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The main objective of this work is to develop a perception algorithm for self-driving cars which is based on pure vision
data or camera data. The work is divided into two major parts. In part one of the work, we develop a powerful and robust lane
detection algorithm which can determine the safely drive-able region in front of the car. In part two we develop and end to end
driving model based on CNNs to learn from the drivers driving data and can drive the car with only the camera data from on-board
cameras. Performance of the proposed system is observed by the implementation of the autonomous car that can be able to detect
and classify the stop signs and other vehicles.
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1. Introduction

In the present-day world, we spend a significant amount of time in our vehicles or interacting with
other vehicles as a pedestrian on the roads. Each year, 1.35 million lives are killed on roadways around
the world and almost 3,700 people are killed around the world per day in crashes involving Buses, trucks,
car, motorcycles, bicycles, or pedestrians (Singh, 2015). The number of automobiles on the road around
the world is also increasing rapidly (Bellis ef al., 2008). Researchers shows that the human error is a main
cause for the greatest number of road accidents.

The Advanced Driver Assistance Systems (ADAS) is developed in recent years for the purpose of
improving the safety and comfort of the passengers (Lu et al., 2005; Bengler et al., 2014; Liyong et al.,
2020) which has motivated to develop a fully autonomous self-driving car. The self-driving car
technology can be broken down into three major building blocks namely perception, planning and
control. A considerable amount of work has been done by researchers to develop a various technique to
improving the driving safety and reducing traffic accidents. Most of the ADAS systems are using variety
of sensors for lane and object detection on the highway. Various camera vision approaches are proposed
to detect the lane and object (Gayko ef al., 2012; Simon et al., 2017).

This kind of driver assistance systems are expected to be more perfect under any traffic conditions
(Eskandarian et al., 2012). However, predicting the road traffic is very difficult due the dynamic nature of
the road traffic environment and that is a bottleneck for the development of this kind of driver assistance
systems (Eskandarian ef al., 2012). In a complex traffic situation like heavy traffic, a greater number of
high-speed vehicles, the possibility of accident is much greater that usual. Under these traffic conditions,
road boundary, object detection, lane marking, road texture detection and colour extraction are the main
perceptual clues of human driving.

The vision-based lane and object detection is proposed by many researchers around the (Xing et
al., 2018; Kunz et al., 2017; Yan et al., 2017). The image features like intensity difference between the
lane marking and road information is used to detect lane (Borkar et al., 2012; Audibert et al., 2010). The
straight lanes are detected using Hough transform and edge information (Raja et al., 2020; He et al.,
2012). To improve the speed of the detection, the modified Hough transform based lane detection also
proposed (Kuk ef al., 2010). The mathematical model of the lane marking is developed with the help of
obtained road information that is called as B-spline (XU et al., 2009). For object detection, the deep
convolutional networks (CNNs) is used to produce very good results. CNNs has been used for
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classification by using the image feature learning capability of the CNNs (Zhao et al., 2018). A multi-
stage CNN architecture proposed that can perform both the semantic segmentation for lane markings and
also the localization of each lane in the form of key-points (Muthalagu ef al., 2021). A system for image
processing in autonomous cars has been implemented (Shaun ef al., 2021).

In this paper, we propose a two different lane detection and object detection method that is suitable
for all kinds of complex traffic situations, especially as driving speed in roads is too fast. The images
taken from the model car is processed, and the processed data can be used to control the autonomous
vehicle. First one is a minimalistic lane detection approach which can detect only the straight lane lines.
Second one is to develop a CNNs based model which can learn to drive a car from the drivers driving
data. This approach can drive the car that is learned by cloning the behaviour of a human driver. The
shortcomings of the minimalistic approached were overcome with the advance lane finding approach
which does an excellent job at detecting the lanes and is robust and less susceptible to weather changes or
shadows and different road conditions. The simple Remote-Controlled car is equipped with the cameras
in the front that record the video as well the detecting the object. In this paper, our contributions are
summarized as follows.

1. A minimalistic lane detection approach is proposed to detect the straight lane lines.

2. A CNNs based model is developed which can learn to drive a car from the drivers driving data.

This approach can drive the car that is learned by cloning the behaviour of a human driver.

3. The simple remote-controlled car is equipped with the cameras in the front that record the

video and it uses the proposed late detection approach to detect the lane and object.

The remainder of the paper is organized as follows. Section 2 describes minimalistic approach-
based lane-detection. Section 3 describes the machine learning approach-based lane detection. Section 4
describes the hardware implementation of remote-controlled car. Experimental results of the object
detection and lane detection are presented in Section 5. Finally, Section 6 concludes our work.

2. Minimalistic Approach-based Lane-detection

Pre-Processing & canny . .
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Figure 1. Minimalistic approach-based lane detection

The proposed minimalistic approach for lane detection is shown in Figure 1 is used to keeping the
vehicle in the middle of the lane al all the time. In this work, the frames read from the video are given as
an input to the system and the raw images are go through the following processing steps. Pre-processing
and color segmentation on the image that includes loading the raw image, converted the raw image from
its original RGB color space to HSL (Hue Saturation Lightness) and split into its individual color bands
of H, L and S. It is used to detect objects or parts of the image that are in a specific color. At the end this
process, the algorithm processes only part of the image that are in specified colors. This algorithm is very
much useful for extracting information about lane markings. Figure 2 depicts the input to and output from
the pre-processing and color segmentation block which clearly extract the yellow and white line.

In second stage, the Canny edge detector (Yan et al., 2017) is used to detect sharp intensity
changes and to find lane boundaries in a color segmented image. The Canny edge detector classifies a
pixel as an edge if the gradient magnitude of the pixel is larger than those of pixels at both its sides in the
direction of maximum intensity change, Figure 3 shows the result after applied the ‘Canny’ edge detector
over the gray scaled image. As shown in Figure 3 the Canny edge detection algorithm yields good edge
detection results. The detection of the edges for the lane markings may be heavily affected by present
noise in the image, so it is required to remove the noise after the edge detection by filtering. A smoothing
filter is used to smoothen the gradient, and only the prevailing gradients are detected in this edge
detection algorithm. Figure 4 shows the noise removed edge detected image. After the edge detection, the
lines can be extracted from these edges. The Hough transform (Rui ef al., 2013) is used in the third stage
to extract the lanes from the detected edge. The Hough transform is used to convert the lines into a
parameter space as a point, it helps to detect the lines by associate a line in the image as a single point in
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the parameter space. The slope for the lanes is determined with linear regression after the most dominant
lines are found. But this approach can detect only the straight line not capable of detecting the curved
line. Figure 5 shows the line extracted output by Hough transform.

Figure 2. Input raw image and output color segmented image from pre-processing and color segmentation block

Figure 3. Edge detected output with noise from the Canny edge detector

Figure 4. Edge detected output from the Canny edge detector after noise removal

385



Transport and Telecommunication Vol. 22, no.4, 2021

Figure 5. Line extracted output by Hough transform

Detection of false positive and removal of outlier is another important process that need to be
employed in the proposed approach. The removal of outliers is done by employing more filtering based
on their slopes and created two groups based on the left and right lane lines. In last stage the dominant
lines are identified based on the maximum probability of being part of the road marking. The length and
slope of the line are the two important metric those are used to identify the dominant lines. Due to the fact
that lane always appear as a straight line from the vehicle, the length of the lane is used to identify the
detected line is belonging to the road or not. Similarly, the slope of the line is used to filter the outlier.
Linear regression is used to determine the slope of the line. The proposed minimalistic approach is
detecting the straight line properly that can be verified from the result as shown in Figure 6. But only
drawback is that it fails to detect the curved lane.

Figure 6. The result of the minimalistic lane detection approach

3. The Machine Learning Approach based Lane Detection

3.1. Behavioral-Cloning Using CNNs for Self Driving Cars

In the modern era of Deep learning, self-driving cars have become a reality. With most players like
Google, Tesla, Mercedes, Ford etc. trying to build robust self-driving schemes which can perform in the
unstructured environment, the focus has shifted a lot to the use of deep learning models. In particular, the
convolutional neural networks are used commonly, to process raw RGB data and its ability to segment the
scene and detecting various objects in the scene. CNNs also have the ability to generalize image
recognition which leads to its ability to be used in a variety of driving environments. The main aim of this
section is to develop a CNN based model which can learn to drive a car from the drivers driving data.

3.2. Model Architecture

The overall strategy for deriving model architecture was to drive the car in the center of the lane
smoothly. The first step was to start with the most basic neural network and to continue with the addition
of new layer and gauge the change in performance with the new addition. This allowed a better
understanding of visualizing what each layer in a CNN does as in Tablel.

1. The first layer was the normalization layer in order to mean center the training data.

2. The next part of observation was that the upper half of the frame was mostly trees and
mountains which harm the networks performance more than improving it. Hence a cropping layer has
been added to crop that part off.
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3. In order to gauge how well the model was working, the image and steering angle data was split
into a training and validation set.

4. The initial conclusion was that the first model had a low mean squared error on the training set
but a high mean squared error on the validation set. This implied that the model was overfitting.

5. Next step was the addition of the convolution layer and fully connected layers. There was an
increase in performance however the car still steered off the course majority of the times.

6. After that, we tried the Nvidia Autonomous Car Group (Bojarski ef al., 2016) model, and the
car drove the complete first track after just 5 training epochs.

7. To combat overfitting, initially the use of Dropout was made. However, the performance was
much worse. So, to combat the overfitting, the number of training epochs was reduced. There was no
major change in the neural network model.

3.3. Dataset

The data-set included 21,500 images of resolution which was utilized for the process of training
(Open Source Autonomous Driving Dataset- Udacity, 2017). The steering angle data was also captured
for each of these 21,500 images. The training set and the cross-validation data is split into the 80-20 %
ratio respectively. The Adam’s algorithm was used for optimizing the cost function which is the Mean
squared error (MSE) in this case.

Table 1. Summary of the CNN architecture used

Sr no. Layer Properties
1 Lambda Input: (160,320,3)
2 Cropping2D Cropping: ((50,20),(0,0))
3 Convolution 0 Convolution2D
Kernel: (5,5)

Activation: Relu
Stride: (2,2)
Filters: (24)

4 Convolution 1 Convolution2D
Kernel: (5,5)
Activation: Relu
Stride: (2,2)
Filters: (36)

5 Convolution2 Convolution2D
Kernel: (5,5)
Activation: Relu
Stride: (2,2)
Filters: (48)

6 Convolution3 Convolution2D
Kernel: (3,3)
Activation: Relu
Stride: (1,1)
Filters: (64)

7 Convolution4 Convolution2D
Kernel: (3,3)
Activation: Relu
Stride: (1,1)
Filters: (64)

8 Flatten
Fully Connected 0 Dense

Input: 8448
Output: 100
Activation: Linear
9 Fully Connected 1 Dense

Input: 100
Output: 50
Activation: Linear
10 Fully Connected 2 Dense

Input: 50

Output: 10
Activation: Linear
11 Fully Connected 3 Dense

Input: 10

Output: 1
Activation: Linear
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4. Hardware Implementation of Remote-Controlled Car

The proposed minimalistic approach is implemented in a remote-controlled car that is operated by
Arduino as shown in Figure 7. The camera fixed at the front of the car is used to capture a live feed of
images. The captured images are transmitted to the computer by using Bluetooth module. The Arduino
give instruction for the movement based on the processed image by the computer as shown in figure.

COMPUTER ARDUINO

REMOTE
CONTROLLER

Figure 7. Remote-Controlled Car operated by Arduino

The Arduino was programmed to responding to certain input from the computer and performing
certain task as response to the comment.

5. Results and discussion

In this section, we demonstrate the results of a CNN based model which can learn to drive a car
from the drivers driving data using the Udacity's driving simulator (Open Source Autonomous Driving
Dataset- Udacity, 2017). The dataset included 21,500 images of resolution which was utilized for the
process of training. The steering angle data was also captured for each of these 21,500 images. The mean
square error (MSE) is used as a loss function. From the result it may be observed that validation loss that
is lower than the training loss as seen in Figure 8 and it indicates that the validation dataset may be easier
for the model to predict than the training dataset. Figure 9 shows the car is centered on the road by using
CNN based model.
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Figure 8. Change in training and validation error over the epochs
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Figure 9. Car centered on the road

Similar to the late detection and identifying the street sign is also very much important feature for
autonomous cars. As we know that street signs are provide useful information the driver, it can also
provide very useful information to the driverless cars. As one can see from Figure 10, the stop sign is
detected by our proposed minimalistic approach also it displays the distance between the car and stop
sign. In addition to detect the stop sign, the algorithm was also trained to recognize vehicles and distance
to the vehicle as shown in Figure 11. The distance ‘d’ between car camera and stop sign is calculated as
follows.

—JLiw
d =", (1)

where f; is focal length, w is width of the object and W, is width in pixel.

Figure 10. Output of the detection and distance measurement of road sign

Figure 11. Output of the detection and distance measurement of another vehicle
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Table 2. Lane detection performance on the TUsimple (tusimple benchmark ground truth, 2018) test set

Method Accuracy FP FN
PolyLaneNet (Tabelini et al., 2020) 93.36% 0.0942 0.0933
SCNN (Pan et al., 2018) 96.53% 0.0617 0.0180
Proposed CNNs approach 93.12% 0.0745 0.0169

The results and comparisons of our experiments in terms of accuracy, false positive and false
negative are given in Table 2.

6. Conclusion & Future Works

The proposed minimalistic lane detection algorithm was successful in detecting lanes. The output
images clearly shows that the lane lines are detected properly, and lines are very smoothly handled.
Though it only detects the straight lane lines. It also helps to detect the road sign or another vehicle and
measure the distance between road sign and the vehicle. Finally, we developed an end-to-end CNN based
driving model which was able to drive the car based on the driver data with the accuracy of 93.23% and
processing time of 26.83 ms. The shortcomings of the minimalistic approached were overcome with the
advance lane finding approach which does an excellent job at detecting the lanes and is robust and less
susceptible to weather changes or shadows and different road conditions. Our future work focuses on
improving the lane proposal network's prediction accuracy using a generative adversarial training
framework.
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