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Abstract

Self-driving automobiles are prominent in science and technology, which affect social and economic development.
Deep learning (DL) is the most common area of study in artificial intelligence (Al). In recent years, deep learning-based
solutions have been presented in the field of self-driving cars and have achieved outstanding results. Different studies
investigated a variety of significant technologies for autonomous vehicles, including car navigation systems, path
planning, environmental perception, as well as car control. End-to-end learning control directly converts sensory data into
control commands in autonomous driving. This research aims to identify the most accurate pre-trained Deep Neural
Network (DNN) for predicting the steering angle of a self-driving vehicle that is suitable to be applied to embedded
automotive technologies with limited performance. Three well-known pre-trained models were compared in this study:
AlexNet, ResNet18, and DenseNet121.

Transfer learning was utilized by modifying the final layer of pre-trained models in order to predict the steering angle
of the vehicle. Experiments were conducted on the dataset collected from two different tracks. According to the study's
findings, ResNet18 and DenseNet121 have the lowest error percentage for steering angle values. Furthermore, the
performance of the modified models was evaluated on predetermined tracks. ResNet18 outperformed DenseNet121 in
terms of accuracy, with less deviation from the center of the track, while DenseNet121 demonstrated greater adaptability
across multiple tracks, resulting in better performance consistency.

Keywords: Autonomous driving, Deep learning, End-to-end learning, Self-driving car, Embedded system.

Automobiles play an important part in modern
civilization, which is defined by a high level of

1. Introduction

Self-driving cars have emerged as one of the
most actively contested and researched topics in
recent years. Despite their association with the
automotive industry, these systems belong to the
field of robotics as part of the third robotic
revolution. [1].

From a philosophical and scientific standpoint,
there are various predictions regarding how self-
driving automobiles will impact our lives.

This is an open access article under the CC BY license.

mobility. It is estimated that approximately one
billion automobiles are on the roads worldwide.
Autonomous driving, or intelligent driver
assistance, is expected to result in a 90% reduction
in road accidents; a 60% reduction in carbon
dioxide emissions (due to smart trajectory
planning); and savings of more than 1 billion hours
every day for commuters around the world [2][3].
Autonomous vehicles will not only improve the
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mobility of those who are elderly or disabled; but
will also reduce transportation energy consumption
by up to 90%. [4].

Self-driving cars are autonomous decision-
making systems that analyze streams of
observations obtained from multiple onboard
sources, such as cameras, Radio Detection and
Ranging sensors, Light Detection and Ranging
sensors, ultrasonic sensors, Global Positioning
System units, and/or inertial sensors, in which there
iS no human driver [5]. The camera is the most
essential component of a vehicle's suite of sensors.
The vast amount of data collected by a vehicle's
cameras necessitates significant processing power
in order to extract useful information. The only
method for extracting information from incoming
images is computer vision.

Sequential  pipelines  (perception-planning-
action) or end-to-end learning are used to make
driving decisions. Pipelines that follow the classic
approach, in which first objects are recognized in
the input image, then a path is planned, and lastly,
the computed control values are performed. In
contrast, the end-to-end method employs a unique
theory to steer a vehicle, Figure 1. This strategy
focuses on developing an Al model that mimics
human driving. A human driver constantly makes
steering predictions based on an immediate
analysis of observed visuals. [6].

End2End learing

Sequential pipeline

Fig. 1. Deep Learning-based self-driving car.

End-to-end Learning Control, as defined in the
implementation of autonomous driving, where an
image provided by a front-facing camera is fed into
a neural network that then generates the car's
control signals such as steering angle, throttle, and
braking [5]. The primary advantage of this
technique is that it learns the entire function
automatically, from raw pixels to steering angles,
without the need for any human intervention in the
form of feature design and selection, geometry,
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camera calibration, or manual adjustment of
parameter values. To be more specific, the goal of
end-to-end learning is to diminish or eliminate the
need for human expertise in terms of feature
extraction and to solve issues using just data [7].

In this paper, three well-known DL models have
been modified to perform the task of end-to-end
driving autonomously. The main objective of this
study is to analyze and evaluate the modified
models and determine the best predictive model
among them for steering angle control using a
dataset collected from two different tracks. In
addition, the study decides which model is most
suitable to be applied to low-performing hardware
with high qualitative results. The DL models have
been selected according to their widespread use.

Results from the offered end-to-end learning
network may find practical usage in applications
like warehousing and delivery vehicle robot cars. It
is important for practical industrial applications to
be able to deploy well-known DNN solutions, such
as those offered in this study, on integrated vehicle
applications that have low-power technologies at
low costs and compact sizes.

The relevant work will be presented in the next
section. Section 111 describes the research method.
Section 1V: Experiments and Results. The last
portion contains the conclusion.

2. Related Work

This section summarizes some of the related
works proposed to perform the task of autonomous
end-to-end driving. End-to-end learning models
that are trained on sensor inputs and supervised by
humans are one of the most promising approaches
to achieving fully autonomous performance. A
limited number of published works have used
DNNs as part of a complete model to command a
real-world autonomous system. Researchers in the
field of autonomous vehicles rely heavily on
artificial datasets to evaluate the efficacy of DL.

In the paper [8], the authors describe a
Convolutional Neural Network (CNN) that can
solve the problem of autonomous lateral control.
The input image size to the network is (70x160x3).
A proper steering angle was generated using CNN,
enabling the automobile to complete laps. On
simulated unknown tracks, CNN's steering control
was tested. Unfamiliar single-lane routes were
successfully navigated 89.02 % of the time.
However, the training dataset was small and did not
cover a wide range of scenarios.
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In [9], the researchers designed DL models for the
input image size of (70x160x3) in order to carry out
longitudinal and lateral vehicle control. Predictions
of both speed and steering angle were made by
developing two separate models. Max-pooling was
employed in each convolution in DNN. The dual-
action model completed all loops of the simulation
track without leaving the designated lanes,
demonstrating full autonomy. However, there was
insufficient memory for training due to the
excessive use of threads.

In addition, another group of researchers [10]
developed a lightweight DNN model (J-Net) for
car steering angle control and compared this model
to two other models, AlexNet and Nvidia's model.
Input images to the first convolutional layer of the
proposed models have a size of (65x320x3).
Successful autonomous driving was measured,
inferred, and analyzed wusing a simulator
environment. In comparison to the other two
approaches, J-Net had the best latency and frame
rate. The J-Net lite model, however, has not been
implemented on an embedded platform with a
limited number of processing cores.

Applying DL techniques including Transfer
Learning, [11] study compared two different
models for accurate steering angle prediction. The
models were a 3D convolutional model with Long
Short-Term Memory layers and Residual Neural
Network (ResNet50) with the input image sizes
(120x320x3) and (224x224x3), respectively. The
models were trained using the Udacity self-driving
car dataset. The (ResNet50) model outperformed
the other model with an RMSE of 0.0709.
Nonetheless, the paper's models benefit
from limited data augmentation, which is a
significant limitation. The topic of steering angle
regression is framed as a classification challenge
with an imposed spatial connection between
neurons in the output layer.

Another study [12] presented a comparison
between the three transfer learning models: Visual
Geometry Group (VGG16), ResNet-152, Densely
Connected Convolutional Networks (DenseNet-
201, and Nvidia’s model for steering angle control.
The input image size for all models was
(66x200x3). The models were trained with 25
minutes of driving time at 30 frames per second
using a Raspberry Pi camera. Nvidia’s model
outperformed the other models with a Mean Square
Error (MSE) of 0.3521. The authors used random
videos from YouTube to visualize the performance
of Nvidia’s model.

Using a monocular self-driving car prototype,
the authors of [13] proposed a DNN applied to a
Raspberry Pi with an input image size of
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(120x160x3) for steering angle prediction. As a
vehicle platform, a 1/10 scale RC car was
employed. Data was acquired from an oval and an
8-shaped track equipped with traffic signs.
Experiments demonstrate that the autopilot product
is capable of maintaining a lane with a Cross-
Entropy Cost Function accuracy of 89.04%.
Regardless of lane markers, the vehicle's top speed
is 5-6 km/h at 10 frames per second. Nevertheless,
the camera used in their car prototype lagged by
300-350 milliseconds.

Multichannel Convolutional Neural Networks
(M-CNNs) were utilized for vehicle speed and
steering angle calculations in [14]. The model uses
(227x227x3) image size from front-view camera
recordings and feedback speed sequences as its
input. The public Udacity dataset and the gathered
SAIC dataset are used to evaluate the suggested
technique. The proposed concept was contrasted
with the updated versions of the Cg Network and
PilotNet from Nvidia. With an MAE of 1.26
degrees for steering angle and 0.19 meters per
second for speed values, the M-CNNs were better
than the implemented Nvidia PilotNet and the Cg
Network.

Numerous studies have focused on constructing
DNNs from low-resolution images for deployment
throughout low-performance embedded systems.
This research aims to develop an end-to-end
method for forecasting the steering angle using
well-known DNNs that can be implemented on
low-performance embedded systems. In addition,
provide an overview of well-known DL models,
such as AlexNet, ResNet18, and DenseNet-121,
that accurately predict autonomous driving
commands but have not previously been studied.
To train the selected models, data were collected
from two distinct tracks with image sizes of
(224x224x3), which is the most frequent
resolution. Furthermore, the presented work's
accuracy and consistency were examined and
compared. The following are the paper's main
contributions:

1. Image classification convolutional neural
networks AlexNet, ResNet18, and
DenseNet121 were modified and deployed for
end-to-end autonomous driving.

2. The Jetson Nano 2GB, a low-performance
embedded system, was applied to evaluate the
modified models. Consequently, it proved that
ResNet18 and DenseNet121 are well-suited to
be employed in low-performance embedded
devices.

3. The majority of data was collected from the first
track, while some information was obtained
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from the second. The results demonstrate that
the robot can drive 89% of the time on an
untrained track.

4. The performance of ResNetl8 and
DenseNet121 was evaluated on two different
tracks to demonstrate their suitability for
autonomous driving. ResNet18 outperformed
DenseNet121 in terms of precision, with less
deviation from the center of the track.
DenseNet121 was more adaptable across tracks,
resulting in better consistency.

3. Method

This section explains the algorithms used in this
work in considerable detail followed by the robot
system architecture.

3.1. Convolutional Neural Networks (CNN)

CNN is utilized to classify the labels using a
supervised learning technique [15]. The first phase
in the CNN architecture is the convolution layer,
where a 2D convolution operation is applied to the
image. In convolution, the three-channel RGB with
a 2D size image is convolved with kernels. The
output of convolution known as Feature Map
focuses on particular features in the input image
regardless of their location in the image. The
convolutions with kernels are used to extract low-
level particular features (like edges and corners of
the road) from the previous layers and combine
them with higher-level extracted features (full
objects of the road) in the next hidden layers. which
reduce the size of the image and increase the
number of parameters (weights and biases) [16]. As
the number of parameters increases, more training
time is required. The activation function is applied
after the convolution.

The activation function is responsible for
determining whether or not a neuron is fired. In
other words, it will use simpler mathematical
operations to decide whether or not the neuron's
input is essential to the network. Calculating a
weighted sum and then adding bias to it is how the
activation function determines whether or not a
neuron should be activated or not[17]. The
activation function adds nonlinearity to a neuron's
output [18]. It transforms the input, allowing it to
learn and execute highly complicated tasks. In this
work, the (rectified linear unit) [19] activation
function is applied to the hidden layers because it
requires fewer mathematical operations and thus is
faster to compute compared to tanh and sigmoid
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and neglects the effect of gradient vanishing. If x is
positive, it returns x and O if x is negative or equal
to zero.

The operation called pooling was next
performed, which decreases the feature maps'
dimensionality (resolution) and hence their output
(the output of the convolutional layer) resolution
[20][21]. This method helps to reduce spatial
variance by removing unnecessary information
from the neuron's receptive field by taking the
maximum (max pooling) or average (average
pooling) value of the neuron (filter window).
Pooling not only helps in object recognition in
images independent of their position but also
reduces the number of parameters to train by
reducing the number of pixels, thereby contributing
to the prevention of overfitting.

The two-dimensional feature vector of the final
convolution layer is flattened into a long one-
dimensional array, which is known as a fully
connected layer FC, or dense layer. A subset of FC
layers maps the spatial features of convolution
layers and pooling layers to the final outputs of the
network, which directly predicts the steering angle
value.

The steering angle of each image is represented

by a single point on the image. In this study, the
dataset consisting of road images and steering
angle labels is used for training purposes. The
trained model predicts the steering angle in real-
time while detecting unlabeled images, as
regression is the process of forecasting a value
based on previous data. Adam is the optimizer
implemented by CNNs in the current study.
Optimizers modify neural network parameters
including weights and learning rates.
The accuracy of the model is computed employing
loss function. As described in Section 2.5, this
study suggests utilizing MSE loss function to train
a regression network for the task of predicting
continuous steering angles from models. The
(MSE) illustrates how far away from reality
predictions were.

3.2. CNN Models

The three CNN architectures used in this work
are ResNet18, DensNet121, and AlexNet. All three
models take a 224* 224 image size as input.
Residual learning was used in ResNetl8 to
overcome the loss of precision with increasing
network depth. It has 18 layers, including 17
convolutional layers and one FC layer with 3x3
filters. This network also has approximately 11
million parameters. Down sampling is performed
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by convolutional layers with a stride of two, as Tnput Tnput Size
shown in Figure 2[22]. The final FC layer and Image 224x224x3
Softmax were removed from the original network,
and an additional FC layer was added to convert o dn ilter Size Output Size
512 features to one output feature (steering angle). Layer |
DenseNet was developed to address the problem of 7x7.64, Stride 2 112x112
vanishing gradients in high-level neural networks
[23], which causes accuracy to decrease. The [ 3x3 Max pooling , Stride 2| 36x56
network has 121 layers, which are divided into four
dense blocks made up of convolutional layers and DenseBlock 1 | 1x] Convixt 56x56
transition layers in  between to facilitate 3x3 Conv}x6
information flow between layers, as shown in l
Figure 3. DensNet121 is made up of 7.2 million Transition 1xI Conv 56x56
parameters. The original network's final FC layer Layer 1
and Softmax were removed, and an additional FC 2x2 Average 28x28
layer was created to convert 1024 features to one Pooling , Stride
output feature (steering angle). 2
Input Input Size Dense Block 2 | 1x1 Conv}x12 28x28
Tmage 224x224x3 3x3 Conv}x12
Transition 1x1 Conv 28x28
Convolution Filter Size Output Size Layer 2
Layer 1
o 7x7.64, Stride 2 T12x112 2x2 Average 14x14
| | Pooling , Stride
Convolution | 3x3 Max Pooling 36x36 2
Layer2 x . Stride 2 l
3x3,64 }x2
3x3.64}1x2 Dense Block 3 1x1 Conv}x24 14x14
| | 3x3 Conv}x24
Convolution 3x3.128 }x2 28x28
Layer3 x 3x3,128}x2
Transition 1x1 Conv 14x14
Convoluti “'16 =2 14x14 Sk
onvolution 3x3.25 4x1+
Layer4 x 3x3.256}x2 2x2 Average X7
Pooling , Stride
| 2
Convolution 3x3,512 )x2 7x7 | |
rar 3 3x3 512
Layer X I3 Dense Block 4 | 1x1 Conv}x16 X7
1 3x3 Conv}x16
7x7 Average Pooling 1x1x512 l
I 7x7 Global Average 1x1x1024
512x1 Fully Connected 1 Pooling
Layer l
[ Output | Steermg Angle | 1024x1 Fully 1
Connected Layer
Fig. 2. ResNet18 architecture. l i
| Output | Steering Angle

Fig. 3. DenseNet121 architecture.
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3.3. Robotic System Architecture

The block diagram of training DNN is shown in
Figure 4. Firstly, the required data was collected
manually by driving the car. Secondly, data pre-
processing and data augmentation were applied

before feeding the images to the CNN models for
training. Finally, the trained model was used in the
inference track for the test. The successful model
was one that drove independently on both tracks
while avoiding the orange bolder lines and staying
on the centreline.

Camera Images |

Preprocessing

?»i Dataset | >

Split Data to Training
and Validation

—’l Data Augmentation |—»

Datasets

Steering Angle -
& Error Adjustment v
Actual Value Mean Square Error Prediction Value Training the
> < Model
| |
Correction Value

* |

Back Propagation Weight ‘
Real Time Road Images Embedded system - Trained Model

(Jetson Nano)

h 4

Real Time Steering Angle
Prediction

Fig. 4. Block diagram of the training DNN.

3.4. Database Acquisition

Collecting, inferring, and evaluating data for
autonomous driving was done on two tracks. Data
were collected along the first, 3x2 meter path,
while tests and evaluations were conducted along
the second, 4x2 meter path with curves in the
middle, Figure 5(B). The inference track was
brighter than the collection track.

The dataset's features are represented by
images, with the corresponding steering angles
serving as labels. The Jetracer robot was placed on
the representative track to collect data for the
training process. Continuous orange lines on the
borders and dashed white lines in the center define
the track. A single camera was installed instead of
three cameras to capture frames in three different
positions (center, left, and right). The objective was
to keep the car in the center of the road. As a result,
the images from the camera at the same level in the
middle, left, and right were taken with the same
steering measurement value. The measurements
are manually entered from a remote PC while the
images are being captured by clicking the desired
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XY coordinates on each frame as shown in Figure
6. The X-axis latitude represents the amount of
angle from left to right and is controlled by the
servo motor with a range of -1.0 to 1.0. As a result,
a unique dataset is created for the training process.
To obtain high-quality results, the images and
measurements should be collected manually while
driving in the manner we expect during testing.
Data augmentation has been used to improve
training results as well as drive the robot clockwise
and  counterclockwise[24][25]. The  term
"augmentation" refers to the technique of
improving the training data without affecting the
dataset's essential characteristics. The amount of
data in the training directory is increased by adding
slightly modified copies of pre-existing data. The
augmentation procedure in our work involves only
flipping the images around vertical access. The
steering angle should be inverted while flipping
each frame. Therefore, the new steering angle
equals:

Steering angle after flipping

= (—1) = original steering angle

(D)
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So as to adapt the robot’s throttle to its high

speed in a straightforward path and slower speed in
turns, the throttle is equal to:
Y = 1- abs(X)

(2

As a result, when the car is driving in the center
of the path, x = 0, the throttle is at its maximum
value, and in sharp turns, the throttle is at its
minimum value.

(A)
Fig. 5. Database Acquisition tracks
(A) Data collection track (B). Inference track

0.00

Fig. 6. Database Acquisition.

The number of images collected from the first
track in Figure 5(A) was 681 in total. 83 samples
from track b's inside turns were added to the dataset
to enable the robot to drive on both tracks, Figure
5(B). The images' resolution was (224x224x3).
(224 pixels width, 224 pixels height, and 3
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channels of RGB colors). The number of images
increased to 1528 samples after data augmentation.
The dataset was divided into two portions: 80% for
training and 20% for validation. Figure 7 depicts
the normalized steering angles associated with
each frame.
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Normalized steering angle
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0 200 400 600

800
Frame number

1000 1200 1400 1600

Fig. 7. Dataset of Normalized Steering Angles.

3.5. Training and Hyper-Parameter

On the Google Colab platform, the three models
were trained in the Python programming language.
Color jitter data pre-processing was used in
addition to data normalization because of the
difference in color brightness between data
collection and inference tracks. Each model was
trained separately with the same hyperparameters.
The Adam [26] optimizer utilized with an initial
learning rate of (0.0005). To avoid missing local
optima, it's recommended to keep the learning rate
low because it's more stable. In spite of the above
fact, it is possible that a minimal learning rate could
lead to overfitting. The number of epochs was 70,
with early stopping patience of 10 epochs. The
batch size was set to 8. As the batch size is reduced,
the end losses are reduced too. As a suitable loss
function for regression networks, (MSE) [27] was
selected to minimize the error between the steering
forecast and the steering measurements. MSE is
calculated by taking the average of the squared
difference between the expected value and the
actual value.

N
MeanSquaredError = %Z(yj — yj)z - (3
j=1
The vector J;represents the values of N
forecasts and y; is a vector that contains N true
values.
In order to get fast inference performance with
a simple workflow, the models were converted and
optimized using the PyTorch to TensorRT
converter (torch2trt) to be applied to the Jetson
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Nano embedded system. All three models were
trained with the same hyper-parameters and
datasets, differing only in the number of epochs.
These differences arose from early stopping to
reduce the overfitting. The model was saved
automatically if there was no progress in validation
loss for 10 epochs.

The performance of the models was evaluated
by their ability to navigate a robot through
predetermined tracks. The models were determined
to be successful based on their ability to drive
autonomously on both predetermined tracks. As
such, the model was determined to be a failure if
the car deviated from the path of the predetermined
tracks. The robots were driven through each track
three times. Their paths were recorded by different
colored markers that were affixed to the back of the
robot.

Images were captured from the paths and the
trajectories were converted into XY coordinates in
pixels. The Frechet distance theorem was used to
measure how different the drawn paths were from
each other in relation to the centre of the
track.[28][29]

The Frechet distance between two curves can be
defined mathematically as:

§r(P,Q) = min {max d (P(a(t)),Q(,B(t)))}
«[0,1] = [0, N] t € [0,1]
8[0,1] = [0, M]
(4
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Where P and Q are polygonal curves of length N
and M, a(t) and B(t)are two continuous and

increasing functions, and d (P(a(t)), Q(p (t)))
is the Euclidian distance between

P(a(®)) and Q(B(®)).

According to equation (4), the Frechet distance
algorithm first determines the maximum
distance that can exist between curves P and Q
as they progress along their respective paths
for each value of the functions a(t) and B(t),
then maintains the minimum distance that can
exist between them.

4. Experiments and Results

When the findings of this research were
compared to those of similar studies, it was
revealed that the metrics and datasets utilized were
not standardized, and there was a lack of
transparency in the presentation of the results. For
instance, the percentage of switching lanes over
time on multi-line tracks is quantified as a "degree
of autonomy" in [8], [9]. The sample sizes in the
training, validation, and testing sets in the
simulated data presented in [8], [9], and [10] are
significantly different. In studies, the following
metrics were employed: [10], [12] MSE, [13]
Cross-Entropy, [14] MAE, and [11] RMSE. MSE
was implemented to evaluate the performance of
the proposed architectures on the validation dataset
in this study. As shown in Table 1, DesneNet121
has the best overall performance, with a score of
0.0057. However, ResNet18's value of 0.0058 is
quite close to DenseNetl121's value. Among the
two remaining models, ResNetl8 and
DenseNet121, ResNetl8 had the larger file size.
The size of the model indicates the complexity of
the model. After training three CNN architectures
on Google Colab, testing for the AlexNet model
was suspended since its 217 MB size exceeded the
storage capacity of the Jetson Nano 2G. As a result,
this model was not considered for further
examination. Only ResNetl8 and DenseNet121
were tested on the aforementioned tracks using the
Jetson Nano 2G.
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Table 1,

MSE and Model Size
Network MSE Model Size
ResNet18 0.0058 42.7 MB
DenseNet121 0.0057 27.1 MB
AlexNet 0.1333 217 MB

In order to compare the models' accuracy and
repeatability. Due to the simplicity, three full laps
of driving were recorded at a constant speed.
Figure 8 shows the drawn paths of the robot as it
navigates each predetermined path, whether using
the ResNetl8 model or the DenseNet121.
Recorded trajectories suggest that both ResNet18
and DenseNet121 guided the robot through both of
the predetermined paths. However, there were
some differences between the two models. The
Frechet distance was applied to show how both
models' curves deviated from the centerline. In the
initial step of the Frechet distance algorithm, it
calculates the maximum distance between two
pairing points of each model's drawn path and the
centerline path. In addition to this, it selects the
smallest distance from all maximum pairwise
distances to demonstrate the dissimilarity between
the two paths. Figures 8 (a) and (b) show the paths
drawn by the ResNet18 model for three full laps on
both trajectories. Figures 8 (c) and (d) show the
paths drawn by DenseNet121 for three full laps on
both tracks.

Table 2 shows the calculated dissimilarity

distances between each curve and the centerline for
three turns. Table 2 shows that when comparing
ResNet1l8 and DenseNet121, the former has
relatively small dissimilarity distances.
ResNet18 demonstrated an average distance of
3.26 cm from the track's centerline on the first
track. On the same track, DenseNet121 achieved an
average distance of 4.39 cm. ResNet18 achieved an
average distance of 4.12 cm on the second track.
DenseNet121 achieved an average distance of 4.38
cm on the same track. ResNet18 appeared to be less
accurate on the second track when compared to the
first. DenseNet121, on the other hand, produced
comparable results on both tracks. This means that
ResNet18 is more accurate than DenseNet121, but
DenseNet121 can adapt to different tracks and
perform more consistently.
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DenseNetl121

——Rd&rencecentering ——F

Fig. 8. The drawn paths for three full

sttumn

Second turn

laps on both tracks using ResNetl8 and DenseNet121.

(a) The drawn paths of ResNet18 on the first track. (b) The drawn paths ResNet18 model on the second track. (c)
The drawn paths of the DenseNet121 Model on the first track. (d) The drawn paths DenseNet121 model on the

second track.

Table 2,

The dissimilarity between curves and centerline using discrete Frechet distance.

First track Second track
Num of turns ResNet18 DenseNet121 ResNet18 DenseNet121
First turn 1.81cm 2.69cm 3.57cm 3.12¢cm
Second turn 3.21cm 4,76 cm 4.39cm 4.89 cm
Third turn 4,77 cm 5.731 cm 4,41 cm 5.13cm

Figure 9 shows the predicted steering with
frames for each model as a performance measure.
Figure 9 also depicts three types of driving paths:
(@) internal turns, (b) straightforward paths, and (c)
long-end turns. The two large oscillations depict
the long end turns with high deviation from the
track center as the car drives counterclockwise.
With less oscillation, the straightforward path is
depicted. The small upside-down oscillations
represent short internal turns in the middle of the
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path. Furthermore, as shown in Figure 9, both
DenseNet121 and ResNet18 have higher steering
angle deviation compared to the collected dataset
in Figure 7. Based on the trained dataset, Resent18
outperforms than DenseNet121, as evidenced by its
higher steering angle of 0.8 (i.e., closer to the
center of the track). The steering angle of
DenseNet121 was approximately 0.98, indicating
that it was quite distant from the track's center.
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Fig. 9. Relative deviation from the center of the trajectory per one full lap of autonomous driving using ResNet18

and DenseNet121.

(a) Internal turns (b) Straightforward path (c) Long-end turns.

5. Conclusion

In this study, a comparison of three transfer
learning models (AlexNet, ResNetl8, and
DenseNet121), which are capable of handling the
task of autonomous driving, was conducted. In
addition, the modifications of the pertained models'
designs and the system architecture for the
prediction of steering angle have been described.
Three architectures were applied and evaluated on
two featured paths. Through a comparative
analysis of three well-known DL models. The main
goal of this study is to determine the best DL model
for predicting steering angle. The numerical
results based on the loss function (MSE) and the
Frechet distance were discussed. The main idea of
this research is to determine whether the better
result for the steering angle prediction problem can
be obtained by employing less sophisticated
algorithms that can be implemented on low-
performance hardware. The results show that both
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ResNet18 and DenseNet121 are compatible with
the Jeston Nano 2G embedded system. The results
demonstrate that the ResNet18 is more accuracy
than DenseNet121, whilst DenseNet121 are able to
adapt new tracks and keep the performance stable
over time. On the other hand, Resentl8's is
achieved a good fitted line with the trained dataset,
as indicated by its higher steering angle of 0.8 (i.e.,
closer to the center of the track). DenseNet121's
steering angle was about 0.98, which is an
extremely wide divergence from the track's center.
In addition, different experiments were carried out
in order to investigate how the training dataset
affected driving performance. The results
demonstrate that the best driving performance was
obtained when the validation loss was less than 1%
and the vehicle was capable of handling abrupt
curves while remaining on the centerline. The
biggest obstacle in the end-to-end DL technique is
its reliance on clean and extensive training data.
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The future idea is to add an IMU sensor to
measure the robot's actual orientations along the
path in order to use them to find the difference
between the neural network's expected steering
angle and the IMU sensor's output.
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