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Audio Based Road Type Classification Using CNNs and AST
Development of Audio Based Road Type Classification Models with Focus on Con-
volutional Neural Networks and The Audio Spectrogram Transformer Model
Faisal Kohestani & Niloofar Mehrzad
Department of Computer Science and Engineering
Chalmers University of Technology

Abstract
This thesis investigates the use of machine learning models for classifying road types
based on vehicle audio recordings. The goal is to evaluate the effectiveness of differ-
ent model architectures, specifically Convolutional Neural Networks (CNNs) and the
transformer-based Audio Spectrogram Transformer model, in distinguishing between
road surface types such as smooth asphalt, rough asphalt and uneven surfaces. Audio
data was pre-processed using feature extraction techniques such as Mel-spectrograms
and Mel-frequency cepstral coefficients (MFCCs). Multiple CNN models were de-
veloped and trained, while a pre-trained Audio Spectrogram Transformer model
was fine-tuned for the task. All models were evaluated using stratified 5-fold cross-
validation with performance measured through metrics such as accuracy, F1-score,
precision, recall, confusion matrices and inference metrics. The results show that the
AST model achieved the highest classification performance, while the CNN models
offered advantages in inference speed and memory usage. Post-training quantization
was applied to all models using Qualcomm’s AI Hub to determine their viability for
deployment on mobile or embedded-systems. The findings highlight the potential
of this audio-based road type classification as a composite sensor for automotive
applications. Limitations related to dataset, feature representation, and recording
conditions are discussed, along with recommendations for future improvements and
deployment strategies.

Keywords: Classification, CNN, AST, Audio, Mel-spectrogram, MFCC, Cross-validation,
Road-type, Quantization.
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

AST Audio Spectrogram Transformer
CNN Convolutional Neural Network
MFCC Mel-Frequency Cepstral Coefficient
ML Machine Learning
NPU Neural Processing Unit
FFT Fast Fourier Transform
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Nomenclature

Below is the nomenclature of parameters that have been used throughout this thesis.

Parameters

sr (Sampling rate) The number of audio samples per second. It defines how
finely audio is digitally represented

n_fft (FFT window size) The size of the Fast Fourier Transform window, deter-
mining frequency resolution.

hop_length The number of audio samples shifted forward between
successive FFT windows.

n_mels The number of Mel frequency bands used to represent
frequencies.

xi



Contents

List of Acronyms ix

Nomenclature xi

List of Figures xiv

List of Tables xv

1 Introduction 1
1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Purpose . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.3 Goals . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.4 Limitations / Demarcations . . . . . . . . . . . . . . . . . . . . . . . 2

2 Technical Background 3
2.1 Composite Sensors . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
2.2 Python Libraries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.2.1 PyTorch and TorchAudio . . . . . . . . . . . . . . . . . . . . . 4
2.2.2 Scikit-learn . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.3 Audio Data Processing and Feature Extraction . . . . . . . . . . . . . 4
2.3.1 Nyquist–Shannon Sampling Theorem . . . . . . . . . . . . . . 5
2.3.2 Short-Time Fourier Transform (STFT) . . . . . . . . . . . . . 5
2.3.3 Mel-spectrograms and MFCCs . . . . . . . . . . . . . . . . . . 5

2.4 Machine Learning Models . . . . . . . . . . . . . . . . . . . . . . . . 5
2.4.1 Neural Networks and Convolutional Neural Networks . . . . . 5
2.4.2 Audio Spectrogram Transformer (AST) . . . . . . . . . . . . . 6

2.5 Qualcomm AI Hub . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.6 Evaluation Metrics and Techniques . . . . . . . . . . . . . . . . . . . 7

2.6.1 Confusion Matrix . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.6.2 Classification Report . . . . . . . . . . . . . . . . . . . . . . . 7
2.6.3 Inference Metrics . . . . . . . . . . . . . . . . . . . . . . . . . 7

3 Methods 8
3.1 Tools, Technologies, and Workflow . . . . . . . . . . . . . . . . . . . . 8
3.2 Dataset and Data Collection . . . . . . . . . . . . . . . . . . . . . . . 9
3.3 Audio Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
3.4 Pre-processing and Feature Extraction for CNN Models . . . . . . . . 10

xii



Contents

3.5 Pre-processing and Feature Extraction for AST Model . . . . . . . . 11
3.6 Design of the Convolutional Neural Network Models . . . . . . . . . . 11

3.6.1 Basic CNN Model . . . . . . . . . . . . . . . . . . . . . . . . . 11
3.6.2 Residual CNN Model . . . . . . . . . . . . . . . . . . . . . . . 12
3.6.3 Pretrained CNN Model . . . . . . . . . . . . . . . . . . . . . . 12

3.7 Implementation of the Audio Spectrogram Transformer Model . . . . 13
3.8 Training and Evaluation Setup . . . . . . . . . . . . . . . . . . . . . . 13

3.8.1 CNN Models . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
3.8.2 AST Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

3.9 Quantization and Inference Using Qualcomm’s AI Hub . . . . . . . . 14

4 Results 16
4.1 Classification Reports (Per-fold Median + Std) . . . . . . . . . . . . 16
4.2 Normalized Confusion Matrices . . . . . . . . . . . . . . . . . . . . . 17
4.3 Inference Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

5 Discussion 20
5.1 Project Purpose and Broader Context . . . . . . . . . . . . . . . . . . 20
5.2 Data Processing and Feature Extraction . . . . . . . . . . . . . . . . 20
5.3 Model Analysis and Comparison . . . . . . . . . . . . . . . . . . . . . 21
5.4 Inference and Deployment Considerations . . . . . . . . . . . . . . . . 22
5.5 Dataset Quality, Improvements, and Limitations . . . . . . . . . . . . 22

6 Conclusion 24
6.1 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

Bibliography 25

xiii



List of Figures

2.1 Simple overview of a hypothetical composite sensor for road type
classification. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

3.1 Overview of the core stages in development of the machine-learning
models. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

3.2 A diagram depicting the overall design of the Basic CNN model. . . . 11
3.3 A diagram depicting the overall design of the Residual CNN model. . 12
3.4 An overview of the AI-development workflow in Qualcomm AI Hub

[26]. Reprinted with permission . . . . . . . . . . . . . . . . . . . . . 14

4.1 Normalized confusion matrices for all models, combining predictions
across all validation folds . . . . . . . . . . . . . . . . . . . . . . . . . 17

4.2 Comparisons of all models (both regular and quantized versions) and
their minimum inference time in ms, and peak memory usage in MB,
running on the Qualcomm SA8225 (proxy) device. . . . . . . . . . . . 18

xiv



List of Tables

3.1 Overview of recording counts and duration for each road type class. . 9
3.2 Mel-spectrogram Parameters . . . . . . . . . . . . . . . . . . . . . . . 10

4.1 Median and standard deviation of classification metrics across five
cross-validation folds for each model . . . . . . . . . . . . . . . . . . . 16

xv



1
Introduction

Modern vehicles increasingly rely on intelligent systems to enhance safety and com-
fort. One important aspect of this development is the ability to detect and classify
road surface conditions, which can inform vehicle behavior and driver assistance
systems. While many solutions rely on visual or physical sensors, this project ex-
plores an alternative approach, using audio signals captured from the vehicle to
classify road types. The following sections present the background, purpose, goals,
and limitations of this study, followed by the technical background, implementation,
evaluation, and results.

1.1 Background
Volvo Cars is a global automotive manufacturer known for its emphasis on safety [1],
innovation, and sustainability. Within Volvo Cars, the Safety Center is dedicated
to advancing vehicle safety through research and development. This department
plays a crucial role in analyzing driving conditions, testing safety measures, and
implementing new technologies to enhance vehicle performance, vehicle safety, and
safe traffic systems [2].

No person should come to harm driving any car. By drawing from a wider range
of information sources this can enhance the car’s ability to detect anomalies and
support Volvo’s commitment to protecting what’s important. By understanding
anomalies in the traffic infrastructure, such as slippery roads, recent incidents, or
poor road maintenance, the car can better anticipate unexpected events. This may
enable important, real-time insights that can inform not only the vehicle but also
the traffic system as a whole.

1.2 Purpose
The purpose of this project is to define a composite sensor and provide a reliable
method for classifying road types based on audio signals. Currently, road classi-
fication primarily relies on visual or sensor-based methods, such as cameras and
accelerometers. However, these traditional approaches can be affected by factors
such as poor lighting, obstructions, or the need for expensive specialized hardware.

Audio-based classification offers an approach that could complement existing
techniques. Different road surfaces produce distinct acoustic signatures due to vari-
ations in texture, material, and condition. By analyzing these sound patterns gener-
ated by vehicle-road interactions, this method could serve as a cost-effective, possibly
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1. Introduction

reliable and complementary solution to enhance road-type detection, particularly in
scenarios where visual or sensor-based data is unreliable or impractical.

1.3 Goals
The main goals of this project are:

• Develop a machine learning model capable of classifying road types based on
vehicle audio recordings. Also, to compare and evaluate different Machine
Learning (ML) techniques, such as Convolutional Neural Networks (CNNs)
and Audio Spectrogram Transformer (AST), to determine their effectiveness
in audio-based road classification.

• Conduct an in-depth examination, assessment, and discussion of existing tool
flows for deploying a pre-trained model on modern Automotive SoC (System
On Chip).

• Compare the performance attainable on Neural Processing Unit (NPU) using
a combination of pre-trained AST and CNN models.

• Define a composite sensor and provide recommendations on how this classifi-
cation model could be used for applications in noise reduction strategies and
vehicle safety.

Through these goals, we aim to deliver a well-tested and validated model that can
serve as a foundation for further advancements in vehicle noise reduction, safety,
and road classification technologies.

1.4 Limitations / Demarcations
To clearly define the scope and ensure a focused approach to achieving the project
goals, several limitations have been established. First, the dataset used for this
project is finalized, meaning no further audio recordings will be available during
the duration of the project. This fixed dataset consists of a limited number of
audio samples, 102 recordings, which leads to challenges such as data imbalance and
constraints in dataset partitioning. Due to the small dataset size, it is only possible
to create a training set and validation set, leaving insufficient data for a dedicated
test set. Consequently, this limitation restricts the robustness of misclassification
data analysis.

Additionally, the project explicitly concentrates on the CNN and AST models,
excluding exploration of alternative machine learning techniques. This focus en-
ables deeper analysis and optimization of selected models. Furthermore, all model
development will strictly utilize Python, with small exceptions for certain audio
analyses that require specialized software. These clearly defined limitations guide
the project’s scope, making it possible to achieve the target goals.
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2
Technical Background

This chapter provides an overview of the key technical concepts and tools used in the
project. The sections cover the primary Python libraries used to implement machine
learning workflows, methodologies for audio data processing and feature extraction,
theoretical foundations and architectures of the applied machine learning models,
and finally, the evaluation metrics and techniques used to measure the models’
performance. Each subsection introduces concepts essential for understanding the
methods and results presented in later chapters.

2.1 Composite Sensors
Composite sensors are software-based sensors that process data collected from at
least one (usually multiple) hardware sensors [3]. As seen in figure 2.1, in this project,
the term composite sensor refers to the audio processing and machine learning model
developed to classify road types based on audio signals generated by interactions
between the vehicle and different road surfaces. Currently, the focus is solely on
audio data, meaning a single hardware sensor is used. However, in the future, data
from additional sensors like accelerometers could also be integrated.

Audio Composite Sensor

audio processing road type classification
<audio>.wav

road type <1..n>

Figure 2.1: Simple overview of a hypothetical composite sensor for road type
classification.
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2. Technical Background

2.2 Python Libraries
Python is a high-level, object-oriented programming language renowned for data
analysis and machine learning development. The subsections below detail the rele-
vant libraries used for this study.

2.2.1 PyTorch and TorchAudio
PyTorch is an open-source deep learning framework widely used for developing and
training deep neural networks. It is known for its flexibility, efficiency, and dynamic
computational graph structure, making it easier to quickly develop and debug models
[6]. PyTorch was chosen for this study due to its user-friendly interface, extensive
documentation, and suitability for developing audio classification models.

TorchAudio is a powerful PyTorch library designed for audio and signal pro-
cessing, offering essential tools for loading, transforming, and analyzing audio data
[7]. It provides efficient I/O operations, signal processing functions, datasets, and
pre-built models, making it ideal for machine learning applications. TorchAudio
supports various audio formats and offers built-in functions for computing audio
features such as Mel spectrograms, Mel-frequency cepstral coefficients (MFCCs),
and other critical time-frequency transformations. Its direct compatibility with Py-
Torch made TorchAudio a natural choice for processing and preparing audio data in
this project’s workflow, which focuses on road-type classification using audio data.

2.2.2 Scikit-learn
Scikit-learn is an open-source machine learning library for Python. It provides effi-
cient and user-friendly implementations of a broad range of algorithms for supervised
and unsupervised learning, as well as tools for model evaluation, hyperparameter
tuning, and data preprocessing [8]. Scikit-learn is particularly valuable for its ease
of integration into machine learning workflows. It offers functions for data splitting,
cross-validation, and computation of evaluation metrics. In this project, scikit-learn
was utilized primarily for stratified data splitting (via StratifiedKFold) and evaluat-
ing model performance through metrics such as classification reports and confusion
matrices. Its straightforward API and extensive documentation made it a natural
choice for supporting model evaluation.

2.3 Audio Data Processing and Feature Extrac-
tion

Digital audio data must be transformed into suitable numerical representations be-
fore use in machine learning models. This section outlines fundamental audio signal
processing concepts and techniques for extracting meaningful features from raw
waveforms. These include sampling principles, time-frequency transformations, and
feature representations commonly used in audio classification tasks. The follow-
ing sections provide background on essential concepts such as the Nyquist–Shannon
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2. Technical Background

sampling theorem, short-time Fourier transform (STFT), Mel-spectrograms, and
Mel-frequency cepstral coefficients (MFCCs).

2.3.1 Nyquist–Shannon Sampling Theorem
The Nyquist theorem, or sampling theorem, states that an analog signal must be
sampled at least twice as fast as its highest frequency. This is necessary to ac-
curately capture and reproduce the original signal without losing information [9].
This principle is crucial for digital audio systems to prevent aliasing. Ensuring
accurate sampling rates is important for effectively analyzing audio features using
techniques like Mel-spectrograms, making this theorem essential when resampling
audio recordings.

2.3.2 Short-Time Fourier Transform (STFT)
Audio signals can be analyzed using the Short-Time Fourier Transform (STFT),
which reveals how a signal’s frequency content evolves over time. It divides the audio
signal into smaller windows, then applies the Fourier Transform to each window.
While commonly used, STFT’s fixed window size can limit its ability to capture
rapid signal changes [10]. In this project, STFT is indirectly applied through the
Mel-spectrogram transform function in TorchAudio, affecting spectrogram resolution
and size by adjusting parameters such as sampling rate, n_mels, n_fft, and hop
length. This process helps extract frequency patterns associated with different road
types, though limitations in capturing rapid frequency changes remain.

2.3.3 Mel-spectrograms and MFCCs
Spectrograms illustrate frequency changes over time by segmenting audio and apply-
ing Fast Fourier Transform (FFT) [13]. Mel-spectrograms use the Mel scale to align
frequency bins with human auditory perception, emphasizing lower frequencies [13].
This makes them useful for audio classification by capturing relevant sound features.
Mel-frequency cepstral coefficients (MFCCs) offer a more compact representation,
emphasizing the broader spectral shape rather than detailed band variations [17, 16].

2.4 Machine Learning Models
This project focuses on two primary architectures: CNNs and transformer-based
models, notably the AST model. CNNs effectively handle spatial or temporal pat-
terns, while transformer models adapted for audio tasks offer improved capabilities
for complex audio patterns.

2.4.1 Neural Networks and Convolutional Neural Networks
Artificial neural networks are a method inspired by the structure and function of
human neurons to train machines [18]. They consist of many nodes, often called
artificial neurons, that are connected to each other. Similar to the human brain,
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2. Technical Background

during training, connections between nodes (called synapses) are adjusted. When a
neural network produces a good result, the connections responsible for that output
are strengthened, making the network better at similar tasks in the future. A
neural network (NN) model consists of at least three types of layers: an input
layer, one or more hidden layers, and an output layer. In classification tasks, the
number of neurons in the output layer typically matches the number of classes. In a
neural network, each neuron processes the input it receives by applying mathematical
functions, then forwards the output to the neurons in the next layer. Through
the training process, the network fine-tunes the strength of the connections, which
are known as weights between neurons. By continuously updating these weights,
neural networks can recognize complex patterns within large datasets. These aspects
form the foundation of deep learning, which enables the development of powerful
architectures such as Convolutional Neural Networks (CNNs) [19].

CNNs are a type of deep learning architecture specifically designed to process
image-based data. They are trained using convolutional layers and kernel filters for
optimization. These layers extract features such as sharpness, edges, and complex
patterns from the data to further process and compute the necessary operations for
the final predictions [27]. With convolutional, pooling, and fully connected layers,
CNNs are effective at image recognition, object detection, and even audio analysis
based on spectrograms. With the help of a Mel-spectrogram, the CNN is able to
detect patterns across time intervals and frequency components in the audio [13].

2.4.2 Audio Spectrogram Transformer (AST)

The AST model is a transformer-based deep learning model specifically designed for
analyzing and classifying audio signals. Instead of working directly with raw audio,
the AST model internally divides the raw waveform into chunks and then converts
them into Mel-spectrograms, similar to how the Vision Transformer (ViT) handles
visual data [24]. The AST model has proven highly effective for recognizing complex
audio patterns, such as speech and environmental sounds, making it suitable for this
project [24].

2.5 Qualcomm AI Hub

Qualcomm AI Hub is a cloud-based platform designed to simplify the deployment
of machine learning models on Qualcomm devices, such as automotive hardware. It
provides tools for compiling, optimizing, running inference, and reducing model size
through quantization [14, 15].

In this project, Qualcomm AI Hub was used to gather inference metrics, compile
models, quantize them, and run them on specific Qualcomm automotive embedded
hardware to examine the viability of model deployment in such systems.
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2. Technical Background

2.6 Evaluation Metrics and Techniques
To evaluate model performance, several methods were applied. Confusion matrices
and classification reports were used to measure the models’ classification perfor-
mance across all classes, while inference metrics such as minimum inference time
and peak memory usage were analyzed to examine the potential deployment viabil-
ity of the models.

2.6.1 Confusion Matrix
A confusion matrix is commonly used for evaluating the performance of classification
models. It summarizes prediction results by displaying the counts of true positives,
true negatives, false positives, and false negatives in a matrix format. By analyzing
the confusion matrix, it becomes possible to identify which classes the model tends
to confuse, offering insights beyond a simple accuracy score. In multi-class problems,
confusion matrices expand to compare multiple classes simultaneously, making them
especially useful for classification tasks such as the one in this project.

2.6.2 Classification Report
A classification report provides a detailed breakdown of a classification model’s
performance using key metrics: precision, recall, F1-score, and accuracy for
each class.

• Precision measures the proportion of correctly predicted positive observations
relative to the total predicted positives.

• Recall measures the proportion of correctly predicted positives relative to all
actual positives.

• F1-score is the harmonic mean of precision and recall.
• Accuracy measures the overall proportion of correct predictions.
The classification report allows a more nuanced evaluation, especially when the

class distributions are imbalanced, as it highlights model strengths and weaknesses
for each class individually.

2.6.3 Inference Metrics
Inference metrics such as minimum inference time and peak memory usage are im-
portant when considering deploying a model in embedded systems. These metrics
determine whether a model is suitable or even functional on resource-constrained
systems. The first metric, minimum inference time, refers to the minimum duration
required for the model or application to process input and produce its output [25].
In the context of this study, it refers to the time needed for the model to classify a
one-second segment of road noise into one of three classes. The peak memory usage
is represented as a range (A - B MB), indicating the maximum runtime memory
footprint observed during inference [25].

By measuring these two metrics, one can determine if the model in question is
suitable for deployment in mobile or embedded systems.
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3
Methods

This study employed a computational experimental approach to develop and eval-
uate three CNN models, comparing them to each other and the transformer-based
AST model for audio classification. The methods were designed to systematically
pre-process audio data, extract relevant features in the form of mel-spectrograms,
and then train deep learning architectures capable of identifying patterns in the au-
dio signals. The following sections describe the procedures used for data collection,
pre-processing, model design, training, and evaluation.

Data Acquisition Data Cleaning

Exploratory
Data Analysis

Data Preprocessing

Model Training
Model Performance

Evaluation

Model Deployment

Figure 3.1: Overview of the core stages in development of the machine-learning
models.

3.1 Tools, Technologies, and Workflow
Various tools and technologies were employed in this project, along with an agile
workflow. Below is a summarized list and description of these:

• Git and GitHub: Git was used for version control, with a central repository
hosted on GitHub, enabling team members to collaborate, edit, and review
code effectively.

8



3. Methods

• Audacity: An open-source software for audio analysis, particularly useful for
examining raw waveforms, listening to files, and performing frequency analyses
on recordings.

• Python and PyTorch: Python served as the programming language, and
PyTorch was chosen as the deep learning framework due to its powerful tools,
including TorchAudio, which were essential for audio-specific processing tasks
in this project.

• Qualcomm AI Hub: A cloud-based platform built on the Qualcomm AI
Stack used to evaluate models’ inference performance on embedded automotive
systems.

• Agile workflow: Weekly meetings were held with Volvo and Chalmers su-
pervisors to address technical questions, discuss progress, and set new sprint
goals.

3.2 Dataset and Data Collection
The audio datasets were originally collected by the NVH team from Volvo Cars
during road tests in Hällered, a dedicated Volvo testing area featuring various road
surfaces. Although initially recorded for other research purposes, the data proved
suitable for this project. Audio was recorded at a sampling rate of 48,000 Hz using
the Volvo XC40 EV in three different ways:

• Wheel-mic: A microphone placed near the wheel, capturing high-quality
road noise.

• Engine-mic: A microphone placed near the engine. Although this recording
contained engine noise, it remained usable after pre-processing due to the
electric car’s quiet engine.

• In-cabin-mics: Four single-channel microphones inside the car capturing in-
terior noise. These recordings were available only for certain road types but
were used due to their clarity and absence of extraneous noise.

Recordings included six road types: rough asphalt, smooth asphalt, cobblestone,
Vienna pavement, Belgian pavement, and pipes. As summarized in Table 3.1, the
dataset was small and imbalanced, comprising 102 total recordings. Rough asphalt
accounted for 69.6%, smooth asphalt for 21.6%, and other road types for 8.8%. Due
to this imbalance, the classes were grouped as follows:

Class # of files Total length (s) Avg. length (s)
Smooth asphalt 22 85 7.9
Rough asphalt 71 558 3.9

Others 9 48 5.3

Table 3.1: Overview of recording counts and duration for each road type class.

• Rough asphalt: Includes recordings on rough asphalt using all recording
methods.

• Smooth asphalt: Includes recordings on smooth asphalt using all methods
except in-cabin-mics.

9



3. Methods

• Others: Combines recordings of less common road types with similar sound
profiles (cobblestone, Vienna pavement, Belgian pavement, pipes), excluding
engine-mic recordings.

Due to limited data, only training (80%) and validation (20%) sets were created,
without a separate test set.

3.3 Audio Analysis

Audio recordings were analyzed using Audacity, enabling inspection of waveforms
and frequency analysis. It revealed high-energy frequencies predominantly ranged
between 20–1400 Hz, influencing the decision to resample audio from 48 kHz to
3 kHz during CNN model pre-processing. This resampling reduced computational
costs and aligned with the Nyquist–Shannon sampling theorem.

3.4 Pre-processing and Feature Extraction for CNN
Models

CNN models typically require pre-processing and feature extraction using mel-
spectrograms. The steps used were:

1. Load audio files using PyTorch.
2. Convert multi-channel audio to mono.
3. Resample audio from 48 kHz to 3 kHz.
4. Segment waveforms into 1-second chunks.
5. Optionally augment training set segments.
6. Transform waveforms into mel-spectrograms using TorchAudio’s Mel-spectrogram

function.
Augmentation factors varied by class: smooth asphalt (3x), rough asphalt

(no augmentation due to it being the majority class by far), and others (7x). Aug-
mentation methods included adding Gaussian noise (factor: 0.005), time stretching
(rate: 0.8–1.2), pitch shifting (±3 semitones), and gain adjustments (±6 dB).

Mel-spectrogram parameters are detailed in Table 3.2, producing images of size
64×30:

Table 3.2: Mel-spectrogram Parameters

Parameter Value
Sample rate 3,000 Hz
n_fft 512
Hop length 100
n_mels 64

10



3. Methods

3.5 Pre-processing and Feature Extraction for AST
Model

The AST required minimal pre-processing due to its pretrained architecture. Audio
was resampled from 48 kHz to 16 kHz, and the same augmentation options as for
CNNs were applied.

3.6 Design of the Convolutional Neural Network
Models

For this project, CNN architectures were chosen due to their proven effectiveness
in capturing local patterns in spectrogram representations of audio signals. Three
different CNN models were developed for the audio classification task: a basic cus-
tom CNN model, a custom residual neural network, and a pretrained CNN model
(ResNet18). This section details the design of each CNN model.

3.6.1 Basic CNN Model

Input
Spectrogram

nn.Conv2d
in channels=1

out channels=32
kernel size=3
padding=1

nn.BatchNorm2d
num features=32

nn.ReLU

nn.MaxPool2d
kernel size=2

stride=2

nn.Conv2d
in channels=32
out channels=64
kernel size=3
padding=1

nn.BatchNorm2d
num features=64

nn.ReLU

nn.MaxPool2d
kernel size=2

stride=1

nn.Conv2d
in channels=64

out channels=128
kernel size=3
padding=1

nn.BatchNorm2d
num features=128

nn.ReLU

nn.MaxPool2d
kernel size=2

stride=2
(or 1)

nn.AdaptiveAvgPool2d
output size=(4,3)

Flatten

nn.Linear
in features=1536
out features=128

nn.ReLU

nn.Dropout
p=0.5

nn.Linear
in features=128
out features=3

nn.CrossEntropyLoss

Figure 3.2: A diagram depicting the overall design of the Basic CNN model.

This simple CNN was designed specifically for the road type classification task.
The network, as seen in figure 3.2, comprised three convolutional blocks, each in-
cluding a 2D convolutional layer (kernel size 3x3, padding 1), followed by batch
normalization and ReLU activation. Max pooling was applied after each block to
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reduce spatial dimensions, using an asymmetric kernel (2x1) in the second pool-
ing layer to preserve frequency information. The third pooling layer dynamically
adjusted its kernel size (2x2 or 2x1) based on the input size.

An adaptive average pooling layer compressed the feature map to a fixed output
size (4x3) regardless of input dimensions. This was followed by a fully connected
layer with 128 units and ReLU activation, a dropout layer with a rate of 0.5 to
mitigate overfitting, and a final linear output layer.

3.6.2 Residual CNN Model

Input
Spectrogram

nn.Conv2d
in channels=1

out channels=32
kernel size=3
padding=1

nn.BatchNorm2d
num features=32

nn.ReLU

nn.MaxPool2d
kernel size=(2,2)

ResidualBlock

nn.Conv2d(32→64,3×3,stride=1,pad=1)
nn.BatchNorm2d(64)

nn.ReLU
nn.Conv2d(64→64,3×3,stride=1,pad=1)

nn.BatchNorm2d(64)
skip: nn.Conv2d(32→64,1×1,stride=1,bias=False),

nn.BatchNorm2d(64)
nn.ReLU

nn.MaxPool2d
kernel size=(2,1)

ResidualBlock

nn.Conv2d(64→128,3×3,stride=1,pad=1)
nn.BatchNorm2d(128)

nn.ReLU
nn.Conv2d(128→128,3×3,stride=1,pad=1)

nn.BatchNorm2d(128)
skip: nn.Conv2d(64→128,1×1,stride=1),

nn.BatchNorm2d(128)
nn.ReLU

nn.MaxPool2d
kernel size=(2,2) or (2,1)

nn.AdaptiveAvgPool2d
output size=(4,3)

Flatten

nn.Linear
in features=128*4*3
out features=128

nn.ReLU

nn.Dropout
p=0.5

nn.Linear
in features=128
out features=3

nn.CrossEntropyLoss

Figure 3.3: A diagram depicting the overall design of the Residual CNN model.

The residual CNN model, as seen in figure 3.3, incorporated residual connections
to enhance feature learning and improve gradient flow. The model began with an
initial convolutional layer (kernel size 3x3, 32 filters, padding 1), followed by batch
normalization, ReLU activation, and max pooling. Two residual blocks followed,
each containing two convolutional layers (3x3 kernel size, with batch normalization)
and a skip connection. A 1x1 convolution was included in the skip connection when
input and output dimensions differed.

Max pooling was applied after each residual block, with the final pooling layer
dynamically selecting between a (2x2) or (2x1) kernel based on input spectrogram
size. An adaptive average pooling layer standardized output dimensions to (4x3).
The resulting feature maps were flattened and passed through a fully connected
layer with 128 units, followed by a dropout layer with a rate of 0.5 and a final linear
classification layer.

3.6.3 Pretrained CNN Model
To explore transfer learning benefits, a model based on the pretrained ResNet18
architecture was utilized. The original model, trained on ImageNet, was adapted by
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modifying the first convolutional layer to accept single-channel input for compati-
bility with grayscale spectrograms. The final fully connected layer was replaced to
match the number of output classes.

Input spectrograms were resized to 224x224 pixels using bilinear interpolation,
meeting ResNet’s input dimension requirements. The pretrained ResNet architec-
ture otherwise remained unchanged as a feature extractor.

3.7 Implementation of the Audio Spectrogram Trans-
former Model

To benchmark performance against convolutional architectures, Volvo Cars provided
an Audio Spectrogram Transformer (AST) model. The AST is a transformer-based
architecture pre-trained on the AudioSet dataset and fine-tuned for environmen-
tal sound classification. The pre-trained model "MIT/ast-finetuned-audioset-10-10-
0.4593" was adapted specifically for the three-class classification task: smooth as-
phalt, rough asphalt, and others.

3.8 Training and Evaluation Setup

After model development, both CNN and AST models were trained and evaluated
under standardized procedures to ensure fair comparisons. Conditions included
cross-validation, data augmentation, and consistent evaluation metrics. Specific
configurations and strategies used for CNN and AST models are detailed below.

3.8.1 CNN Models

Models were trained using supervised learning with stratified five-fold cross-validation,
ensuring robust and generalizable outcomes given the limited and imbalanced dataset.
The dataset was split into 80% training and 20% validation sets, stratified to preserve
class distribution, with splits performed at the file level to prevent data leakage.

Spectrogram normalization was performed using the training set mean and stan-
dard deviation for each fold. Data augmentation was applied exclusively to the
training set. Training lasted 10 epochs using the Adam optimizer with a learn-
ing rate of 0.001 and weight decay of 0.0001 to minimize overfitting. A step-based
learning rate scheduler (StepLR) reduced the learning rate by half every 5 epochs.
Training was executed in mini-batches of size 8, employing cross-entropy loss as the
loss function. Each epoch tracked training accuracy, training loss, validation accu-
racy, and validation loss. Model performance was evaluated via confusion matrices
and classification reports.

All models were implemented in PyTorch and trained on an Intel Core i7-10610U
CPU @ 1.80GHz × 8, with checkpoints saved after each fold.
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3.8.2 AST Model
Minimal changes were made to the provided AST code, specifically adding stratified
cross-validation and training set augmentation, matching CNN methodologies. The
dataset was encapsulated in a custom RoadNoiseDataset object, compatible with
Hugging Face’s Trainer API.

The AST model was fine-tuned for 5 epochs using the Hugging Face Trainer
API. Training parameters included a batch size of 4, a learning rate of 2 × 10−5,
weight decay of 0.01, and a linear scheduler with 50 warmup steps. Evaluation and
checkpoint saving occurred at each epoch’s end, with the best model determined by
validation accuracy. The highest-performing model across folds, along with label
mapping for inference, was saved.

Model performance was evaluated for each fold using classification reports (pre-
cision, recall, F1-score, accuracy) and confusion matrices.

3.9 Quantization and Inference Using Qualcomm’s
AI Hub

To optimize inference time and memory efficiency, post-training quantization was
performed via Qualcomm’s AI Hub API, following the general workflow as seen in
3.4.

Figure 3.4: An overview of the AI-development workflow in Qualcomm AI Hub
[26]. Reprinted with permission

Each model was initially traced using TorchScript with dummy input tensors
matching expected input shapes (CNN models) or full audio file shapes (AST
model). These traced models were compiled into ONNX format via Qualcomm
AI Hub, targeting the SA8255 proxy hardware platform. Calibration data from a
representative dataset subset facilitated accurate quantization.
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Quantization applied INT8 precision to both weights and activations, auto-
matically handled by Qualcomm AI Hub’s pipeline using the provided calibration
data.

Qualcomm AI Hub API executed inference jobs on single audio files using the
SA8255 Qualcomm device, collecting inference metrics such as minimum inference
time and peak memory usage. Metrics were compared between quantized and non-
quantized model versions.
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4
Results

This section presents the outcomes of the experiments conducted with the CNN
models and the AST model. The results focus on the models’ learning behavior
during training, their classification performance across folds, confusion matrices for
visualizing classification performance, and inference-related metrics.

4.1 Classification Reports (Per-fold Median + Std)
This subsection summarizes the classification performance across all cross-validation
folds. For each model, the median and standard deviation of key metrics—precision,
recall, F1-score, and accuracy are reported to provide an overview of performance
consistency across different data splits.

Table 4.1: Median and standard deviation of classification metrics across five cross-
validation folds for each model

Model Metric Precision Recall F1-score Support

Basic CNN

others 1.00 ± 0.20 1.00 ± 0.24 0.77 ± 0.16 11.0 ± 5.0
rough_asphalt 0.97 ± 0.05 0.89 ± 0.07 0.93 ± 0.03 129.0 ± 9.5
smooth_asphalt 0.68 ± 0.26 0.79 ± 0.23 0.75 ± 0.18 20.0 ± 7.4
Accuracy 0.89 ± 0.05 160.0 ± 7.4

Residual CNN

others 1.00 ± 0.13 0.92 ± 0.26 0.83 ± 0.17 11.0 ± 5.0
rough_asphalt 0.95 ± 0.06 0.94 ± 0.08 0.94 ± 0.04 129.0 ± 9.5
smooth_asphalt 0.79 ± 0.29 0.74 ± 0.29 0.68 ± 0.26 20.0 ± 7.4
Accuracy 0.90 ± 0.06 160.0 ± 7.4

Pretrained CNN

others 0.92 ± 0.27 0.91 ± 0.34 0.67 ± 0.26 11.0 ± 5.0
rough_asphalt 0.96 ± 0.083 0.93 ± 0.09 0.86 ± 0.04 129.0 ± 9.5
smooth_asphalt 0.53 ± 0.18 0.73 ± 0.29 0.38 ± 0.21 20.0 ± 7.4
Accuracy 0.81 ± 0.06 160.0 ± 7.4

AST

others 1.00 ± 0.00 1.00 ± 0.22 1.00 ± 0.15 2.0 ± 0.55
rough_asphalt 1.00 ± 0.08 0.93 ± 0.06 0.96 ± 0.05 14.0 ± 0.45
smooth_asphalt 0.80 ± 0.14 1.00 ± 0.22 0.89 ± 0.13 4.0 ± 0.45
Accuracy 0.95 ± 0.06 20.0 ± 0.55

As shown in Table 4.1, the AST model achieved the highest median F1-score and
accuracy among all models. Among the CNN architectures, the Basic CNN and
Residual CNN models obtained similar results across all classes. The Pretrained
CNN performed the worst among the CNN models, with lower F1-scores for both
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smooth asphalt and others, as well as lower overall accuracy. All models showed
moderate to high variability in the minority classes smooth asphalt and others,
while exhibiting low levels of variability across folds for the majority class rough
asphalt.

4.2 Normalized Confusion Matrices
This subsection presents the normalized confusion matrices for each model, combin-
ing predictions across all validation folds. These matrices offer an overview of how
well each model distinguished between target classes.

(a) Basic CNN model (b) Residual CNN model

(c) Pretrained CNN model (d) AST model

Figure 4.1: Normalized confusion matrices for all models, combining predictions
across all validation folds

In the Basic CNN matrix in Figure 4.1a, many samples were correctly classified,
although a moderate amount of confusion occurred between rough asphalt and
smooth asphalt, as well as between rough asphalt and others—approximately
20% in both cases.

The Residual CNN matrix in Figure 4.1b shows similar results to the Basic
CNN matrix for rough asphalt, but more confusion between rough asphalt and
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smooth asphalt, as well as between rough asphalt and others, at 28% in both
cases.

The Pretrained CNN model demonstrates slightly weaker results for the rough
asphalt class, slightly better class separation for the others class, but the most
confusion, among all figures in 4.1, for the smooth asphalt class. It misclassified
smooth asphalt samples as rough asphalt 46% of the time.

4.3 Inference Metrics
This subsection reports the inference-related metrics when running the models on
the Qualcomm SA8225 (proxy) device. The metrics include peak memory usage and
expected minimum inference time. These results provide insight into the practical
deployment aspects of the models beyond their predictive performance.

(a) Minimum inference time for all
models

(b) Minimum inference time for all
models, excluding the AST model

(c) Peak memory usage for all models (d) Peak memory usage for all mod-
els, excluding the AST model

Figure 4.2: Comparisons of all models (both regular and quantized versions) and
their minimum inference time in ms, and peak memory usage in MB, running on
the Qualcomm SA8225 (proxy) device.

To highlight differences clearly, two versions of each bar chart were produced: one
including all models (Basic CNN, Residual CNN, Pretrained CNN, and AST), and
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one excluding the AST model to better visualize the differences among the CNN
architectures.

Figures 4.2a and 4.2b display the minimum inference time across models, while
Figures 4.2c and 4.2d in Figure 4.2 present the peak memory usage. When includ-
ing the AST model, its inference time and memory usage are significantly higher
compared to the CNN models, overshadowing their differences. In the charts exclud-
ing the AST model, it can be seen that the Basic CNN model achieves the lowest
minimum inference time and estimated peak memory usage. The Residual CNN
shows nearly identical results, with only slightly higher peak memory usage in its
quantized version. The Pretrained CNN model has the highest resource demands
among the CNN models, while the AST model has the highest resource demands,
by a large margin, compared to all of the other models.
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Discussion

This section discusses and interprets the results presented in the previous chapter.
The analysis focuses on model performance, data quality, feature representation,
and the practical implications of deploying the models in a mobile environment.
Additionally, the limitations of the models and dataset are examined, and recom-
mendations for future work are proposed.

5.1 Project Purpose and Broader Context
The primary goal of this study was to explore and develop machine learning models,
specifically CNNs and the AST model, for road type classification. The purpose was
to potentially improve noise reduction strategies in vehicles as well as enhance road
awareness and safety.

From a practical perspective, using sound as a sensor is reasonable since it is low-
cost, non-intrusive, and simple to implement in real-time systems, including real-
time data collection. Compared to vision-based sensors or systems, audio sensors
are less affected by visual obstructions such as poor lighting or dirt. However,
audio sensors have their own challenges, including sensitivity to background noise,
variation between vehicle types, and the need for robust signal processing.

Overall, this project contributes to the ongoing development of intelligent sensing
systems by demonstrating how audio signals can be processed and classified using
modern machine learning techniques. The findings and insights gained here can
serve as a foundation for future work aiming to implement real-time, audio-based
road type classification systems in real-world vehicles.

5.2 Data Processing and Feature Extraction
This section discusses how audio data was processed for training and evaluating the
models, as well as the relative effectiveness of different feature representations, such
as Mel-spectrograms and MFCCs.

The audio data pre-processing procedures differed between the two model archi-
tectures: AST and CNN. The AST model required minimal pre-processing due to its
built-in data processing capability, enabling it to internally segment audio files into
chunks and convert them to Mel-spectrograms before training [24]. The necessary
pre-processing steps were converting audio into mono-sound and resampling it from
48 kHz to 16 kHz.
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The CNN models required additional pre-processing steps, as they lacked internal
audio processing capabilities. The pre-processing pipeline involved converting audio
to mono, resampling from 48 kHz to 3 kHz, segmenting audio into 1-second chunks,
and transforming them into Mel-spectrograms. The 3 kHz resampling rate was
chosen based on the frequency range (20–1400 Hz) of the relevant audio signals,
adhering to Nyquist’s theorem [36]. The 1-second segment length was selected based
on practical considerations for real-time applications and dataset size limitations.

Mel-spectrograms were chosen as the primary feature representation because of
their established effectiveness in audio classification tasks, particularly for CNN
models [30]. Mel-spectrograms capture both temporal and spectral patterns, making
them suitable for CNN-based classification tasks.

Experiments with MFCC feature representations were also conducted to assess
their performance. Although MFCCs require less computation and produce more
compact representations [31], they lose significant 2D structural information that
could negatively affect classification performance, especially when distinguishing
classes with similar audio profiles. The MFCC-based model demonstrated poorer
performance, particularly in distinguishing between rough and smooth asphalt, val-
idating the decision to prioritize Mel-spectrograms.

5.3 Model Analysis and Comparison
This section compares the performance and behavior of the developed models, con-
sidering metrics such as overall accuracy, per-class metrics, and performance stability
across cross-validation folds.

Given the dataset imbalance, overall accuracy alone was not sufficient for model
comparison. Instead, both overall accuracy and per-class metrics such as F1-score
were used. Table 4.1 shows that the AST model outperformed the CNN models in
almost every metric, supported by confusion matrix 4.1d in figure 4.1. The AST
model’s superior performance was expected due to its transformer-based architec-
ture specifically optimized for audio tasks. However, its complexity and resource
intensity present practical challenges for deployment in mobile environments, an
issue discussed further in the following subsection.

Among the CNN models, the Basic CNN and Residual CNN performed similarly,
while the pretrained ResNet18 model performed notably worse. The Basic and
Residual CNN models showed comparable accuracy and stability, likely due to their
architectural similarities. A notable limitation in the Residual CNN model was that
its depth was not fully exploited to enhance feature extraction capabilities. Future
work could improve this by designing deeper, more balanced residual architectures
to leverage their advantages fully without compromising mobile compatibility.

In detailed confusion matrix analyses (figure 4.1), the Basic CNN slightly out-
performed the Residual CNN, particularly in distinguishing smooth asphalt from
rough asphalt. Conversely, the pretrained ResNet18 model showed significant per-
formance degradation, especially for smooth asphalt classification, likely due to its
generic image classification design and the resizing-induced loss of detail from spec-
trogram images.

All models consistently performed best on the rough asphalt class, likely due to
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data abundance and the limitations of the cross-entropy loss function used, which
can be biased toward majority classes [33]. Future implementations could benefit
from alternative loss functions like focal loss [34], which specifically addresses class
imbalance by emphasizing hard-to-classify samples.

5.4 Inference and Deployment Considerations
This section evaluates the practical deployment aspects of the models, focusing on
inference speed, memory usage, and suitability for mobile or embedded environ-
ments.

As shown in figure 4.2, the Basic CNN model exhibited the lowest minimum
inference time and peak memory usage on the Qualcomm SA8225 (proxy) device,
both in its regular and quantized forms. The Residual CNN model demonstrated
similar performance, with only a slight increase of 1 MB in peak memory usage for
its quantized version.

Among the CNN models, the Pretrained ResNet18 model required significantly
more resources, approximately double compared to the other CNN models, due to
its larger and more complex architecture.

The AST model was the most resource-intensive of all, in both regular and quan-
tized versions. As observed in figure 4.2, its minimum inference time (387 ms) and
peak memory usage (258 MB) greatly exceeded those of the CNN models. Even
the quantized version had relatively high resource demands, with a minimum infer-
ence time of 120 ms and peak memory usage of 114 MB. The substantial resource
requirement was expected, given its larger, transformer-based architecture and the
lack of aggressive down-sampling beyond the initial 16 kHz resampling during pre-
processing.

Given these considerations, the AST model is unsuitable for mobile or embedded
systems due to its high computational demands. Conversely, the CNN models,
particularly the Basic CNN model, are more appropriate for these environments due
to their lower resource requirements. Future work could involve further optimization
and improvement of CNN models, especially with additional high-quality audio data.

5.5 Dataset Quality, Improvements, and Limita-
tions

This section examines challenges and limitations associated with the dataset, in-
cluding class imbalance and recording setups, as well as their impact on model
performance.

The dataset used in this study had two significant issues: a small overall size and
notable class imbalances. Out of the 102 audio files, 71 were rough asphalt, 22 were
smooth asphalt, and only 9 belonged to the others class. Additionally, there was
an imbalance in audio file lengths, with an average length of approximately 8 seconds
for rough asphalt, 4 seconds for smooth asphalt, and 5 seconds for others. These
imbalances resulted in difficulties in developing models that performed consistently
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well across all classes, reflected in higher variability in classification metrics for
minority classes, as seen in table 4.1 and figure 4.1.

The small dataset size also increased the risk of overfitting. To counteract this,
data augmentation methods such as pitch shifting, time stretching, gain augmenta-
tion, and adding Gaussian noise were applied, primarily targeting minority classes.
However, excessive augmentation risked introducing unrealistic data, potentially
worsening model performance and overfitting, as highlighted by prior studies [35].

Due to these dataset limitations, a stratified five-fold cross-validation approach
was employed instead of a simple test-train split. This method provided more ro-
bust and insightful results by ensuring balanced class distributions and enabling the
observation of performance variability across different data splits.
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6
Conclusion

This project set out to explore the use of machine learning techniques, specifically
CNNs and the transformer-based AST model, for classifying road types using vehicle
audio recordings. Through a series of experiments, models were developed, trained,
and evaluated using stratified 5-fold cross-validation to ensure more robust perfor-
mance estimation. Feature extraction techniques, such as Mel-spectrograms and
MFCCs, were applied to transform raw audio data into structured inputs suitable
for model training.

Results showed that all models achieved moderate performance, with the AST
model outperforming the CNN architectures in both classification accuracy and con-
sistency. However, these results were not entirely reliable due to limitations in the
available dataset, which provided limited training data and a small validation set.
Aside from classification performance, the CNN models offered advantages in terms
of inference speed and memory usage, making them more suitable for real-time
deployment on embedded or mobile systems. The quantization of models further
supported the feasibility of deploying such systems in embedded environments, in-
cluding Qualcomm-based devices used in vehicles.

In addition to technical performance, the project highlighted the importance of
high-quality and extensive datasets, appropriate data augmentation, and effective
feature representations. It also raised broader considerations about real-world de-
ployment, such as recording conditions and inference efficiency.

Overall, this project demonstrates the potential of audio-based road type classi-
fication and contributes both practical results and methodological insights. With
continued improvements in data collection, feature engineering, and model opti-
mization, such systems could play an important role in enhancing vehicle awareness,
comfort, and safety in the future.

6.1 Future Work
While this project demonstrated the viability of machine learning models for audio-
based road type classification, several opportunities exist for further improvement.

A critical future direction is dataset enhancement. The dataset could benefit
from increased volume, improved class balance, and extended audio durations. A
comparative example is the dataset used in a research paper by another automo-
tive company [37], containing 18,350 audio recordings, significantly larger than the
dataset in this study. Increasing dataset diversity in road types, weather conditions,
tire types, and vehicle models would also improve model robustness. Adding contex-
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tual metadata, such as road surface indices and tire pressure, and using a consistent
audio recording setup (preferably the high-quality wheel-microphone setup) would
further enhance data quality.

On the modeling side, exploring additional architectures, such as attention-based
CNN hybrids or lightweight models tailored for embedded systems, could yield ben-
eficial results.

Future research could also investigate alternative or hybrid feature extraction
methods combining Mel-spectrograms and MFCCs, or other advanced time-frequency
representations.

Finally, further steps towards real-world deployment should focus on optimizing
inference speed, memory efficiency, and model quantization, preparing these systems
for practical implementation within automotive infotainment environments.
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