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Abstract. This paper proposes a fully data-driven and complete solution for
predicting steering angles in autonomous driving systems using exclusively
Convolution Neural Networks(CNN’s). An autonomous car needs to make ac-
curate control decisions to be to drive safely on the road and a great deal is de-
pendent on the accuracy of steering angle forecasting. In order to achieve this,
we make use of a large data set consisting of driving actions and demonstrate
that visual input can be interpreted to steering angle prediction directly. The
method as proposed consists of the few different levels of data preparation start-
ing from changing image size and changing color images from RGB to HSV
format, all aiming to increase the effectiveness of feature extraction. With this
preprocessing, the essential road information including lane markings and road
edges are preserved while the computational burden is also minimized. Essen-
tial features required for prediction of the steering angles are extracted using
convolutional layers complemented with activation and pooling layers. A large
validation set is used to evaluate the feasibility of the model developed general-
izability, ensuring robustness in different driving scenarios. The results reveal
the high accuracy of the image in estimating the angle of the wheel, and demon-
strate the effectiveness of CNNs in this application. This approach highlights
the potential of deep learning to advance autonomous driving technologies, de-
livering scalable and robust solutions for real-time operations controls in self-
driving vehicles. The findings pave the way for future developments, such as
the integration of time-data or real-world datasets, to further the real-world ap-
plicability of the model.

Keywords: Autonomous Driving, Steering Angle Prediction, CNN, Image Pre-
processing, Deep-Learning.

1 Introduction

The field of autonomous driving is undergoing rapid transformation, driven by re-
markable advancements in artificial intelligence (AI), machine learning, and sensor
technologies. One of the most pressing challenges in this domain is the accurate pre-
diction of steering angles from camera images, a critical task that underpins the safety
and efficiency of navigation in complex driving environments. This paper addresses
this challenge by implementing a Convolutional Neural Network (CNN) designed to
estimate steering angles from simulated driving scenarios [1].
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By utilizing an innovative end-to-end learning approach, the proposed CNN model
directly maps raw camera images to steering commands without relying on explicit
feature engineering. This not only simplifies the processing pipeline but also enhances
the model’s ability to learn and optimize the entire system simultaneously. The da-
taset employed in this study replicates real-world driving conditions, allowing the
model to generalize effectively across diverse contexts, including roads with and
without lane markings, highways, parking lots, and unpaved areas [2]. The im-
portance of this work lies in its potential to significantly improve the decision-making
capabilities of autonomous driving systems. The model works with minimal human
training intervention, learns freedom to identify and represent roadway requirements,
thereby increasing overall efficiency in an integrated strategy. By simultaneously in
optimizing all features of the system, helps the model to make its prediction based on
accurate steering angle calculations.

This study demonstrates that a well-structured end-to-end learning system can ef-
fectively handle the complexities of autonomous driving. The findings suggest that
the model not only provides robust performance but also offers scalability for real-
world applications, which is essential for advancing the field of autonomous naviga-
tion. By addressing both the technical challenges and practical implications of steer-
ing angle prediction, this paper contributes to the broader goal of achieving safe and
reliable autonomous driving solutions, ultimately enhancing the future of transporta-
tion

2 Literature Survey

The application of deep learning in autonomous driving has garnered significant at-
tention in recent years, marking a transformative shift in how vehicles interpret and
respond to their environments. An outstanding contribution in the autonomous driving
work who pioneered the end-to-end driving model [4]. Their research demonstrated
that a Convolutional Neural Network (CNN) could effectively map raw pixels from a
single front-facing camera directly to steering commands. This groundbreaking ap-
proach simplified the traditional pipeline of feature extraction and control by enabling
the model to learn necessary processing steps independently, thus laying the ground-
work for future research in this area [15].

Building upon Bojarski et al.’s findings [4],Chen et al., conducted a comprehensive
study on various CNN architectures specifically designed for driving scenarios
[16].Their work emphasized the capacity of these architectures to learn intricate pat-
terns from large datasets, highlighting their effectiveness in capturing essential visual
features for driving tasks. This capability is crucial for navigating complex environ-
ments, as it allows the model to adapt to varying conditions encountered on the road
[17].
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Zhang et al., further advanced this area of research by demonstrating the efficacy
of using single RGB images for steering angle prediction [18]. Their experiments
yielded impressive results, both in simulation environments and real-world driving
conditions, showcasing the potential for deep learning models to generalize across
different scenarios. This work underscores the importance of leveraging visual infor-
mation effectively, as it serves as the primary input for autonomous systems [14].

Furthermore, data augmentation techniques have improved the deep learning mod-
els' resilience in driving tasks. The research work by [5] [13] explored various meth-
ods for augmenting training data, which significantly improved model performance in
diverse driving conditions. By artificially expanding the dataset with variations in
lighting, perspective, and environmental factors, these techniques help mitigate over-
fitting and increase the model's ability to generalize to new situations [11] [12].

Recent advancements in transfer learning have also gained traction in the field of
autonomous driving. Researchers have explored how pre-trained models, initially
developed for different tasks, can be adapted to specific driving scenarios. This ap-
proach not only accelerates the training process but also improves the model's ability
to perform well in tasks with limited labeled data [6].

Overall, the literature indicates a promising trajectory for deep learning in autono-
mous driving, with continued focus on optimizing model architectures, refining train-
ing techniques, and enhancing robustness through innovative methodologies [9][10].
This paper builds on these foundational works, aiming to further improve the accura-
cy and reliability of steering angle predictions through optimized data preprocessing
and advanced CNN designs, ultimately contributing to the ongoing evolution of safe
and efficient autonomous driving systems [7] [8].

3 Proposed Methodology

The methodology section delineates the systematic approach employed to develop
and evaluate the CNN-based steering angle prediction model. This includes training
protocols, evaluation metrics, CNN architecture design, dataset preparation, and data
preprocessing.

3.1 Dataset Collection and Preparation

The dataset utilized in this study was sourced from a driving simulator environment,
which provides controlled and diverse driving scenarios essential for training robust
models. The dataset comprises thousands of images captured from a front-facing
camera, each labeled with the corresponding steering angle executed by the simulator.
The steering angles are recorded in degrees and span a range from -180° to 180°,
covering a full spectrum of driving maneuvers.
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To ensure the model’s generalizability, the overall dataset is partitioned into train-
ing and validation sets using an 80-20 split. This separation trains the model to learn
from an appropriate portion of the data while reserving a separate subset for unbiased
performance evaluation.

3.2  Data Preprocessing

Effective data preprocessing is crucial for enhancing the quality of input data and
facilitating efficient feature extraction by the CNN. The preprocessing pipeline in-
volves several key steps:

Color Space Transformation: Each RGB image is converted to the HSV (Hue, Satu-
ration, Value) color space. The HSV representation decouples color information (hue
and saturation) from intensity (value), allowing the model to focus on color-related
features that are more relevant for detecting road conditions and lane markings. In this
study, only the saturation channel is retained, as it provides significant contrast for
lane detection while minimizing the impact of lighting variations [19].

Image Resizing: Images are resized to 100x100 pixels. This dimensionality reduc-
tion serves two primary purposes: reducing computational load during training and
eliminating irrelevant details that may introduce noise. The resized images retain
essential structural information necessary for accurate steering predictions.

Normalization: Pixel values are normalized to a range of [0, 1] to standardize the
input data, facilitating faster convergence during training and improving numerical
stability.

Data Augmentation: Data augmentation is a technique used in deep learning to
increase the size and diversity of a training dataset by applying transformations to
existing data.

The preprocessing steps collectively ensure that the input data is optimized for fea-
ture extraction, thereby enhancing the model's ability to learn meaningful patterns.

3.3  CNN Architecture

The CNN architecture is meticulously crafted to capture and interpret the spatial
hierarchies inherent in driving images. The architecture comprises multiple layers,
each serving a distinct function in feature extraction and transformation: Input Layer:
Accepts preprocessed images with dimensions 100x100x1 (grayscale). Convolutional
Layers: A series of convolutional layers apply filters to detect low-level features such
as edges and textures. These layers progressively extract higher-level features, ena-
bling the network to recognize complex patterns like lane markings and road bounda-
ries. Activation Function (ReLU): After each convolutional operation, the Rectified
Linear Unit (ReLU) activation function introduces non-linearity, allowing the net-
work to model complex relationships between input and output.

Pooling Layers: Max-pooling layers reduce spatial dimensions by following cer-
tain convolutional layers. This lowers computational complexity and improves feature
invariance to spatial transformations. Dropout Layers: Incorporated after some pool-
ing layers, dropout layers randomly deactivate a subset of neurons during training,
mitigating overfitting and promoting the learning of more generalized features. Fully



Predicting Steering Angle in Autonomous Driving Systems 585

Connected Layers: The flattened output from the convolutional blocks is fed into fully
connected layers that integrate the extracted features to predict the steering angle.
These layers facilitate the combination of spatial features into a coherent steering
decision.

Output Layer: A single neuron outputs the predicted steering angle in radians,
providing a continuous value for precise steering control.

The architecture is designed to balance depth and computational efficien-
cy.ensuring robust feature extraction without excessive computational overhead.
3.4  Training Procedure

Training the CNN involves several critical steps to ensure effective learning and
optimal performance: Loss Function: Mean Squared Error (MSE) is employed as the
loss function, appropriate for regression tasks where the objective is to minimize the
difference between predicted and actual steering angles. Optimizer: The Adam opti-
mizer is selected for its adaptive learning rate capabilities, which enhance conver-
gence speed and stability. Adam combines the advantages of both AdaGrad and
RMSProp, making it well-suited for large datasets and complex models.

Batch Size and Epochs: The model is trained with a batch size of 32 and for 20
epochs. These hyperparameters are chosen to balance training time and model per-
formance, ensuring sufficient updates for convergence without overfitting [20].

Validation Strategy: The validation set is used to monitor the model's performance
during training, providing insights into potential overfitting and guiding hyperparame-
ter tuning.

Regularization Techniques: Dropout layers and weight decay are utilized to pre-
vent overfitting, ensuring the model generalizes well to unseen data.

Early Stopping: Implementing early stopping based on validation loss could further
enhance model generalization by halting training when performance plateaus.

4 Results

The model's performance is evaluated using both quantitative and qualitative met-
rics:

Quantitative Evaluation:

0 Mean Squared Error (MSE): Measures the average squared difference between
predicted and actual steering angles, indicating the model's precision.

0 Mean Absolute Error (MAE): Provides an average of absolute differences

Qualitative Evaluation:

o Visual Inspection: Comparing predicted steering angles against ground truth on
sample images to assess the model's ability to follow lane markings and respond to
road conditions.

o Trajectory Simulation: Simulating the vehicle's path based on predicted steering
angles to evaluate the model's practical applicability in maintaining smooth and accu-
rate trajectories.
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These metrics collectively provide a comprehensive assessment of the model's per-
formance, highlighting both numerical accuracy and real-world driving capabilities as
shown in Figure 1.
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Fig. 1. Experimental results.

The experimental evaluation of the proposed CNN model demonstrates its efficacy
in accurately predicting steering angles from preprocessed driving images. The results
are categorized into quantitative metrics, training dynamics, and qualitative assess-
ments.

5 Discussion

The advancements in deep learning, particularly the application of Convolutional
Neural Networks (CNNs) in autonomous driving, have catalyzed significant progress
in the field. This paper’s focus on steering angle prediction from camera images con-



Predicting Steering Angle in Autonomous Driving Systems 587

tributes to the ongoing discourse on how Al can improve vehicle navigation and con-
trol systems.

One of the key discussions surrounding the end-to-end learning approach, as pio-
neered by Bojarski et al. [4], is its ability to simplify the autonomous driving pipeline.
Traditional methods often involve explicit feature extraction and multiple processing
steps, which can complicate system design and hinder performance. In contrast, the
end-to-end approach allows the model to learn directly from raw pixel inputs, opti-
mizing all relevant processing steps simultaneously. This not only enhances the mod-
el’s efficiency but also reduces the potential for error introduced by manual feature
selection.

Furthermore, the ability of CNNs to generalize across various driving scenarios is
crucial for the development of robust autonomous systems. The work by Zhang et al.,
demonstrates that single RGB images can effectively capture the essential information
needed for steering angle predictions, reinforcing the idea that well-designed CNN
architectures can perform well even in the absence of sophisticated sensor data [18].
This poses significant queries regarding the need for more sensors and the degree to
which visual information alone can be adequate for safe driving.

Another significant aspect of this discussion is the importance of data augmenta-
tion in training deep learning models. As highlighted by Shorten and Khoshgoftaar
(2019), augmenting training datasets with various transformations helps improve
model robustness, particularly in the face of diverse and unpredictable real-world
conditions. This reinforces the idea that data quality and diversity are critical factors
in training effective autonomous systems, underscoring the need for comprehensive
and varied datasets.

Additionally, the exploration of transfer learning offers promising avenues for en-
hancing model performance, especially in scenarios where labeled data may be
scarce. By leveraging pre-trained models, researchers can build upon existing
knowledge, accelerating the training process and improving generalization capabili-
ties. This discussion is particularly relevant given the rapidly evolving nature of au-
tonomous driving technology, where the ability to adapt to new challenges quickly is
essential. While the advancements in CNNs and deep learning present exciting oppor-
tunities for autonomous driving, several challenges remain. Issues such as the inter-
pretability of CNNss, their reliance on large datasets, and the ethical implications of Al
decision-making in critical scenarios are important areas for further exploration. As
the field continues to evolve, it will be essential for researchers to address these chal-
lenges and ensure that autonomous systems can operate safely and effectively in a
wide range of environments.

5.1 Quantitative Metrics

The model was trained on a dataset comprising 10,000 images, with 8,000 used for
training and 2,000 reserved for validation. The following performance metrics were
observed:

Training Loss (MSE): Decreased steadily over 20 epochs, indicating effective
learning and convergence.
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Validation Loss (MSE): Followed a similar decreasing trend, with minimal diver-
gence from training loss, suggesting good generalization and absence of overfitting.

Final Validation MSE: Achieved a value of 0.0047, reflecting high precision in
steering angle predictions.

Mean Absolute Error (MAE): Recorded an MAE of 0.054 radians (~3.1 degrees),
indicating that on average, the predicted steering angles were within a tolerable range
of the actual values.

5.2 Training Dynamics

The model's learning process is revealed via the training and validation loss curves:

Convergence Behavior: Both training and validation losses exhibited a consistent
downward trend, converging smoothly without significant fluctuations.

Overfitting Assessment: The close alignment between training and validation losses
suggests that the model effectively learned from the training data without overfitting,
maintaining performance on unseen data.

Learning Rate Adaptation: The Adam optimizer facilitated adaptive learning rates,
enabling rapid convergence during early epochs and stabilization in later stages.

5.3  Qualitative Assessments

Beyond numerical metrics, qualitative evaluations underscore the model's practical
applicability:

Sample Predictions: A selection of test images was analyzed to compare predicted
steering angles against ground truth values. The model consistently produced steering
angles that aligned closely with the actual angles, effectively following lane markings
and adjusting to road curvature.

Trajectory Simulation: Simulating the vehicle's trajectory based on predicted steer-
ing angles revealed smooth and accurate paths, demonstrating the model's capability
to maintain lane adherence and navigate turns effectively.

5.4  Comparative Analysis

Comparing the proposed model with baseline approaches, such as linear regression
and shallow neural networks, highlights the superior performance of the CNN-based
method. The deep architecture's ability to capture complex spatial features translates
into more accurate and reliable steering predictions, underscoring the advantage of
deep learning in autonomous driving applications.

6 Conclusion& Future Work

This study underscores the potential of Convolutional Neural Networks (CNNs) in
enhancing autonomous driving systems through accurate steering angle prediction
based on visual inputs. By employing a comprehensive data preprocessing pipeline
and a robust CNN architecture, the proposed model effectively learns to interpret
driving environments and make precise steering decisions. The model's high perfor-
mance on both quantitative and qualitative evaluations demonstrates its viability for
real-world applications.
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6.1 Key Findings

Effective Feature Extraction: The use of HSV color space transformation and im-
age resizing significantly improved feature extraction, facilitating accurate steering
predictions.

Robust CNN Architecture: The carefully designed CNN architecture, incorporating
convolutional, pooling, and dropout layers, successfully captured essential spatial
hierarchies and prevented overfitting.

High Prediction Accuracy: Achieving a low mean squared error and mean absolute
error indicates the model's precision in steering angle estimation.

Strong generalization, which is necessary for deployment in a variety of driving
circumstances, is suggested by the model's steady performance on validation data.

In conclusion, incorporating deep learning techniques—more especially, CNNs—
offers a viable path forward for the development of autonomous driving technology.
Continued research and development in this domain hold the potential to realize fully
autonomous vehicles capable of navigating complex and dynamic environments with
high precision and reliability.
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