h in a wide variety of 
driving conditions, regardless of whether lane markings are 
present or not.[5]

This paper proposed a working model of self-driving car 
which was capable of driving from one location to the other 
or to say on different types of tracks such as curved tracks, 
straight tracks and straight followed by curved tracks. A 
camera module was mounted over the top of the car along 
with Raspberry Pi sent the images from real world to the 
Convolutional Neural Network which then predicted one of 
the following directions i.e. right, left, forward or stop which 
was then followed by sending a signal from the Arduino to 
the controller of the remote controlled car and as a result of 
it the car moved in the desired direction without any human 
intervention.[6]

This paper addressed the problem of using GPS in the roads 
of India for implementation of a self-driving car. So the idea 
was to use special pattern deployed on the road and those 
pattern were used for detection of pathway and type of road. 
The prototype used a modelled car which has a Raspberry 
pi to process the captured images from the camera and send 
it remotely on remote computer process it and send back. 
Similarly, various sensors were used around the car to detect 
the surrounding obstacles. The camera captured the specific 
pattern on the road that made it easier to drive on roads in 
India.[7]

This paper proposed a convolutional neural network (CNN) 
approach to implement a level 2 autonomous vehicle by 
mapping pixels from the camera input to the steering 
commands. The network automatically learns the maximum 
variable features from the camera input, hence requires 
minimal human intervention. Given realistic frames as 
input, the driving policy trained on the dataset by NVIDIA 
and Udacity could adapt to real-world driving in a controlled 
environment. The CNN was tested on the CARLA open-
source driving simulator. Arduino Mega and Raspberry Pi 
are used for motor control and processing respectively to 
output the steering angle, which was converted to angular 
velocity for steering. In case of obstruction in the path, three 
ultrasonic sensors were used to decide in which direction the 
vehicle should turn to continue on its path. Once this was 
achieved, the vehicle resumed its normal function in terms 
of  manoeuvring based on the steering angle given by the 
CNN.[8]

For Object Detection, YOLO used a totally different 
approach. It applied a single neural network to the full 
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image. This network divided the image into regions and 
predicted multiple bounding boxes and probabilities for 
each region. These bounding boxes were weighted by the 
predicted probabilities. This model had several advantages 
over classifier-based systems. It looked at the whole image at 
test time so its predictions were informed by global context 
in the image. It also made predictions with a single network 
evaluation unlike systems like R-CNN which required 
thousands for a single image. This made it extremely fast, 
more that 1000x faster than R-CNN and 100x faster than 
Fast R-CNN.[9]

HydraNet was introduced by Ravi Teja and team in 2018. 
It was developed for semantic segmentation, for improving 
computational efficiency during inference time. HydraNet 
is dynamic architecture so it can have different CNN 
networks, each assigned to different tasks. These blocks or 
networks were called branches. The idea of HydraNet was 
to get various inputs and feed them into a task-specific CNN 
network. Take the context of self-driving cars. One input 
dataset can be of static environments like trees and road-
railing, another can be of the road and the lanes, another of 
traffic lights and road, and so on. These inputs were trained in 
different branches. During the inference time, the gate chose 
which branches to run, and the combiner aggregates branch 
outputs and makes a final decision. In the case of Tesla, 
they modified this network slightly because it was difficult 
to segregate data for the individual tasks during inference. 
To overcome that problem, engineers at Tesla developed 
a shared backbone. The shared backbones were usually 
modified ResNet-50 blocks. This HydraNet was trained 
on all the object’s data. There were task-specific heads that 
allow the model to predict task-specific outputs. The heads 
were based on semantic segmentation architecture like 
the U-Net. The Tesla HydraNet could also project a birds-
eye, meaning it could create a 3D view of the environment 
from any angle, giving the car much more dimensionality 
to navigate properly. On ImageNet, applying the HydraNet 
template improved accuracy up to 2.5% when compared to 
an efficient baseline architecture with similar inference cost.
[10]

This paper proposed a RNN-based neural network named 
as ChauffeurNet, used by Google Waymo, however, CNN 
was actually one of the core components here and used 
to extract features from the perception system. The idea 
behind this network was to train a self-driving car using 
imitation learning. The authors decided to train the network 
by adding synthetic data, along with original data to create 

variations. This synthetic data introduced deviations such 
as introducing perturbation to the trajectory path, adding 
obstacles, introducing unnatural scenes, etc. They found 
that such synthetic data was able to train the car much more 
efficiently than the normal data. Usually, self-driving has an 
end-to-end process where the perception system is part of a 
deep learning algorithm along with planning and controlling. 
In the case of ChauffeurNet, the perception system was not 
a part of the end-to-end process; instead, it was a mid-level 
system where the network could have different variations of 
input from the perception system.[11]

Methodology

Block Diagram

Fig. 1 Block Diagram

The self-driving car consists of components such as the 
Raspberry Pi, camera module, motors, and motor driver, all 
connected as illustrated in Fig. 1. The Raspberry Pi, a single-
board computer, processes the images from the camera 
module and computes the necessary adjustments for the 
motors. Four BO motors are connected to the L298N motor 
driver, which sends control signals to the motors.

Steering Angle Prediction

1)	 Data Collection: In the track lane prepared over a 
plywood, collection of images with steering angle data 
was done. The car was manually controlled by using 
a joystick and the camera module was used to capture 
the images in real time. The raspberry pi stored the 
captured images inside a folder and the location of 
images along with corresponding steering values (from 
-1 to +1) were recorded in a comma-separated values 
(CSV) file. Finally, the collected images and the CSV 
files were uploaded to computer for training the model.
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Fig. 2 Histogram Plot

Data Balancing: At first, the collected data was uploaded 
to Google Colab for training and building the model. Then, 
reading of data was done using pandas to manipulate and 
analyse the data of CSV file. A histogram was plotted to 
visualize the distribution and see what steering angles were 
most frequent throughout the dataset. 

Fig. 3 Balanced Data

Horizontal axis represents the normalised steering angles 
and the Vertical axis represents the frequency of the steering 
angle used while collecting data. Plotting this histogram of 
training data showed that the data obtained from driving 
in the track had more zero angles because of the nature 
of track. Also, the left and right angle data seemed to be 
somewhat balanced which was a major requirement for the 
data. Biased data is not preferred, therefore, to solve this 
issue, reject all the samples above a certain threshold and 
make sure that the data is more uniformed and not biased 
towards a specific steering angle.

1)	 Data Pre-processing:  The next step was to process 
the original image such that extraction of steering 
angle was simplified. The image was cropped so that 
unwanted areas of the image were removed such as the 
background and the hood of the car. As the NVIDIA 
Model architecture suggested using YUV colour format, 
conversion of original image from RGB to YUV colour 
format was done. Next gaussian blur function was 
applied to smoothen the image and remove noise.

Fig. 4 Lane Image Pre-processing

Finally, the lane images were suitable for feeding into 
the NVIDIA CNN architecture[12], which consisted of 9 
layers, including a normalization layer, 5 convolutional 
layers, and 3 fully connected layers. The input image was 
split into YUV planes and passed to the network. The first 
layer of the network performed image normalization. The 
normalizer was hard-coded and thus, was not adjusted in the 
learning process. The convolutional layers were designed 
to perform feature extraction, and were chosen empirically 
through a series of experiments. The fully connected layers 
were designed to function as a controller for steering, but it 
was noted that by training the system end-to-end, it was not 
possible to make a clean break between which parts of the 
network function primarily as feature extractor, and which 
serve as controller. The final output of the model was the 
predicted normalised steering angle value.
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Fig. 5 CNN architecture

Object Detection

1)	 Data Collection: Firstly, the image data for the various 
classes i.e. traffic lights (red and green) and stop sign 
from Google were collected and the unwanted and 
unclear images were filtered out.

2)	 Data Augmentation: Then, the original image data 
was augmented to create new, modified samples 
of images by applying various transformation to 
artificially increase the diversity and size of a training 
dataset. Image was resized to 640*640 for feeding into 
YOLO v8 model and different transformation such as 
flipping, rotation, zoom, crop and resize, brightness and 
contrast adjustment, noise addition were applied. Such 
transformations in the dataset were done with the help 
of a python library ‘Albumentations’.

3)	 Data Annotation: After creating a larger dataset of 
about 2700 images, it was then split into train (80%) 
and test (20%) set with each folder that would contain 
different set of images. Then the objects to be detected 
were labelled in every image using ‘Makesense.ai’ 
tool which is free and open source, and easy to use. 
Annotation file of YOLO format was generated for 
each image and stored in labels folder.

Finally, the images were ready for training and then fed to the 
pre-trained YOLO v8n (Nano) object detection model. The 
reason for using a pre-trained model is due to the fact that 
the model can capture complex features easily and allows 
model to leverage pre-trained weights, significantly reducing 
computational time, with increased accuracy even in smaller 
datasets. This technique is known as transfer learning where 
a pre-trained deep learning model is adapted to a new task 
by fine-tuning it on a smaller dataset. Transfer learning helps 
prevent overfitting by retaining generalized features, making 
the model more robust to variations in the new dataset. It 
also optimizes computational resources, enabling efficient 
model adaptation without the need for extensive hardware.

Flowcharts

Fig. 6 Flowchart for steering angle prediction
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Fig. 7 Flowchart for Object Detection

Results 

Steering Angle Prediction

After training the model multiple times while varying the 
hyper parameters such as batch size, number of epochs, steps 
per epochs, and learning rate, along with addition of early 
stopping criteria, a model capable of navigating properly 
through the track was obtained. The model was trained with 
following parameters:

•	 Batch Size: 128
•	 No. of Epochs: 100
•	 Steps per epoch: 30
•	 Learning rate: 0.001

Fig. 8 Loss Plot for Steering Angle Prediction

Object Detection

The pre-trained YOLO model is re-trained to predict only 
3 classes: Red traffic light, Green traffic light and Stop sign 
using the train folder data. Also, accuracy test was done 
using the test folder data which contained different images 
that those contained in train folder. A train folder is created 
automatically after completion of training and it contains 
all the results of training such as F1 score curve, Precision-
Recall curve, Confusion matrix, validation batch label and 
predictions in image format as well as csv file containing 
all the value results for every epoch. As seen in Fig. 11, the 
losses are gradually decreasing and the values of different 
performance metrics are gradually increasing as the epoch 
increases which is a good sign that the model is increasing 
in accuracy.

Table 1

Performance Metrics Result

Performance Metric Values

Precision 0.96282

Recall 0.96875

mAP50 0.9928

mAP50-95 0.7803

F1-Score 0.9658

Fig. 9 Confusion Matrix
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Fig. 10 Curve Plot of various performance metric values (vertical) against epochs (horizontal)

Fig. 11 Lane Image and Corresponding Prediction
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Finally, after training of both the models, YOLO object 
detection model and CNN model were constructed 
successfully, these were integrated in the Raspberry Pi 
program where both the models had to run simultaneously 
in real time and predict the steering value for the car in 
various situations. The captured image was converted into 
different formats (YUV or RGB) for the respective model 
before giving them as inputs and based on the output from 
those models, the decisions were taken for the movement of 
the car.

Discussion

The self-driving car prototype successfully navigated the 
track it was trained on but encountered difficulties when 
attempting to navigate an unknown track. There were issues 
during the implementation primarily due to the limited 
processing power of the Raspberry Pi (2GB RAM), which 
struggled to run both models simultaneously. As a result, 
there was an average delay of nearly 5 seconds between 
processing of consecutive frames, leading to inaccurate 
decision-making, as proper navigation requires near real-time 
responses. To address this, multithreading was implemented 
to enable the simultaneous execution of both models, while 
reducing the image resolution improved processing speed 
and decision-making time. Additionally, a heat sink with a 
fan was installed to prevent performance degradation caused 
by overheating, ensuring stable operation of the Raspberry 
Pi.

Conclusion

The main aim of this paper was to develop a miniature self-
driving car prototype by integrating two machine learning 
models in a resource-constrained environment, enabling it to 
autonomously navigate lane tracks without any assistance. 
Towards the end, the prototype was able to make accurate 
decisions to navigate the track it was trained on, while 
also successfully recognizing traffic signs and responding 
accordingly.
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