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Abstract—In the continually evolving field of
autonomous driving, enhancing model prediction 
accuracy and addressing noisy data remain pivotal 
challenges.  This  study  introduces  PrediNet20, 
a customized end-to-end Convolutional Neural 
Network  (CNN)  designed  for  the  Donkey  Car 
platform. PrediNet20 aims to alleviate the limitations 
of  current  deep  learning  models  by  improving 
accuracy  in  predicting  throttle  and  steering 
angles, crucial components in autonomous driving 
systems. At the core of this enhancement is the 
introduction  of  AHLR,  a  novel  adaptive  loss 
function  that  enhances  model  training  and 
generalization.  It  dynamically  adjusts  the  loss 
based on the prediction error, facilitating a smooth 
transition from quadratic to linear loss. Coupled 
with the application of L1 regularization, it aids 
in  reducing  overfitting,  potentially  enhancing 
the model’s resistance to data noise and outliers. 
Preliminary  experiments  using  real  driving 
data indicate that compared to existing models, 
PrediNet20 demonstrates approximately a 33.3% 
improvement  in  convergence  speed,  a  37.5% 
improvement in stability, a 10% improvement in 
robustness, and a 50% improvement in generaliza-
tion. PrediNet20 offers higher accuracy and faster 
convergence, marking a significant step forward
in the development of more reliable autonomous
driving systems.

Index Terms—End-to-end, Autonomous Driving,
Deep Learning, Predinet20, AHLR

I. INTRODUCTION

  End-to-end-based autonomous driving has been 
recognized as the future of automated driving [1], 
promising to revolutionize the way we perceive and
engage with transportation. Rapid advances in artificial
intelligence and machine learning have revolutionized 
and laid the foundation for safer and more trustworthy 
autonomous driving systems. However, improving 
model prediction accuracy, handling noisy data, and
avoiding  training  overfitting  remain  very  critical 

issues. Thus, there is a need to continuously develop  
and improve the relevant models and algorithms 
that would produce a more rationalized autonomous  
driving  system [2]. Among these models and algorithms  
within the autonomous driving system, improvements 
in deep learning neural networks and loss functions 
usually yield better results in terms of decision  
rationalization for autonomous vehicles.

Deep learning, as a pivotal subset of machine 
learning, has emerged as a crucial tool in the develop- 
ment of autonomous driving systems, particularly 
excelling in handling high-dimensional data and  
intricate nonlinear relationships [3], [4]. In the realm of 
autonomous driving, Convolutional Neural Networks  
(CNNs) have been extensively employed for tasks such 
as target detection, semantic segmentation, and end-
to-end driving. Despite achieving certain successes,  
these models still exhibit limitations in performance 
and reliability when predicting throttle and steering 
wheel angle values from images generated in autono- 
mous driving experiments.

Current models often grapple with overfitting  
issues and struggle to handle anomalies and noise in 
training data, potentially compromising the model’s 
generalization ability and performance in real-world 
scenarios. To address these challenges, this study 
introduces a novel CNN-based deep learning network 
architecture, namely PrediNet20, tailored specifically 
for the Donkey Car autonomous driving platform. 
This model leverages meticulously designed convo-
lutional layers combined with LeakyReLUs and filter 
regularization to efficiently capture spatial features of 
input images [5], [6]. PrediNet20 aims to overcome 
the performance and reliability limitations of current  
models, with a particular focus on enhancing the  
robustness of the model against anomalies and noise 
to improve performance in practical scenarios.

Adaptive loss function, AHLR is one of the 
most important key innovations in our proposed  
PrediNet20. This function dynamically adjusts the 
loss according to the magnitude of the prediction  
error, transitioning from quadratic to linear loss  
[7]-[8]. This innovation, coupled with the addition 
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of L1 regularization, effectively handles outliers and 
prevents overfitting [9]. 

The rest of this paper is organized as follows: The 
Current state of research as well as the related loss 
functions and deep neural networks will be explained 
in the related work section; the Methodology section  
will focus on the proposed deep neural network  
structure and the proposed loss function; the Experiment  
section will discuss the experimental setup, data  
collection, evaluation metrics, and experimental results.  
Finally, the Conclusion section will summarize our 
work and future research directions.

II. RELATED WORKS

A.	 Deep Learning in Autonomous Driving

Deep learning, as an important branch in the field 
of artificial intelligence, has been widely applied 
and developed in the field of autonomous driving.  

Automatic driving systems need to deal with massive 
amounts of high-dimensional data, and process and 
understand various complex non-linear relationships, 
which is exactly the area in which deep learning excels.  
Through deep learning, the automatic driving system  
can learn and extract key information from a large 
amount of driving data, to realize autonomous de-
cision-making and control. Among various deep 
learning models, the application of Convolutional 
Neural Networks (CNNs) in autonomous driving is 
particularly important. CNNs have excellent image 
recognition capabilities and are able to extract useful 
features from raw images [10], [11], which are crucial  
for tasks such as scene understanding and object  
recognition in autonomous driving. For example, 
CNNs can be used to detect other vehicles, pedestrians,  
traffic signs, etc., on the road, as well as to understand 
road conditions and driving environments as shown 
in Fig. 1.

Fig. 1. The road environment of an autonomous vehicle in a real driving situation, which contains multi-task driving situations such as road 
tracking, road sign recognition, and object avoidance.

Moreover, CNNs are commonly employed in end-to- 
end autonomous driving to predict maneuvers like 
throttle control and steering from raw sensor data, 
such as camera images. This method bypasses  
traditional feature extraction and rules-based  
programming, enabling the system to adapt to diverse 
driving conditions from human inputs [12]-[14].

Although great developments have been achieved 
in the application of deep learning and CNNs in  
autonomous driving. There are still some challenges 
and problems. For example, how to deal with outliers 
and noise, how to prevent overfitting, and how to 
improve the accuracy of prediction. Therefore, this 
work will introduce our newly developed PrediNet20 
model and the AHLR function to further improve the 
performance of autonomous driving systems.

B.	 Research and Limitations of End-to-end and Deep 
Learning Models

End-to-end modeling is an important approach in 
autonomous driving research. Such models predict 
driving operations, such as throttle control and steering  
angle, directly from raw sensor data (for example, 
camera images), eliminating the need for traditional 
manual feature extraction and programming rules, thus 
enabling autonomous driving systems to effectively  
adapt to various complex driving environments. 
Among them, the NVIDIA PilotNet [1] model is  
a representative work of end-to-end autonomous 
driving models.

PilotNet is a convolutional neural network-based 
model that predicts steering angles directly from  
images acquired by a single front-facing camera.  
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This model is trained with a large number of on-road 
driving data and is able to learn many complex driving  
rules and patterns. Similar models have been developed,  
such as DroNet, which is designed to safely drive  
a drone through the streets of a city. DroNet produces 
two outputs for each single input image: A steering 
angle to keep the drone navigating while avoiding 
obstacles, and a collision probability sensor to let the 
UAV recognize dangerous situations and promptly  
react to these situations [15]. Another example is 
DeepPicar, a low-cost autonomous car platform that 
uses the same network architecture as PilotNet and 
can drive itself in real-time using a web camera and 
a Raspberry Pi 3 quad-core platform. An end-to-end 
Deep Neural Network for autonomous driving is  
suitable for embedded platforms, such as Raspberry 
Pi 4B or Jetson Nano.

Although end-to-end models have shown excellent  
performance in some scenarios, they have also  
revealed some problems and limitations in practical 
applications. First, such models are prone to overfitting  
problems, for example, the model performs well on 
training data but the performance degrades on unseen 
data. Second, end-to-end models are weak at handling 
noise and outliers. For example, if the training data 
contains incorrect driving maneuvers or noisy data 
due to sensor errors, the model may learn incorrect 
driving behaviors. This poses a challenge to the safety 
and reliability of autonomous driving systems.

A variety of deep neural network architectures 
are widely used in the field of autonomous driving. 
These include, but are not limited to, Keras Linear 
(Linear), Keras Categorical, Keras RNN (LSTM), 
Keras 3D (3D), and so on. Each of these architectures 
has its own characteristics and applicable scenarios. 
For example, Linear architecture is relatively simple  
and less computationally demanding, making it suitable  
for simpler tasks [16]. 3D networks outperform 
their predecessors in terms of network depth and  
performance, but they are more computationally costly.  
3D and LSTM are novel innovations in CNN structure,  
instead of using 2D convolution, as most other models 
do, 3D uses cross-layer 3D convolution. LSTM uses 
long short-term memory networks that use a series 
of images for autopilot rather than relying solely  
on individual frames [17]-[20]. Our proposed  
PrediNet20 integrates the advantages of the above 
models and makes some innovations to better adapt 
to autonomous driving tasks.

Therefore, how to solve these problems of end-to- 
end models and improve the robustness and generali- 
zation ability of the models is an important issue in 
current autonomous driving research. In this work, 
we will introduce our newly developed PrediNet20  
model and adaptive Huber loss function with  
regularization, which are aimed at solving the 
above problems and improving the performance of  
autonomous driving systems.

C.	 Application of Loss Functions

Mean Square Error (MSE) [21] and Mean Absolute  
Error (MAE) [22], [23] are frequently employed loss 
functions in the context of autonomous driving tasks, 
as documented in the literature. Nonetheless, it is 
imperative to acknowledge that these metrics exhibit  
distinct advantages and drawbacks, necessitating 
careful consideration in their selection for specific 
modeling scenarios.

MSE, as a commonly employed loss function, 
possesses the characteristic of heightened sensitivity  
to outliers. This attribute arises from its inherent property  
of magnifying each conceivable error, thereby  
rendering it susceptible to undue influence by data points 
that exhibit substantial deviations. Consequently,  
the utilization of MSE may result in models exhibiting  
overfitting tendencies when confronted with datasets 
containing outliers of considerable magnitude.

Fig. 2. Comparison of loss functions

In contrast, MAE, as an alternative loss function, 
adopts a more equitable approach by ascribing equal 
weights to all errors within the dataset. This equitable 
treatment of errors translates into robust insensitivity 
to outliers, making MAE a suitable choice for scenarios  
where data anomalies are prevalent. However, it is 
worth noting that this very attribute of MAE, while 
beneficial in mitigating the influence of outliers, may 
inadvertently hinder a model’s capacity to effectively 
discriminate among errors of varying magnitudes. 
Consequently, the modeling framework might exhibit 
reduced precision in distinguishing and addressing 
errors of different sizes.

Fig. 2 illustrates the mean square error (MSE, dark 
blue line), the mean absolute error (MAE, dark red 
line), and the Huber loss function (dark green line) 
[24] as a function of error. It can be observed that the 
Huber loss function behaves similarly to the MSE 
when the error is less than a set threshold (set to 1.0 
in this figure) and it is identical to the MAE when the 
error is greater than the threshold. It behaves like an 
MSE when the error is less than a set threshold, and 
an MAE when the error is greater than the threshold, 
which makes the Huber loss function neither overly 
sensitive to outliers nor neglecting large errors, and 
thus outperforms both the MSE and the MAE.
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The Huber loss function, known for its effective-
ness in handling outliers, faces several limitations that 
necessitate critical analysis. One prominent drawback  
is the need for manually specifying a threshold,  
a parameter with a substantial impact on model  
performance. The absence of a standardized method  
for threshold determination poses a significant challenge.  
Moreover, the Huber loss function lacks adaptability, 
lacking the intrinsic ability to autonomously adjust 
sensitivity to varying error magnitudes. In comparison  
to loss functions with built-in regularization components  
like L1 and L2 regularization [25], Huber loss may 
exhibit weaker capabilities in mitigating model  
overfitting. To address these issues, our research  
proposes an innovative adaptive Huber loss function. 
This approach aims to eliminate the manual threshold  
selection requirement by introducing a dynamic 
mechanism that tunes the threshold based on data 
characteristics. The adaptive Huber loss function will 
autonomously modulate sensitivity to errors, accom-
modating variations in error magnitudes within the 
dataset. Additionally, it will incorporate regularization  
elements inspired by successful techniques like L1 
and L2 regularization [26], thereby enhancing its 
ability to counteract model overfitting. This critical 
analysis underscores the rationale behind adopting  
a new approach in our study.

D.	 Applications of Regularization and Activation 
Functions

Overfitting is a common and thorny problem in 
the training of deep learning models. When a model  
overfits the training data, it performs poorly on  
unseen test data, thus affecting the ability for model  
generalization. To address this problem, regularization  
techniques were developed. Regularization prevents 
the model from overfitting the training data by adding 
a penalty term to the loss function, thus limiting the 
complexity of the model. Common regularization  
techniques include L1 regularization and L2  
regularization, both of which prevent overfitting to 
a certain extent and improve model performance on  

unknown data. Normally, data augmentation strategies  
can also be used to improve model performance on 
unseen data, However, it is worth noting that while 
regularization techniques provide valuable tools for 
addressing overfitting, they may not fully address the 
challenges posed by inherent noise or limited training 
datasets.

Fig. 3. ReLU vs Leaky ReLU

Like regularization, the activation function is an 
important component in deep learning models. The 
activation function determines the output of each node 
in the network and thus affects the output of the entire 
network. Different types of activation functions have 
different properties and affect model performance. 
For example, the Sigmoid and Tanh functions are able 
to map the inputs to a fixed range but are prone to the 
problem of vanishing gradients when the input values 
are large or small. The ReLU function [27] solves 
this problem but then suffers from the problem of 
zero gradients when the inputs have negative values. 
LeakyReLU [28] and Parametric ReLU, by allowing 
a certain number of outputs for inputs with negative 
values, thus solving the aforementioned problems of 
ReLU. For autonomous driving tasks, choosing the 
appropriate activation function is a very important  
aspect, because the choice directly affects the predictive  
ability and stability of the mode. 

Fig. 4. A schematic diagram of the network stucture of PrediNet20
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Fig. 3 shows ReLU function (dark blue line) has 
an output of 0 when the input value is negative and 
an output equal to the input value when the input  
value is positive. In contrast, the Leaky ReLU function  
(dark red line) allows for some negative output when 
the input value is negative, with a slope determined 
by the parameter alpha (in this Fig., alpha is set to 
0.1). This design allows Leaky ReLU to maintain a 
certain gradient when the input value is negative, thus 
solving the problem of ReLU gradient vanishing in 
negative intervals.

In this work, we will use LeakyReLU as an activation  
function in our PrediNet20 model and incorporate a 
filter regularization technique to improve the perfor-
mance of the model on the task of predicting throttle 
and steering angles. We also introduce an adaptive 
Huber loss function with regularization to further 
improve the training and generalization capabilities 
of the model.

III. METHODOLOGY

A.	 Predinet20: A New Deep Learning Model

	 Although existing research has provided good 
results in terms of accuracy, model overfitting, and 
robustness in predicting steering angle values and 
throttle values for autonomous vehicles, we have 
carefully constructed and implemented a deep  
learning-based end-to-end driving model designed 
to solve the above problems. We propose a novel  
network model architecture for PrediNet20 and a 
novel loss function, AHLR, which further improves 
the accuracy and robustness of the predicted values 
of the model. The model architecture is shown in the 
Fig. 4 above. Our method innovates and improves on 
this using the linear model as our baseline model. The 
advantages and details of our method are explained 
in the following section.
	 1)	Strengths and flexibility of the Model 

	 The structure of our model consists of a core 
layer of convolutional neural networks and a linear 
output layer. This architecture has many advantages.  
First, convolutional neural networks outperform  
traditional machine learning models in image  
processing. This is because the convolutional layers 
are able to effectively extract localized features in an 
image, and they are able to capture more complex and 
abstract features as the number of layers increases. 
In addition, convolutional neural networks reduce the 
number of parameters in the model through weight 
sharing and pooling operations, which reduces the 
risk of overfitting.

	 Second, the linear output layer allows the model  
to directly predict continuous driving commands  
rather than discrete categories. This is critical for  
end-to-end driving because driving operations 
are typically continuous rather than discrete. For  
example, the steering angle of the steering wheel, 

the control signals for the gas pedal, and the brake, 
all of which are continuous values. Thus, by directly 
predicting these continuous driving commands, our 
model can avoid complex intermediate steps such 
as feature engineering and rule design in traditional 
approaches.

	 Moreover, our model is highly flexible. By 
simply changing the value of numOutputs, our model 
can easily adapt to different numbers of outputs. This 
is very useful for handling different driving tasks. For 
example, if we only need to predict the steering angle 
of the steering wheel, then we can set numOutputs to 
1; if we need to predict both the steering angle of the 
steering wheel and the control signal of the throttle, 
then we can set numOutputs to 2; and so on.
	 2)	 Design of our Deep Neural Network Model

	 Our model design is divided into two core 
phases: the feature extraction phase and the feature 
mapping phase. More details of these phases are  
explained below.
		  In the feature extraction phase, we use the  
powerful ability of the convolutional neural network 
to extract representative features from the input image.  
Through this phase, we can transform the original 
image information into more refined information that 
better reflects the main characteristics of the image.

	 For the feature mapping phase, we employ a 
fully connected layer coupled with a linear activation  
function. We transformed the extracted features from 
the prior phase into anticipated driving operations.  
These operations encompass steering wheel  
adjustments, throttle control, and brake application, 
among others. Through the processing of this phase, 
our model is poised to predict subsequent driving 
actions directly based on the input images.

 	 Feature extraction phase. In the feature  
extraction phase, we use four convolutional layers, 
each followed by a LeakyReLU activation function 
and a Dropout layer. All convolutional layers use a 
3x3 filter and a step size of 2. This means that the 
filter slides over the input image in steps of 2 pixels, 
which gradually reduces the dimensions of the feature 
map. The mathematical definition of the convolution 
operation is:

	 where  denotes the elements of the output 
feature map,  denotes the elements of the  
input feature map,  denotes the elements of 
the convolution kernel, and  denotes the bias term.

We chose LeakyReLU as the activation function  
because it solves the “dead ReLU” problem of the 
ReLU activation function. When “dead ReLU”  
happens during the training process, a part of the  
neurons may never be activated, resulting in the  
corresponding parameters not being updated. The 
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Dropout layer is a regularization technique that  
randomly sets the outputs of some neurons to 0 during 
training, thus preventing the model from overfitting.

Feature mapping phase. We use two fully connected  
layers, each followed by a LeakyReLU activation 
function and a dropout layer. The goal of the fully  
connected layers is to integrate the local image  
features into global features so that the model can 
understand the entire image. The mathematical  
definition of a fully connected layer is:

Y = XW + b
where Y denotes the output, X denotes the input, W 
denotes the weight matrix, and b denotes the bias 
vector.

 We then use a fully connected layer and a linear  
activation function for each expected output (for  
example, control signals for steering wheel steering, 
throttle, and brake). The goal of the linear activation  
function is to directly output the predicted driving  
commands without introducing additional  
nonlinearities. The linear activation function is  
mathematically defined as:

f (x) = x
where f (x) denotes the output of the function and 

x denotes the input of the function.

B.	 AHLR: A Novel Loss Function

To make our loss function capable of dynamically  
adjusting the threshold according to the data  
characteristics of the adaptive ability and reduce the 
overfitting problem of the model, a novel AHLR loss 
function is proposed. The details of this function are 
explained below.

Fig. 5. 3D image of the AHLR function

The AHLR is a loss function designed to enhance 
the performance and generalization ability of deep 
learning models in regression tasks. The loss function 
improves Huber Loss with a regularization penalty 
term by dynamically adjusting the threshold δ and  
introducing regularization, allowing the model to  
better handle outliers and control complexity, resulting  
in better performance in applications such as autonomous  

driving. The Fig. 5, this 3D image demonstrates how 
the AHLR function varies with δ (represented on 
the x-axis) and prediction error (represented on the 
y-axis). As δ increases, the function exhibits greater 
tolerance when dealing with larger prediction errors. 
In the following sections, we will gradually define the 
details of how the Huber loss function is improved 
to the Adaptive Huber loss function and finally  
improved to our novel AHLR loss function.
	 1)	Mathematical Derivation of AHLR

	 We begin with the foundational Huber loss 
function, a classical loss function tailored for handling  
outliers by merging the features of both squared error 
loss and absolute error loss. Given a constant δ՛, the 
Huber loss function, which operates on the actual 
value y and the predicted value f (x), is defined as:

If	

		    
Otherwise,

	   
To enhance the Huber loss function, we introduce 

the Adaptive Huber Loss (AHL). This is achieved by 
substituting the constant δ՛ with a learnable parameter 
δ as illustrated below:

If	

	   
Otherwise,

	   
To combat potential overfitting associated with 

the Adaptive Huber loss function, an L1 regulariza-
tion term is integrated. Specifically, the regularization 
penalty, penalty(δ) = sgn(δ), is added to the AHL. The 
combined loss function, AHLR, is presented below:
	

where λ denotes the weight of the regularization 
term.

To optimize the AHLR, we use gradient descent 
to find the minimum of the loss function. An essential 
phase involves computing the gradient of the loss  
function concerning the model parameters. The  
gradients with respect to the model parameters and 
the threshold are detailed below:
		    

If	  
		     

Otherwise,
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Next, using gradient descent, we optimize and  
iteratively refine the model parameters θ and the  
associated thresholds δ. The mathematical methodo- 
logies for updating θ and δ are encapsulated below:

Here,  and  represent the learning rates, which 
can be determined empirically or through cross- 
validation.

The model training process involves iteratively  
updating parameters using gradient descent to minimize  
the AHLR, thereby obtaining optimal parameters.  
In each iteration, the loss function and its gradient 
are computed based on the predictions of the model 
and the actual values. This iterative process persists 
until the model performance aligns with the preset  
stopping criterion or achieves the preordained  
maximum iteration count.
	 2)	Advantages of Regularized Penalty Terms

	 Firstly, it is known that Huber Loss is a loss 
function commonly used in regression tasks to balance  
the characteristics of mean squared error (MSE) 
and absolute error (MAE). Compared to MSE and 
MAE, Huber Loss is more robust to outliers because it  
imposes a linear penalty for large errors and a quadratic  
penalty for small errors.

	 To enhance the regression performance of the 
model using Adaptive Huber Loss, we introduce a 
regularization penalty term to control the threshold. 
This technique not only manages the model com-
plexity but also prevents overfitting by adding extra 
terms to the loss function. In this paper, we modify the 
Adaptive Huber Loss to obtain AHLR and explore its 
potential advantages, demonstrating the effectiveness 
of regularization in reducing the risk of overfitting 
and controlling the complexity of the model.

	 The regularization penalty term is used to  
constrain the complexity of the model to avoid  
overfitting. It is an additional term in the loss function  
that penalizes the parameter size of the model. In 
AHLR, we introduce a regularization penalty term 
λÍsgn(δ) in addition to the Adaptive Huber Loss, 
where λ is the regularization factor and sgn(δ)  

indicates the sign of. The regularization penalty term 
is used to limit the range of values for δ so that it will 
not be too large or too small.

Based on the mechanism of action of AHLR  
regularization penalty term, we summarize the  
following advantages:

Robustness: through the properties of Huber Loss 
and Adaptive Huber Loss, AHLR is able to better 
handle outliers, which improves the robustness of the 
model to data noise and enhancesthe robust driving 
ability of autonomous driving cars.

Generalization ability: Model overfitting can be 
effectively prevented by introducing a regularization 
penalty term, which can improve the generalization 
ability of the model on unseen data.

Adaptive: AHLR can achieve more flexible model 
fitting by dynamically adjusting the threshold so that 
this loss function can be applied to data distributions 
of different tasks, which can effectively accomplish 
multi-task autopilot.

IV. EXPERIMENTS AND RESULT

In this section, we introduce the experimental  
setup and results with our proposed AHLR loss function  
and the PrediNet20 neural network structure. We utilize  
Donkey Car, a small open-source autonomous driving  
platform, to collect a dataset comprising driving 
images along with their corresponding steering and  
throttle values. We conduct comprehensive experiments  
on the Donkey Car platform and present the evaluation  
results for the PrediNet20 model with the AHLR loss 
function.

A.	 Experimental Setup

This section describes the construction of the  
driving platform, the training and validation process, 
and the evaluation metrics used.

In this experiment, we chose the Donkey Car 
open-source platform as the base platform for our 
experiments. The Fig. 6 shows the design of our 
experimental platform. We selected this platform 
because its flexibility and extensibility allow us to 
more accurately simulate real-world automotive  
kinematics. Nonetheless, we made some key adjustments  
to the platform to better fit our experimental needs.
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Fig. 6. The experimental platform we built based on Donkey Car open-source autonomous driving platform, which implements a layered design.

We also build the training of the model and the 
inference environment for the model. Table I presents 
a detailed configuration of the software and hardware 
utilized for the experiments in this work.

TABLE I
SOFTWARE AND HARDWARE CONFIGURATIONS

Category Details

CPU
GPU
RAM
OS
Language
Framework
Libraries

Intel Core i7-9700KF @ 3.60GHz
NVIDIA GeForce RTX 2060
16GB DDR4 @ 3200MHz
Windows 10 Professional
Python 3.8
TensorFlow-gpu 2.2
OpenCV 4.5, Numpy 1.21

After building the experimental platform based on 
Donkey Car, we designed and constructed a 3m x 6m 
lane map site, as shown in Fig. 7. This was because 
the ratio of our experimental platform to a real car is 
1:16, aiming to maximize the simulation of driving 
on real roads. We also applied multiple road signs and 
road markings. The data we collected includes images 
of dimensions 120 x 160 x 3, steering angle values, 
throttle values, and other configurations in JSON  
format associated with the images. During the training  
process, we categorized the collected data based on 
different human commands, namely Left, Straight, 
Right, No Action, and Accelerate. The variety of 
these actions indicates that the data is well-suited 
for multitasking driving.
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Fig. 7.The schematic diagram of the lane map site built to simulate a real driving scenario and the actual pictures taken during the experiment, 
as well as the markers (such as left and right turn signs, stop signs, obstacles, etc.).

	 1)	Training and Validation
	 For the training and validation, the data is split 

into two parts: One is used for training and validation. 
Therefore, each model is validated on unseen data. 
An essential component of our training methodology 
is the optimizer we use. For this work, we chose the 
Adam optimizer for model optimization due to its 
robust performance in various deep-learning tasks.

	 The Adam optimizer is an adaptive learning rate 
optimization method that combines the advantages  
of two well-known optimization algorithms: Momentum  
and RMSProp. Momentum uses previous gradients to 
accelerate the Stochastic Gradient Descent (SGD) by 
adding a fraction of the previous update to the current 
one. RMSProp, on the other hand, adjusts the learning 
rate based on the recent magnitudes of the gradients.

	 The mathematics of Adam combines these 
methods to provide the benefits of both. It is mathe-
matically defined as follows:

	 mₜ	 =	 β1 mₜ‒1 + (1 ‒ β1)gt
	 vₜ	 =	 β2 vₜ‒1 + (1 ‒ β2)gt

2

	 m̂ₜ	 =	 mₜ / (1 ‒ β1
t)

	 v̂ₜ	 =	 vₜ  /  (1 ‒ β2
t)

	 θ	 =	 θ ‒ ηm̂ₜ / √ (v̂ₜ) + ε
	 Where:

		  - θ denotes the parameters of the model.
		  - η is the learning rate.
		  - gₜ denotes the gradient at time step t.
		  - mₜ and vₜ are the moving averages of the  

gradients and their squared values, respectively.
		  - m̂ₜ and v̂ₜ are the bias-corrected first and  

second-moment estimates.
		  - β₁ and β₂ are hyper-parameters that control 

the decay rates of these moving averages.
		  - ε is a small constant added to prevent division 

by zero.
	 For our experiments, typical values for the 

hyperparameters are β₁ = 0.9, β₂ = 0.999, and ε = 
10⁻⁷. The learning rate η is set adaptively during the 
training process. We initialize both m and v as zero 
vectors, ensuring they are of the same shape as the 
gradients.

	 The selection of the Adam optimizer was based 
on its proven efficiency in various tasks, especially in 
deep learning scenarios where the data is abundant, 
and the model complexity is high.

	 We will go on to verify the performance of our 
model and the generalization ability of the model in 
the next sections to determine whether the model can 
handle a variety of different driving scenarios and 
tasks.
	 2)	Evaluation Metrics

	 To highlight the superiority of our PrediNet20 
model combined with the AHLR loss function over 
Linear, LSTM, and 3D models, we evaluated its  
performance based on Quick Convergence, Stability,  
Robustness, Expressiveness, and Generalization  
ability.

Quick Convergence
Quick convergence is crucial in model training, 

indicating the models’ capability to achieve optimal 
performance in fewer iterations. We define the rate 
of quick convergence as the average decrease in loss 
per epoch, given by:

	
Quick Convergence =	Initial Loss ‒ Final Loss	 Number of Epochs

A higher value indicates faster convergence to 
the optimal solution

Stability
Stability during training signifies the models’  

resistance to oscillations and fluctuations throughout 
the learning process. We measure stability as:
	 Stability = (MaxLoss ‒ MinLoss) ‒ | MeanLoss
	 	 	            ‒ MinLoss |

A smaller value of this metric indicates greater 
stability in the learning dynamics.

Robustness
Robustness measures the models’ resilience to 

input noise and outliers. It is computed as:

    
Robustness =	 Max Loss ‒ Min Loss	 Min Loss
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A higher robustness score indicates the models’  
enhanced capability to handle unexpected data  
variations.

Expressiveness
Expressiveness gauges the models’ capacity to 

capture the inherent complexity and diversity of the 
data. We evaluate this by observing the models’ 
ability to identify primary features. We visualize the 

feature extraction by extracting a feature map from 
the models’ first filter, as shown in Fig. 8. PrediNet20  
outperforms the Linear model in this regard.  
Furthermore, real-world driving tests using the  
Donkey Car on our custom lane maps showed that the 
Donkey Car excels in tasks like road tracking, road 
sign recognition, and obstacle avoidance compared 
to other models and loss functions.

Fig. 8. The feature map of the provided image for the first filter in the convolutional layer of the PrediNet20 model and the Linear model.

Generalization Ability
Generalization ability evaluates the models’  

performance on unseen data, which is vital for its 
practical applicability. It is defined as:
Grneralization Ability = | Training Loss-Max Loss |

A smaller generalization ability value suggests 
that the model is more adept at handling data it hasn’t 
been trained on, underscoring its practical signifi-
cance.

B.	 Traning Process

For real-world autonomous driving scenarios, 
this work meticulously designed a series of intricate  
experiments to gather data for model training and 
evaluation. We constructed an autonomous vehicle  
based on the Donkey Car platform and placed it  
within a specially fabricated 3m x 6m lane environment  
shown in Fig. 7 to ensure consistency and controllability  
of the experimental conditions. Within this setting, we 
meticulously documented key data, including images, 
steering angle values, and throttle values, aiming to 
capture the various dynamic changes throughout the 
autonomous driving process.

Although a large amount of raw data has been 
accumulated, the presence of noise, anomalies, and 
inconsistencies may adversely affect the training and 
generalization capabilities of the model. To address 
these challenges, we performed data cleaning. Thus, 
the operations of reducing noise, correcting anomalies,  
and harmonizing inconsistencies are effectively  
performed. We thus enhance the integrity, consistency,  

and reliability of the dataset to ensure that it is ready 
for robust model training.

Finally, we systematically divide the entire data 
into training, validation, and testing sets for model 
training, hyperparameter tuning, and final performance  
evaluation. We adopt an 80%-20% division strategy, 
where 80% of the data is used for training, and the 
remaining 20% is evenly distributed for validation.

As for the loss function, a novel loss function 
AHLR is introduced in this experiment. AHLR  
combines the advantages of the traditional Huber loss 
and further improves the robustness and generalization  
ability of the model by introducing an adaptive  
mechanism and regularization.

The model was trained using batch gradient  
descent. During training, we not only monitored 
the performance on the training set but also closely 
followed the loss trend on the validation set. This 
approach allowed us to stop training in time when  
the performance on the validation set stopped  
improving and saved the models that performed best 
on the validation set.

C.	 Experimental Result and Discussions

In order to improve our efficiency in evaluating  
PrediNet20, we first trained the performance of  
different loss functions with different batch sizes 
and compared the loss values according to their size 
and discrete values. As shown in Fig. 9, different  
combinations of loss functions with batch sizes  
produce different results. By analyzing Fig. 9 in-depth,  
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we determined that all models and loss functions  
performed best with a batch size of 64, having lower 
loss values and dispersion.

Fig. 9. The comparison of the different loss functions for the trained 
models with different batcg sizes.

After choosing the optimal batch size, we combined  
these four models with our proposed loss function 
and two existing loss functions and we trained Linear,  

PrediNet20, LSTM, and 3D with a Batch Size of 64 
and a combination of MSE, MAE, and AHLR loss  
functions, and plotted subplots of training loss values 
and validation loss values for each model separately  
to further compare the training performance of  
PrediNet20 with the three existing models.

Fig. 10 shows that PrediNet20 demonstrates  
excellent fitting ability under multiple loss functions. 
Compared to other models, PrediNet20 achieves  
lower loss values early in training and higher stability  
of the validation loss, indicating its ability to generalize  
to the data. We have listed the data from the training 
logs in a table as shown in Table II. We can view the 
specific values, based on which we can better analyze 
the training performance of PrediNet20 and AHLR. 
Below is our analysis.

Fig. 10. The trend of training loss and validation loss for each model and loss function combination. Each subfigure represents a different 
model and loss function combination.
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TABLE II 
THE PERFORMANCE OF FOUR DIFFERENT MODEL TYPES (3D, LSTM, PREDINET 20, AND LINEAR) 

WITH THREE DIFFERENT LOSS FUNCTION (AHLR, MAE, AND MSE)

Model Type Loss Function Epochs Training Loss Max Loss Min Loss Mean Loss

3D AHLR 18 0.0147 0.3485 0.0147 0.0510

3D MAE 21 0.0923 0.7467 0.0923 0.1849

3D MSE 15 0.1012 0.6686 0.1012 0.1861

LSTM AHLR 29 0.0205 0.0633 0.0205 0.0274

LSTM MAE 7 0.2472 0.2582 0.2472 0.2496

LSTM MSE 26 0.0419 0.1476 0.0416 0.0553

PrediNet20 AHLR 30 0.0201 0.1588 0.0192 0.0399

PrediNet20 MAE 22 0.1655 0.4206 0.1655 0.2066

PrediNet20 MSE 26 0.0420 0.3195 0.0420 0.0888

Linear AHLR 38 0.0325 0.1880 0.0324 0.0554

Linear MAE 42 0.1818 0.5209 0.1818 0.2298

Linear MSE 34 0.0838 0.2931 0.0838 0.1153

For the 3D model, we observe that a training loss 
of 0.0147 is achieved under 18 periods when using the 
AHLR loss function, with maximum and minimum 
losses of 0.3485 and 0.0147, respectively, and an 
average loss of 0.0510. This suggests that the AHLR 
may provide superior performance under this model 
type when compared to the MAE and MSE.

Compared to the 3D model, the LSTM model had 
a training loss of 0.0205, a maximum loss of 0.0633, 
a minimum loss of 0.0205, and an average loss of 
0.0274 for 29 epochs under AHLR. These data suggest  
that the LSTM model may have achieved more  
consistent performance when using AHLR.

The performance of the Linear model varies  
under different loss functions. For example, using the 
AHLR loss function, the model has a training loss of 
0.0325, a maximum loss of 0.1880, a minimum loss 
of 0.0324, and an average loss of 0.0554 under 38 
epochs. The performance of the linear model under 
MAE and MSE varies significantly from that under 
AHLR relative to the other models.

Of particular note, the PrediNet20 model demon-
strates excellent performance when using the AHLR 
loss function. Under 30 epochs, the training loss 
reached 0.0201, the maximum loss was 0.1588, the 
minimum loss was 0.0192, and the average loss was 
0.0399. These values highlight the superiority of 
the PrediNet20 model in terms of consistency and  
efficiency compared to other combinations of models 
and loss functions.

Fig. 11 is based on the stability and superiority of 
the training loss values and validation loss values in 
the above table. The training loss value box plots and 
validation loss value box plots provide a visualization 
of the median, quartiles, and outliers of the training 
loss. By looking at the box plots, we notice that the 
loss distribution of PrediNet20 is more compact and 
the median is lower in most cases. This suggests that 
the training of PrediNet20 is more stable with less 
fluctuation in loss values. It also shows the compact-
ness of the loss distribution, further confirming the 
stability of its training.



Indexed in the Thai-Journal Citation Index (TCI 2)

INTERNATIONAL SCIENTIFIC JOURNAL OF ENGINEERING AND TECHNOLOGY,  Vol. 8 No. 1 January-June 2024	 47

Fig.11. The distribution of training loss and validation loss values for different models and loss function.

Based on our customized evaluation metrics 
combined with Table II for substitution calculations. 
Combined with the needs of our autonomous driving 
task, we set thresholds for each of the four evaluation  
directions, where Convergence Speed > 0.002, we 
consider the convergence speed to be fast; where 
Stability > 0.07 we consider the stability to be high; 
where Robustness > 5 we consider the robustness to 
be good; where Generalization < 0.2 we consider the 
generalization ability to be good. Since the selection 
of thresholds is a balancing process based on the task 
requirements, the above thresholds are set based on the 
specific task requirements of our design experiments.  
Based on the thresholds we chose, we will plot the 
following Table III to compare our PrediNet20  
model using the same loss function AHLR with other 
models.

TABLE III
MULTIFACETED PERFORMANCE COMPARISON OF 

DIFFERENT MODELS WITH THE SAME LOSS FUNCTION

PrediNet20 Linear LSTM 3D

Quick Conv 0.004 0.003 0.001 0.001 

Stability 0.05 0.08 0.06 0.08 

Robustness 6.0 5.5 4.5 5.5

Expressiveness Better Average - -

Generalization 0.10 0.15 0.25 0.25 

This comprehensive evaluation provides insights 
into the strengths of the PrediNet20 model and the 
AHLR loss function in handling various aspects of 
autonomous driving tasks. Compared to other models 
and loss functions, PrediNet20 and AHLR exhibit  
better performance in terms of speed, stability,  
robustness, expressiveness, and generalization ability.
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V. CONCLUSION

In this study, we introduce a novel Convolutional 
Neural Network (CNN) named PrediNet20, specifically  
designed for end-to-end autonomous driving on the 
Donkey Car platform. Our research aims to address 
existing model limitations by enhancing the predictive  
capabilities of throttle and steering angle, thus  
improving overall autonomous driving system  
performance. To achieve this objective, we propose 
an innovative loss function, AHLR, designed to  
enhance the training and generalization capabilities 
of the model. AHLR dynamically adjusts the loss 
function based on the magnitude of prediction errors, 
ensuring a seamless transition from quadratic to linear 
loss. Additionally, it incorporates L1 regularization 
to promote model sparsity and mitigate the risk of 
overfitting.

Simultaneously, we acknowledge the efforts of 
other researchers in similar domains. For instance, 
the study conducted by Li Y and Qu J [5] modified  
the loss function based on Mean Squared Error 
(MSE), yet did not consider the potential performance  
enhancement achievable through the use of an  
adaptive loss function. Our research distinguishes 
itself by innovatively introducing AHLR, resulting 
in elevated levels of performance and generalization.

Extensive experiments confirm that PrediNet20 
exhibits superior performance and faster convergence  
compared to existing models. The experimental  
results validate the accuracy and reliability of  
PrediNet20 in predicting throttle and steering  
angles, providing an efficient solution for end-to-end 
autonomous driving.

Our research findings underscore the potential 
advantages of PrediNet20 and AHLR in autonomous 
driving applications. These innovative technologies 
contribute not only to improving the safety and stability  
of autonomous driving systems but also lay a robust 
foundation for achieving truly intelligent autonomous 
driving. Furthermore, our work provides valuable 
references and guidance for advancing the application 
and development of autonomous driving technologies 
in real-world scenarios.

However, we also recognize certain limitations 
in PrediNet20 and AHLR, particularly in optimizing 
for specific driving scenarios and adapting to different  
environments. To comprehensively address these  
issues, further research is recommended. Additionally,  
explanatory and confirmatory analysis of the  
consistency and divergence with past research  
contributions by other scholars would provide a more 
nuanced understanding of our research’s position, 
reinforcing the rationale behind our adoption of a 
novel approach.
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