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Executive summary

Understanding how people perceive urban soundscapes is crucial for creating healthier, more liveable
cities. Rather than focusing solely on reducing unwanted noise, modern urban planning increasingly
emphasizes enhancing the overall auditory experience by incorporating the perceptual responses of
individuals to their acoustic environment. This shift recognizes that not all sounds are undesirable.
Natural sounds like birdsong or water features can positively contribute to the quality of public spaces.
To support this perceptual approach, sensors offer a practical solution for in situ monitoring of sound-
scapes. When equipped with intelligent models capable of predicting how sounds are experienced,
not just how loud they are, these sensors become powerful tools for informing urban policy. Low-cost,
solar-powered sensors offer a scalable solution for monitoring soundscapes across diverse locations
in real-time. Their affordability and ease of deployment make them well-suited for large-scale urban
applications. However, these sensors also come with significant resource constraints, including lim-
ited memory, processing power, and energy availability. To effectively support perceptual soundscape
analysis under these constraints, models must be compact, computationally efficient, and capable of
running directly on the device, enabling privacy-preserving, edge-based processing without relying on
centralized data transmission.

While a few models currently exist that can predict perceptual soundscape attributes, most of these
architectures are too large and computationally intensive for deployment on the low-cost, resource-
constrained sensors. To address this limitation, this study focuses on designing four parameter-reduced
versions of the smallest available model capable of predicting the full set of perceptual attributes:
AD_CNN. These adapted versions are designed to meet the specific requirements outlined in this
thesis, including a maximum of 300K parameters, the ability to predict both sound source classes and
all eight perceptual attributes, and competitive performance in terms of predictive accuracy and infer-
ence speed. The two best-performing models in terms of predictive accuracy are combined into an
ensemble model to explore whether their complementary strengths can further enhance performance.
Furthermore, it remains unclear how well predictive models in soundscape research generalise to un-
seen data when trained on a specific dataset. To address this, a generalisation study was conducted
to evaluate the robustness and cross-context applicability of the developed models.

With the availability of the Affective Responses to Augmented Urban Soundscapes (ARAUS) dataset,
it became possible to replicate the AD_CNN training pipeline for this thesis. Building on this founda-
tion, the models developed in this study are designed to implement four targeted parameter reduction
strategies: reducing the number of convolutional filters, shrinking the dense layers, lowering tempo-
ral resolution by increasing the spectrogram hop size, and applying more aggressive Max Pooling.
Among the lighter variants, AD_CNN_dense_layer and AD_CNN_hop_length performed best, closely
approaching the baseline AD_CNN in accuracy while significantly reducing parameter count. Building
on these findings, an ensemble model, AD_CNN_ dense_hop_combined, was introduced, integrating
both optimizations. Despite having only ~160K parameters, it outperformed the original AD_CNN in
perceptual attribute prediction.

A generalisation study tested the lightweight ensemble model on a separate dataset of urban parks.
While it performed well given its compact design, it struggled to fully capture human perceptions, par-
ticularly for pleasantness. In contrast, the larger benchmark model, SoundAQnet, generalised more
effectively and aligned more closely with subjective ratings.

In conclusion, this thesis demonstrates that it is technically feasible to design lightweight neural net-
work models capable of accurately predicting perceptual soundscape attributes and environmental
sound sources, even under the strict computational and memory constraints of low-cost, resource-
constrained sensors. These results offer a promising step towards enabling real-time, soundscape
monitoring on sensors in urban environments. However, the generalisation study underscores a per-
sistent challenge: models trained on one specific dataset, tend to struggle when applied to another,
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unseen dataset. Even high-capacity models like SoundAQnet showed limited ability to generalise per-
ceptual predictions across different soundscapes. This highlights a core limitation for policymakers:
despite promising technical performance, predictive models are currently not yet reliable enough to
serve as stand-alone tools for evaluating soundscapes across diverse urban settings. This is because
perceptions of soundscapes are inherently subjective and shaped by a range of contextual factors,
such as demographics, social activity, and the visual environment, that are not captured by the audio
signal alone.

As a result, the predictive output of current models may not accurately reflect how a particular com-
munity or user group experiences their soundscapes. Therefore, fine-tuning models with localised per-
ceptual data becomes essential. By collecting perceptual ratings from residents in specific locations
and using them to recalibrate or adapt the model, predictions can be better aligned with local expecta-
tions and lived experiences. This context-aware fine-tuning not only improves predictive accuracy but
also increases public acceptance and policy relevance. Without such adaptation, the risk remains that
model outputs misrepresent how soundscapes are actually perceived, potentially leading to misguided
interventions or inequitable policy outcomes.
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1
Introduction

1.1. Background
Urban environments are important components of modern cities. Historically, focus was placed on
visual elements like buildings and street layout, but auditory elements, such as bird sounds or water
fountains, are now also recognized as vital to the urban environment (Botteldooren et al., 2008). The
European Environment Agency (EEA) highlights the significant issue of environmental noise pollution
in Europe, where approximately one in five people are exposed to harmful long-term noise levels (Eu-
ropean Environment Agency, 2020). Traditionally, urban noise management has focused on limiting
exposure to unwanted or harmful sounds. Its primary aim was to reduce traffic noise, with two straight-
forward approaches: reducing noise at the source, for example, by using quieter road surfaces, and
blocking its propagation with barriers, such as sound walls along highways (Brown & Van Kamp, 2017).
In open urban spaces like squares and parks, though, this approach does not always apply in the
same way, as not all sounds in these settings are considered undesirable. Some sounds do fit in an
environment. For instance, annoying traffic noise in open urban spaces may be masked or offset by
natural sounds, such as birdsong or water features, which are generally perceived as pleasant and
contextually appropriate (Chitra et al., 2020).

This shift in focus, frommerely reducing unwanted sounds to enhancing the overall auditory experience,
has led to the development of the soundscape concept. In densely populated urban areas, noise pol-
lution remains a persistent issue. Soundscape analysis offers a valuable tool for policymakers (World
Health Organization, 2018). By integrating soundscape research into urban planning, they can better
design and manage acoustic environments. This enables more tailored and effective solutions. It also
supports the creation of healthier, more pleasant, and liveable spaces. This is especially relevant for
new residential and recreational developments, as well as for the revitalisation of older urban areas that
were developed without consideration for acoustic quality or sustainability (Kang et al., 2019). More-
over, soundscape research influences well-being. It can impact health, cultural identity, and economic
factors in urban settings (Kang & Schulte-Fortkamp, 2016).

Schafer’s (1969) idea of a soundscape, as the auditory equivalent of landscape, provides a framework
for interpreting urban noise more positively while also accounting for individual experiences (Raimbault
& Dubois, 2005). Murray Schafer introduced the term “soundscape” in his seminal work The Sound-
scape: Our Sonic Environment and the Tuning of the World (Schafer, 1977). His work is considered as
pioneering in soundscape (Kang, 2021). A soundscape, according to the International Organization for
Standardization (ISO 12913-1), is defined as an “acoustic environment as perceived or experienced
and/or understood by a person or people, in context” (ISO, 2014). Building on this, as stated by Kang
(2023) a soundscape differs from an ”acoustic environment” because it emphasizes how sounds are
perceived and experienced rather than being purely about their physical properties. It takes a more
holistic view, treating sounds as valuable ”resources” rather than ”wastes”. The focus is on appreciat-
ing ”wanted” sounds that people prefer, rather than solely addressing ”unwanted” sounds that cause
discomfort.

1



1.2. Foundation of soundscape perception 2

Therefore, understanding those individual experiences and how people perceive sounds can contribute
to more effective urban planning and design (Brown & Muhar, 2004). For urban open public spaces, it
is essential to study how users perceive sounds (Yang & Kang, 2004). Such research is called sound-
scape research. People’s perceptions of a soundscape can be studied in situ, simulated or reproduced
in a controlled indoor environment, or recalled from memory. Among these methods, in situ research
offers the most realistic representation of the external world but comes with lower experimental validity
(Aletta et al., 2016). Conducting research on-site also captures the visual aspects of a soundscape, an
element absent in laboratory settings, which can influence evaluation results (Cadena et al., 2017). In
contrast, laboratory-based simulations allow for better control over auditory and contextual variables,
enhancing reproducibility and experimental rigour (Cadena et al., 2017). A memory-based method
is a qualitative or mixed-method approach that explores how memories shape individuals’ perception,
evaluation, and emotional response to sound environments. However, this approach also introduces
subjectivity and variability, which can limit the generalisability and reliability of the findings (Jo & Jeon,
2021).

1.2. Foundation of soundscape perception
1.2.1. Perceptual attributes and circumplex model
Nilsson et al. (2007) found that natural sounds are generally perceived as pleasant, human sounds as
eventful, and technological sounds as unpleasant. Moreover, these perceptual categories were shown
to be stronger predictors of overall soundscape quality than conventional acoustic metrics, such as the
equivalent continuous sound pressure level (LAeq). Consequently, Axelsson et al. (2010) found the
need for a model that would capture the main aspects of how people perceive soundscapes and which
could help with measuring and improving soundscape quality. They propose a principal components
model of soundscape perception, identifying three key dimensions: Pleasantness, Eventfulness, and
Familiarity. The final model only includes Pleasantness and Eventfulness, as Familiarity was found
to have limited variance and practical relevance. Based on Russell’s circumplex model of affect, two
primary dimensions are used to describe emotions: perceived pleasantness and the level of arousal or
stimulation (Russell, 1980). Building on this model, Västfjäll et al. (2003) demonstrated that it is applica-
ble for describing emotions evoked by interior aircraft sounds. Following these findings, Axelsson et al.
(2010) proposed that a similar framework could be relevant for describing soundscape perception.

The resulting circumplex model utilizes a two-dimensional framework defined by attributes such as
Pleasant, Chaotic, Exciting, Uneventful, Calm, Unpleasant (or Annoyance), Eventful, and Monotonous,
as shown in Figure 1.1.

Figure 1.1: Circumplex model as developed by Axelsson et al. (2010)

1.2.2. ISO Methods for soundscape evaluation and representation
One commonly used procedure for soundscape assessments is “Method A” from ISO/TS 12913-2:2018
(ISO, 2018). It relies on Likert-scales and is suitable for large-scale, on-site surveys, allowing data to
be gathered from potentially hundreds of public space users in a short time. To analyse the Likert-scale



1.3. Existing models to predict perceptual attributes 3

responses for the perceptual attributes, they are encoded as ordinal variables, ranging from 1 (strongly
disagree) to 5 (strongly agree). Following ISO/TS 12913-3:2019 (ISO, 2019), these eight attributes
can be projected onto two primary dimensions, Pleasantness and Eventfulness, using a mathematical
transformation, as shown below. This transformation exploits the 45-degree relationship between the
diagonal axes and the pleasant and eventful axes.

ISO Pleasantness = [(pleasant− annoying) + cos 45◦ · (calm− chaotic)

+ cos 45◦ · (vibrant−monotonous)] · 1

4 +
√
32

, (1.1)

ISO Eventfulness = [(eventful− uneventful) + cos 45◦ · (chaotic− calm)

+ cos 45◦ · (vibrant−monotonous)] · 1

4 +
√
32

. (1.2)

In addition to the single-point summaries, Mitchell, Aletta, and Kang (2022a) propose a probabilistic
approach to soundscape representation. Instead of reducing the collective perception of a soundscape
to a single Pleasantness-Eventfulness coordinate, they advocate for visualising the entire distribution of
perceptual responses within the circumplex. This method captures the variability and diversity of human
perception, offering a more nuanced and realistic understanding of how different people experience
urban soundscapes.

1.3. Existing models to predict perceptual attributes
Due to the growing importance of soundscape research, there is an increasing demand for practical
tools, such as predictive models, to integrate the soundscape approach into urban planning and design
(Aletta & Xiao, 2018). Several studies have focused on predicting individual perceptual soundscape at-
tributes such asAnnoyance, Pleasantness, orEventfulness (Hou, Ren, et al., 2023; Mitchell et al., 2021,
2023b). In recent years, deep learning models have emerged as the dominant approach for such pre-
dictions. For instance, dual-branch CNN architectures combining Mel spectrogram and psychoacoustic
features have achieved root mean square error (RMSE) as low as 1.05 in predicting annoyance ratings
on the DeLTA dataset (Deep Learning Techniques for noise Annoyance detection), while also classify-
ing sound sources with over 90% accuracy (Hou, Mitchell, et al., 2023). More advanced fusion models,
such as the dual-branch convolutional neural network with cross-attention-based fusion (DCNN-CaF),
have further enhanced both source classification and annoyance prediction performance (Hou, Ren,
et al., 2023). These results highlight the advantages of deep learning representations compared to
relying solely on traditional acoustic or psychoacoustic features.

However, limited research has addressed the prediction of the full set of eight perceptual attributes
(pleasant, vibrant, eventful, chaotic, annoying, monotonous, uneventful, and calm). To date, the only
study that comprehensively modelled human perception of soundscapes is presented by Hou et al.
(2024). In this work, the authors introduced SoundAQnet, a deep learning model trained to predict
these perceptual attributes directly from audio recordings. The model achieved a mean squared error
(MSE) of 1.054, indicating strong predictive performance. In the same study, several additional models
were benchmarked against SoundAQnet. These models represent the only existing approaches that
jointly predict both sound sources and perceptual attributes, or affective qualities, as referred to in the
original work.

Using such models enables a more comprehensive representation of a soundscape. By predicting all
eight perceptual attributes, it becomes possible to derive standardized indicators such as Pleasantness
and Eventfulness, as defined in ISO 12913-3 (ISO, 2019). These indicators provide valuable insights
into the overall quality of a soundscape and support its practical integration into urban planning and
design processes (Axelsson, 2015).
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1.4. Edge AI and sensor-based approaches for in situ soundscape
monitoring

Cities have been a key focus for in-situ soundscape monitoring, largely driven by the need to manage
noise pollution and improve urban liveability. In dense urban areas, sensor networks are deployed to
record sound levels and events, which contribute to the creation of noise maps, the identification of
problematic noise sources, and the analysis of urban soundscape composition (Aletta & Kang, 2015;
Hajnal & Kocsis, 2022; J. Liu et al., 2013).

The introduction of Internet of Things (IoT) technologies in smart cities has recently shifted approaches
to environmental noise monitoring, leading to the development of wireless acoustic sensor networks
(WASNs) (Alías & Alsina-Pagès, 2019). Several large projects in different cities have implemented
such networks. For instance, the SONYC project in New York City uses its sensor network to automati-
cally recognize sound events (e.g. traffic, honking, construction noise) and assist city agencies in noise
mitigation (SONYC Project, n.d.). This work demonstrates how in situ sensor data, combined with ma-
chine learning, can assist city authorities in enforcement and provide insights into urban soundscapes
(Bello et al., 2019).

In line with efforts like SONYC, Alsina-Pagès et al. (2020) proposed a sensor design featuring low-cost,
reconfigurable hardware capable of real-time audio capture, on-device sound source classification via
machine learning, and wireless data transmission. However, the estimated cost of around €139 per
unit and the requirement for continuous connection to the power grid limit its scalability for large-scale
deployment.

This highlights the need for more affordable sensors that can operate independently of the power grid
by solar power (Cassens et al., 2024). In response, Cassens et al. (2024) developed a sensor based
on the ESP32-S3 microcontroller, which features a dual-core 240 MHz processor, 8MB of RAM, and
a similar amount of Flash memory. In comparison, the sensor from Alsina-Pagès et al. (2020) uses a
Raspberry Pi 3 with a 1.2 GHz quad-core CPU.

1.5. Knowledge gap
As urban noise management increasingly adopts a comprehensive approach by incorporating the
soundscape perspective into planning and policy-making (Mitchell, Aletta, & Kang, 2022a), sensor de-
ployment has become a valuable method for measuring and researching soundscapes to inform such
policies. Low-cost sensors make it feasible to build large-scale acoustic sensor networks. However,
most of these sensors function merely as sound level meters, measuring only loudness (Picaut et al.,
2020). Since soundscapes encompass more than loudness alone, and must also account for human
perception, there remains a clear gap in low-cost sensors capable of predicting both sound sources
and perceptual attributes.

Moreover, due to transmission limitations and, more importantly, privacy concerns, sensors deployed
in urban settings must process audio locally - on the edge - without transmitting large segments of raw
audio. This necessitates the development of models that are both lightweight in storage requirements
and computationally efficient enough to perform real-time, on-device processing. By processing data
locally, edge AI reduces energy consumption and enhances data privacy (Karges et al., 2022).

While some progress has been made in modelling individual perceptual attributes, limited research has
addressed the prediction of the complete set of eight perceptual dimensions: pleasant, vibrant, eventful,
chaotic, annoying, monotonous, uneventful, and calm. Currently, SoundAQnet is the only model that
can predict both sound sources and all eight perceptual attributes. However, its relatively large size
(approximately 10 MB) makes it unsuitable for deployment on low-cost, solar-powered sensors, which
have restricted computational resources. For instance, the sensor developed by Cassens et al. (2024)
provides only 8 MB of Flash memory, a portion of which is already allocated for system files and other
essential data. This leaves even less available space for storing a machine learning model. Moreover,
large models like SoundAQnet require substantial computational power and processing time, further
limiting their feasibility for real-time, on-device inference on resource-constrained sensors.

Furthermore, many models, including SoundAQnet, are typically trained and evaluated on a single
dataset, which raises concerns about their generalisation ability. Without cross-dataset validation or
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testing on diverse urban environments, these models risk overfitting to specific acoustic or contextual
characteristics. As a result, their applicability in broader urban planning or policymaking remains limited.
For models to inform soundscape-related policy effectively, they must demonstrate robust performance
across varied geographical, cultural, and environmental contexts.

In summary, this highlights a clear research gap in the development of models that can predict per-
ceptual attributes and sound sources in real-time while being lightweight enough for deployment on
low-cost sensors, and that can generalise well to new and unseen data. This thesis addresses this gap
by designing and evaluating neural networks that meet the computational and memory constraints of
such devices, enabling real-time, on-device processing in urban environments.

1.6. Research objective and research questions
The objective of this research is to evaluate and compare a range of lightweight deep learning models
for predicting perceptual soundscape attributes and sound sources from urban audio recordings. All
models will be designed to meet the constraints of low-cost, solar-powered sensors, which have limited
memory, processing power, and energy availability. In addition, this study will assess the generalisation
performance of the models by evaluating them on a completely unseen urban audio dataset, thereby
testing their robustness across different acoustic and contextual environments.

These low-cost sensors have the following characteristics and constraints, as stated by (Cassens et al.,
2024):

• They are solar-powered, allowing for flexible placement without reliance on the power grid, but
this also implies limited energy availability, so the sensor must run an energy-efficient model.

• They perform audio processing directly on the device (i.e., on the edge), which helps preserve
user privacy and minimizes data transmission.

• They are constrained in memory and storage, typically offering no more than 8 MB of RAM, and
8 MB of Flash memory.

Given these constraints, the models developed in this thesis must adhere to the following requirements:

• Model size: Eachmodel must be lightweight, with amaximum of 300,000 parameters. This upper
limit reflects the known capacity of models that can reliably run on low-cost, resource-constrained
sensors.

• Functionality: The model must be capable of predicting both sound source classes and the
full set of eight perceptual attributes: pleasant, vibrant, eventful, chaotic, annoying, monotonous,
uneventful, and calm.

• Performance: The model must demonstrate competitive performance relative to state-of-the-art
models (such as SoundAQnet) in terms of predictive accuracy and inference speed.

This thesis formulates the following main research question: How can lightweight neural network
models be designed to accurately predict perceptual soundscape attributes and sound sources
from urban audio recordings in real-time on low-cost, resource-constrained sensors, and to
what extent can such models generalise across diverse soundscapes to support urban policy
making?

To collectively address the main research question, the following sub-questions have been formulated:

1. Which existing deep learningmodels are suitable for predictingmultiple perceptual sound-
scape attributes simultaneously, and how can they be adapted for low-cost, resource-
constrained sensors?
This question will be explored through a detailed review of existing literature. The goal is to find
and compare different deep learning models that work well for regression tasks. The review will
also look at how suitable these models are for use in devices with limited computing power, such
as low-cost, resource-constrained sensors in urban areas. The results of this review will help
guide the choice and development of lightweight prediction models used in this study.
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2. Howdoes the performance (accuracy, computational efficiency, and storage requirements)
of the designed lightweight models compare to state-of-the-art model SoundAQnet?
This question compares the designedmodels with the current state-of-the-art model, SoundAQnet.
It looks at key aspects like the models’ accuracy at predicting attributes, inference speed, memory
usage, and how well it could work in deployment.

3. Howwell do predictive soundscapemodels generalise to different soundscapes, and what
are the implications of their generalisation performance for urban policy making?
This question will be addressed through a generalisation study. The designed models will be
evaluated in inference mode on a dataset that differs from the one used during training. By
comparing the predictive performance on this unseen dataset to the performance achieved on
the original test set, the study will assess each model’s ability to generalise across varying urban
acoustic environments. The findings will provide insight into the models’ robustness and their
practical relevance for informing urban soundscape policy across diverse contexts.

1.7. Thesis outline
This thesis is structured as follows. Chapter 2 reviews the evolution of soundscape research, from per-
ceptual studies to data-driven approaches, with a focus on lightweight deep learning models. Chapter 3
details the methodology, including data preprocessing, model architecture design, training procedures,
and the generalisation study. Chapter 4 describes the datasets used (ARAUS and ISD) and outlines
dataset-specific adaptations. Chapter 5 presents experimental results, benchmarking the developed
models against SoundAQnet and evaluating their generalisation. Chapter 6 discusses interpretability,
limitations, and implications for urban policy. Chapter 7 concludes by answering the research questions,
summarizing key findings, and proposing directions for future work.



2
Literature Review

This chapter presents an overview of machine learning and deep learning techniques applied in sound-
scape research. It reviews prominent models used for audio classification and the prediction of percep-
tual attributes. The chapter concludes by evaluating which models are best suited for deployment on
low-cost, resource-constrained sensors, focusing on those with minimal storage requirements that can
simultaneously predict both sound sources and perceptual attributes.

2.1. Methodologies for soundscape analysis, classification and pre-
diction

Soundscape research marked a paradigm shift in environmental acoustics by initially focusing on peo-
ple’s perceptions before incorporating physical measurements (Brooks et al., 2014). The first significant
initiative in this field was established in the early 1970s: the World Soundscape Project, which involved
comprehensive studies of the ’sonic environment’ (World Soundscape Project, n.d.). A common re-
search methodology adopted was the soundwalk, wherein researchers and local participants walked
through specific areas, attentively listening and subsequently describing the soundscape in their own
words (Schafer, 1977).

Modern soundscape research employs a variety of methodological approaches. In the context of urban
soundscapes, these approaches are typically categorised into subjective evaluations and objective
measurements. Subjective evaluations entail collecting individuals’ perceptions and experiences of
soundscapes, typically through methods such as interviews, questionnaires, and field observations
(Bild et al., 2018; F. Liu & Kang, 2016; Ma et al., 2021). Objective measurements, on the other hand,
focus on quantifying the physical characteristics of soundscapes using acoustic indices and metrics
(Herranz-Pascual et al., 2017).

2.1.1. Machine learning and deep learning in soundscape analysis
Analytical strategies in soundscape research vary depending on the nature of the data and research
objectives. Linear statistical models are often used to identify associations between perceptual rat-
ings and environmental or contextual variables (Jeon et al., 2010; J. Liu et al., 2014). Increasingly,
data-driven approaches such as machine learning and deep learning are employed to model complex
relationships and improve predictive performance. For instance, Support Vector Machines (SVM) have
been used for soundscape classification (Torija et al., 2013), Convolutional Neural Networks (CNN) for
detecting species-specific sounds such as birds and frogs (LeBien et al., 2020), and Artificial Neural
Networks (ANN) for categorising urban soundscape types (Jeon & Hong, 2015).

Deep learning has significantly advanced the field of audio classification by enabling models to automat-
ically learn complex features directly from raw or minimally processed audio data (Zaman et al., 2023).
These approaches can achieve higher accuracy and adaptability across diverse audio classification
tasks than traditional methods such as SVM and ANNs. Among the deep learning models developed
for audio classification, the Pretrained Audio Neural Network (PANN) (Kong et al., 2020) and the Au-

7
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dio Spectrogram Transformer (AST) (Gong et al., 2021) have emerged as state-of-the-art approaches.
Early CNN-based models tend to give decent results in predicting audio tags, but would only capture a
limited amount of sound classes (Choi et al., 2016). Since computer vision and natural language pro-
cessing have greatly benefited from large-scale datasets, such as ImageNet for image classification
(Deng et al., 2009) and Wikipedia for training language models (Devlin et al., 2019), Kong et al. (2020)
were motivated to develop a system trained on a large-scale audio dataset. This became possible
with the release of AudioSet (Gemmeke et al., 2017), which contains a substantial amount of hours
of audio recordings labelled with 527 sound classes. By training their model on raw audio recordings
rather than on embeddings from a pre-trained convolutional neural network (Hershey et al., 2017), the
authors achieved a state-of-the-art mean average precision (mAP) of 0.439, significantly outperforming
benchmarks such as Google’s CNN-based baseline (mAP = 0.314) (Gemmeke et al., 2017).

2.1.2. Models for predicting soundscape attributes
Different from classification are predictive models which incorporate various factors to predict sound-
scape perception and quality. Annoyance is a common descriptor to describe subjective perceptions
(Lionello et al., 2020) and has been well-researched (Mitchell, Erfanian, Soelistyo, et al., 2022; Mitchell
et al., 2023b).

DCNN-CaF
One recent study applies artificial intelligence (AI) to analyse urban soundscapes by combining the
recognition of sound sources with predictions of the annoyance expierenced by people (Hou, Ren, et al.,
2023). The researchers introduced a model called the dual-branch convolutional neural network with
cross-attention-based fusion (DCNN-CaF). This model can identify different sound sources while also
predicting the level of annoyance these sources might cause. It uses two distinct audio features: Mel
spectrograms and loudness-related root mean square values (RMS). A spectrogram visually represents
how a signal’s frequency content changes over time. TheMel scale provides a linear scale that matches
human hearing, meaning each step in frequency on the Mel scale has the same distance from one
another. As a result, Mel spectrograms more closely reflect human auditory perception (B. Zhang et
al., 2019). The RMS is used to measure the loudness of a signal within a spectrogram (Mulimani &
Koolagudi, 2018).

The DCNN-CaF model was trained on the DeLTA dataset, a collection of urban audio recordings anno-
tated by human listeners (Mitchell, Erfanian, Soelitsyo, et al., 2022). It outperformed several popular
deep learning models, including YAMNet, PANN, and AST, in the task of Sound Source Classification
(SSC). Moreover, in the combined task of SSC and annoyance prediction, DCNN-CaF also surpassed
the considerably larger CNN-Transformer model, which contains approximately 20 million parameters.
The researchers attribute this increased performance to DCNN-CaF’s relatively low parameter count
and architectural depth, which helped prevent overfitting, a common issue when training large mod-
els on limited data. DCNN-CaF also outperformed smaller baseline models, such as a Deep Neural
Network (DNN) with 0.38 million parameters and a Convolutional Neural Network (CNN) with 1.27 mil-
lion parameters. To evaluate generalizability, the researchers tested the model on previously unseen
sounds from external datasets. The DCNN-CaF maintained strong performance under these condi-
tions, reinforcing its robustness. The final model comprised approximately 7.6 million parameters.

TinyCNN
Another research group explored predicting annoyance using deep learning models in a study con-
ducted at The Alan Turing Institute (Mitchell et al., 2023a). The Data Study Group explored multiple
models to predict human-perceived noise annoyance in urban environments, also using the DeLTA
dataset. The team researched whether the inclusion of sound sources improves the prediction of accu-
racy. They developed deep learning models, including Convolutional Neural Networks (CNN), TinyC-
NNs, Temporal Convolutional Networks (TCN), Feedforward Neural Networks (FNN), and Long Short-
Term Memory (LSTM). Among these, the pretrained audio neural network (PANN), as developed by
Kong et al. (2020), demonstrated the best performance in predicting annoyance ratings. Interestingly,
a much smaller model was found to perform nearly as well, suggesting that lightweight architectures
may offer competitive alternatives with lower computational demands.

The study includes multiple sets of models. The W-models serve as classical machine learning base-
lines, without the use of deep learning. Models W.1 and W.2 are based on linear regression, while W.3
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and W.4 use random forests. Whereas W.1 and W.3 rely solely on the presence of sound sources,
W.2 and W.4 also incorporate spectral features, which can be interpreted as indicators of a sound’s
perceived brightness. A higher spectral centroid suggests that a sound is dominated by higher frequen-
cies, making it sharper or brighter, while a lower centroid indicates dominance by lower frequencies,
resulting in a deeper or duller auditory quality. Among the baseline models, W.4 (random forest with
spectral features) performs best, achieving a test RMSE of 1.17. This comparison demonstrates that in-
cluding even basic spectral information enhances predictive accuracy beyond using only sound source
presence.

The study then introduces deep learning models to augment the prediction of annoyance. Models C.1
to C.4 are simple deep learning models trained on compressed Mel spectrograms of the recordings,
without using any explicit sound source information. Each model tests a different type of neural net-
work architecture: C.1 uses a Temporal Convolutional Network (TCN), C.2 uses a Feedforward Neural
Network (FNN), C.3 applies a Convolutional Neural Network (CNN), and C.4 incorporates a Long Short-
Term Memory network (LSTM). However, none of these models achieves strong performance, likely
due to the use of compressed Mel spectrograms. In contrast, model Y.0, which is based on a simple
CNN but receives a high-resolution Mel spectrogram as input, performs well.

Next, the R-models aim to improve prediction performance by explicitly incorporating human-labeled
sound source information as additional inputs. Both R.1 and R.2 combine Mel spectrograms with sound
source labels, but differ in architecture and label representation. R.1 uses a TCN and includes binary
sound source indicators, while R.2 employs a TinyCNN and encodes source labels as probabilistic
values, reflecting the degree of agreement among human annotators. Despite these enhancements,
the R-models do not perform well, likely due to the added complexity of combining different input types,
which leads to overfitting and reduced generalizability.

The Y.2 to Y.4 models explore whether pretrained sound source classification models can improve
annoyance prediction. These models use features extracted from PANN to provide automated sound
source information. In Y.2, PANN is applied directly to the Mel spectrograms to perform both sound
source classification and annoyance prediction. Y.3 extends this approach by feeding the PANN-
extracted features into a one-layer FNN to output an annoyance rating. Y.4 builds on this further
by incorporating a more complex architecture that includes a CNN-Transformer following the PANN
feature extraction. These models achieve strong performance, with Y.2 and Y.3 reaching test RMSE
values around 1.08–1.10.

Finally, models Y.1 and Y.6 incorporate sound source information implicitly, using it as an additional
prediction target to enhance annoyance prediction. Rather than using sound source labels as input
features, these models are trained to jointly predict both annoyance and sound source presence, simi-
lar to Y.2 to Y.4, but with a key difference: Y.1 and Y.6 employ a simple TinyCNN trained from scratch,
without pretrained weights from PANN. In Y.1, the model predicts binary sound source labels along-
side annoyance, while Y.6 predicts probabilistic source labels, reflecting the level of agreement among
annotators. Both models achieve strong performance, although Y.6 shows signs of overfitting.

The main takeaways from this paper, in the context of this thesis, are as follows:

• Including sound source labels explicitly as model inputs (R-models) often decreases performance
due to added complexity. In contrast, implicitly incorporating this information by predicting sound
sources jointly (Y-models) improved annoyance prediction.

• A lightweight TinyCNN trained on high-resolution spectrograms performed nearly as well as larger
and more complex models, showing that simplicity paired with good input features can be highly
effective.

This latter finding suggests that such models could be deployed on low-power devices, potentially even
on remote monitoring sensors used in smart city applications, a recommendation also emphasized by
the researchers. While the researchers did not publish their model implementations, an estimation can
be made based on the model architectures described in the report. Models that use PANN likely contain
over 80 million parameters, as PANN alone accounts for approximately 79.6 million. In contrast, the
TinyCNN models are estimated to contain around 2.3 million parameters.
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SoundAQnet
SoundAQnet is a deep learning model designed to predict perceptual soundscape attributes by jointly
modelling acoustic scenes (AS), audio events (AE), and affective qualities (AQ). For example, an AS
might be a ”park” or ”busy street”, an AE could be ”birds chirping” or ”car horn”, and AQ, referred
to in this thesis as a perceptual attribute, describes how listeners perceive the soundscape, such as
feeling “calm”, “chaotic”, or “annoying”. Developed by Hou et al. (2024), it represents a state-of-the-
art approach for soundscape analysis and captioning. It also integrates the perceptual dimensions,
such as Pleasantness and Eventfulness, as defined by ISO/TS 12913-3:2019 (ISO, 2019), and further
discussed in Section 1.2.2.

The model architecture features two main branches: a Mel-spectrogram-based branch and a loudness-
based branch, which extract temporal-frequency and psychoacoustic features respectively. The ex-
tracted features are fused using a gated graph convolutional network (GatedGCN), which allows the
model to learn relationships across different timescales and acoustic dimensions. This fusion enables
SoundAQnet to simultaneously output scene and event classifications, as well as regression estimates
for all eight perceptual soundscape attributes, and the indices for Pleasantness and Eventfulness.

SoundAQnet was trained on the ARAUS dataset (Ooi et al., 2024), a large-scale synthetic soundscape
dataset built from urban audio recordings enriched with human-annotated AQ scores. Although com-
putationally intensive, the model achieves high accuracy across classification and regression tasks,
making it a strong benchmark for evaluating other soundscape prediction models. The SoundAQnet
itself was also benchmarked against different models, both smaller and larger models.

The smallest benchmark model is the AD_CNN model, which is based on the baseline CNN architec-
ture developed by Ooi et al. (2024) for the ARAUS dataset, which was originally designed to predict ISO
Pleasantness from log-mel spectrograms. While the baseline model focuses solely on ISO Pleasant-
ness, Hou et al. (2024) extended it into the AD_CNN, enabling it to predict the full set of perceptual fea-
tures used in SoundAQnet. Unlike SoundAQnet, however, the AD_CNN uses only mel spectrograms
as input, without incorporating loudness features. The architecture comprises three convolutional lay-
ers, each followed by batch normalization, ReLU activation, and max pooling to extract hierarchical
features from the input. The resulting feature maps are flattened and passed through fully connected
layers to perform classification (scene and event labels) and regression (perceptual attributes). The
model contains approximately 520K parameters, making it considerably larger than the baseline CNN
for ARAUS, but still a lightweight architecture overall.

Secondly, the Baseline_CNNwas introduced as a reference model to serve as a benchmark for evaluat-
ing more advanced architectures. It consists of four convolutional layers with progressively increasing
kernel sizes and contains approximately 1.01 million parameters. The model uses only mel spectro-
grams as input and does not incorporate psychoacoustic features such as loudness. While it achieves
satisfactory performance in both acoustic scene classification (ASC) and audio event classification
(AEC), its predictive accuracy for perceptual attributes is relatively limited.

An extension of this model, the Hierarchical_CNN, was developed to incorporate the hierarchical rela-
tionship between audio events and acoustic scenes. This architecture retains the same convolutional
architecture and number of parameters as the Baseline_CNN but modifies the output structure: predic-
tions from the audio event classification branch are used as additional input to the scene classification
branch. This hierarchical dependency improves performance in scene classification; however, it results
in a slight decline in event classification accuracy, likely due to the added dependency between the two
tasks.

In addition to the benchmark models described above, two established deep learning architectures, Mo-
bileNetV2 and YAMNet, were included. MobileNetV2 (Sandler et al., 2018) is a lightweight convolutional
neural network originally developed for efficient image classification tasks. It employs depthwise sep-
arable convolutions and inverted residual blocks to significantly reduce the number of parameters and
computational complexity. For the purpose of soundscape analysis, the architecture was adapted to op-
erate on mel spectrogram inputs. With approximately 2.26 million parameters, MobileNetV2 achieves
competitive performance across all tasks. Its strength lies in its ability to maintain a good balance
between model complexity and predictive accuracy, particularly in classification tasks. However, like
other general-purpose CNNs, it shows limited capability in capturing nuanced perceptual attributes,
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which are better modelled by architectures specifically tailored for soundscape analysis.

YAMNet (Yu et al., 2020) is a convolutional neural network model developed by Google, trained on
AudioSet for large-scale audio event classification. It is based on the MobileNetV1 architecture and
utilizes pre-trained weights to recognize a wide range of sound events. In this benchmark, YAMNet was
fine-tuned on the target tasks to ensure fair comparison. The model contains approximately 3.21 million
parameters and operates exclusively on mel spectrogram inputs. While YAMNet performs robustly on
audio event classification, its performance on acoustic scene classification and perceptual attribute
regression is less consistent. This is likely due to its original design focus being on event-level tagging
rather than contextual or affective interpretation.

Additionally, benchmark models, CNN-Transformer and PANNs, were included to evaluate the perfor-
mance of SoundAQnet against more complex and expressive deep learning architectures, particularly
those capable of modelling temporal dependencies in audio signals. In this architecture, the convolu-
tional layers first extract time-frequency representations from mel spectrograms, after which a trans-
former encoder captures long-range dependencies across time. The model contains approximately
12.29 million parameters, making it significantly more complex than the previously described bench-
marks. While the CNN-Transformer model achieves strong performance in both acoustic scene and
audio event classification, its results in perceptual attribute regression are less consistent. This may
be because the transformer focuses on modelling long-term temporal patterns, which helps with event
detection but may be less effective for capturing the more subtle, localized features needed to predict
perceptual attributes accurately.

Lastly, a variant of PANNs was fine-tuned for acoustic scene classification, audio event classification,
and perceptual attribute regression. The model operates on mel spectrogram inputs and features a
deep convolutional architecture with over 79 million parameters. While PANNs achieve strong perfor-
mance on classification tasks, their ability to predict perceptual attributes is less consistent. Additionally,
their high computational cost limits their practicality for lightweight or real-time applications.

All models are summarized in Table 2.1. The table specifies the input dimensions for the mel spectro-
gram in the format (time frames, mel bins), and, where applicable, the input dimensions for loudness
as (time frames, 1), with each time frame corresponding to a single loudness value. It further indicates
whether the model predicts sound sources and which perceptual attributes it targets. The number of
model parameters is listed in millions, with an asterisk (*) denoting estimates where the exact size is
unknown due to unavailability on GitHub. Finally, the table includes references to the developers of
each model; in cases where a model builds on earlier work, the original sources are also cited.
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Table 2.1: Comparison of models predicting sound sources and perceptual attributes.

Model Mel Input Loudness Sound Perceptual Parameters Source
Input Sources Attributes (M)

DNN (480, 64) (482, 1) yes annoyance 0.38 (1)
CNN (480, 64) (482, 1) yes annoyance 1.27 (1)
CNN_Transformer (480, 64) (482, 1) yes annoyance 17.97 (1)
DCNN-CaF (480, 64) (482, 1) yes annoyance 7.61 (1)
Y.2 (PANN) (480, 64) - yes annoyance >80.0* (2)
Y.3 (PANN) (480, 64) - yes annoyance >80.0* (2)
Y.4 (PANN) (480, 64) - yes annoyance >80.0* (2)
Y.1 (TinyCNN) (480, 64) - yes annoyance ~ 2.36* (2)
Y.6 (PANN) (480, 64) - yes annoyance >80.0* (2)
Y.0 (TinyCNN) (480, 64) - no annoyance ~ 2.36* (2)
AD_CNN (3001, 64) - yes full circumplex 0.52 (3) & (4)
Baseline CNN (3001, 64) - yes full circumplex 1.01 (3)
Hierarchical_CNN (3001, 64) - yes full circumplex 1.01 (3)
MobileNetV2 (3001, 64) - yes full circumplex 2.26 (3) & (5)
Yamnet (3001, 64) - yes full circumplex 3.21 (3) & (6)
CNN-Transformer (3001, 64) - yes full circumplex 12.29 (3)
PANNs (3001, 64) - yes full circumplex 79.73 (3) & (7)
SoundAQnet (3001, 64) (15000, 1) yes full circumplex 2.7 (3)

*Exact size is unknown as the model is not available on GitHub.

Sources:
(1) (Hou, Ren, et al., 2023) (5) (Sandler et al., 2018)
(2) (Mitchell et al., 2023b) (6) (Yu et al., 2020)
(3) (Hou et al., 2024) (7) (Kong et al., 2020)
(4) (Ooi et al., 2024)

2.2. Conclusion of literature study
As shown in the table, AD_CNN has the lowest parameter count among the models while still predicting
the full circumplex of perceptual attributes. Furthermore, its availability on GitHub and accessibility -
confirmed via direct request to Hou et al. (2024) - makes it a strong baseline model, as this ensures re-
producibility and reliable benchmarking. The first model, DNN, was also considered but is less suitable
because it only predicts annoyance rather than the full circumplex.

In the context of this thesis, the original AD_CNN and SoundAQnet serve as benchmarks for compar-
ison. AD_CNN is used as a foundation, as its architecture forms the basis for the models developed
in this work. SoundAQnet, on the other hand, represents the current state-of-the-art in performance.
However, its large size and high resource demands limit its suitability for real-time inference on low-
cost, resource-constrained sensors. This highlights the need to explore lightweight architectures that
maintain strong predictive performance while enabling deployment on low-cost, resource-constrained
sensors.

Furthermore, loudness was not included in this thesis’ research, as its contribution to the SoundAQnet
model, while measurable, resulted in only a marginal performance improvement compared to using
mel spectrograms alone.



3
Methodology

This chapter outlines the methodology used to address the research objectives of this thesis. It begins
with a flow-diagram that illustrates the overall research process and explains how each sub-question
is addressed. Next, the methodological approach for developing, training, and evaluating lightweight
variants of the AD_CNN model, designed for perceptual soundscape analysis on low-cost, resource-
constrained sensors, is presented. Finally, the generalisation study is introduced, detailing how the
models will be evaluated for their ability to generalise to unseen data.

3.1. Research flow-diagram
The goal of this thesis is to develop parameter-reduced versions of the AD_CNN model, making them
suitable for deployment on low-cost, resource-constrained sensors. In the previous section, it was
shown that AD_CNN is the most parameter-efficient model capable of predicting both sound sources
and perceptual attributes. To strategically reduce the parameter count in new model variants, and to
determine how they can be effectively trained and evaluated, a clear methodology is required. This
begins with identifying which components of the current AD_CNN architecture contribute most to its
parameter count, and exploring how these can be optimized or simplified. After preprocessing the
dataset, the parameter-reduced models will be trained, tested, and evaluated. The two best-performing
models will then be combined into a hybrid architecture, which will also be evaluated. Together with
benchmark models, this process addresses sub-question 2. Finally, the best-performing model will
be evaluated, alongside benchmarks, on a completely different dataset with distinct audio recordings.
This evaluation will provide insight into the generalisation capabilities of the models used in soundscape
research, addressing sub-question 3.

The research flow-diagram is presented in Figure 3.1.
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3.2. Model architecture
This thesis aims to design lightweight neural network models suitable for deployment on low-cost,
resource-constrained sensors. As outlined in Chapter 1, the design process will adhere to the pre-
defined requirements. In particular, the models developed in this thesis will comply with the parameter
constraint, maintaining a maximum of approximately 300,000 parameters.

The AD_CNN model, which serves as a performance benchmark in the study of Hou et al. (2024), was
originally developed by Ooi et al. (2024). While it achieves strong predictive performance, with an Area
Under the Curve (AUC) of 0.84 on acoustic event classification (AEC), and an average Mean Squared
Error (MSE) of 1.128 on perceptual attribute regression, the model contains approximately 520K pa-
rameters, making it too resource-intensive for direct deployment on low-cost, resource-constrained
sensors.

With the AD_CNN model publicly available through the open-source GitHub repository SoundSCaper1,
it became feasible to adapt and compress the original architecture into a more efficient variant. To this
end, four different architectural strategies are proposed and evaluated in this thesis. First, the baseline
AD_CNN is introduced, with a focus on identifying the components that have the largest contribution to
its parameter count. Subsequently, each of the four reduction approaches is presented and discussed
in detail.

3.2.1. AD_CNN (baseline)
The AD_CNN model is a convolutional neural network designed to analyse acoustic data represented
asmel spectrograms. Initially, themel spectrogram input of shape [32×3001×64] is reshaped to [32×1×
3001×64] by adding a channel dimension, allowing compatibility with 2D convolutional layers. Following
this, it processes the input through three convolutional layers, each followed by BatchNorm2d and a
ReLU activation function. BatchNorm2d (Ioffe & Szegedy, 2015) normalizes the activations of each
mini-batch to stabilize and accelerate training, while ReLU (Rectified Linear Unit) (Nair & Hinton, 2010)
introduces non-linearity by setting all negative values to zero. After the second and third convolutional
layers, MaxPooling2D and dropout layers are applied to reduce dimensionality and prevent the model
from overfitting. The resulting features are then flattened into a single vector and passed through a fully
connected layer, which extracts higher-level information from the data. Finally, this information is used
simultaneously to predict multiple outputs: acoustic scene classes {public square, park, street traffic},
event classes {silence - human sounds - wind - water - natural sounds - traffic - sounds of things - vehicle
- bird - outside, rural or natural - environment and background - speech - music - noise - animal}, ISO-
attributes {Pleasantness & Eventfulness}, and eight perceptual attributes {pleasant, eventful, chaotic,
vibrant, uneventful, calm, annoying, monotonous}.

This architecture is illustrated in Figure 3.2. The values in square brackets represent tensor shapes
in the format [batch size× number of channels × time frames×mel bins]. The values such as 7× 7
denote the convolutional kernel size. The number of output feature maps (or channels) after each block
is shown in the blue boxes. MaxPooling layers indicate their pooling size, while Dropout layers specify
their dropout rates.

Parameters of AD_CNN
Understanding the parameter count of a convolutional neural network such as AD_CNN is crucial for
evaluating its complexity, computational cost, and suitability for deployment on resource-constrained
platforms. The total number of learnable parameters in a CNN is determined by summing the contribu-
tions from its trainable layers, typically convolutional layers, fully connected (dense) layers, and batch
normalization layers.

1GitHub repository: https://github.com/Yuanbo2020/SoundSCaper

https://github.com/Yuanbo2020/SoundSCaper
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Input: Mel spectrogram
[32 x 3001 x 64]

Conv + BatchNorm2D + ReLU
(7 x 7, 16 channels)

[32 x 16 x 3001 x 64]

Conv + BatchNorm2D + ReLU
(7 x 7, 16 channels)

[32 x 16 x 3001 x 64]
MaxPool (5x5)

[32 x 16 x 600 x 12]
Dropout (0.3)

Conv + BatchNorm + ReLU
(7 x 7, 32 channels)
[32 x 32 x 600 x 12]

MaxPool (4x10)
[32 x 32 x 150 x 1]

Dropout (0.3)
Flatten + Dense + ReLU

[32 x 100]
Dropout (0.3)

Dense (12)

Output: 

Audio Scene | classification
Audio Event | classification

ISO Pleasant | regression   
ISO Eventful. | regression   

Pleasant | regression   
Eventful | regression   
Chaotic | regression   
Vibrant | regression   

Uneventful | regression   
Calm | regression   

Annoying | regression   
Monotonous | regression  

Input reshaping
[32 x 1 x 3001 x 64]

Figure 3.2: AD_CNN architecture by Hou et al. (2024), adapted from Ooi et al. (2024).

1. Convolutional Layers

Convolutional layers form the backbone of most CNN architectures. Each convolutional layer learns
a set of filters that are applied across the spatial dimensions of the input. The number of learnable
parameters in a 2D convolutional layer is given by:

Parametersconv = (KH ×KW × Cin + 1)× Cout (3.1)

Where:

• KH : kernel height
• KW : kernel width
• Cin: number of input channels
• Cout: number of output channels (filters)

The term KH × KW × Cin corresponds to the number of weights in each filter, and the additional 1
accounts for the optional bias term. This bias term contributes only if bias is enabled in the layer (i.e.,
not set to bias=False). This formula applies to every convolutional layer in the network.

2. Fully Connected (Dense) Layers

Dense layers connect every input neuron to every output neuron. The number of parameters in such
a layer is calculated as:

Parametersdense = (Nin ×Nout) +Nout (3.2)

where:

• Nin: number of input features
• Nout: number of output features

The term Nin ×Nout represents the weight matrix, while Nout adds the biases.

3. Batch Normalization Layers

Batch normalization (BN) layers include two trainable parameters per channel: a scaling factor and a
shift. Therefore, the total number of parameters is:
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ParametersBN = 2× C (3.3)

where:

• C: number of channels

These parameters are learned to normalize and re-scale the feature maps, improving training stability
and convergence.

4. Pooling Layers

Unlike the layers above, pooling layers (i.e. max-pooling) perform fixed mathematical operations with-
out any trainable parameters. Therefore, they do not contribute to the total parameter count.

5. Total Parameter Count

The total number of parameters in AD_CNN is the sum of the parameters across all trainable layers
l = 1 to L:

Total Parameters =

L∑
l=1

Parametersl (3.4)

where:

• L: number of trainable layers
• Parametersl: number of parameters in layer l

Applying the formulas reveals that the AD_CNN model developed by Hou et al. (2024) contains a
total of 521,472 parameters. For a detailed breakdown of the parameter calculation, refer to Appendix
B, Table B.1. This indicates that there is significant potential to compress the model further to meet
the constraints of a lightweight architecture suitable for deployment on low-cost, resource-constrained
sensors.

3.3. Four parameter reduction strategies
The main bottleneck in terms of the number of parameters is clearly identifiable in the first dense layer,
where the feature maps are flattened and passed through a fully connected layer. This layer alone
accounts for approximately 480,100 parameters, making it the most significant contributor to the overall
model size. Consequently, this dense layer presents the most promising opportunity for parameter
reduction or compression to meet tighter resource constraints. Therefore, four different approaches
will be explored, each contributing to a reduction in the dense layer’s parameter count:

1. Decrease the number of convolutional filters
2. Decrease the fully connected layer
3. Decrease time frames via larger hop size
4. Increased MaxPooling kernel sizes

Furthermore, the scene classification and ISO (Pleasantness & Eventfulness) regression layers were
removed, as they fall outside the scope of this thesis. The focus is limited to sound source classification
and the prediction of the eight perceptual attributes. Other architectural components, such as kernel
sizes, batch normalization, and dropout, were kept unchanged to isolate and clearly observe the impact
of the aforementioned modifications.
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Input: Mel spectrogram
[32 x 3001 x 64]

Conv + BatchNorm2D + ReLU
(7 x 7, 16 channels)
[32 x 8 x 3001 x 64]

Conv + BatchNorm2D + ReLU
(7 x 7, 16 channels)
[32 x 8 x 3001 x 64]

MaxPool (5x5)
[32 x 8 x 600 x 12]

Dropout (0.3)

Conv + BatchNorm + ReLU
(7 x 7, 32 channels)
[32 x 16 x 600 x 12]

MaxPool (4x10)
[32 x 16 x 150 x 1]

Dropout (0.3)
Flatten + Dense + ReLU

[32 x 100]
Dropout (0.3)

Dense (12)

Output: 

Audio Event | classification
 

Pleasant | regression   
Eventful | regression   
Chaotic | regression   
Vibrant | regression   

Uneventful | regression   
Calm | regression   

Annoying | regression   
Monotonous | regression  

Input reshaping
[32 x 1 x 3001 x 64]

Figure 3.3: AD_CNN_decreased_filters architecture.

3.3.1. Reducing convolutional filters (AD_CNN_decreased_filters)
This model reduces complexity by decreasing the number of filters in each convolutional layer. Specif-
ically, the output channels are reduced (e.g., from 16/32 to 8/16), resulting in a significantly smaller
feature representation and a reduced fully connected input (2400 vs. 4800 in the original). The final
dense layer still uses 100 units and continues to perform both event classification and perceptual at-
tribute regression. The architecture is illustrated in Figure 3.3, with all modifications clearly highlighted
for ease of identification.

The parameter calculations for this adapted version of the AD_CNN model are provided in Appendix B,
Table B.2. Since the number of filters in the convolutional layers has been reduced by half, the output
fed into the dense layer is also halved, which results in a flattened size of 32 × 16 × 150 = 2400,
compared to the previous 4800. As a result, the first dense layer now contains 240,100 parameters.
The total number of parameters in the modified model amounts to 252,287.

3.3.2. Smaller dense layer (AD_CNN_dense_layer)
As stated in the overarching subsection, the goal was to reduce the size of the first dense layer, as it
accounts for themajority of themodel’s parameters. In the original model, this layer contains 100 hidden
units, resulting in a parameter count of 4800 × 100 + 100 = 480,100. The revised model’s number of
hidden units are reduced by half, which brings the total to 4800×50+50 = 240,050 parameters. A smaller
hidden layer means all subsequent output heads receive fewer inputs, further reducing their parameter
counts. While this design leads to a more compact model, it may also limit the expressiveness of the
learned representations and potentially reduce prediction performance.

This modification only slightly alters the original model, but for completeness, the updated architecture
is illustrated in Figure 3.4. The total number of parameters is now reduced to 279,767. A detailed
overview of the parameter calculations can be found in Table B.3 in Appendix B.

3.3.3. Increased hop length (AD_CNN_hop_length)
To reduce the input size and consequently decrease the number of parameters in the dense layer, this
approach focuses on reducing the temporal dimension of the mel spectrograms. The very first input to
the model is the batch of mel spectrograms, which leads to an input shape of [batch size, time frames,
mel bins]. While the number of mel bins is fixed at 64, consistent with the original model and widely used
across audio-related research, the number of time frames can be adjusted. This provides an effective
method to reduce input size and computational load without compromising frequency resolution, since
this will result in smaller feature maps and fewer parameters in the subsequent dense layer.
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Input: Mel spectrogram
[32 x 3001 x 64]

Conv + BatchNorm2D + ReLU
(7 x 7, 16 channels)

[32 x 16 x 3001 x 64]

Conv + BatchNorm2D + ReLU
(7 x 7, 16 channels)

[32 x 16 x 3001 x 64]
MaxPool (5x5)

[32 x 16 x 600 x 12]
Dropout (0.3)

Conv + BatchNorm + ReLU
(7 x 7, 32 channels)
[32 x 32 x 600 x 12]

MaxPool (4x10)
[32 x 32 x 150 x 1]

Dropout (0.3)
Flatten + Dense + ReLU

[32 x 50]
Dropout (0.3)

Dense (12)

Input reshaping
[32 x 1 x 3001 x 64]

Output: 

Audio Event | classification
 

Pleasant | regression   
Eventful | regression   
Chaotic | regression   
Vibrant | regression   

Uneventful | regression   
Calm | regression   

Annoying | regression   
Monotonous | regression  

Figure 3.4: AD_CNN_dense_layer architecture.

The spectrograms are generated using the Spectrogram module from torchlibrosa (Kong et al.,
2020), which internally performs the STFT using librosa’s implementation (McFee et al., 2021). This
means the frame computation behaviour, including padding and windowing, follows the same logic as
in librosa.stft. During STFT computation, time frames are created. Those represent the number of
temporal segments, each frame corresponds to one column in the resulting spectrogram.

The number of time frames depends on the length of the audio in samples, which can be calculated as:

L = audio length (seconds)× sample rate

If the signal is centred (center=True), it is padded with zeros to allow for symmetric framing. This
padding ensures that each frame is centred around its corresponding time step. Specifically, the signal
is padded with nfft//2 samples at both the beginning and the end. This approach allows the first and
last STFT windows to be fully aligned with the edges of the signal, avoiding truncation and maintaining
symmetry in the time–frequency representation.

After padding, the total number of time frames in the spectrogram is given by:

ntime frames = 1 +

⌊
L+ 2 · pad− nfft

hop length

⌋
As this formula shows, increasing the hop length leads to fewer time frames, thereby reducing the input
size. Specifically for the data used in this thesis, doubling the hop length from 160 to 320 results in halv-
ing the number of input time frames, from 3001 to 1501. When the original model architecture is kept
unchanged, this reduction in temporal resolution leads to smaller intermediate feature maps throughout
the convolutional layers, and consequently, a smaller input to the first dense (fully connected) layer, as
illustrated in Figure 3.5. The final model comprises 280,967 parameters. By reducing the size of the
first dense layer by half, the total number of parameters has been significantly decreased. A detailed
breakdown of the parameter calculations is provided in Table B.4 in Appendix B.

3.3.4. Larger MaxPooling operations (AD_CNN_harder_max_pooling)
Unlike previous adaptations, this version retains the original convolutional layers and input dimensions
but modifies only the MaxPooling operations, which play a critical role in determining the dimension-
ality of the feature maps passed to the dense layers. Specifically, the model now applies a 10 × 5
pooling operation after the second convolutional layer and a 16 × 12 pooling operation after the third.
Thesemore aggressive pooling steps substantially reduce the spatial dimensions of the feature maps to
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Input: Mel spectrogram
[32 x 1501 x 64]

Conv + BatchNorm2D + ReLU
(7 x 7, 16 channels)

[32 x 16 x 1501 x 64]

Conv + BatchNorm2D + ReLU
(7 x 7, 16 channels)

[32 x 16 x 1501 x 64]
MaxPool (5x5)

[32 x 16 x 300 x 12]
Dropout (0.3)

Conv + BatchNorm + ReLU
(7 x 7, 32 channels)
[32 x 32 x 300 x 12]

MaxPool (4x10)
[32 x 32 x 75 x 1]

Dropout (0.3)
Flatten + Dense + ReLU

[32 x 100]
Dropout (0.3)

Dense (12)

Input reshaping
[32 x 1 x 1501 x 64]

Output: 

Audio Event | classification
 

Pleasant | regression   
Eventful | regression   
Chaotic | regression   
Vibrant | regression   

Uneventful | regression   
Calm | regression   

Annoying | regression   
Monotonous | regression  

Figure 3.5: AD_CNN_hop_length architecture.

[32, 32, 18, 1], resulting in a flattened input size of only 576 (32×18×1) for the fully connected layer, com-
pared to 4800 in the original model. This structural change alone reduces the total number of trainable
parameters to 98,567, making the architecture the most lightweight among all model variants explored.
The architecture and its modifications are illustrated in Figure 3.6. Detailed parameter calculations can
be found in Appendix B, Table B.5.
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Input: Mel spectrogram
[32 x 3001 x 64]

Conv + BatchNorm2D + ReLU
(7 x 7, 16 channels)

[32 x 16 x 3001 x 64]

Conv + BatchNorm2D + ReLU
(7 x 7, 16 channels)

[32 x 16 x 3001 x 64]
MaxPool (10x5)

[32 x 16 x 300 x 12]
Dropout (0.3)

Conv + BatchNorm + ReLU
(7 x 7, 32 channels)
[32 x 32 x 300 x 12]

MaxPool (16x12)
[32 x 32 x 18 x 1]

Dropout (0.3)
Flatten + Dense + ReLU

[32 x 100]
Dropout (0.3)

Dense (12)

Input reshaping
[32 x 1 x 3001 x 64]

Output: 

Audio Event | classification
 

Pleasant | regression   
Eventful | regression   
Chaotic | regression   
Vibrant | regression   

Uneventful | regression   
Calm | regression   

Annoying | regression   
Monotonous | regression  

Figure 3.6: AD_CNN_harder_max_pooling.

3.4. Training pipeline of the models
Training is executed using the script provided in the SoundSCaper GitHub repository. The process
begins by configuring the GPU environment and utilizing CUDA for accelerated computation; if CUDA
is unavailable, training defaults to the CPU. The script loads all required training and validation data
through the data-generator script and incorporates early stopping using. The models are trained on the
ARAUS dataset (Ooi et al., 2024), which was also used to train AD_CNN and SoundAQnet. Chapter 4
provides a more detailed description of the dataset.

3.4.1. Audio preprocessing: WAV to mel spectrograms
Before model training can commence, the input features must be generated, typically in the form of
spectrograms derived from audio files. All audio files are originally in WAV format and are converted to
mono for consistency and model compatibility. This conversion is performed using a Python script from
the SoundScaper GitHub repository. The script loads each file from the source directory, downmixes
it to a single channel using the librosa library, and saves it as a WAV file with a sampling rate of
44.1 kHz. It also includes functionality to automatically create the output directory if it does not exist,
ensuring a clean and organized processing pipeline. This step was crucial to avoid inconsistencies
that could arise from multi-channel recordings during feature extraction and model training. The result
of this process was a folder containing 25,440 mono-channel WAV files, each approximately 2.5 MB in
size, precisely half the size of the original multi-channel files.

To prepare the audio data for model training and evaluation, the raw .wav files must be converted into
log-mel spectrograms. The process, illustrated in Figure 3.7, begins by segmenting the audio signal
x(n) into overlapping frames using a sliding window of fixed length Na and hop size La. Each frame
is multiplied by a window function wa(n) to reduce spectral leakage. A Short-Time Fourier Transform
(STFT) (Allen, 1977) is then applied to each windowed frame, producing a complex-valued spectrogram
Xa(na, k

′
a), where na is the time frame index and k′a the frequency bin index.

Next, the magnitude spectrogram is mapped onto 64 mel-frequency bins (ka) using a mel filterbank
spanning 50Hz to 8000Hz. This transformation mimics the human auditory system, which is more
sensitive to changes in lower frequencies than in higher ones. Importantly, this sensitivity decreases
logarithmically rather than linearly with increasing frequency. Mel-frequency bins are perceptually mo-
tivated frequency bands that reflect this nonlinear sensitivity to pitch, resulting in finer resolution at low
frequencies and coarser resolution at high frequencies. The use of 64 mel bins is a common prac-
tice in sound analysis with machine learning, offering a good balance between spectral resolution and
computational efficiency. It also matches the configuration used in baseline models for the ARAUS
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Figure 3.7: Block diagram of the log-mel spectrogram computation process, adapted from Gallardo-Antolín and Montero
(2021), with DFT replaced by STFT, and speech signal replaced by audio signal.

dataset, ensuring compatibility and comparability. A logarithmic compression is then applied to obtain
the final log-mel spectrogram Sa(na, ka), a compact time-frequency representation. An example of a
mel spectrogram computed for one of the samples in the ARAUS dataset is given in Figure 3.8. The
recording is characterized by a relatively constant background sound across most of the duration. A
notable increase in low-frequency energy occurs between approximately 9 and 16 seconds, visible as
a yellowish region in the lower frequency bands, indicative of higher decibel levels in that range. Lis-
tening to the corresponding audio file (available via this thesis’ GitHub repository 2) indicates that this
section coincides with the onset of wind noise, confirming the visual observation. Additionally, distinct
high-frequency components appear at seconds 18, 22, 26, and 29. These brief patterns correspond to
bird vocalizations.

This thesis adopts the feature extraction configuration used by Hou et al. (2024), which follows the
settings from Kong et al. (2020). Features are computed with a 32ms window (Na) and a 10ms hop
size (La), corresponding to 512 and 160 samples, respectively, at a 16 kHz sampling rate, using a Hann
window (Harris, 1978) is applied during the STFT computation to reduce spectral leakage and smooth
transitions between overlapping segments. This windowing function transitions smoothly to zero at
both ends, providing better frequency analysis compared to rectangular windowing. The resulting log-
mel spectrograms have a shape of (3001, 64) for each 30-second audio segment and are saved as
NumPy array files (.npy).

3.4.2. Training pipeline modifications
Since all necessary files were available in the original GitHub repository, the training pipeline could be
replicated. However, several targeted adaptations were required to align the codebase with the goals
of this thesis. First, the configuration file was extended with a new argument to support variable hop
lengths, allowing dynamic selection of the appropriate preprocessed pickle files. This change ensures
that by adjusting a single argument, the model seamlessly loads spectrograms with different temporal
resolutions, particularly relevant for evaluating models like AD_CNN_hop_length.

Corresponding modifications had to be made in the data loading process to respond to this argument
2GitHub repository: https://github.com/pherfkens/Thesis

https://github.com/pherfkens/Thesis
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Figure 3.8: Random example of log-mel spectrogram.

and load the correct feature and normalization files accordingly. This loading process was further
streamlined to yield only the necessary outputs for this study: acoustic events and perceptual attributes.
Outputs irrelevant to this thesis, such as acoustic scene labels and ISO-defined metrics, were excluded
from the generator functions.

All training and validation metrics, along with timing information, were logged to CSV files to support
post hoc analysis and ensure reproducibility. This setup allowed for efficient experimentation across a
range of models while maintaining consistency in data handling and evaluation. All modifications are
clearly marked with comments in the version maintained on this thesis’ GitHub repository.

3.4.3. Data handling and normalization
The data-generator, available from the original GitHub repository, was thus adapted to meet the spe-
cific objectives of this thesis. It efficiently manages the loading and preprocessing of datasets during
the training, validation, and testing phases of model development. It is responsible for reading prepro-
cessed input data stored in pickle files for each dataset subset and ensures consistent data formatting
throughout the pipeline. Additionally, it manages normalization parameters by utilizing provided nor-
malization files included in the GitHub repository, ensuring reproducibility of results by maintaining the
same normalization strategy across different experimental runs.

In cases where models require modified spectrogram parameters, such as the AD_CNN_hop_length
model, which employs a different hop length setting, distinct pickle files are generated. Consequently,
separate normalization parameters are needed. This process is carried out as follows:

To normalize the input features, the script computes the mean and standard deviation of the training
set features, along the time and sample axes. This is done using a z-score standardisation approach,
where each feature value is rescaled according to xnorm = (x − µ)/σ, with µ and σ representing
the computed global mean and standard deviation, respectively. These statistics are calculated only
once and saved as .pickle files in a designated normalization directory. If normalization files already
exist, they are loaded to ensure consistency across training, validation, and testing. This normalization
ensures that the input data fed to the model remains within a comparable scale across different runs
and subsets, thereby improving numerical stability and convergence during training.

Finally, the data-generator yieldsmethods for training, validation, and testing. Thesemethods yield data
batches that may include mel spectrogram features, acoustic event labels, and perceptual attributes.
To enhance model robustness and mitigate overfitting, these generators incorporate randomization and
shuffling mechanisms during data batching. Overall, this modular and automated data handling system
facilitates a streamlined and reproducible workflow for model training, evaluation, and deployment.
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3.4.4. Early stopping
The training loop includes early stopping, periodic validation, and automatic saving of the best-performing
model based on a specified validation metric. The model is optimized using the Adam optimizer
(Kingma & Ba, 2017), with a learning rate set to 1 × 10−4, consistent with prior work on the AD_CNN
architecture (Ooi et al., 2024).

Early stopping is implemented to prevent overfitting and unnecessary computation. This mechanism
monitors the performance of the model on a specified validation metric. If no improvement is observed
for 10 consecutive validations, training is halted. In this thesis, the chosen monitor is the perceptual
attribute pleasant, represented as a regression task. This replaces the previously used ISO-defined
Pleasantness, since the current model does not incorporate both ISO Eventfulness and Pleasantness.
When the monitor is set to one of the perceptual attributes, performance is evaluated using mean
squared error (MSE), where lower values indicate better performance. If instead the monitor is set to
’event’, which tracks sound event classification, the evaluation metric switches to area under the ROC
curve (AUC), where higher values are preferred.

During training, the loss values for both sound event classification and the eight perceptual attribute re-
gressions are printed at each iteration. The number of iterations per epoch is determined by the dataset
size and the batch size, which is set to 32 in this thesis. After each fully completed epoch, the model
is evaluated on the validation set, and relevant metrics such as AUC (for sound event classification)
and MSE (for perceptual attributes) are recorded. All models are trained for a maximum of 100 epochs
unless the early stopping criterion is met.

3.5. Evaluation metrics and model testing
As mentioned in the previous section, the perceptual attributes are evaluated using the MSE. For each
attribute, an individual MSE is computed. These values can subsequently be averaged to obtain an
overall performance metric for the model. MSE is a widely used metric in regression tasks, as it quanti-
fies the average squared difference between the predicted values and the corresponding ground truth
values. Formally, it is defined as:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2

where n is the number of samples, yi is the true value, and ŷi is the predicted value for the i-th sample.

The main difference between the MSE and the Root Mean Squared Error (RMSE) lies in the final trans-
formation: MSE does not take the square root of the squared error terms, which results in larger errors
being penalized more heavily. A lower MSE indicates better model performance. This thesis adopts
MSE as the primary evaluation metric for the perceptual attributes, as the work by Hou et al. (2024)
also employed MSE to assess model performance. This consistency facilitates a more straightforward
comparison between the results presented in this study and those in prior research.

In addition to MSE, this thesis also uses the Area Under the Curve (AUC) of the ROC as a performance
metric to evaluate the classification performance of the model on acoustic events. AUC quantifies
the model’s ability to distinguish between classes and is especially useful in multi-label classification
settings. For each sample, the true binary labels and predicted probabilities are extracted. If the
sample contains at least one positive label, the AUC score is computed for that sample using the
roc_auc_score function. The final AUC metric is obtained by averaging the individual scores across
all valid samples. This approach ensures that AUC is only calculated where it is meaningful and avoids
distortions due to empty ground truth vectors. A higher AUC indicates better classification performance,
with a value of 1 representing perfect discrimination and 0.5 indicating random guessing.

To evaluate model performance, the model is applied to the test dataset to generate predictions for
both acoustic events and perceptual attributes. Evaluation metrics include the area under the ROC
curve (AUC) for sound event classification and mean squared error (MSE) for each of the eight percep-
tual attributes. The average MSE across these attributes serves as an overall indicator of regression
performance.
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Figure 3.9: Questionnaire responses mapped in ISO-pleasantness/eventfulness space for Noorderplantsoen, Groningen.

3.6. Combining the two best-performing models
Based on these results, the two best-performing models, ranked by their MSE scores, are combined
through ensemble learning to enhance predictive accuracy while maintaining computational efficiency.
This model fusion approach is designed to capitalise on the complementary strengths of the individual
models, particularly in predicting perceptual attributes with a reduced parameter footprint. The resulting
ensemblemodel forms the basis for answering sub-question 2 and is also deployed in the generalisation
study described in the next section.

3.7. Generalisation study
To evaluate how well the soundscape prediction models generalise to entirely unseen data from a dif-
ferent source, a generalisation study will be conducted. This study will include not only the ensemble
model but also the baseline model, AD_CNN, and the benchmark model, SoundAQnet. The exter-
nal dataset used for this evaluation is the International Soundscape Database (ISD). A more detailed
description of this dataset is provided in Chapter 4.

Given that the ISD contains several locations with various responses per location, ISO Pleasantness
and ISO Eventfulness can be computed accordingly for each response. These values can then be
plotted on the two-dimensional circumplex model, with the Soundscapy package (Mitchell, Aletta, &
Kang, 2022b). Figure 3.9 presents such a visualisation for Noorderplantsoen, Groningen.

In these circumplex plots, each dot represents an individual’s perceptual assessment of the sound-
scape, transformed into the ISO coordinate system. The shaded area represents the contour of 50%
of all responses, meaning that half of the responses fall inside it, and the other half outside. This
approach highlights not only the central tendency but also the diversity of perception in a given loca-
tion, offering insight into how consistently or variably a space is experienced by different people. In
the results section, for each city, both the ground-truth and the predicted circumplex diagrams will be
overlaid to facilitate comparison. This will help evaluate how well the models capture not just average
perceptual qualities, but also the shape and spread of human soundscape perception. These plots will
thus contribute to answering sub-question 3.



4
Datasets

This chapter introduces the datasets used in this thesis. The ARAUS dataset serves as the foundation
for model training and validation, providing a large collection of soundscape recordings with perceptual
attribute scores and audio event annotations. The International Soundscape Database (ISD) is used
to evaluate model generalisation to new acoustic environments. Key preprocessing steps, exploratory
analyses, and dataset comparisons are presented to highlight the characteristics and relevance of each
dataset for predicting perceptual attributes.

4.1. ARAUS dataset
As the AD_CNN and SoundAQnet were both trained on the ARAUS dataset, using the same dataset
ensures accurate benchmarking, as the entire training pipeline can be consistently replicated. The
Affective Responses to Augmented Urban Soundscapes (ARAUS) dataset is a large-scale dataset that
captures human responses to systematically modified urban sound environments (Ooi et al., 2024).
According to Ooi et al. (2024) this was necessary because existing datasets lack subjective labels that
reflect how listeners perceive the affective quality of the environments. This absence restricts their
suitability for soundscape studies, as understanding human perception is essential for analysing and
accurately modelling people’s perception of a soundscape.

The ARAUS dataset includes over 25,000 human ratings collected through laboratory-based listening
experiments using 30-second audiovisual stimuli. These stimuli were created by augmenting real-world
urban recordings, base scenes from the Urban Soundscapes of the World (USotW) database (De Co-
ensel et al., 2017), with additional sound elements, such as birdsong, water flow, construction noise,
traffic, wind or silence, also called maskers. The augmented soundscapes were presented at differ-
ent relative loudness levels to simulate valid environmental scenarios. The evaluation protocol follows
ISO/TS 12913-2:2018 (ISO, 2018) guidelines and incorporates the Affective Response Questionnaire
(ARQ), which measures responses across nine perceptual attributes: pleasant, annoying, eventful,
uneventful, vibrant, monotonous, chaotic, calm, and appropriate. This includes the eight perceptual at-
tributes that are the focus of this thesis. Furthermore, the dataset includes labels for scene categories,
sound sources, and derived ISO metrics such as Pleasantness and Eventfulness. A total of 605 partici-
pants contributed to the study, and additional demographic and psychological data were also collected.
These responses offer a rich foundation for perceptual modelling of soundscape quality. To support
machine learning applications, the dataset is divided into five cross-validation folds and an independent
test set.

4.1.1. Extending ARAUS for model training
To develop and train the models AD_CNN and SoundAQnet, Hou et al. (2024) utilized the ARAUS
dataset. The models were designed to predict acoustic scenes (e.g., public square, park, street traffic),
audio events (i.e., sound sources), and perceptual attributes such as pleasant, eventful, and annoyance.
Although the ARAUS dataset was suitable for perceptual attribute prediction, it lacked scene labels
and included only six annotated audio events. Given the complex acoustic environments in the Urban
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Sound of the World (USotW) dataset, the limited event labels were insufficient for training a robust
model.

To address this limitation, the authors leveraged the PANN (Pretrained Audio Neural Network) model
introduced by Kong et al. (2020), which was trained on AudioSet and can recognize 527 distinct audio
event categories. Each 30-second audio clip was segmented into one-second intervals, and PANNwas
applied to extract per-segment probabilities for each event class. The threshold was set at 0.5 to yield
binary presence or absence labels for each event per segment. By aggregating the event detections
across all segments, the researchers identified the most frequently occurring classes and selected the
15 most relevant audio event categories for their task. These categories were: bird - animal - wind
- water - natural sounds - vehicle - traffic - sounds of things - environment and background - outside,
rural or natural - speech - human sounds - music - noise - silence. For model training, only clip-level
binary audio event labels were required. To obtain these, PANN was re-applied to the full 30-second
clips, resulting in a single 527-dimensional probability vector per clip. From this vector, the probabilities
associated with the 15 selected event categories were extracted and binarized using a lower threshold
of 0.1, producing the final clip-level labels used for training SoundAQnet.

In the original ARAUS experiment (Ooi et al., 2024), the dataset was divided such that the validation
set contained 5,040 samples, while the test set comprised only 48 samples. The big imbalance in the
data and the limited size of the test set made it hard to accurately check how well the model would work
on new data. To overcome this issue and make the evaluation more robust, the dataset was randomly
mixed and then split again into new training, validation, and test sets.

The revised dataset configuration consists of 25,248 unique 30-second binaural audio clips, with strict
enforcement of non-overlapping subsets. From this collection, 19,152 clips (approximately 75%) were
allocated to the training set, 2,520 clips (10%) to the validation set, and the remaining 3,576 clips (15%)
to the test set. This new split ensures a more balanced and statistically representative distribution
of samples, thereby enabling a more reliable and meaningful assessment of model performance on
unseen data.

This thesis follows the training pipeline of the AD_CNN and SoundAQnet models, using the same
training, validation, and test sets. The corresponding .txt files were provided on the SoundSCaper
GitHub repository. These include the following files for each of the training, validation, and testing splits:

• ..._set_audio_file_ids.txt – provided on GitHub, contains audio file IDs
• ..._acoustic_scene_labels.txt – provided on GitHub, contains scene label
• ..._set_audio_event_labels.txt – provided on GitHub, contains event labels
• ..._set_PAQ_8D_AQs.txt – provided on GitHub, contains labels for eight perceptual atttributes
• ..._set_masker.txt – generated to indicate the corresponding masker for each audio file
• ..._set_soundscapes.txt – generated to indicate the corresponding soundscape for each audio
file

• ..._set_appropriate_leql_leqr.txt – generated to specify the appropriate affective quality and cor-
responding sound level for each audio file

The audio files themselves had to be downloaded manually. The download pipeline provided in the
ARAUS GitHub3 repository was followed. Downloading and augmenting all audio resulted in a dataset
totalling 132 GB of raw .wav files.

The pickle script and all .txt files can be found on this thesis’ GitHub. An overview of the repository’s
homepage is provided in Appendix A.

4.1.2. Explanatory Data Analysis
To ensure a representative and balanced distribution of perceptual information across the training, val-
idation, and test sets, an exploratory analysis was conducted on the eight perceptual attributes, or
Perceived Affective Quality (PAQ) attributes: pleasant, eventful, chaotic, vibrant, uneventful, calm, an-
noying, and monotonous. By analysing and visualising their distributions across the dataset splits, it

3GitHub repository: https://github.com/ntudsp/araus-dataset-baseline-models

https://github.com/ntudsp/araus-dataset-baseline-models
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Figure 4.1: Bar plots showing the distribution of the eight perceptual attributes across the training, validation, and test sets.

is possible to assess the presence of imbalances or biases that could impact model generalisation.
Furthermore, the sound source events are also briefly explored, as these will be among the target out-
puts of the parameter-reduced models. The dataset includes 15 distinct sound source categories, and
analysing their distribution provides insight into the diversity and balance of the acoustic events that
the model is expected to predict.

The original ARAUS paper also conducted an exploratory data analysis to verify data quality and em-
pirical consistency with known literature. It found that the sound maskers used to augment the sound-
scapes aligned with established perceptual effects: for instance, bird and water sounds generally in-
creased perceived pleasantness, while traffic, construction, and wind tended to decrease it. Interest-
ingly, the negative effect of wind on pleasantness was somewhat unexpected but was partly attributed
to the absence of physical sensations in laboratory listening conditions. Overall, the ARAUS dataset
successfully spans the entire ISO Pleasantness and ISO Eventfulness space, covering all quadrants,
making it well-suited for perceptual soundscape research.

Perceptual attributes
Figure 4.1 shows the distribution of the eight perceptual attributes across the training, validation, and
test sets. To account for the larger size of the training set, all distributions have been normalized.
The distributions are largely consistent across all three sets, suggesting that the data splitting process
preserved the perceptual diversity of the dataset. Each attribute spans the full range of the 5-point scale,
with notable density around the midpoints (2–4). Interestingly, the rating of 3 appears less frequently
than 2 and 4. This may be because 3 represents a neutral response, which participants could have
found less expressive or meaningful when describing their perception of a soundscape. The similarity
in shape and central tendency across sets for each attribute implies that the model will encounter a
comparable perceptual soundscape during training and evaluation, reducing the risk of performance
bias due to distributional shifts.

Sound source events
Figure 4.2 presents the overall frequency of audio event categories across the full dataset. As can be
seen, most sound sources occur more than 10,000 times, with Animal, Sounds of things, Speech, and
Human sounds appearing most frequently. In contrast, events such as Silence, Wind, and Outside,
rural or natural appear relatively infrequently, suggesting that certain ambient or less intrusive sounds
are under-represented. As a result, these under-represented classes may be less likely to be accu-
rately predicted by the models, particularly in multi-label classification tasks where class imbalance
can significantly impact performance.



4.2. The International Soundscape Database 29

So
un

ds
 o

f t
hi

ng
s

Ve
hi

cl
e

Bi
rd

An
im

al

H
um

an
 s

ou
nd

s

O
ut

si
de

, r
ur

al
 o

r n
at

ur
al

En
vi

ro
nm

en
t a

nd
 b

ac
kg

ro
un

d

Sp
ee

ch

M
us

ic

Tr
af

fic

N
oi

se

W
in

d

W
at

er

N
at

ur
al

 s
ou

nd
s

Si
le

nc
e

Audio Event

0

2500

5000

7500

10000

12500

15000

17500
C

ou
nt

Overall Frequency of Audio Events

Figure 4.2: Audio events across entire dataset.

4.2. The International Soundscape Database
To assess the generalisability of models trained on the ARAUS dataset, their performances are evalu-
ated on a different dataset. An appropriate candidate is the International Soundscape Database (ISD),
which also consists of 30-second audio recordings in diverse urban settings across Europe and China,
accompanied by subjective evaluations using Likert-scales (Mitchell et al., 2024).

4.2.1. Explanatory Data Analysis
Although the dataset includes questionnaire responses for Chinese cities, the corresponding .wav au-
dio files are unavailable. Therefore, only recordings for which both the audio and complete perceptual
attribute responses (i.e., no NaN values) are available are included in the analysis. Additionally, since
multiple responses exist for each recording, the mean of these responses is computed per audio file.
This results in a total of 812 usable audio files, each with corresponding averaged perceptual evalua-
tions. The distribution of these attributes is shown in Figure 4.3.

Compared to the distribution presented for the ARAUS dataset (Section 4.1.2), a violin plot is now
used, as the values are continuous (due to averaging) rather than strictly integer-based. As shown,
the attributes pleasant, eventful, and vibrant tend to skew towards higher values, whereas uneventful,
annoying, andmonotonous generally exhibit lower scores. The only attributes that are relatively evenly
distributed are chaotic and calm.

4.2.2. Model adjustments for generalisation study
To evaluate the models on the ISD dataset, several modifications must be made to accommodate its
limited label availability. Audio clips need to be standardised to a fixed duration by mirroring shorter
clips and truncating longer ones. Only files listed in the ISD metadata should be included. Since the
dataset lacks labels for scenes, events, and ISO attributes, dummy variables must be inserted during
data generation to maintain compatibility with existing model architectures. Loudness features, used in
SoundAQnet, should also be replaced with placeholder values due to the absence of calibration data
required for accurate estimation. During evaluation, only the regression outputs for the eight perceptual
attributes are retained; all classification-based metrics must be disabled.

To obtain usable outputs from the models, inference should be performed on a per-audio-file basis
rather than as a batch performance evaluation. The inference scripts must be adapted to output predic-
tions directly for each file, bypassing any requirement for ground-truth labels. For consistency across
models, only the acoustic event probabilities and eight perceptual attribute predictions should be con-
sidered. These outputs should be saved in a structured format to allow post-processing, including the
calculation of Pleasantness and Eventfulness scores and their visualisation on a 2D circumplex model.
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Figure 4.3: Distribution of Perceptual Attributes in International Soundscape Database.

4.3. Dataset comparison: ARAUS vs. ISD
To compare with the ARAUS training dataset used for model development, the average values of the
perceptual attributes were analysed and are shown in Table 4.1. The ISD dataset shows higher average
scores for pleasant, eventful, and vibrant, suggesting that it represents amore stimulating and positively
perceived sound environment. On the other hand, the average values for uneventful, annoying, and
monotonous are lower, indicating fewer negative perceptions.

This difference shows a clear shift in perception between the two datasets. The ARAUS dataset ap-
pears to be more neutral, while the ISD dataset is generally more positively rated. As a result, a model
trained only on ARAUS data might underestimate positive attributes like pleasant and vibrant, and
overestimate negative ones such as annoyance and monotonous when tested on ISD data.

Table 4.1: Mean perceptual attribute scores in ARAUS training set and ISD, and their differences.

Dataset Pleas. Eventf. Chaot. Vibra. Uneventf.Calm Annoy. Monot.

ARAUS Training set 3.00 2.88 2.65 2.84 2.98 2.83 2.86 2.95
ISD 3.78 3.30 2.65 3.47 2.52 3.20 2.20 2.24

Difference ≈ 0.78 ≈ 0.41 ≈ 0.00 ≈ 0.63 ≈ -0.46 ≈ 0.37 ≈ -0.66 ≈ -0.71
(ISD - ARAUS)



5
Results

This chapter presents the results of all experiments conducted in this thesis. It covers the training
process, evaluation of four lightweight neural network models, performance benchmarking against ex-
isting baselines, and the development of a new ensemble model. A generalisation study is introduced
to demonstrate generalisability.

5.1. Model benchmarking overview
To evaluate model performance, all models described in Chapter 3 were tested on a held-out test set
consisting of 3,576 samples from the ARAUS dataset. For each model, both the AUC and MSE were
computed. Furthermore, the mean of the MSE values was calculated to provide an overall indication
of regression performance. Finally, inference time is measured by isolating the pure model forward
pass computation. The computer used comprises an i7-8750H CPU@ 2.20GHz and a NVIDIA Quadro
P1000GPUwith 4GBRAM. For each test sample, themel spectrogram input is fed directly to the trained
model, and the time is measured from the start of the forward pass until all outputs are generated. This
process is repeated across 100 individual samples, and the mean inference time is reported.

The results are summarized in Table 5.1, which also includes inference time to indicate how efficiently
each model processes a mel spectrogram to output. For reference, two benchmark models from the
study by Hou et al. (2024) are included: the original AD_CNN, which has the lowest number of pa-
rameters, and SoundAQnet, which achieved the highest overall performance. As shown in the Table,
several of the developed models approach the performance of the original AD_CNN baseline while
substantially reducing model size. AD_CNN_dense_layer and AD_CNN_hop_length yield the best re-
sults among the variants, with MSE means of 1.155 and 1.159 respectively, only slightly higher than
the baseline value of 1.128. In terms of classification performance, all variants perform comparably to
AD_CNN, with AUC scores ranging from 0.82 to 0.85, indicating no substantial drop in event classifi-
cation capability.

In terms of inference time, AD_CNN_hop_length is the most efficient among the developed models,
requiring only 7.79ms per sample. This improvement is primarily due to the reduced temporal resolution
of its input spectrogram (1501 × 64), compared to the standard 3001 × 64 used by all other models.
Despite this reduction in input size, its performance remains strong, with an AUC of 0.85 and an MSE
mean nearly identical to that of AD_CNN_dense_layer.

Interestingly, AD_CNN_dense_layer shows the slowest inference among the variants (13.77 ms), de-
spite containing roughly the same number of parameters as AD_CNN_hop_length. This suggests that
parameter count alone does not determine inference speed. Notably, the AD_CNN_harder_max_pooling
model, with the lowest parameter count (98,567), maintains comparable classification performance
(AUC = 0.84), but at the cost of slightly higher MSE (1.228). Its inference time, however, remains on
par with the original AD_CNN. The complete set of MSE calculations for the perceptual attributes is
provided in Appendix C, Table C.1 & C.2.
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Overall, the modified models represent effective trade-offs between predictive performance and com-
putational efficiency. While SoundAQnet delivers the strongest results (AUC = 0.94, MSE = 1.052), the
performance differences are relatively small considering its significantly larger parameter count. This
highlights the potential of the adapted AD_CNN variants as practical and efficient alternatives.

Table 5.1: Comparison on developed models + benchmark models on the test set.

# Model Parameters Event
Classification

Perceptual
Attributes

Inference
Time

AUC MSE Mean ms
1 AD_CNN_decreased_filters 252,287 0.84 1.488 8.46
2 AD_CNN_dense_layer 279,767 0.82 1.155 13.77
3 AD_CNN_hop_length 280,967 0.85 1.159 7.79
4 AD_CNN_harder_max_pooling 98,567 0.84 1.228 13.20
5 AD_CNN 520,967 0.84 1.128 13.79
6 SoundAQnet 2,701,812 0.94 1.052 114.32

5.2. Training process recap
To evaluate and compare the performance of lightweight neural networks in predicting perceptual sound-
scape attributes, a consistent training pipeline was implemented. The input data consisted of log-mel
spectrograms, processed from 30-second raw audio clips and saved as .npy files. These spectro-
grams were normalized using dataset-wide statistics to ensure uniform scaling across training batches.
All models shared identical preprocessing procedures and were trained with a batch size of 32 and a
learning rate of 1×10−4. Training was carried out for up to 100 epochs, with early stopping employed to
prevent overfitting. The early stopping criterion monitored the validation loss for the perceptual attribute
pleasant, with a patience of 10 epochs, and preserved the weights of the best-performing model. Each
model was evaluated based on prediction performance, model complexity, and inference efficiency.

5.3. Results per model
This section presents the outcomes of the four lightweight neural network models evaluated in this
thesis. Each model is a variation of the baseline AD_CNN architecture and aims to reduce parameter
count while retaining predictive accuracy on perceptual soundscape attributes. Key differences in de-
sign are outlined per model, followed by an evaluation of their prediction performance and inference
characteristics.

5.3.1. AD_CNN_decreased_filters
The model AD_CNN_decreased_filters reduces the number of convolutional filters by half in each layer
compared to the baseline (e.g., 16→8, 32→16). This modification significantly decreases the dimen-
sionality of the feature maps before reaching the dense layers. The input resolution remains unchanged
at 3001 time frames and 64 mel bins, and the dense layer configuration remains unchanged, with a
fully connected layer of 100 units. As a result, the total number of trainable parameters is reduced to
252,287.

Figure 5.1 shows that the model trained for 41 epochs, with a steady decrease in training loss and
stable validation metrics. The Event AUC on the validation set initially improves and then stabilizes,
while the regression MSEs for pleasant and the mean of the 8D PAQ attributes show modest variability.
This indicates that the model converges, but may not have sufficient capacity to fully learn the com-
plex patterns associated with perceptual attributes. This behaviour, combined with the reduced model
capacity, could be a sign of underfitting, where the model lacks representational power.

5.3.2. AD_CNN_dense_layer
Themodel AD_CNN_dense_layer retains the original convolutional architecture of the baseline AD_CNN
model but reduces the size of the dense layer from 100 to 50 units. This change significantly reduces
the number of trainable parameters in the final part of the network while preserving the representa-
tional capacity of the convolutional feature extractor. The input resolution is maintained at 3001 time
frames and 64 mel bins, and the rest of the model configuration, including the number of filters and
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Figure 5.1: Training and Validation performances of AD_CNN_decreased_filters model.
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Figure 5.2: Training and Validation performances of AD_CNN_dense_layer model.

pooling strategy, remains unchanged. As a result, the total number of trainable parameters is reduced
to 279,767.

Figure 5.2 shows that the model trained for 56 epochs, with a steady decrease in training loss and
relatively stable validation performance. The Event AUC on the validation set shows a consistent
improvement before reaching a plateau, suggesting reasonable discriminative capacity for audio events.
The MSEs for pleasant and the mean of the 8D PAQ attributes continue to decrease, although only
marginally beyond epoch 46, where the validation set achieved its lowest pleasant MSE. This suggests
that the model’s validation performance is still improving, albeit at a slower rate, while the training loss
shows a steady decline. Therefore, there is no indication of overfitting, and the model appears to
generalise well.

5.3.3. AD_CNN_hop_length
The model AD_CNN_hop_length increases the hop length used during mel spectrogram extraction,
resulting in a lower temporal resolution and a shorter sequence length (fewer time frames) compared
to the original configuration. This adjustment reduces the computational load by decreasing the number
of time steps while preserving the overall time–frequency structure of the input. The rest of the model
architecture remains unchanged.
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Figure 5.3: Training and Validation performances of AD_CNN_hop_length model.

Figure 5.3 shows that the model trained for 37 epochs, with a consistent decrease in training loss
that begins to plateau around epoch 25. The validation metrics, Event AUC, pleasant MSE, and the
mean 8D PAQ MSE, also improve steadily but show signs of early stabilisation. The pleasant MSE
reaches its lowest value at epoch 27, after which performance levels off. This indicates that the model
is capable of learning the relevant perceptual patterns in the data. However, the early plateau in both
training and validation metrics may suggest limited model capacity, pointing to mild underfitting rather
than overfitting.

5.3.4. AD_CNN_harder_max_pooling
The model AD_CNN_harder_max_pooling modifies the baseline architecture by applying more aggres-
sive max pooling operations after the convolutional layers. This adjustment increases the degree of
spatial downsampling, thereby reducing the dimensionality of intermediate feature maps and lower-
ing the computational load. The overall structure of the model, including the convolutional blocks and
dense layers, remains unchanged, resulting in a parameter count of 98,567.

Figure 5.4 shows that the model trained for 44 epochs, with a steady decline in training loss throughout,
indicating effective convergence. The validation metrics reveal that audio event classification achieves
high AUC values, while the MSEs for pleasant and the averaged 8D PAQ perceptual attributes remain
relatively stable over epochs. This suggests that, despite the reduced model size, the network main-
tains adequate generalisation capability. However, the early flattening of the validation metrics could
point to a mild underfitting effect due to overly compressed feature representations.
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Figure 5.4: Training and Validation performances of AD_CNN_harder_max_pooling model.

5.4. The combined model
The results in Table 5.1 indicate that two models, namely AD_CNN_hop_length and AD_CNN_dense_
layer, demonstrate the most promising performance. While AD_CNN_hop_length offers the fastest
inference time (7.79 ms) due to its reduced temporal resolution input, AD_CNN_dense_layer achieves
the lowest MSE among the modified models, with only a slight increase compared to the original
AD_CNN baseline.

AD_CNN_dense_hop_combined
To explore whether further efficiency gains could be achieved without significantly sacrificing accuracy,
a new hybrid model, called AD_CNN_dense_hop_combined was designed. This model combines the
coarser temporal resolution of AD_CNN_hop_length with the smaller dense layer of AD_CNN_dense_
layer, effectively integrating the main simplifications from both. The aim was to reduce the overall
parameter count and improve inference speed while maintaining comparable prediction quality.

Figure 5.5 shows the training and validation metrics across epochs. The training stopped after 62
epochs, with the best validation MSE for pleasant achieved at epoch 52. The training loss steadily
decreased over time, indicating consistent learning without signs of overfitting. The validation AUC
remained stable throughout the training process, suggesting reliable event classification performance.
Additionally, the mean MSE for the 8D PAQ attributes gradually declined and began to stabilize around
epoch 50.
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Figure 5.5: Training and Validation performances of AD_CNN_dense_hop_combined model.

To assess the effectiveness of the newly developed hybrid architecture, AD_CNN_dense_hop_combined
(#5), the model was evaluated on the same held-out ARAUS test set used for previous comparisons.
The results are summarized in Table 5.2. For reference, the partial models (#1 and #2) are also in-
cluded, alongside the benchmark models (#3 and #4).

The hybrid model achieves an AUC of 0.83 for event classification, which is comparable to the other
AD_CNN variants. For perceptual attribute regression, the model achieves a mean MSE of 1.114, the
lowest among all parameter-reduced variants and even slightly outperforming the original AD_CNN
(#3) baseline with approximately 1.2 percentage points. This indicates that the integration of reduced
temporal resolution and a smaller dense layer does not compromise prediction accuracy and may even
improve generalisation.

Table 5.2: Performance of the AD_CNN_dense_hop_combined model on the test set.

# Model Parameters Event
Classification

Perceptual
Attributes

Inference
Time

AUC MSE Mean ms
1 AD_CNN_dense_layer 279,767 0.82 1.155 13.77
2 AD_CNN_hop_length 280,967 0.85 1.159 7.79
3 AD_CNN (baseline) 520,967 0.84 1.128 13.79
4 SoundAQnet 2,701,182 0.94 1.052 114.32
5 AD_CNN_dense_hop_combined 159,767 0.83 1.114 7.23

5.5. Generalisation performance of the models on ISD
To further assess the generalisability of the developed models, a generalisation study was conducted
using the International Soundscape Database (ISD). While Chapter 3 detailed the ISD dataset’s struc-
ture and the rationale for its selection, this section presents the results of evaluation.

The goal of this study is to examine how well models trained exclusively on the ARAUS dataset perform
when applied to audio files from a different source. The ISD dataset offers a distinct set of urban parks,
accompanied by subjective evaluations, enabling an external validation of model robustness.

Both SoundAQnet, the best performing model developed by Hou et al. (2024), and the ensemble model
AD_CNN_dense_hop_combined, introduced in the previous section, are included in the evaluation. For
completeness, the original baseline AD_CNN has also been included. Model predictions are compared
against the ground-truth perceptual ratings, obtained by averaging human annotations from the ISD
dataset. Performance is analysed via regression metrics, and by using perceptual mapping in the ISO
12913-2 circumplex model. These analyses provide insights into whether the models can accurately
capture perceptual soundscape attributes beyond the conditions they were trained on.
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5.5.1. Generalisation results on the ISD
Running the inference script for all three models produces MSE scores for each perceptual attribute
individually, as well as the average MSE across all attributes. These results are presented in Table 5.3.

Table 5.3: MSE of Perceptual Attribute Predictions on the ISD.
Model MSE

Pleas. Eventf. Chaot. Vibra. Uneventf. Calm Annoy. Monot. Mean
AD_CNN_ 3.859 1.056 1.534 1.701 1.033 3.244 2.327 1.144 1.987
dense_hop_
combined
AD_CNN 3.809 1.093 1.384 1.763 1.104 3.260 1.814 1.128 1.919
(baseline)
SoundAQnet 2.006 1.005 1.392 1.447 1.169 1.680 1.980 1.686 1.545

As showed above, the AD_CNN_dense_hop_combined model achieves a mean MSE of 1.987 across
perceptual attributes, demonstrating solid performance despite its lightweight architecture. Its score is
comparable to that of its baseline, the original AD_CNN, which attains a mean MSE of 1.919. Specifi-
cally, although the lightweight variant has nearly three times fewer parameters, it performs only slightly
worse, by approximately 3.5 percentage points. Both models show higher prediction errors on the
attributes pleasant, calm, and annoying. In contrast, SoundAQnet achieves the lowest mean MSE
(1.545), consistently outperforming both AD_CNN and AD_CNN_dense_hop_combined across nearly
all perceptual attributes. This aligns with its performance on the ARAUS test set and highlights its
strong generalisation capability. Notably, it predicts pleasant with considerably lower error than the
other models.

5.5.2. Perceptual mapping and model interpretability
Since the original AD_CNN performed comparably to the AD_CNN_dense_hop_combined, it is ex-
cluded from further evaluation in this section. The remainder of the analysis will therefore focus on the
SoundAQnet and the AD_CNN_dense_hop_combined.

After running the inference scripts, a results notebook was developed to process the outputs. It com-
putes the ISO Pleasantness and ISO Eventfulness scores for each audio sample. These scores, along
with the ground-truth values, are then plotted on a two-dimensional circumplex model, providing a visual
interpretation of the perceptual soundscape dimensions.

The ISD dataset comprises recordings from 19 urban soundscapes, specifically 19 parks located across
four cities: Granada, Groningen, London, and Venice. However, for clarity and conciseness, this sec-
tion focuses on a subset of four representative parks. The corresponding results are visualised in
Figure 5.6. Visualisations for the remaining cities are included in Appendix C for reference.

In Russell Square (London), ground-truth responses cluster moderately in the pleasant and slightly
eventful quadrant, indicative of a generally positive and moderately stimulating soundscape. The
AD_CNN_dense_hop_combined model substantially underestimates pleasantness, with many of its
predictions falling into the unpleasant quadrant. This reflects limited accuracy in capturing percep-
tual attributes contributing to ISO Pleasantness. It is also noteworthy that the blue dots (AD_CNN_
dense_hop_combined predictions) are closely grouped together, indicating low variability. SoundAQnet
performs better than the AD_CNN_dense_hop_combined model, though it still underestimates both
pleasantness and eventfulness.

The Noorderplantsoen (Groningen) plot shows ground-truth ratings highly concentrated in the pleasant
and moderately eventful quadrant, denoting a positively perceived and moderately lively soundscape.
In this case, both AD_CNN_dense_hop_combined and SoundAQnet predict approximately the same
region in the circumplex. They perform reasonably well on the Pleasantness dimension but tend to
underestimate the Eventfulness of the park.
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Figure 5.6: Two-dimensional circumplex models of perceptual attributes for four urban soundscapes, derived from the ISD
dataset.



5.5. Generalisation performance of the models on ISD 39

In Regents Park Fields (London), ground-truth ratings clearly indicate high pleasantness and moderate
eventfulness, reflective of a positively stimulating acoustic setting. The AD_CNN_dense_hop_combined
model predicts values near the centre of the circumplex, but with a noticeably small spread of predic-
tions. SoundAQnet closely matches the perceptual characteristics of this soundscape, slightly under-
estimating Pleasantness while accurately estimating Eventfulness.

Lastly, Marchmont Garden (London) exhibits moderate pleasantness and relatively low eventfulness
in the ground-truth data, suggesting a calm and agreeable acoustic atmosphere. The relatively large
spread of ground-truth responses implies varied perceptions among participants. The AD_CNN_dense_
hop_combined model places its predictions near the neutral point, with a tendency toward higher Event-
fulness, thus failing to accurately capture the pleasant nature of the soundscape. Once again, its pre-
dictions are tightly clustered, indicating low variance. SoundAQnet predictions are broadly consistent
with the ground-truth but show slight underestimation of Pleasantness.

Overall, the circumplex analyses highlight the limitations of the AD_CNN_dense_hop_combined model
in capturing the perceptual diversity of urban soundscapes. While it occasionally produces accurate pre-
dictions, its outputs tend to cluster within a narrow region of the circumplex, failing to reflect the broader
range of perceptual responses observed in the ground-truth data. These ground-truth responses often
span multiple quadrants, suggesting that individual soundscapes evoke highly variable and subjec-
tive experiences. This perceptual complexity poses a significant challenge for lightweight models like
AD_CNN_dense_hop_combined, which may struggle to generalise due to their constrained number of
parameters. In contrast, SoundAQnet demonstrates more robust generalisation, better capturing the
diversity present across urban environments, albeit still with notable limitations.

Additionally, the AD_CNN_dense_hop_combined model appears to underperform particularly on the
ISO Pleasantness dimension. This can be explained by the fact that the perceptual attributes pleasant
and annoying are the primary contributors to the ISO Pleasantness score, as defined by the formulas
introduced in Section 1.2.2. Notably, these are also the attributes for which the model showed the
highest prediction errors, as reported in Table 5.3 in the previous section. This alignment further con-
firms that the model struggles to accurately capture ISO Pleasantness, highlighting a key limitation in
its generalisation capability for affective soundscape dimensions.



6
Discussion

This chapter critically evaluates the implications and significance of the research findings presented in
Chapter 5. It begins by interpreting the performance of the developed models, offering explanations for
observed outcomes, discussing potential reasons for their generalisation behaviour, and considering
their practical applicability in real-world urban settings. Subsequently, the limitations of the datasets,
models, and experimental procedures are discussed, highlighting areas that could benefit from further
investigation. Finally, the chapter addresses policy implications arising from the successful deployment
of lightweight predictive models in urban soundscapes, along with associated ethical considerations.

6.1. Interpretation of results
This study evaluated four lightweight neural network architectures for the task of predicting percep-
tual soundscape attributes from urban audio recordings. The objective was to identify models suit-
able for real-time inference on low-cost, resource-constrained sensors, so limited to a maximum of
300,000 trainable parameters, while maintaining acceptable predictive accuracy and acceptable infer-
ence speed.

Among the developed models, AD_CNN_dense_layer and AD_CNN_hop_length demonstrated the
strongest performance on the test set, achieving a mean MSE of 1.155 and 1.159, respectively. In the
AD_CNN_dense_layer model, the fully connected layer was reduced from 100 to 50 units, resulting
in fewer input and output heads. In the AD_CNN_hop_length model, the temporal resolution of the
input was reduced during preprocessing: a larger hop length yielded spectrograms with less detailed
information.

These two strategies were subsequently combined into a single ensemble model, named AD_CNN_
dense_hop_combined, to assess their complementary effect. Somewhat unexpectedly, this combined
model achieved a further reduction in mean MSE to 1.114 on the test set, outperforming the baseline
AD_CNN benchmark proposed by Hou et al. (2024), based on the original architecture by Ooi et al.
(2024), which reached a mean MSE of 1.128.

This outcome was initially surprising, as both parameter reduction and temporal coarsening are gener-
ally expected to reduce model capacity and potentially limit predictive accuracy. However, in line with
the principle of Occam’s Razor, simpler models are often preferable when they achieve comparable or
better results. Reducing the size of fully connected layers in CNN architectures has previously been
shown to be an effective simplification strategy that preserves accuracy (Sharma, 2022).

Moreover, while reducing temporal resolution limits the granularity of frequency content over time, it
can be beneficial for tasks like sound event detection, where identifying the presence of events is
more important than their exact timing (Leiber et al., 2023). This observation supports the finding that
coarse temporal features, combined with smaller dense layers, can still capture sufficient perceptual
information to make accurate predictions.

In the generalisation study, both the parameter-reduced ensemble model and the SoundAQnet model,
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identified as the best-performing benchmark, were evaluated in inference mode on an unseen dataset:
the International Soundscape Database (ISD). While both models demonstrated satisfactory perfor-
mance on individual attributes such as pleasant, annoying, and calm when tested on the ARAUS
dataset, the same dataset they were trained on, their performance on these same attributes declined
noticeably when evaluated on the ISD. This highlights a drop in generalisability when the models are
applied to data from a different distribution. A common challenge in deep learning, whenmodels trained
on one dataset struggle to predict the same target but then from a different dataset (X. Zhang et al.,
2024).

One possible explanation could be the differences between the datasets themselves. For instance,
the mean score for pleasant is 3.78 in the ISD dataset, compared to just 3.00 in ARAUS. However,
if this argument is made, it would also need to be applied to other attributes such as monotonous,
which shows a comparable difference of 0.71 between the datasets. Furthermore, the distribution of
the scores does not serve as a sufficient justification either. While attributes like pleasant and annoying
indeed show skewed distributions, this is also true formonotonous and vibrant. Similarly, the distribution
of calm closely resembles that of uneventful, albeit in the opposite direction.

Valid reasons for the performance differences can be traced back to differences in the audio files them-
selves, particularly in how they were created. The ARAUS dataset consists of laboratory-generated
audio recordings, whereas the ISD contains real-world in-situ recordings. In-situ soundscapes are typi-
cally more acoustically complex and less controlled with respect to which sound sources are present or
dominant. In such environments, certain sounds may be overwhelmed by others, making them harder
to perceive. By contrast, in ARAUS, maskers were deliberately added at varying loudness levels dur-
ing the augmentation process, which could make specific sounds more prominent and easier to detect,
both for human listeners and predictive models. For example, a bird sound is an important factor for
perceived pleasantness; if the model fails to recognize it due to background masking in real-world
recordings, it might underestimate the pleasantness of the soundscape.

6.2. Limitations
6.2.1. Limitations of the ARAUS dataset
The ARAUS dataset carries several known limitations, as identified by Ooi et al. (2024), including a
demographically skewed participant pool, a limited set of masker types, and the artificial nature of the
audio-visual stimuli. These limitations also apply to this study, as no corrective measures or alternative
datasets were used.

6.2.2. Limitations of the models
The training was conducted using a fixed learning rate, batch size, and optimizer, in accordance with
the training pipeline proposed by Hou et al. (2024). As a result, no systematic hyper-parameter opti-
mization was performed, which may have limited the models from reaching their optimal performance.
Although alternative batch sizes and learning rates were briefly explored, future work could incorporate
automated hyper-parameter tuning methods, such as grid search or Bayesian optimization, to more
effectively explore the parameter space and improve model performance.

This study did not explore modifications to components such as Batch Normalization, Dropout, or ReLU
activations, which could influence training stability, model regularization, and generalisation perfor-
mance. These elements were left unchanged to maintain a controlled comparison between differ-
ent parameter-reduction strategies. However, their omission may have limited the models’ ability to
generalise. To mitigate this, future work could investigate lightweight forms of normalization and reg-
ularization that are compatible with low-cost, resource-constrained sensors. Incorporating techniques
regarding Batch Normalization or different dropout rates could improve robustness without significantly
increasing the model size, as those techniques add very few parameters to the model (Ioffe & Szegedy,
2015).

Furthermore, training could have been repeatedmultiple timeswith different random seeds to strengthen
the robustness of the results. This would help account for variability due to weight initialization and ran-
domness during training (Menart, 2020). However, each run required at least eight hours, depending
on when early stopping was triggered, making it impractical to train each model, for example, ten times
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to compute reliable average performance metrics. This limitation could be mitigated in future work by
utilizing more powerful computational resources to enable extensive experimentation within a reason-
able time-frame.

In the original AD_CNN and SoundAQnet training procedure, ISO Pleasantness was used as the val-
idation monitor for early stopping. Since this thesis excludes the ISO metrics as prediction targets,
the individual perceptual attribute pleasant was used instead to guide early stopping when training the
parameter-reduced models. However, ISO Pleasantness is a composite construct derived from multi-
ple attributes, while pleasant represents only a single component of this broader metric. As a result,
using pleasant alone as the stopping criterion may not provide a sufficiently comprehensive reflection
of overall model performance. Although this choice likely had a limited effect on training outcomes, a
more balanced approach would have been to monitor the average validation error across all eight per-
ceptual attributes. Such an aggregated metric would offer a more holistic view of model generalisation
and help avoid overfitting to any one attribute, particularly since no single perceptual attribute can be
considered inherently more important than the others.

Another limitation of this thesis is the relatively arbitrary approach taken to reduce the parameters of the
original AD_CNN model. Specifically, parameter reduction was pursued by increasing the hop length,
decreasing the number of convolutional layers, halving the size of the dense layer, and adjusting the
max pooling configurations. These modifications were chosen somewhat straightforwardly, performed
incrementally by a single step, and not based on any systematic exploration or optimization method.
Consequently, the final model architectures might not represent the most efficient or optimal solutions
for minimizing the parameter count while preserving predictive accuracy. For example, it remains un-
clear how predictive performance would be affected by further increases in hop length, or by additional
reductions in the size of convolutional and dense layers. Therefore, a more systematic and method-
ologically rigorous exploration of parameter reduction strategies could potentially yield more optimized
lightweight models, possibly even achieving improved performance.

6.3. Limitations of generalisation study
A key limitation of both the SoundAQnet model and the lightweight models developed in this study is
their reliance on fixed-length input. In contrast, the audio recordings from the ISD dataset vary in du-
ration, necessitating preprocessing steps to standardize their lengths. To achieve uniform input dimen-
sions suitable for batch processing and model compatibility, shorter clips were extended using mirror
padding, while longer clips were truncated. Although this approach enables consistent model input,
it may introduce unintended consequences. Truncation risks omitting important acoustic information,
particularly if salient events occur later in a recording. Mirror padding, while preferable to zero-padding,
can artificially repeat or reinforce existing patterns, potentially biasing the model toward features that
do not reflect the true soundscape. Additionally, this fixed-length preprocessing restricts the model’s
capacity to handle the natural variability of urban audio environments. Future research could explore
architectures that accept variable-length inputs or apply masking techniques to reduce the influence of
padded segments during training.

Another notable limitation is the omission of the loudness feature during inference with SoundAQnet.
Although the original model incorporates loudness as an additional input alongside Mel spectrograms, it
was excluded in this study because preprocessing relied on a specific calibration file. Using an incorrect
or mismatched calibration file resulted in inaccurate loudness values, which negatively affected model
predictions. As a result, loudness was deliberately omitted to preserve inference reliability. Nonethe-
less, loudness can still provide complementary information, and its inclusion may enhance predictive
performance. In the case of SoundAQnet, previous results have shown that including loudness im-
proved predicting performance (Hou et al., 2024). It is therefore plausible that the parameter-reduced
models developed in this thesis could also benefit from its inclusion. However, leveraging this feature
effectively requires a correct calibration file; otherwise, the model risks being misled by wrong input
data. Future work could revisit the use of loudness, provided that a reliable and correct calibration file
is used.



6.4. Policy implementations and implications 43

6.4. Policy implementations and implications
The integration of lightweight models for perceptual attribute prediction into urban policy frameworks
represents a promising advance towards more human-centric and sustainable urban design. By trans-
lating complex acoustic environments into interpretable perceptual dimensions, such as Pleasantness
and Eventfulness, these models provide policymakers with actionable insights that go beyond tradi-
tional noise metrics. However, the implementation of such models also brings several practical and
ethical considerations, which are discussed below.

6.4.1. Implementing lightweight perceptual attributes predicting models in prac-
tice

As demonstrated in this chapter, it is technically feasible to develop a perceptual attribute prediction
model that is both compact in size and capable of delivering strong predictive performance. This opens
the door to deployment on low-cost, resource-constrained sensors, as introduced by Cassens et al.
(2024), enabling scalable, city-wide deployment.

All four designed lightweight models, each based on the AD_CNNbaseline architecture and constrained
to fewer than 300,000 parameters, were capable of performing multi-label classification of environmen-
tal sound sources as well as regression-based prediction of the eight perceptual attributes. Among
these, two models, the variant with a reduced dense layer and the one using a spectrogram input with
a larger hop length, achieved performance comparable to the baseline. These two were subsequently
combined into an ensemble model, which yielded the best overall results. This hybrid model contains
only 159,767 parameters and predicts the eight perceptual attributes - pleasant, eventful, chaotic, vi-
brant, uneventful, calm, annoying, and monotonous - on a 5-point Likert scale, in accordance with the
ISO/TS 12913-3 standard for perceptual soundscape assessment (ISO, 2019).

Of particular relevance to urban policymakers is the derivation of the ISO-based indices Pleasantness
and Eventfulness, which can be visualised in real time using circumplex models on live dashboards.
As described in Section 5.5, the transformation from attribute scores to ISO metrics allows for intuitive
mapping of soundscapes in a two-dimensional perceptual space, with Pleasantness on the x-axis and
Eventfulness on the y-axis, following the model developed by Axelsson et al. (2010). Practically, sen-
sors could transmit the predicted perceptual attribute values to a computer, where the corresponding
ISO indicators are calculated and visualised.

These real-time visualisations provide a powerful tool for managing urban soundscapes. Policymakers
can use the circumplex dashboard to monitor how different areas of a city are acoustically perceived
over time. Even a single urban location can be analysed in detail. For instance, Zaffaroni-Caorsi
et al. (2025) investigated a square on their university campus and found that the paved section was
perceived as less pleasant and less eventful compared to the grassy side. Such findings can inform
urban planning decisions, potentially leading to policy changes, such as increasing greenery in specific
areas, to enhance the acoustic experience of public spaces.

6.4.2. Privacy considerations in real-time monitoring
Privacy does not present a significant issue in real-time monitoring, as long as key safeguards are
properly implemented. The current model uses 30-second audio clips for prediction, which could theo-
retically capture private conversations. However, this concern is effectively neutralized when all audio
is processed locally on the sensor itself. With no raw audio being stored or transmitted externally, pri-
vacy is preserved by design. Furthermore, edge-based processing is significantly more energy-efficient
than transmitting raw audio to the cloud, making it better suited for battery-powered or solar-powered
deployments (Karges et al., 2022). Additionally, reducing the input length to 5 or 10 seconds can fur-
ther minimize exposure to sensitive content, though it may impact the accuracy of perceptual attribute
predictions that rely on longer contextual cues. Most importantly, the system must comply with the
General Data Protection Regulation (GDPR), as outlined by European Union (2025).

6.4.3. Model bias and interpretability
While predictive models provide valuable insights, they are inherently shaped by the data on which they
are trained. The SoundAQnet and AD_CNN_dense_hop_combined models, for example, are trained
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on a large-scale dataset in which many individuals reviewed augmented soundscapes. This process
tends to moderate and generalise perceptual responses, reducing the influence of personal, subjective
emotions. As such, it is important to recognize that perceptions are always subjective, and contextual
factors play a critical role. According to Tarlao et al. (2021), the three main facets are: personal factors
(demographics) , situational factors (social activity), and environmental factors (visual environment).
Therefore, policymakers and practitioners should view themodel’s predictions as probabilistic estimates
rather than objective truths. One way to increase validity is by collecting localized perceptual ratings
to retrain or fine-tune the model, thereby aligning predictions with community expectations and lived
experience. However, this approach may also introduce new biases, as participants in perceptual
experimentsmay subconsciously adjust their ratings toward what they believe the experimenter expects
(Lindborg & Friberg, 2016).

6.4.4. Fine-tuning for specific usage
In the generalisation study, both developed models demonstrated a conservative tendency when pre-
dicting the pleasant and eventful attributes. This behaviour often resulted in poor estimation of the
ISO metric Pleasantness, with predictions frequently defaulting to neutral values. This underlines the
importance of local recalibration, especially when deploying models in real-world scenarios. Notably,
model performance on the ARAUS dataset suggests higher potential than was realised in the generali-
sation study, highlighting that generalisation remains a key challenge. Local fine-tuning or recalibration
not only enhances predictive accuracy but may also increase acceptance among stakeholders and the
public, as it demonstrates that the model has been specifically adapted to their local context (Wu et al.,
2024).
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Conclusion

This chapter provides a comprehensive synthesis of the research conducted in this thesis. It begins
by addressing each of the sub-questions that guided the investigation, followed by an answer to the
overarching research question. The chapter then outlines the practical and scientific contributions of
the work, highlighting the relevance of the developed models for real-world applications. Finally, it
reflects on potential directions for future research, offering suggestions for continued development and
validation of lightweight models for perceptual soundscape prediction.

7.1. Answers to research questions
7.1.1. Sub-question 1
Which existing deep learningmodels are suitable for predictingmultiple perceptual soundscape
attributes simultaneously, and how can they be adapted for low-cost, resource-constrained sen-
sors?
This thesis identifies AD_CNN as the most suitable existing deep learning architecture for predict-

ing multiple perceptual soundscape attributes at low-cost, resource-constrained sensors. The model
contains only 520,967 parameters and uses mel spectrograms as its sole input. It achieves an AUC of
0.84 for audio event classification and a MSE of 1.128 for perceptual attribute prediction, representing
strong performance for such a lightweight model. In comparison, more complex architectures such
as SoundAQnet achieve higher overall accuracy, but are too computationally demanding for real-time
deployment on sensors.

7.1.2. Sub-question 2
How does the performance (accuracy, computational efficiency, and storage requirements) of
the designed lightweight models compare to state-of-the-art model SoundAQnet?
Initially, four models were developed, with two demonstrating particularly strong predictive perfor-

mance for perceptual attributes. The first model, characterized by a smaller dense layer, achieved an
MSE of 1.155, while the second model, utilizing a reduced temporal resolution spectrogram, scored an
MSE of 1.159, both comparable to the original AD_CNN’s performance (1.128). These two parameter-
reduced models were subsequently integrated into an ensemble model, named AD_CNN_dense_hop_
combined.

This design aimed to lower model complexity while retaining strong predictive capabilities. When com-
pared to the state-of-the-art SoundAQnet, the lightweight model demonstrates a favourable balance
between accuracy, inference time, and storage requirements. In terms of accuracy, it achieves a mean
MSE of 1.114 and an event classification AUC of 0.83 on the ARAUS test set, closely approaching
SoundAQnet’s performance of 1.052 MSE and 0.94 AUC. Although SoundAQnet remains the most ac-
curate model, the performance gap in regression is relatively small. In contrast, the difference in com-
putational efficiency is substantial: AD_CNN_dense_hop_combined requires only 7.23 milliseconds
per sample for inference, making it more than fifteen times faster than SoundAQnet, which averages
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114.32 milliseconds. Furthermore, the lightweight model contains just 159,767 parameters, resulting in
a properly reduced memory footprint. Overall, AD_CNN_dense_hop_combined achieves a compelling
trade-off, offering strong prediction performance alongside major improvements in efficiency and de-
ployability.

7.1.3. Sub-question 3
How well do predictive soundscape models generalise to different soundscapes, and what are
the implications of their generalisation performance for urban policy making?
As demonstrated in the generalisation study, the lightweight ensemblemodel, AD_CNN_dense_hop_

combined, struggled to generalise to the unseen International Soundscape Database (ISD) dataset.
This model exhibited a narrow output range and consistently underestimated perceptual attributes,
which led to a poor derivation of the ISO-based soundscape metrics. Interestingly, even the high-
capacity benchmark model, SoundAQnet, showed limitations in this regard, suggesting that generali-
sation is a broader challenge in perceptual soundscape prediction. This reinforces the value of local
recalibration: by fine-tuning on perceptual data collected in the target environment, model predictions
can better align with the lived experiences and expectations of the local population. Doing so not only
improves predictive performance but also enhances public acceptance and practical relevance.

From a policy perspective, the value of lightweight models lies in their suitability for deployment on low-
cost, resource-constrained sensors, enabling large-scale, real-time monitoring of urban soundscapes.
This thesis demonstrates that such models can efficiently predict perceptual attributes in a computation-
ally efficient manner. These predictions can be used to derive ISO-based metrics Pleasantness and
Eventfulness, offering policymakers intuitive, human-centric indicators for assessing and managing the
soundscape quality of urban environments.

However, the limitations in generalisability underscore the risks of relying on pre-trained models without
contextual adaptation. To ensure reliable and context-sensitive insights, local fine-tuning may be es-
sential. This helps align model outputs with the specific cultural, environmental, and acoustic realities
of each urban environment, thereby supporting more informed, responsive, and equitable urban policy
making.

7.1.4. Main research question
After answering the three sub-questions, the main research question - How can lightweight neural net-
work models be designed to accurately predict perceptual soundscape attributes and sound sources
from urban audio recordings in real-time on low-cost, resource-constrained sensors, and to what extent
can such models generalise across diverse soundscapes to support urban policy making? - can now
be addressed. This research has demonstrated that lightweight neural network models are capable of
accurately predicting perceptual soundscape attributes and sound sources. While their performance
approaches that of more complex models, their ability to generalise across diverse soundscapes re-
mains limited. This highlights the importance of local fine-tuning to ensure effective deployment in
support of urban policy making.

7.2. Contributions
7.2.1. Practical contributions
Prior to this research, no existing model with fewer than 300K parameters was capable of jointly pre-
dicting sound sources and perceptual attributes. This parameter limit was motivated by the use case
presented in Cassens et al. (2024), as described in Section 1.6. This thesis demonstrates that even
highly lightweight models can effectively predict both perceptual attributes and sound sources without
sacrificing predictive performance. It provides a foundation for future development toward deployment
on low-cost, resource-constrained sensors, enabling human-centric monitoring of urban soundscapes.

7.2.2. Scientific contributions
This thesis introduces the AD_CNN_dense_hop_combinedmodel. It combines two parameter-reduction
strategies: a smaller dense layer and a larger hop length during spectrogram extraction, which reduces
temporal resolution and computational cost. Despite these reductions, themodel outperforms the larger
AD_CNN baseline in regression accuracy (MSE = 1.114 vs. 1.128), demonstrating that strategic sim-
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plification can enhance model performance.

A generalisation study using the ISD demonstrates that even advanced models like SoundAQnet face
difficulties generalising beyond the controlled conditions of the training data. Models trained on aug-
mented datasets such as ARAUS tend to perform worse when applied to real-world soundscape record-
ings, underscoring the need for context-aware fine-tuning. This reveals a broader challenge in adapting
predictive models to diverse soundscapes.

7.3. Future work
Although this thesis deliberately excluded loudness features to maintain a lower parameter count, and
due to the absence of a reliable calibration file that would have negatively impacted inference perfor-
mance, loudness may nonetheless enhance model predictions, as demonstrated by Hou et al. (2024).
It is also very plausible that loudness contributes meaningfully to perceptual attributes such as eventful,
annoying, and chaotic. Therefore, incorporating loudness is a promising direction for future research,
particularly if it leads to improved predictive accuracy. While its inclusion would increase the number of
model parameters, this opens an additional area for exploration: identifying new strategies to offset the
added complexity. Crucially, when implementing the loudness feature, as used by SoundAQnet, it is
essential to have access to the correct calibration files to ensure reliable and meaningful input values.

In addition, future research should focus on systematically exploring other strategies to reduce model
complexity. The strong performance of both the increased hop length and reduced dense layer models
suggests that further changes to these components, such as increasing the hop size even more or
trying different dense layer setups, may yield even more efficient architectures. Rather than applying
single-step modifications, future work could use a grid search or automated search method to explore
a wider range of design options. This would help find the best configurations that balance model size
and predictive performance, and might even lead to better results than those presented in this thesis.

Lastly, to fully validate the practical viability of lightweight models for perceptual soundscape prediction,
real-world deployment on sensors is essential. While this thesis focused on developing and bench-
marking models in a controlled environment, actual sensor-based deployment would introduce new
challenges such as hardware limitations, variable environmental conditions, and real-time processing
constraints. Future work should focus on deploying one of the designed parameter-reduced models,
for example AD_CNN_dense_hop_combined, on a real low-cost, resource-constrained sensor, as pro-
posed by Cassens et al. (2024).
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A
GitHub

All model architectures, training and inference scripts, and data processing notebooks used in this
thesis are made available through the following GitHub repository:

• Thesis GitHub Repository: https://github.com/pherfkens/Thesis

This repository includes:

• /GENERALISATION_STUDY/ – contains the data required to execute the generalisation study, includ-
ing scripts for model inference and pickle generation, and evaluation notebooks for generating
circumplex maps.

• /Dataset_all_ARAUS/ – contains information about the complete ARAUS dataset, comprising a
total of 25,248 files.

• /Dataset_training_validation_test/ – contains information about the training, validation, and
test sets.

• /Feature_log_mel/ – contains a script for converting a FLAC file to a WAV file, followed by a
script for converting the WAV file into a log mel spectrogram, both suitable for use with the deep
learning models.

• /MY_CNN/ – contains the models developed for this thesis, including both training and inference
scripts.

• /Other_AD_CNN/ – contains the original AD_CNN model, used as a baseline for this thesis. It
includes the full pipeline for inference (testing). Originally developed by Hou et al. (2024) and
slightly adapted for this thesis.

• /SoundAQnet/ – contains the original SoundAQnet model. It includes the full pipeline for inference
(testing). Originally developed by Hou et al. (2024) and slightly adapted for this thesis.

• /pickles/ – created as part of this thesis to replicate the training pipeline. Contains both pickle
generators that link audio filenames with spectrogram arrays and audio filenames with question-
naire responses.

• README.md – Setup instructions, dependency installation, and usage documentation.

All training, validation, and test splits were based on the splits provided in the SoundSCaper GitHub
repository: https://github.com/Yuanbo2020/SoundSCaper.

To generate raw audio dataset follow the steps in the ARAUS dataset repository: https://github.com/
ntudsp/araus-dataset-baseline-models.
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B
Parameter calculations of CNN

architectures

The calculations of the original AD_CNN as developed by Hou et al. (2024).

Table B.1: Calculations for the original model AD_CNN

Layer Output Dimension Calculation Parameters

Convolution 1 16× 3001× 64 (7× 7× 1)× 16 784

BatchNorm 1 16× 3001× 64 2× 16 32

Convolution 2 16× 3001× 64 (7× 7× 16)× 16 12, 544

BatchNorm 2 16× 3001× 64 2× 16 32

Max-pool 16× 600× 12 – –
Convolution 3 32× 600× 12 (7× 7× 16)× 32 25, 088

BatchNorm 3 32× 600× 12 2× 32 64

Max-pool 32× 150× 1 – –
Dense 1 100 (32× 150× 1)× 100 + 100 480, 100

Event classifier 15 100× 15 + 15 1, 515

Scene classifier 3 100× 3 + 3 303

ISO (2 outputs) 2 2× (100× 1 + 1) 202

PAQ (8 outputs) 8 8× (100× 1 + 1) 808

Total 521, 472
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The calculation for the model AD_CNN_decreased_filters.

Table B.2: Calculation for the model AD_CNN_decreased_filters

Layer Output Dimension Calculation Parameters

Convolution 1 8× 3001× 64 (7× 7× 1)× 8 392

BatchNorm 1 8× 3001× 64 2× 8 16

Convolution 2 8× 3001× 64 (7× 7× 8)× 8 3, 136

BatchNorm 2 8× 3001× 64 2× 8 16

Max-pool 8× 600× 12 – –
Convolution 3 16× 600× 12 (7× 7× 8)× 16 6, 272

BatchNorm 3 16× 600× 12 2× 16 32

Max-pool 16× 150× 1 – –
Dense 1 100 (16× 150× 1)× 100 + 100 240, 100

Event classifier 15 100× 15 + 15 1, 515

PAQ (8 outputs) 8 8× (100× 1 + 1) 808

Total 252, 287

The calculation for the model AD_CNN_dense_layer.

Table B.3: Calculations for the model AD_CNN_dense_layer

Layer Output Dimension Calculation Parameters

Convolution 1 16× 3001× 64 (7× 7× 1)× 16 784

BatchNorm 1 16× 3001× 64 2× 16 32

Convolution 2 16× 3001× 64 (7× 7× 16)× 16 12, 544

BatchNorm 2 16× 3001× 64 2× 16 32

Max-pool 16× 600× 12 – –
Convolution 3 32× 600× 12 (7× 7× 16)× 32 25, 088

BatchNorm 3 32× 600× 12 2× 32 64

Max-pool 32× 150× 1 – –
Dense 1 50 (32× 150× 1)× 50 + 50 240, 050

Event classifier 15 50× 15 + 15 765

PAQ (8 outputs) 8 8× (50× 1 + 1) 408

Total 279, 767
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The calculation for the model AD_CNN_hop_length.

Table B.4: Calculation for the model AD_CNN_hop_length

Layer Output Dimension Calculation Parameters

Convolution 1 16× 1501× 64 (7× 7× 1)× 16 784

BatchNorm 1 16× 1501× 64 2× 16 32

Convolution 2 16× 1501× 64 (7× 7× 16)× 16 12, 544

BatchNorm 2 16× 1501× 64 2× 16 32

Max-pool 16× 300× 12 – –
Convolution 3 32× 300× 12 (7× 7× 16)× 32 25, 088

BatchNorm 3 32× 300× 12 2× 32 64

Max-pool 32× 75× 1 – –
Dense 1 100 (32× 75× 1)× 100 + 100 240, 100

Event classifier 15 100× 15 + 15 1, 515

PAQ (8 outputs) 8 8× (100× 1 + 1) 808

Total 280, 967

The calculation for the model AD_CNN_harder_max_pooling.

Table B.5: Calculations for the model AD_CNN_harder_max_pooling

Layer Output Dimension Calculation Parameters

Convolution 1 16× 3001× 64 (7× 7× 1)× 16 784

BatchNorm 1 16× 3001× 64 2× 16 32

Convolution 2 16× 3001× 64 (7× 7× 16)× 16 12, 544

BatchNorm 2 16× 3001× 64 2× 16 32

Max-pool 16× 300× 12 – –
Convolution 3 32× 300× 12 (7× 7× 16)× 32 25, 088

BatchNorm 3 32× 300× 12 2× 32 64

Max-pool 32× 18× 1 – –
Dense 1 100 (32× 18× 1)× 100 + 100 57, 700

Event classifier 15 100× 15 + 15 1, 515

PAQ (8 outputs) 8 8× (100× 1 + 1) 808

Total 98, 567
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The calculation for the model AD_CNN_dense_hop_combined.

Table B.6: Calculation for the model AD_CNN_dense_hop_combined

Layer Output Dimension Calculation Parameters

Convolution 1 16× 1501× 64 (7× 7× 1)× 16 784

BatchNorm 1 16× 1501× 64 2× 16 32

Convolution 2 16× 1501× 64 (7× 7× 16)× 16 12, 544

BatchNorm 2 16× 1501× 64 2× 16 32

Max-pool 16× 300× 12 – –
Convolution 3 32× 300× 12 (7× 7× 16)× 32 25, 088

BatchNorm 3 32× 300× 12 2× 32 64

Max-pool 32× 75× 1 – –
Dense 1 50 (32× 75× 1)× 50 + 50 120, 050

Event classifier 15 50× 15 + 15 765

PAQ (8 outputs) 8 8× (50× 1 + 1) 408

Total 159, 767



C
Results Appendix

Table C.1: Perceptual Attribute MSE Comparison (Pleasant, Eventful, Chaotic, Vibrant)

# Model Pleasant Eventful Chaotic Vibrant
1 AD_CNN_decreased_filters 1.582 1.358 1.280 1.386
2 AD_CNN_dense_layer 1.076 1.161 1.140 1.185
3 AD_CNN_hop_length 1.125 1.117 1.081 1.127
4 AD_CNN_harder_max_pooling 1.154 1.214 1.193 1.225
5 AD_CNN (baseline) 1.015 1.157 1.125 1.130
6 SoundAQnet 0.890 1.047 1.052 0.974

Table C.2: Perceptual Attribute MSE Comparison (Uneventful, Calm, Annoying, Monotonous)

# Model Uneventful Calm Annoying Monotonous
1 AD_CNN_decreased_filters 1.647 1.648 1.411 1.595
2 AD_CNN_dense_layer 1.208 1.123 1.152 1.195
3 AD_CNN_hop_length 1.256 1.194 1.100 1.273
4 AD_CNN_harder_max_pooling 1.261 1.224 1.250 1.300
5 AD_CNN (baseline) 1.184 1.069 1.160 1.196
6 SoundAQnet 1.152 0.995 1.065 1.151
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Figure C.1: Two-dimensional circumplex models of perceptual attributes for remaining soundscapes, derived from the ISD
dataset
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