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Abstract—DonkeyCar is a DIY autonomous
vehicle platform for exploring Al-driven self-driving
technology. Using the DonkeyCar Unity simulator,
models can be trained and tested in a risk-free
environment before real-world deployment. This
study examines the impact of training data and
track complexity on model performance. Results
show that increasing the number of training images
from 1,346 to 5,351 reduced the error rate from
36% to 3%, thereby improving driving stability.
Models trained on complex tracks adapted better
but required longer training. However, challenges
such as sensor noise, environmental uncertainties,
and limitations in obstacle avoidance suggest
the need for data augmentation, reinforcement
learning, and multi-sensor fusion to enhance
model robustness. These findings contribute to
optimizing low-cost, vision-based autonomous
driving systems.

Index Terms—Autonomous Driving, Deep
Learning

1. INTRODUCTION

DonkeyCar is an open-source DIY platform
designed for developing and training small-scale
autonomous vehicles, primarily using RC cars
as a base. It seamlessly integrates hardware and
software, providing a user-friendly environment
for experimenting with machine learning and
autonomous driving technologies [1]. Whether for
beginners or experienced developers, DonkeyCar
offers a flexible framework for exploring autonomous
vehicle development.

At the core of DonkeyCar is autonomous driving
powered by machine learning? The development
process begins with a user manually controlling the
vehicle to collect driving data, including images and
corresponding steering/acceleration commands. This
dataset is then used to train a neural network model,
which learns to predict the vehicle’s control actions
in unseen environments, ultimately enabling
autonomous navigation [2].

Deep learning, a subfield of machine learning,
relies on artificial neural networks to simulate the
human brain’s cognitive processes. It is particularly
effective in handling unstructured data such as images
and speech. Through multi-layer neural networks
(deep networks), computers can automatically extract
meaningful patterns and features from large datasets.
In the DonkeyCar project [3], deep learning plays
a crucial role in visual perception and decision-
making. The vehicle captures road images through
an onboard camera, which are then fed into a trained
neural network. The model processes these images
to determine appropriate steering and acceleration
commands, facilitating autonomous driving.

Currently, most DonkeyCar projects rely primarily
on cameras rather than additional sensors for three
key reasons:

A. Simple and Efficient Visual Perception

Cameras provide a straightforward and effective
means of capturing detailed environmental
information, offering a direct representation of the
car’s surroundings. Visual perception is widely
used in autonomous driving for its ability to detect
lane markings, road signs, obstacles, and curves.
Compared to other sensors, camera data is more
intuitive and integrates seamlessly with deep learning
models for real-time decision-making.

B. Low Cost and Accessibility

Cameras are cost-effective and widely available,
making them an economical choice for DIY projects.
Compared to expensive LIDAR or high-precision
radar sensors, cameras provide a budget-friendly
alternative that is familiar and easy to configure.
Additionally, hardware platforms such as Raspberry
Pi natively support camera modules, further
simplifying system setup and reducing overall
development costs [4].

C. Optimized for Deep Learning Models

The DonkeyCar platform heavily relies on deep
learning models, particularly Convolutional Neural
Networks (CNNs), which excel at processing visual

Indexed in the Thai-Journal Citation Index (TCI 1)



36 INTERNATIONAL SCIENTIFIC JOURNAL OF ENGINEERING AND TECHNOLOGY, Vol. 10 No. 1 January-June 2026

data. Cameras naturally complement CNN-based
architectures, allowing for efficient end-to-end learning
of driving behaviors. This approach streamlines the
development process, enabling users to focus on
training and optimizing image-based models without
the added complexity of fusing data from multiple
sensors [5].

D. Research Objective

This study aims to evaluate the impact of training
data size and track complexity on the performance
of vision-based autonomous driving models using
DonkeyCar. By analyzing model accuracy, error
rates, and generalization capabilities in different
simulated environments, this work provides insights
into optimizing low-cost, camera-based self-driving
platforms. The findings contribute to improving
autonomous navigation in real-world scenarios and
advancing the development of Al-driven vehicle
control systems.

II. RESEARCH OBIJECTIVE

The primary objective of this research is to develop
an autonomous vehicle following system based on the
DonkeyCar platform. Specifically, this study aims to
enhance vehicle

Perception and decision-making using deep
learning-based vision systems. By leveraging
Convolutional Neural Networks (CNNs), the proposed
system will enable a trailing vehicle to detect and
follow a leading vehicle in real-time, without relying
on additional sensors such as LiDAR or radar.

To achieve this, the study will focus on the
following key objectives:

(1) Data Collection and Model Training:

Develop a dataset by capturing real-time
images from the onboard camera while manually
driving the leading vehicle.

Train a deep learning model capable of
recognizing the leading vehicle and estimating its
position relative to the trailing vehicle.

(2) Autonomous Following Algorithm:

Implement a real-time object detection
mechanism to identify the leading vehicle using
CNN-based models.

Design a control strategy that allows the
trailing vehicle to adjust its speed and steering angle
based on the detected position of the leading vehicle.

(3) Simulation and Real-World Validation:

Test the proposed system in the DonkeyCar
simulator to evaluate its performance in a controlled
virtual environment.

Deploy the model on a physical DonkeyCar
and conduct real-world experiments to assess
robustness and adaptability under varying conditions.

The expected outcome of this research is a
vision-based vehicle following system that operates

effectively in both simulated and real-world
environments. The findings will help advance
low-cost, camera-based autonomous driving solutions
and provide valuable insights for future developments
in small-scale autonomous vehicles [6].
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C
8

|

III. RELATED WORKS

Autonomous driving has been a highly active
research area, leveraging various Artificial
Intelligence (AI) techniques to enhance perception,
decision-making, and control. In particular, deep
learning and Reinforcement Learning (RL) have
demonstrated remarkable capabilities in enabling self-
driving vehicles to navigate complex environments
with minimal human intervention. In this section,
we review the role of deep learning in autonomous
driving, the application of reinforcement learning for
adaptation and control, and the training workflow
within DonkeyCar simulations.

A. Perception in Autonomous Driving

Perception is a critical component of autonomous
driving, enabling vehicles to sense and interpret their
surroundings. Deep learning models, particularly
Convolutional Neural Networks (CNNs), have
become the cornerstone of object detection, lane
recognition, and traffic signal interpretation [7].
CNNs extract hierarchical spatial features from
images, allowing vehicles to distinguish pedestrians,
traffic lights, and other road elements.

Advanced object detection architectures, such as
YOLO (You Only Look Once) and Faster R-CNN,
have significantly improved real-time detection
performance, making them suitable for embedded
systems in autonomous vehicles [8]. These models help
identify obstacles and make split-second navigation
decisions, a crucial aspect of real-world deployment.

B. Deep Learning for Control and Decision Making

Deep learning is not only essential for perception
but also plays a significant role in vehicle control.
End-to-end learning approaches, where Deep Neural
Networks (DNNs) map raw sensor inputs directly to
steering commands, have shown promising results
[9]. For instance, NVIDIA’s DAVE-2 system trained a
deep network using human driving data, successfully
replicating human-like driving behaviors [10].
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However, end-to-end learning often suffers from
limited interpretability and robustness issues, making
hybrid approaches more favorable. A combination of
deep learning with traditional rule-based or model-
based planning techniques provides a more reliable
and scalable framework for autonomous navigation.

C. Reinforcement Learning for Adaptive Driving

Reinforcement Learning (RL) has emerged as
a powerful paradigm for training self-driving cars
in dynamic and uncertain environments. Unlike
supervised learning, where models learn from labeled
data, RL enables agents to learn optimal policies
through trial and error, receiving rewards for desirable
actions [11].

Proximal Policy Optimization (PPO) and Deep
Q-Networks (DQN) are widely used RL algorithms
for autonomous driving [12]. These methods allow
self-driving cars to refine their control strategies,
adapt to varying road conditions, and optimize fuel
efficiency.

D. DonkeyCar Training Workflow

DonkeyCar provides a lightweight and accessible
platform for training autonomous driving models
in simulation before deploying them on real-world
robotic vehicles. The training pipeline follows
a structured workflow:

(1) Data Collection:

The DonkeyCar vehicle is manually driven
in a simulated environment to collect training images
and sensor data.

(2) Preprocessing and Augmentation:

The collected data is cleaned and augmented
to enhance model robustness. Techniques such as
brightness adjustment, cropping, and flipping help
the model generalize better.

(3) Model Training:

A CNN-based model is trained to map images
to steering and throttle commands. This model learns
to navigate autonomously by imitating human driving
patterns.

(4) Evaluation and Fine-Tuning:

The trained model is tested in the simulator
to evaluate its performance. If necessary, additional
training data is collected, and hyperparameters are
tuned to improve accuracy.

(5) Deployment:

Once the model achieves satisfactory
performance, it is deployed on a physical DonkeyCar,
allowing it to navigate autonomously in real-world
scenarios.

Empirical results indicate that increasing the
number of training samples significantly enhances
model accuracy and driving stability. As shown in
Table 1, a model trained on 5,351 images exhibits a

considerably lower error rate than one trained on only
1,346 images [13].

TABLE I
MODEL COMPARISON

Model  Training Images  Collisions Error Rate

Model 1 1,346 36 36%

Model 2 5,351 3 3%

E. Challenges and Future Directions

Despite significant advancements, DonkeyCar-
based autonomous driving still faces several
challenges:

* Limited Computational Power:

The embedded systems used in DonkeyCar
have lower processing capabilities than those of full-
scale autonomous vehicles, limiting the complexity
of deployable models.

* Generalization to Real-World Scenarios:

While models trained in simulation perform
well within controlled environments, their trans-
ferability to real-world conditions remains an open
challenge.

* Automated Labeling and Data Augmenta-
tion:

Current training methodologies rely heavily on
manually collected data. Future work could explore
automated labeling techniques and synthetic data
generation to improve scalability.

- frain
validate

04 1

034

055

0.2 4

0.1 4

Fig. 2. Model loss picture

As illustrated in the figure above, the blue line
represents the model’s training curve, while the
validation curve serves as a comparison. The close
alignment between the two curves suggests that the
model generalizes well. The DonkeyCar simulator
was used for training [14], and, owing to the
extensive dataset collected, the model exhibits strong
autonomous driving capabilities with minimal lane
deviations.
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Fig. 4. Training model diagram

After training with DonkeyCar, a series of essential
files are generated, including mypilot.hS, database.
json, mypilot.png, and mypilot.tflite. These files
collectively form the core data of the model, ensuring
its usability, reproducibility, and smooth deployment.

e mypilot.h5 File: This is the primary output file
from DonkeyCar training, which stores the neural
network’s trained weights. It records how the model
learns to associate input images from the car’s
camera with user-provided control signals (steering
and throttle). For example, when enabling autono-
mous driving, DonkeyCar loads the mypilot.h5 file,
allowing the vehicle to drive autonomously based on
the training data [15].

» database.json File: This file stores metadata
about the trained model, such as network architecture,
training parameters, vehicle information, speed, model
name, and local control records. It plays a crucial role
in reloading the model, inspecting its configuration,
or further training. Additionally, this file describes

the neural network architecture used for training,
including the number of layers, activation functions,
and other custom components, ensuring that the model
structure can be accurately recreated for inference or
retraining [16].

* mypilot.tflite File:

This is a TensorFlow Lite model optimized
for lightweight inference. It is particularly useful for
deployment on resource-constrained devices like
Raspberry Pi, enabling efficient execution of the
trained model on low-power hardware.

* mypilot.png File:

This file typically contains visualized data
generated during training, such as the model’s loss
curve or driving trajectory, helping analyze and
optimize training performance.

These files collectively form the complete
model output after DonkeyCar training, enabling
easy reloading, inspection, and efficient deployment
across different devices, ensuring the reproducibility
and reliability of the trained model [17].

S SIKErd
r model as an HOFS file

- n_outputse_Los
- n_outputsh_los
- Loss: - n_outputsh_los

Fig. 5. Train Model

Formula:
1 n
MSE == |y, = 9
i=1

Description: Mean Squared Error (MSE) is the
most commonly used loss function in DonkeyCar
for regression tasks. It measures the average squared
difference between predicted and actual values,
penalizing larger errors more heavily [18].

Use Case: MSE is ideal for predicting continuous
values, such as steering angles and throttle, to ensure
smooth and precise vehicle control.
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Fig. 6. Comparison of two tracks

Fig. 6 illustrates two distinct tracks within the
simulator: generated track and generated_road.
This experiment aims to analyze differences in
model training across the two tracks, assess the
impact of training data on model performance, and
explore optimization strategies to enhance the trained
model’s effectiveness for autonomous driving.

Fig. 7. Generated road data

The two images above show the second map used
for training, generated_track. Initially, 1,346 images
were used, and the results showed 36 collisions, with
the model unable to complete a full lap. This indicates
insufficient data, shorter training time, and a more
complex map with more obstacles.

As shown in Fig. 10, when the data increased to
5,351 images, the model’s performance improved
significantly. It was able to complete autonomous
driving on the main road, and the error rate dropped
from 36% to 3%.

From these two map examples, it is clear that the
model’s performance is closely related to the amount
of training data. During training, incorrect input data
can affect the model, and with less data, errors are
more likely to be included in the model. As the data
set grows, the error rate decreases significantly [19].
The three images above show the automatic driving
scenario generated by the model. The vehicle cannot
autonomously avoid obstacles, possibly due to
unclear information about certain road sections during
training, resulting in erroneous data. Additionally, the
small data set prevents the model from independently
identifying obstacles [20].

Cam_im cam_im

Fig. 8. Generated track data
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Fig. 9. Autonomous tracking

The experimental platform we built is based on
the Donkey Car open-source autonomous driving
platform, which implements a layered design.

We also built the model’s training and inference
environments. Table I presents a detailed configuration
of the software and hardware utilized for the exper-
iments in this work.

TABLE II
SOFTWARE AND HARDWARE CONFIGURATIONS
Category Details

CPU Intel Core i7-9700KF @ 3.60GHz
GPU NVIDIA GeForce RTX 2060
RAM 16GB DDR4 @ 3200MHz
(N} Linux
Language Python 3.11
Framework TensorFlow-GPU 2.2
Libraries OpenCV 4.5, NumPy 1.21

IV. RESULT

The experimental results demonstrate that
increasing the training data size and incorporating
diverse driving environments significantly enhance
the performance of autonomous driving models.
Initially, with only 1,346 training images, the model
encountered 36 collisions and was unable to complete
a full lap. However, after expanding the dataset to
5,351 images, the model achieved stable autonomous
navigation, with the error rate decreasing from 36%
to 3%.

Additionally, when tested on two different tracks
(generated track and generated road), models
trained on simpler tracks exhibited smoother driving
behavior, whereas those trained on more complex
tracks required additional training epochs to achieve

similar accuracy. These findings highlight the crucial
role of data diversity and track complexity in training
robust self-driving models, suggesting that a more
varied dataset can significantly improve generaliza-
tion and driving stability.

V. DISCUSION

The results highlight several key factors affecting
the performance of DonkeyCar-based autonomous
driving models:

Training Data Size: A larger dataset leads to lower
error rates and improved driving stability. Future
research should explore data augmentation techniques
such as brightness adjustment, flipping, and synthetic
image generation.

Obstacle Avoidance Limitations: The model
exhibited limitations in detecting and avoiding
obstacles. Future improvements could integrate
LiDAR or ultrasonic sensors for better environmental
awareness.

Unlike general deep learning tasks, autonomous
driving presents unique challenges, particularly in
handling edge cases such as unexpected pedestrian
crossings or sudden lane changes. To address this, loss
functions such as Huber Loss are often preferred over
standard MSE, as they reduce sensitivity to outliers.
Additionally, data augmentation techniques, including
brightness variation, motion-blur simulation, and
adversarial occlusions, can improve model robustness
across varying environmental conditions.

Real-World Deployment: While the model performs
well in simulation, its transferability to real-world
conditions remains a challenge. Future work should
explore domain adaptation techniques to bridge the
gap between simulation and reality.

Reinforcement Learning Enhancements: Instead
of purely supervised learning, integrating Deep
Q-Networks (DQN) or Proximal Policy Optimization
(PPO) could allow the model to learn adaptive driving
strategies through trial and error.

VI. CONCLUSION

This study successfully developed an autonomous
driving model using DonkeyCar, demonstrating lane
following and partial obstacle avoidance. The results
emphasize the importance of data quality, road
complexity, and hardware efficiency in improving the
performance of self-driving Al models.

Future work will focus on expanding the dataset,
incorporating additional sensors, and improving
obstacle detection algorithms. With these advancements,
the model can transition from simulation to real-world
deployment, paving the way for future innovations in
Al-driven autonomous vehicles.
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