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Abstract—The mining industry is vast and operates on a global
scale, demanding efficiency and, above all, safety in its mining
operations. In this context, the development of technologies to
ensure the protection of workers and the environment has become
increasingly essential, given the presence of heavy vehicles,
hazardous materials, and unpredictable conditions. In addition,
high fuel consumption, vehicle and equipment maintenance, and
the costs associated with specialized labor represent significant
challenges for the sector. Thus, this work proposes the study of ar-
tificial intelligence tools aimed at learning the behavior of an off-
road truck operator—specifically, the CAT 793F model—during
the vehicle’s driving process. The objective is to develop a
convolutional neural network model capable of performing au-
tonomous navigation, trained using a dataset generated from
the driving behavior of human operators within a controlled
simulation environment. Therefore, a complete methodology was
applied for the generation and acquisition of the dataset used
to train the model, as well as the adaptation of the intelligent
model to consider frames as inputs in order to produce control
responses such as steering, braking, and acceleration. As a result,
we observed that the trained AI model was able to achieve a Mean
Squared Error Loss of around 0.0002, enabling autonomous
navigation along a specified trajectory.

Index Terms—Convolutional Neural Network, Artificial Intel-
ligence, End-to-end Navigation.

I. INTRODUCTION

Mining is a relevant industry on a global scale. According to
[1]], the extraction of mineral resources is an essential activity
for the economies of 81 countries, contributing approximately
25% of the world’s Gross Domestic Product (GDP). Fur-
thermore, this economic activity forms the foundation of the
supply chain for the growing demand for materials used in
the manufacturing of products in sectors such as electronics,
aerospace, among others [2]. Therefore, due to its importance,
improving the efficiency, safety, and sustainability of mining
operations has become a key focus of technological innovation.

In this scenario, the operation of off-road trucks becomes
an increasing challenge. The shortage of qualified labor, com-
bined with the difficulty and high costs of operator training,
along with the hazardous nature of the activity, results in
high costs and undesirable accident rates. In this context,
autonomous navigation emerges as an alternative, as shown
in [3[], which reports a 14.4% reduction in the effectiveness of
manual driving compared to autonomous driving, highlighting
the potential of automation to improve efficiency and safety
in operations.

Given the importance of autonomous driving, it is necessary
to determine how to implement it, with Artificial Intelligence
(AI) being one of the main approaches for this purpose. Al is a
technology that enables systems to simulate human cognitive
abilities and behavior. Within the field of Al, there is Deep
Learning, a technique based on neural networks that simulates
the human brain. This approach allows the development of
systems capable of identifying patterns, making predictions,
and making decisions autonomously, with Convolutional Neu-
ral Networks (CNNs) being one of the most effective types of
neural networks for image processing, as stated in [4].

In this context, the present work proposes an end-to-end
autonomous navigation approach in a simulated environment,
illustrated in Figure[I] by training a CNN specialized in driving
a vehicle from point A to point B. The developed system is
capable of sensing the environment through frames extracted
from the simulation and, based on this visual information,
controlling the main components of the truck, such as the
steering wheel, brake, and accelerator.

This paper is organized as follows. Section [LI] presents the
state of the art regarding end-to-end autonomous navigation.
The proposed method is described in Section detailing
the design of the developed system. Section presents the
qualitative and quantitative results of the navigation performed.



Fig. 1. Simulation environment.

Finally, Section [V]provides the conclusions and future perspec-
tives.

II. THEORETICAL FOUNDATIONS

This section addresses four central aspects of the theoretical
foundation that supports this research. The first topic explains
what Convolutional Neural Networks are and their main
applications. The second topic presents the concept of end-
to-end learning and its benefits in the field of autonomous
vehicles. The third topic discusses the performance of CNN
architectures, briefly highlighting their efficiency. Finally, the
last topic combines the previous concepts to address related
works on the application of CNNs in end-to-end navigation,
presenting references that demonstrate their performance.

A. Convolutional Neural Networks

Convolutional Neural Networks are a type of neural network
specifically designed to handle data with a grid-like structure,
such as images and videos. They use an operation called
convolution, which enables the identification of local patterns
in the data, such as edges or shapes, with fewer parameters
and greater efficiency compared to fully connected networks
[5]. CNNs perform well because they leverage features like
sparse connections and weight sharing, making them ideal for
computer vision tasks.

When compared to other computer vision techniques, CNNs
offer significant advantages, as they are capable of automati-
cally learning spatial feature representations during the train-
ing process. Furthermore, [6] shows that CNNs are primarily
used for processing spatial information such as distance,
neighborhood, and direction.

These networks are able to capture increasingly complex
patterns as the depth of their layers increases, and they are
considered essential for feature extraction in images. This
statement is reinforced by [7]], which highlights that the algo-
rithms used by autonomous systems to recognize and classify
different parts of the road, as well as to make appropriate
decisions according to the context, are based on CNNs.

Spatial sampling, weight sharing, and local receptive fields
are the main properties of CNNs and, therefore, the reasons
why they are considered versatile and fundamental compo-
nents in the development of autonomous vehicles. These
characteristics also help reduce the probability of the model

overfitting the training dataset—becoming ineffective at pre-
dicting new outcomes—a problem known as overfitting [8]].

B. End-to-End Learning

According to Viswanath et al. (2018) IEI], end-to-end learn-
ing is one of the models used for autonomous driving. In
this approach, camera images are used as inputs to the neural
network, and after collecting samples and training the artificial
intelligence, the network outputs the signals that control au-
tonomous vehicle driving, such as steering angle, acceleration,
braking, and others depending on the model being trained and
implemented in the network.

Based on the results presented by the system, we noted that
during training, only human driving data and road features
detected by the system were used as inputs. According to
Bojarski et al. (2016) [10]], this type of learning is highly
effective, since despite the limited input data used to train the
system, an extensive amount of data was not required.

C. Convolutional Neural Network Models

The study conducted in presents a comparison of error
predictions made by a set of Convolutional Neural Networks,
with the results shown in Figure 2] During the training of the
GoogLeNet, VGGNet, and Clarifai networks, we observed that
GoogLeNet stood out in terms of training accuracy, showing
lower error rates and demonstrating its undeniable viability for
application in autonomous vehicle driving.
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Fig. 2. Comparison of errors between a set of convolutional neural networks.
Source: Al-Qizwini et al. (2017)

In [12], a comparative analysis of five distinct CNN ar-
chitectures is presented. GoogLeNet stands out for having a
smaller architecture compared to models such as AlexNet and
VGGNet, making it a more suitable option in scenarios with
computational and memory constraints.

As shown in Figure [3] the GoogLeNet model achieved the
second-best performance in terms of accuracy after 30 training
epochs, according to the results presented in the study. This
performance reinforces the efficiency of the architecture, even
with its lower structural complexity.
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Fig. 3. Comparison of accuracy and epochs between a set of convolutional
neural networks. Source: Yanfen Li er al. (2020) [12]

D. Related Work

In recent years, end-to-end approaches based on CNNs have
proven to be promising in the control of autonomous vehicles,
replacing traditional module-based architectures with systems
that learn directly from sensory data. In [13]], the DAVE-2
system is presented, which uses a CNN to predict the steering
angle directly from images captured by strategically positioned
cameras on the vehicle. Other works, such as [14]], expanded
this approach with the DAVE-2SKY model, introducing a
closed-loop post-training phase that increases lateral control
robustness even under partially observable visual conditions.
The end-to-end strategy was further explored in [13]], where
the GTA V game was used, demonstrating that models com-
posed of a combination of CNNs and recurrent networks
are capable of learning driving commands with performance
comparable to that of human drivers.

Despite the success of these approaches in simulated or
controlled urban environments, the use of CNNs in off-road
scenarios presents additional challenges. The proposal in [[15]
describes a method that replaces the direct prediction of
driving commands with a visual prediction of the vehicle’s
future trajectory, addressing the limitations of traditional end-
to-end networks in unstructured terrains. This approach was
made feasible through the automatic generation of labeled data
using visual odometry, allowing the training of segmentation
networks to predict drivable paths in RGB images. The PPC-
LSTM architecture, proposed in [16]], represents another ad-
vancement by integrating spatial, depth, and temporal infor-
mation, being capable of simultaneously predicting speed and
steering angle closely to human behavior.

III. PROPOSED APPROACH

In this section, the entire methodology developed in this
work will be detailed. As shown in Figure ] the methodology
applied was divided into three phases, with each phase consist-
ing of a set of tasks that were executed to achieve the objective
of developing a CNN model trained in a mining environment.

So, in Phase 1, the dataset acquisition and generation process
was developed using a simulator created by the educational
institution itself in partnership with the company Vale S.A.
Once the dataset was obtained, the second phase involved
the model training process. Finally, in the third phase, the
trained model was integrated into the simulation environment
to validate its response to input data provided by the simulation
system during runtime. The details of each phase will be better
described below.
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Fig. 4. Development Phases: (1) dataset generation using a simulator devel-
oped with Vale S.A.; (2) model training; and (3) integration and validation
within the simulation environment.
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A. Environment and Setup

As previously mentioned, the data collection and system
testing environment was implemented in a virtual environment
developed using Unreal Engine, and the simulation setting
takes place at the Concei¢do Mine in Itabira, Minas Gerais
(MG), result of a 3D reconstruction of the area to create
a digital model. The cockpit available for interaction with
the virtual environment is from the CAT 793F truck, an off-
road truck used in mining operations for transporting ore. The
cockpit and the simulation environment exchange and process
information through the Robot Operating System 2 (ROS 2)
Distro Foxy, thus enabling integration between hardware and
software. Figure [5] presents the above-mentioned entities as
well as the supervisory system, which is capable of configuring
and debugging the simulation environment.

B. Data Collection

In the beginning of the data collection phase, illustrated in
Figure [4] the first step was to define the starting and ending
points of the route, as shown in Figure[6] with point A marking
the beginning of the trajectory and point B as the destination.
Based on this definition, the vehicle was repeatedly driven
between the two points in order to generate a significant
volume of data, which is essential for building the training
dataset.

In addition, we decided to record exclusively the values
corresponding to braking, steering, and acceleration, as these
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Fig. 5. Simulator Structure.

are considered the fundamental commands for the truck’s
movement along the route. This choice aimed to simplify
the complexity of the task by focusing data collection on the
variables directly related to the dynamic control of the vehicle.

Fig. 6. Route for data collection.

Based on the initial definitions, a ROS node was developed
to read data from the simulator’s distributed network. This
node was programmed to operate at a frequency of 10 Hz,
capturing in each cycle the values of the target components
and associating them with the corresponding frame of the
simulation at that specific moment in time.

As a result of this first phase, illustrated in Figure 4] a
dataset of 5,082 samples was obtained. The instantaneous

values of the vehicle control commands were stored in a CSV
file [17), while the frames from the simulation were saved
as images in JPG format. With this data, it was possible to
compose the dataset required for training the convolutional
neural network model, whose architecture will be detailed in
Subsection [I=C

C. Convolution Neural Network Architecture

In addition to the definitions made during the Data Col-
lection stage, some decisions also had to be made to define
the architecture of the CNN. The first important point is that
this is not a classification problem, but rather a regression
task. Another key aspect is that the project requires the
network to be both efficient—so it can be integrated into the
simulator—and powerful enough to extract sufficient features
to better identify changes in the frames.

The GoogLeNet architecture was chosen for being
a computationally efficient Deep Learning solution and, as
shown in [E]], it shows good results for autonomous vehicle
problems. This network represents a milestone in the evolution
of convolutional neural networks, standing out for its efficiency
and depth. Its main innovation lies in the Inception modules,
which combine, in parallel, convolutions with filters of differ-
ent sizes (1x1, 3x3, and 5x5) and pooling operations, enabling
multi-scale feature extraction with reduced computational cost.
The architecture was carefully designed to maintain a feasible
computational budget, making it suitable for practical appli-
cations—even on devices with limited resources. Composed
of 22 layers with trainable parameters, GoogleNet also incor-
porates auxiliary classifiers in intermediate layers, which help
gradient backpropagation and act as a form of regularization,
mitigating issues such as vanishing gradients during training
[18]..

In this work, the architecture was adapted for a multivariate
regression task with the goal of predicting, from simulation
frames, the continuous control commands of an autonomous
off-road truck: brake, steering wheel and throttle. The final
layers of the network were modified to produce three contin-
uous outputs.

D. Training

The proposed model was trained in a hardware setup
composed of an Intel Core 17-8565U, 12 GB of RAM (11.9
GB usable), Ubuntu 20.04 64-bit operating system, and a x64-
based processor architecture. The loop began with a relatively
low initial learning rate, set at 1 x 10~9, which decreases over
the training according to Eq. [T} This choice is justified by the
nature of the task, which involves predicting continuous vari-
ables from visual data—characterizing a regression problem
that is sensitive to abrupt variations in the network’s weights.
A low learning rate helps ensure greater stability during the
optimization process, preventing undesirable oscillations in the
loss function and promoting smoother convergence, especially
during the initial training epochs.
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The loss function used was the Mean Squared Error (MSE),
optimized with the Adam algorithm. The dataset was struc-
tured using a custom class that associates RGB images with
their corresponding control values, and was divided into train-
ing and testing subsets. During training, the accuracy of the
network was evaluated using the coefficient of determination
(R-Squared Score), measured individually for each of the three
predicted variables, allowing the quality of the network’s fit
to be evaluated for each output.

It is important to note that some libraries, such as Py-
Torch—used in this project—may return negative values for
the coefficient of determination. This result indicates that the
model performs worse than a simple average of the target
values, meaning it is unable to capture the patterns present in
the data. This situation will be discussed in more details in
Section [V]

E. Inference

In the final phase, defined in Figure [ the trained model
described in Subsection was integrated into a ROS
node capable of capturing a frame from the simulation and
performing inference using the CNN. As output, it is possible
to observe the accelerator, brake, and steering wheel values
changing continuously as the off-road truck moves through the
simulated environment, thus enabling end-to-end autonomous
navigation.

IV. ANALYSIS AND DISCUSSION

This section aims to present two approaches: the first is
related to the quantitative analysis of the proposed system,
discussed in Subsection and the second, addressed in
Subsection focuses on the qualitative analysis of the
experiments.

A. Quantitative Results of the Model

As already stated, the main objective is to demonstrate the
effectiveness of using machine learning in the development of
an autonomous vehicle. One of the initial concerns was that,
due to the highly irregular environment of the mine, the neural
network would struggle to adapt. However, the work of [6] is
right in asserting that perception is one of the areas where
CNNSs lead and impress.

It is possible to observe in Figure [/| that GoogLeNet was
able to adequately minimize the MSE. In 100 epochs and
approximately 10* iterations, it was able to reduce the error
to a range around 0.02.

The R2 Score data were also collected and can be seen
in Figure [§] It is impressive that the network was able to
achieve satisfactory values for steering and braking. However,
in Figure difficulties in achieving better prediction and
convergence can be observed. For this issue, possible causes
that hindered the network from reaching an ideal learning
curve were investigated. These include: the high sensitivity of
the simulator’s modeling regarding the accelerator pedal, the
unpredictability of driver behavior, and inconsistencies in the
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Fig. 7. Convergence curve of the Mean Squared Error (MSE Loss) obtained
during the network training.

truck’s physics within the simulation environment, including
modeling flaws.

In order to mitigate the limitation related to the accelerator, a
second training cycle of the same model was executed, main-
taining the same network architecture. The resulting model
achieved an average MSE of around 0.0002, with evidence
of specific improvement in the accelerator prediction. The
Table [I] presents a comparison between the target values and
the predicted values for 10 samples from the test set. In this
specific sample, the R2 coefficients were 0.999 for the brake,
0.999 for the steering wheel, and 0.910 for the accelerator,
indicating a strong correlation between predicted and actual
values. However, it is important to note that these values do
not represent the overall performance of the network, as they
were obtained from a limited data subset. Even so, the results
suggest that the second training contributed to reducing the
variance of the predictions and to a more accurate fit to the
reference values.

TABLE 1
COMPARISON BETWEEN TARGET AND PREDICTION FOR 10 SAMPLES.
Target Predicted

Brake Steering Accel. Brake Steering Accel.
0.000 0.026 0.179  0.007 0.033 0.146
0.995 0.036 0.002 1.007 0.036 0.003
0.000 0.000 0.069  -0.012 -0.007 0.082
0.000 0.990 0.050  -0.002 0.993 0.041
0.000 -0.183 0.105 0.000 -0.181 0.105
0.989 -0.003 0.002  0.969 -0.009 0.007
0.000 -0.034 0.068  -0.004 -0.037 0.089
0.000 0.997 0.005  -0.003 0.995 0.030
0.000 -0.563 0.005 0.000 -0.549 0.023
0.000 0.993 0.005 0.000 0.997 0.010

R2 Score: 0.999 0.999 0.910
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B. Qualitative Results of the Experiment

From a qualitative perspective, the model demonstrated
consistent and functional behavior during the autonomous
navigation simulation, as can be publicly seelﬂ After training,
we observed that the system was able to drive the truck
smoothly and coherently along the predefined route, perform-
ing smooth turns, maintaining a stable trajectory, and respond-
ing appropriately to simple variations in the environment.
These observations indicate that the neural network was able
to extract relevant representations from the input images and
translate them into plausible control commands.

Although the prediction of the accelerator was mitigated,
the model still showed difficulty in the gradient descent of
this variable. However, it is possible to assert that the model
was already effective in identifying the visual patterns of the
mine and was able to steer the wheel correctly along the path,
compensating for the inaccuracy of the accelerator. Similarly,
the brake operated at the appropriate moments, which ensured
a certain level of safety throughout the route, even if not
ideally.

V. CONCLUSION

Based on the results obtained, it can be concluded that
the chosen methodology effectively enabled end-to-end au-
tonomous navigation using convolutional neural networks.
The network demonstrated the ability to significantly reduce
the loss function and achieve consistent performance across
training cycles, indicating strong generalization capabilities.
Furthermore, improvements were observed in the prediction of
braking, steering, and particularly the accelerator components,
reinforcing the effectiveness of the approach.

Despite the promising results, it is plausible to consider the
possibility of model overfitting, as the images used to build the
dataset were captured under the same simulation conditions —
that is, without variations in lighting or weather.

'Demonstration of autonomous navigation in the simulator: https:/drive.
google.com/file/d/1pr7HhIWVHIORVYB_AzvZjwgbzrOYr6gCl Accessed on
May 27, 2025.

Also, the system did not operate within an ideal frequency
range due to limitations in the simulator’s frame capture
strategy. This restriction compromised an accurate analysis
of the computational cost during the use of the GoogLeNet
architecture.

Thus, future work includes improving the process of ac-
quiring input frames for the CNN, as well as defining more
complex trajectories within the simulated environment, aiming
to further validate the proposed approach and eventually
enable its application in a real-world scenario. Additionally,
efforts will focus on generating a more robust dataset by
introducing variations in lighting and weather conditions, in
order to reduce the risk of model overfitting.
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