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3D Audio-Visual Indoor Scene Reconstruction and Completion for Virtual Reality
from a Single Image

by Mona Ibrahim Alawadh

In this research, we propose a novel method for generating an audio-visual scene in 3D
virtual space using a single panoramic RGB-D input. Our investigation begins with the
reconstruction of a 3D model from RGB panoramic data alone, developing a semantic
geometry model by combining estimated monocular depth with material information
for spatial sound rendering. Building upon the preliminary results, we extend our
approach to construct a comprehensive virtual reality (VR) environment using 360°
RGB-D input. The proposed method enables the creation of an immersive VR space
by generating a complete 3D voxelized model that incorporates scene semantics from

a single panoramic input.

Our methodology employs a deep 3D convolutional neural network integrated with
transfer learning for RGB semantic features, coupled with a re-weighting strategy in the
3D weighted cross-entropy loss function. The proposed re-weighting method uniquely
combines two class re-balancing techniques (re-sampling and class-sensitive learning)
while smoothing the weights through an unsupervised clustering algorithm. This ap-
proach addresses critical challenges in semantic scene completion (SSC), including in-
herent class imbalances in indoor 3D spatial representations. Furthermore, we quantify
the performance uncertainty in our results to ensure an unbiased assessment across tri-
als, contributing to more reliable benchmarking in the SSC field. We design a hybrid
architecture featuring a dual-head model that simultaneously processes RGB and depth
data. Depth information is encoded using a Flipped Truncated Signed Distance Func-
tion (F-TSDF), capturing essential geometric shape characteristics. RGB features are
projected from 2D to 3D space using depth maps. We explored various RGB semantics
fusion strategies, including early, middle, and late fusion methods. Based on perfor-
mance evaluations using K-fold cross-validation, we selected the late fusion approach.
This method involves downsampling features using planar convolutions to align with
3D resolution, followed by fusing RGB semantic features with geometric information
through element-wise addition. The hybrid encoder-decoder architecture incorporates
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an Identity Transformation within a full pre-activation Residual Module (ITRM), en-
abling effective management of diverse signals within the F-TSDF representation.

The inference methodology of the proposed SSC model is extended to accommodate
360° RGB-D input through cubic projection and 3D rotation, enabling VR space de-
sign with comprehensive spatial coverage. We propose a streamlined computer vision-
based approach capable of reconstructing a 3D SSC model from a single panoramic in-
put, facilitating plausible sound environment simulation. Additionally, our proposed
method contributes to reducing the complexity of estimating room impulse responses
(RIRs), which typically require extensive equipment and multiple recordings in real
space. We implement the audio-visual VR reconstructions in the Unity 3D gaming
platform combined with the Steam audio plug-in for spatial sound rendering. Acoustic
properties are evaluated by measuring parameters such as early decay time (EDT) and
reverberation time (RT60). Comparative analysis indicates that our approach achieves
better VR space reconstruction, producing more realistic scene representations and im-
mersive acoustic characteristics compared to existing methods reported in the litera-

ture.

The proposed method contributes to the design of enhanced VR environments by in-
tegrating both audio and visual signals into a unified framework. Our results support
the development of datasets that combine audio and 3D SSC models, encouraging the
application of Al in VR spaces. This advancement has the potential to drive progress

in VR applications across various domains, such as gaming, education, and tourism.
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Chapter 1

Introduction

"Any appearances whatever present themselves, not only when its object stimulates a sense,
but also when the sense by itself alone is stimulated, provided only it be stimulated in the same

manner as it is by the object.”
Aristotle, 330 B.C.

The process of perceiving information from available stimuli is a fundamental aspect
of the human perceptual system (Gibson, 1966). Both auditory and visual systems play
critical roles in interpreting our surroundings, enabling us to navigate and understand
complex environments. In virtual reality (VR), humans can interact with a simulated
world of three dimensions (3D) in real time, experiencing the illusion of being fully
immersed in a synthetic environment (Mandal, 2013). Many domains use VR appli-
cations such as education, gaming, tourism, and engineering (Kavanagh et al., 2017;
Mandal, 2013; Berni and Borgianni, 2020; Guttentag, 2010; Bretos et al., 2024). Immer-
sion refers to the creation of powerful illusions of reality that rely on the degree to which
high-fidelity inputs, such as light patterns and sound waves, are delivered to sensory
modalities like vision, audition, and touch (Mandal, 2013; Berkman, 2024). Among
these, the immersion effect is primarily based on visual perception (Berkman, 2024).

Building on the role of visual perception in immersive experiences, this thesis explores
the application of artificial intelligence (Al) in computer vision, by utilising deep learn-
ing methods on 2D images. In our daily lives, various types of cameras, such as per-
spective and 360° cameras, are widely available, capturing vast amounts of 2D images,
including RGB and depth maps. This research focuses on transforming 2D images
into comprehensive 3D models with semantics for use in VR spaces. Since 2D images
capture only partial information about 3D scenes, Al enables the development of mod-
els capable of understanding and learning the underlying structure and semantics of
the 3D world, including the reconstruction of occluded areas from a single 2D input.

Specifically, this research focuses on Semantic Scene Completion (SSC), a challenging
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task in computer vision that involves predicting 3D annotated models, including oc-
cluded regions, from single-perspective views of indoor scenes. SSC is an ill-posed
problem for voxelized indoor scenes, with the primary challenge being the prediction
of a complete 3D representation from the inherently limited information available in a
single 2D image. Due to the partial-view nature of the input, SSC involves significant
loss of 3D information in occluded regions. Furthermore, data sparsity and imbalanced
class distributions in existing datasets compound the difficulty of accurate prediction.
Predicting object semantics in 3D space is particularly challenging due to the complex-
ity of inferring information about occluded or partially visible objects. Key obstacles
include dataset imbalances, intraclass diversity, and interclass ambiguity (Pan et al.,
2023). Intraclass diversity arises when objects within the same semantic category (y)
exhibit significant variability in sensor data (x); for example, chairs may vary widely in
shape and size, creating a substantial semantic gap. Interclass ambiguity, on the other
hand, occurs when objects from different semantic categories (y) appear similar due
to partial observations or occlusions; for instance, a sofa might be misinterpreted as a
bed, highlighting the sensory gap. Figure 1.1 illustrates these primary challenges in
SSC. Furthermore, this research addresses the challenge of extending the inference of
SSC from partial views to full 360° coverage, enabling the prediction of 3D annotated
models from a single 2D image with full panorama input. Constructing 3D models
from partial views alone often falls short of providing the fully immersive experience

required for realistic VR applications. To address this limitation, this study aims to

Ihttps://www.hotelspatongthailand.com/en/property/crest-resort-pool-villas.html (ac-
cessed in 2024)
Zhttps://www.stylist.co.uk/home/affordable-velvet-chair/564984 (accessed in 2024)
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generate complete VR spaces with 360° surroundings, creating an environment that
mirrors the user’s spatial perception in the real world.

To achieve enhanced immersion, spatial sound must be integrated with 3D models. In
this research, sound rendering and modeling are performed using a VR gaming en-
gine equipped with spatial sound plug-ins to generate a 3D digital environment of a
real-world space. This integration ensures an immersive auditory and visual experi-
ence, which is essential for VR applications. To measure the plausibility of the ren-
dered sound in the VR environment, we assess the acoustic properties by measuring
parameters such as early decay time (EDT) and reverberation time (RT60) using the
exponential sine sweep method (ESS).

In addition to advancing machine understanding through the reconstruction of 3D en-
vironments from 2D inputs and the integration of scene acoustics to create immersive
experiences, this research contributes to bridge the gap between computational mod-
eling and human perception. It introduces a horizontal integration of AI and VR, de-
signed to support more intuitive, human-centered digital interactions. By merging spa-
tial sounds and spatial scene semantics in the 3D space, the system enables users to ex-
perience virtual environments that feel both intelligible and engaging. This work opens
new pathways for human communication and engagement (Van Damme et al., 2020),
and contributes to revolutionising experiential learning paradigms (Doolani et al., 2020;
Partarakis and Zabulis, 2024). The VR application proposed in this research demon-
strates how users can actively interact with and engage in reconstructed 3D spaces,
thereby fostering a deeper spatial understanding. As highlighted in recent reviews of
immersive technologies and Al for human-centered digital experiences (Partarakis and
Zabulis, 2024), such convergence blurs the boundaries between physical and digital re-
alities, enabling adaptive, personalised, and emotionally resonant environments that
reflect and expand human cognition.

1.1 Research Questions

This research addresses the following research questions (RQs):

1. RQ 1: How can we generate an audio-visual VR space from a single 360 © RGB
input?

2. RQ 2: How can the inference capabilities of pre-trained SSC model on perspective
images be extended to a single 360° RGB-D input?

To answer the second research question RQ 2, sub-questions exist and are related
to the design of SSC models. These questions should be addressed first to answer
RQ2.
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(a) RQ 2a: What is the impact of prioritising voxel weights within the scene on
the SSC model learning?

(b) RQ 2b: What is the impact of learning multiple features from RGB-D input
on the performance of the proposed SSC model?

3. RQ 3: What is the impact of the 3D scene generated from the 360° RGB-D input

on the acoustic parameters, including early reflections and late reverberations?

The following section outlines the main contributions of this research, linking these

contributions to the research questions and the corresponding chapters of this thesis.

1.2 Contributions

Through the systematic design and integration of multiple methodological compo-
nents, this thesis makes several contributions that advance the current understanding
of the research domain. In the following sections, we present the main contributions

and their related sub-contributions.

1. Constructing a full VR space with acoustic materials from a single 360° RGB
input. This contribution addresses the first research question RQ 1 by proposing
a pipeline that integrates multiple outputs, including mono depth and material
estimation from a single 360° RGB input. These components are then processed to
construct a 3D SSC model with integrated sound rendering. Preliminary results
are presented in Chapter 3, which also provide the motivation and foundational

roadmap for the subsequent chapters in this research.

* Propose a cubic projection on material estimation input to decompose the
360° RGB into perspective inputs compatible with the material estimation

network.

¢ Evaluate the room acoustic parameters in a virtual space, such as EDT and
RT60.

These contributions were published in the 30th European Signal Processing Con-
ference, (EUSIPCO) 2022.

2. Designing a re-weighting method in the cross entropy loss based on unsuper-
vised learning using clustering algorithms. Investigate different re-weighting
strategies and design re-weighting method for cross entropy loss uniquely com-
bines two class re-balancing approaches (re-sampling and class-sensitive learn-
ing) and smooths the weights using unsupervised clustering algorithms. This
contribution addresses the data imbalanced challenge as depicted in Figure 1.1,
and answered the research question RQ 2a. Details are provided in Chapter 4.
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¢ Introduce the performance uncertainty by calculating average scores along
with standard deviations using K-fold cross-validation. This method en-
sures an unbiased assessment across trials and contributes to more reliable
benchmarking in the SSC field.

¢ Achieve state-of-the-art (SOTA) performance in scene semantics completion
task, significantly surpassing other comparable methods on two public bench-

mark datasets using only single-depth input.

These contributions were published in the 2024 IEEE International Conference on
Image Processing, (ICIP) 2024.

3. Designing MDBNet model an enhanced 3D SSC model from single perspec-
tive RGB-D input with an employment of transfer learning. A dual-head ar-
chitecture was developed to simultaneously train the model using combined loss
function for both perspective RGB and 3D SSC. This contribution addresses re-
search question RQ 2b and reduces class ambiguity, as illustrated in Figure 1.1.

Further details are provided in Chapter 5.

¢ Evaluate different RGB semantics fusion strategies by assessing the average
performance scores using K-fold cross-validation. This comprehensive anal-
ysis facilitates the selection of fusion method that effectively validate the

model’s generalisation across diverse scenarios.

¢ Enhance the overall results by implementing the Identity Transformed within
the full pre-activation Residual Module (ITRM), with a hyperbolic tangent
activation function applied to identity features. Also, we analyse the impact

of learning multiple features on the proposed SSC model.

4. Designing MDBNet360 by Extending MDBNet'’s inference capabilities and pro-
viding a comprehensive 3D model prediction from single 360° RGB-D input.
Building upon the SSC model MDBNet developed in Chapter 5, this research ex-
tended its predictive capabilities by leveraging cubic projection and 3D rotation
techniques. The methodology enables the reconstruction of a comprehensive 3D
model with full spatial surroundings from a single 360° RGB-D input, originally
pre-trained on perspective RGB-D datasets. This methodological extension di-
rectly addresses research question RQ 2, with comprehensive details elaborated
in Chapter 6.

¢ Conduct a qualitative assessment to evaluate the reconstructed scenes and
compare the results with SOTA approaches.

5. Constructing an immersive VR Space by integrating audio-visual data using
MDBNet360. We rendered an exponential sine sweep (ESS) within the recon-
structed scenes by MDBNet360 using the Unity game engine and Steam Audio

plugin for advanced spatial sound rendering. The comprehensive analysis of the
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acoustic parameters reveals the relationships between acoustic parameters and
the predicted 3D models, directly addresses research question RQ 3. Detailed
methodological insights are elaborated in Chapter 6.

¢ Perform an acoustic analysis of the 3D virtual environments generated by
MDBNet360 through detailed evaluation of RIRs acoustic parameters, specif-
ically examining EDT and RT60, and comparing the results with SOTA meth-
ods.

¢ Develop a VR software application in collaboration with graduate students
in the School of Electronics and Computer Science (ECS) at the University of
Southampton to demonstrate the proposed method in a VR setting.

1.3 Publications

The contributions of this PhD research, published or under review at peer-reviewed

conferences, are listed below:

1. Room Acoustic Properties Estimation from a Single 360° Photo. Published in Eu-
ropean Signal Processing Conference (EUSIPCO) 2022.

2. 3D Semantic Scene Completion From a Depth Map with Unsupervised Learning
For Semantics Prioritisation. Published in International Conference on Image Process-
ing (ICIP) 2024.

3. MDBNet 360°: 3D Audio-Visual Indoor Scene Reconstruction and Completion
from a Single 360° RGB-D Image. Accepted in 3D Workshop on Computer Vision for
Mixed Reality (CV4MR) 2025.

1.4 Thesis Structure and Components

This thesis is organized into seven chapters. Chapter 1 introduces the research theme,
including the challenges, research questions, and contributions. Chapter 2 establishes
the conceptual and theoretical foundations along with related works relevant to this
doctoral research. Chapter 3 proposes a pipeline for generating VR space from a single
panoramic RGB input. In Chapter 4, a novel loss function design is introduced, based
on unsupervised clustering within a SSC model to produce a comprehensive 3D model
with scene semantics. Consequently, the proposed model in Chapter 4 is enhanced by
integrating additional features from 2D RGB inputs, using combined loss for model
training, and providing a comprehensive qualitative and quantitative evaluation pre-

sented in Chapter 5. Chapter 6 proposes a novel method for constructing a digital 3D
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space within a VR environment using a single 360° RGB-D input. Chapter 7 presents
the research findings, and proposes potential research directions for future scholarly

investigation. The research workflow is comprehensively depicted in Figure 1.2.
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Chapter 2
Background and Literature Review

"Such objects are always imagined as being present in the field of vision as would have to be
there in order to produce the same effect on the nervous mechanism.”

Hermann Von Helmholtz, 1867.

To design an immersive virtual experience, it is essential to understand the human au-
ditory and visual systems, 3D models, and spatial sounds, and their interaction with
each other. This chapter begins with an exploration of the human auditory system and
the digital representation of audio in 3D space. Section 2.2 elaborates on human vi-
sual system and the representation of visual data in 3D spaces. Section 2.3 discusses
the application of deep learning for learning 3D data and semantic scene completion
in 3D spaces. Finally, Section 2.4 and Section 2.5 review methods for constructing com-
prehensive 3D models integrated with audio in VR environments, focusing on inputs

derived from single 360° images.

2.1 Spatial Audio

This section explores the foundational concepts and methods that are most related to

the audio component of our research.

2.1.1 How Do Humans Hear the Sounds?

While the ear is commonly recognized as the organ for hearing, sound perception is
more than just hearing; it involves active listening, which depends on both ears and
the muscles that help direct them toward sound sources (Gibson, 1966). The percep-
tion of sound is a complex process that is shaped by the physiology of the auditory
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FIGURE 2.1: Diagram of one ear, showing the external, middle, and inner ear. Image
sourced from: (Pulkki and Karjalainen, 2015).

system and influenced by cognitive processes. The auditory system processes essential
sound properties, such as spectral content, temporal features, and spatial positioning
into specific neural patterns that shape our experience of pitch, volume, timbre, and
sound location (Roginska and Geluso, 2018). The auditory system, which runs from
the ears to the brain’s frontal lobes, manages increasingly complex processes as signals
ascend through the nervous system. Its roles are typically categorized into peripheral
and central processing functions (Roginska and Geluso, 2018). The peripheral audi-
tory system includes the external ear for capturing sound, the middle ear for trans-
mitting vibrations, and the inner ear for converting these vibrations into neural sig-
nals. These signals travel through the auditory pathway to the auditory cortex, where
higher-level sound processing occurs using the central processing functions (Pulkki
and Karjalainen, 2015).

2.1.1.1 Ear Structure

External Ear.  The external ear consists of three main components: the pinna with
concha, the ear canal (meatus), and the eardrum (tympanic membrane) (Gibson, 1966;
Pulkki and Karjalainen, 2015; Roginska and Geluso, 2018), as shown in Figure 2.1. The
pinna plays a crucial role in directing high-frequency sound by creating asymmetry in
the front-back and top-down directions, enhancing directional hearing. The concha,
which connects to the ear canal, collaborates with the head and outer ear, extending to
the eardrum, amplifies the sound pressure by 30 to 100 times for frequencies around 3
kHz. This enhancement occurs due to the passive resonance effect resulting from the
ear canal’s length. As a result, humans are highly sensitive to frequencies between 2-5
kHz, particularly for sound sources directly in front of them in open environments.

Additionally, the perception of sound based on its angle of arrival is influenced by
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the Head-Related Transfer Function (HRTF), which explains how sound waves interact
with the ear and head’s shape (Pulkki and Karjalainen, 2015; Roginska and Geluso,
2018).

Middle Ear. The middle ear, located between the eardrum and the inner ear as de-
picted in Figure 2.1, acts as a mechanical system that transmits vibrations from the
eardrum to the cochlea through three tiny bones known as the ossicles: the ham-
mer, anvil, and stirrup. Its complex structure helps match the impedance between
air and the fluid in the cochlea, preventing sound energy loss. The difference in size
between the eardrum and the oval window further amplifies sound pressure, improv-
ing efficiency by around 30 dB. Additionally, the middle ear has an acoustic reflex that
protects the inner ear from loud sounds by reducing sound transmission via the ossi-
cles, though this reflex primarily affects low frequencies (less than 1 kHz) reaching the
cochlea (Pulkki and Karjalainen, 2015; Roginska and Geluso, 2018; Rossing, 2007).

Inner Ear. The main component of the inner ear responsible for hearing is the cochlea
as shown in Figure 2.1, which transforms mechanical sound vibrations from the mid-
dle ear into neural signals through a process known as mechanoelectrical transduction.
This occurs in the basilar membrane, a key structure within the cochlea, which is a spi-
ral, liquid-filled tube. The organ of Corti, located on the basilar membrane, contains
sensory hair cells that are essential for converting mechanical stimuli into electrochem-
ical signals. Acoustical waves create a traveling wave along the basilar membrane,
causing the hair bundles (stereocilia) on the hair cells to bend. This bending generates
electrical signals, allowing the auditory nerve fibers to encode the frequency, ampli-
tude, and phase of the sound. Due to variations in the stiffness of the basilar mem-
brane—where the base is stiffer than the apex—high-frequency sounds (20 kHz) cause
displacement near the base, while low-frequency sounds (20 Hz) displace the mem-
brane near the apex. This arrangement allows the basilar membrane to function as a
series of overlapping filters, with each region corresponding to a specific characteris-
tic frequency. Hair cells in each region are "tuned" to these frequencies, resulting in a
spatial organization known as tonotopy or cochleotopy. This tonotopic organization
is maintained throughout the auditory pathway, from the cochlea to the auditory cor-
tex, helping to shape the brain’s functional response to sound (Pulkki and Karjalainen,
2015; Roginska and Geluso, 2018).

2.1.2 Head-Related Transfer Function (HRTF)

Head-Related Transfer Functions (HRTFs) describe how sound travels from a point
source in a space, to a specific point in the listener’s ear canal (Meller et al., 1995; Li

and Peissig, 2020). Differences in sound arriving at each ear—specifically in intensity
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(loudness) and phase (timing)—are critical cues for sound localization. These differ-
ences, known as Interaural Intensity Differences (IIDs) and Interaural Time Differences
(ITDs), occur because the head blocks some sound, reducing intensity at the ear farther
from the source (IIDs), and because sound waves take longer to reach that ear (ITDs).
These sound cues are captured using Finite Impulse Response (FIR) filters, which de-
scribe how sound is altered as it reaches the ear. In the time domain, these filters are
called Head-Related Impulse Responses (HRIRs), while in the frequency domain, they
are referred to as HRTFs. HRIRs capture how sound behaves over time as it reaches
the ear from a specific location, while HRTFs describe how sound waves are filtered
across different frequencies as they interact with the shape of the head, ears, and torso
(Pulkki and Karjalainen, 2015; Li and Peissig, 2020; Roginska and Geluso, 2018; Cheng
and Wakefield, 1999).

In applications like virtual reality (VR), augmented reality (AR), and mixed reality
(MR), HRTFs are used to simulate six-degrees-of-freedom (6-DoF) binaural audio (Li
and Peissig, 2020). The term “binaural” applies to scenarios where sound is sent to both
ears, while “monaural” refers to cases where sound is directed to a single ear (Moore,
2012). By applying the HRTF to any sound, spatial characteristics can be imposed,
making the sound appear to come from a specific location in space. When applied in
real-time, these filters can simulate dynamic scenarios, such as sound source movement
or changes in the listener’s head position, enhancing the realism of virtual auditory ex-
periences. To create an immersive experience in virtual space using headphones, the
audio must be binauralization (Plinge et al., 2018). This process replicates how the hu-
man head, ears, and torso modify sound based on the source’s direction and distance.
Binauralization is achieved by convolving the audio signals with HRTFs, which cor-
respond to the sound’s relative position (Plinge et al., 2018). This technique helps the
sound appear as though it is emanating from the surrounding environment enhancing
the realism of the audio experience. In this research we employed the HRTFs while
rendering the sounds within the 3D space as shown in Chapter 3 and Chapter 6.

2.1.3 How Are Sounds Modelled in Indoor Environments?

In 3D virtual environments, the propagation of sound within a room can be simulated
and modeled using computer graphic ray tracing techniques (Savioja and Svensson,
2015; Potter et al., 2023). Drawing on the success of ray tracing in computer graphics,
acousticians have effectively adapted these methods for the simulation of sound prop-
agation in complex architectural spaces (Potter et al., 2023; Funkhouser et al., 2004).
Existing approaches for acoustic modeling can be broadly divided into two categories:
numerical solutions to the wave equation and geometrical acoustics methods, such as

image source, ray tracing, and beam tracing techniques (Funkhouser et al., 2004; Savioja
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FIGURE 2.2: An illustrative representation of Room Impulse response (RIR).

and Svensson, 2015). Although numerical solutions based on the wave equation pro-
vide the highest level of accuracy, they are computationally intensive and unsuitable for
interactive and dynamic applications (Funkhouser et al., 2004). Recent studies, such as
(Borrel-Jensen, 2023), have employed deep learning to compute acoustic sound fields
in simple rooms with varying shapes. In contrast, geometrical acoustics techniques,
which assume that sound propagates as rays, offer faster computations and are widely
used to model mid- and high-frequency behaviors in rooms where the sound wave-
length is shorter than the surface dimensions and overall room size (Savioja and Svens-
son, 2015). However, at low frequencies, these methods become less accurate due to in-
creased approximation errors, as wave phenomena play a more significant role (Savioja
and Svensson, 2015). The image source method calculates specular reflection paths by
reflecting the position of the audio source, as virtual sources across each polygonal sur-
face in the environment (Funkhouser et al., 2004, 2002). Beam tracing method identifies
propagation paths from a source by tracing beams that consist bundles of rays, cover-
ing the space of rays originating from the source within a 3D polyhedral environment
(Funkhouser et al., 2004, 2002). Ray tracing, a commonly used approach in several sim-
ulation tools such as Unity !, which is utilised in this research traces sound propagation
paths by generating rays from the source position and following their interactions with
the environment until a set of rays reaches the receiver (Funkhouser et al., 2004, 2002;
Xiangyang et al., 2003). Unity, a VR gaming engine, is widely used in several VR appli-

cations, as elaborated in Section 2.5.
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2.1.4 Room Impulse Response (RIR)

The impulse response signal serves as the fundamental source of information for un-
derstanding the audible characteristics of a room’s sound field. The impulse response
contains comprehensive details about the room’s acoustics between a specific source
and receiver (Rossing, 2007). Even when spatial information is omitted—assuming the
source and receiver are modeled as point-like and omnidirectional—the impulse re-
sponse still encapsulates the full room transfer function (Farina, 2007). This includes
both time-domain effects such as echoes, discrete reflections, and the reverberant tail, as
well as frequency-domain effects, including frequency response and frequency-dependent
reverberation (Farina, 2007). The room impulse response (RIR) consists of direct sound,
early reflections, and late reverberations (Hidaka et al., 2007; Stewart and Sandler, 2007;
Remaggi et al., 2015). The direct sound is the initial sound received in a free-field
environment, arriving without any reflections (Habets, 2007). Early reflections refer
to the sounds that arrive to the receiver at first 50 or 80 milliseconds after the direct
sound, these reflections resulting from sound waves reflecting off nearby surfaces such
as walls, the ceiling, and furniture in the room (Hidaka et al., 2007; Habets, 2007; Firat
etal., 2022). Late reverberations are caused by sound reflections that arrive with longer
delays after the initial direct sound (Habets, 2007). Figure 2.2 depicts a schematic rep-
resentation of the RIR.

RIR Measurement.  Several methods are used to capture the acoustic impulse re-
sponse within a room, including the Maximum Length Sequence (MLS), which simu-
lates the room’s acoustics using a periodic pseudo-random signal with stochastic prop-
erties similar to pure white noise (Stan et al., 2002). The RIR is captured using circu-
lar cross-correlation between the measured output and the original MLS signal (Stan
et al.,, 2002; Szoke et al., 2019). An alternative approach, known as the Inverse Re-
peated Sequence (IRS), consists of a sequence, where the first half corresponds to the
MLS and the second half is the inverse of the MLS (Stan et al., 2002; Szoke et al., 2019).
Moreover, the Time-Stretched Pulses method, which is also used to capture the RIR,
relies on time expansion and compression of an impulsive signal to mitigate distortion
peaks (Stan et al., 2002; Szoke et al., 2019). These methods, however, depend on the
assumption that the system is linear and time-invariant, which can lead to distortion
artifacts in the deconvolved impulse response if this condition is not satisfied (Stan
et al., 2002). In (Farina, 2007), Farina introduced an enhanced approach to measuring
the RIR for systems that are neither time-invariant nor linear by using the Exponential
Sine Sweep (ESS) method. In ESS, frequencies vary exponentially over time, as illus-
trated in Equation 2.1, enabling effective capture of sound across different frequency
bands. The frequency sweep starts at the lowest angular frequency, wi, and ends at the
highest angular frequency, w,, over a duration of T seconds. However, the ESS method

Thttps://unity.com/(accessed in 2024)
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effectively eliminates harmonic distortions, as they occur before the estimation of the
linear impulse response, and it is also well-suited for quiet environments (Szoke et al.,
2019).

x(t) = sin | 2L I (ﬁ'lﬂ(ﬁ) — 1> : (2.1)
i (2)
1
To calculate the RIR captured by ESS, a deconvolution process is applied by convolving
the output signal with the inverse filter of ESS, which is generated by temporally re-
versing the ESS signal (Farina, 2007). The deconvolution process is shown in Equation
2.2:

h(t) = y(8) * f (1), (22)

where h(t) is the impulse response, y(t) is the recorded signal, and f(t) is the inverse
filter. In this research, in Chapter 3 and Chapter 6 we employed the ESS method to
measure the RIR in the virtual space.

Acoustic Parameters. Since the RIR is captured and measured to represent the room’s
acoustics, many acoustic parameters can be evaluated to assess the quality of the room’s
acoustic geometry. According to ISO 3382-1:2009 (International Organization for Stan-
dardization, 2009), there are several key room acoustic parameters, including Early
Decay Time (EDT), Reverberation Time 20 (T20), Reverberation Time 30 (T30), Clarity
(C80), Definition (D50), Gravity Time (TS), and Sound Strength (G). Also, according to
ISO 3382-1:2009 (International Organization for Standardization, 2009) the reverbera-
tion time RT60 can be measured using T20 or T30. EDT is a metric used to evaluate the
acoustics of adjacent reflectors by considering the energy carried by the early reflec-
tions (Bradley, 2011; Dunn et al., 2015). EDT is estimated using the slope of the decay
curve, determined from a fit between 0 and -10 dB, and the decay time is calculated
from this slope as the time required for a 60 dB decay (Barron, 1995; IoSR, 2024). RT60
is related to the average absorption, location of room boundaries, and room size, de-
scribing reverberation from a physical perspective (Bradley, 2011; Dunn et al., 2015).
A well-known empirical formula to calculate RT60 is Sabine’s formula (Rungta et al.,
2016), shown in Equation 2.3:

1%
RTg ~ 0.1611sm ™! &% (2.3)

This formula illustrates the relationship between the room volume V' and the total ab-
sorption Sa, where S represents the surface area and a represents the absorption coeffi-
cient of the room surfaces. Another, more accurate way to estimate RT60 is to analyse
the RIR and calculate the time it takes for the sound to decay by 60 dB, as specified in
ISO 3382-1:2009 (International Organization for Standardization, 2009). In this research
in Chapter 3 and Chapter 6, we measured EDT and RT60 according to this latter ISO
3382-1:2009 method (International Organization for Standardization, 2009). These two



16 Chapter 2. Background and Literature Review

Optic

ate .
Lareeal Chiasm

Geniculate
Nucleus

Primary Visual Cortex

FIGURE 2.3: Human vision system. Image sourced from: (Bhowmik, 2017).

parameters are chosen due to their direct relationship with scene acoustic geometries
that can be estimated using vision methods, and to enable comparison with similar
studies in the literature.

2.2 3D Computer Vision

In this section, we present the background, along with the most relevant concepts and
methods related to the vision aspect of our research.

2.2.1 How Do Humans See?

The human visual system functions as a complex imaging device, where light enters
through the pupil and is focused onto the retina by the combined action of the cornea
and lens, forming a two-dimensional (2D) image of the 3D world. This process is sim-
ilar to the mechanism in modern camera sensors. The human visual system as shown
in Figure 2.3, operates in a binocular manner, with each eye capturing a unique image
from a slightly different location, resulting in two distinct perspectives of the 3D scene.
The positional difference of corresponding points on the retinas, known as binocular
disparity, is inversely related to the distance of the physical point from the viewer.
Within the retina, light is converted into electrical signals that are transmitted to the
brain’s primary visual cortex via the optic nerve. The brain estimates depth by in-
terpreting the binocular disparity between the images from each eye through a pro-
cess called stereopsis (Bhowmik, 2017). Furthermore, human visual system employs
monocular cues to understand the 3D spatial environment (Bhowmik, 2017). These

monocular cues include texture variations, known object size, occlusions, and color,
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etc. (Saxena et al., 2007; Reichelt et al., 2010). Therefore, the human visual system al-
lows humans to easily perceive all objects even when they are partially occluded and
have a natural ability to fill in the invisible parts (Chen et al., 2016; Ao et al., 2023).

2.2.2 Human Visual Perception in 3D Spatial Understanding

Humans are capable of perceiving the 3D shape from 2D retinal images with more sta-
ble and accurate way. This ability is supported by the integration of binocular and
monocular cues in the human visual system, enabling an effective interpretation of
spatial layout, depth, and object structure (Bhowmik, 2017). In the literature, several
studies examined the contribution of these cues to 3D scene understanding and object
recognition (Den Ouden et al., 2005; Bradshaw et al., 1998; Dovencioglu et al., 2013;
Li and Pizlo, 2011; Saarela and Landy, 2015). For example, (Den Ouden et al., 2005)
demonstrated that color information improves binocular vision by improving depth
perception through a more effective matching between images of the left and right eyes.
Similarly, binocular disparity and motion parallax have been shown to be powerful for
estimating the size and distance of objects (Bradshaw et al., 1998). When these cues are
combined, perceptual accuracy increases, and the human visual system tends to inte-
grate the outputs through cue averaging. The study by (Dovencioglu et al., 2013) re-
vealed that depth perception improves significantly when binocular disparity is paired
with monocular shading cues, compared to when either cue is presented alone. Fur-
thermore, the study in (Li and Pizlo, 2011) found that edge monocular cues when com-
bined with binocular disparity, are more informative than other monocular cues, such
as shading and texture. That study also emphasized the role of simplicity constraints,
such as symmetry and planarity, which are fundamental for shaping perception under
both monocular and binocular conditions. When such constraints are absent, even the
presence of binocular disparity fails to ensure accurate 3D shape. In addition, monoc-
ular cues such as texture gradients, color, and luminance contribute to object recogni-
tion and are automatically integrated by the human visual system (Saarela and Landy,
2015).

In this research, we emulate these human cognitive mechanisms by integrating multi-
ple visual cues into our 3D scene understanding framework. Specifically, we encode
geometric depth using a flipped Truncated Signed Distance Function (F-TSDF), which
enhances surface gradients and provides surface shape (more details in Section 2.2.4).
We also incorporate additional monocular cues through RGB inputs such as color pri-
ors. As demonstrated in Chapter 4 and Chapter 5, this multi-cue approach significantly
improves model performance, leading to more accurate 3D scene semantics and recon-

struction.
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FIGURE 2.4: Camera intrinsics illustrating the focal length f and the principal point
(cx,cy). The image width and height represented by W and F. Image sourced from:
(Szeliski, 2022).

2.2.3 How Do Cameras Capture the 3D Space into 2D Image?

Perspective cameras follow the pinhole model projection (Sturm, 2021), and typically
use camera intrinsic and extrinsic parameters to map points in 3D space onto a 2D
image. Camera intrinsic parameters include the focal length and the principal point,
as shown in Figure 2.4. The focal length represents the distance between the optical
center (or camera center) and the image plane. The optical center is the origin of the
coordinate system, while the principal point, which is the intersection of the optical
axis and the image plane, is often set to the image center with (cy,c,) = (W/2,H/2)
(Zhang, 2021).

The camera intrinsic parameters are represented by the following matrix K (Szeliski,
2022):

f 0 c
K= [0 f ¢ K € R,
00 1

The camera extrinsic parameters, or camera pose parameters, include the rotation and
translation transformations that describe the relationship between the camera and the
external world coordinates (Zhang, 2021). These are represented by a matrix [R|t] €
R3*4. Therefore, the projection model is defined in Equation 2.4 as (Szeliski, 2022):

P = K[R|4], (2.4)

some perspective cameras capture 3D depth information for each point, which is ad-
vantageous in various computer vision fields, such as 3D semantic scene completion
(SSC) (Song et al., 2017; Wang et al., 2024a), room layout estimation (Song et al., 2015;
Geiger and Wang, 2015), object detection and segmentation (Gupta et al., 2014, 2013),



2.2. 3D Computer Vision 19

FIGURE 2.5: Kinect camera by Microsoft. Image sourced from: Fablabs.io 2.

and 3D reconstruction (Handa et al., 2014; Zollhofer et al., 2018). These cameras are

known as depth sensors.

Depth Sensors.  This type of sensor employs various technologies, such as structured-
light and time-of-flight (ToF), both of which use infrared (IR) to capture objects in the
scene. These cameras provide depth information for each pixel within a 2D image.
Often, depth information is provided along with an RGB image, resulting in RGB-D
data (Zollhofer et al., 2018). For example, structured-light cameras project an IR pat-
tern onto objects in the scene and estimate depth based on the perspective distortion
of the pattern, which varies according to the object’s depth (Zollhofer et al., 2018). In
contrast, ToF cameras measure the time it takes for IR light reflected off the object sur-
face to travel back to a detector, thereby calculating the distance (Zollhofer et al., 2018).
Depth sensors are relatively inexpensive and are mostly suitable for indoor scenes, as
their performance is affected by background light, and they lack precision in outdoor
environments (Zollhofer et al., 2018; Jimenez, 2021). Common commercial examples
of depth-sensing cameras include the Kinect (Zhang, 2012) and RealSense 3. Kinect v1
as shown in Figure 2.5, released in 2010, employed structured-light technology, while
Kinect v2, released in 2014, used ToF technology. Alternatively, depth sensing tech-
nologies encompass non-perspective-based modalities, including Light Detection and
Ranging (LiDAR) 360° sensors (Yang et al., 2023) and depth estimation based on stereo
vision camera systems that employ distinct technological approaches (Laga et al., 2020;
Szeliski, 2022). In this research, we process depth by Kinect camera, as it is used to
collect the NYUv2 dataset (Silberman et al., 2012) as shown in Chapter 4 and Chapter
5.

Perspective cameras, however, suffer from a limited field of view (FoV) and cannot
capture the full surroundings of a scene (Streckel and Koch, 2005; Zhang et al., 2016;
da Silveira et al., 2022). Another type of camera with a larger FoV, capable of capturing
full 360° surroundings, is known as a 360° camera (Gao et al., 2022). These cameras

Zhttps://www.fablabs.io/machines/xbox-kinect (accessed in 2024)
Shttps://www.intel.com/content/www/us/en/architecture-and-technology/
realsense-overview.html (accessed in 2024)


https://www.fablabs.io/machines/xbox-kinect
https://www.intel.com/content/www/us/en/architecture-and-technology/realsense-overview.html
https://www.intel.com/content/www/us/en/architecture-and-technology/realsense-overview.html
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FIGURE 2.6: Ricoh Theta camera. Image sourced from: Ricoh Theta *.

FIGURE 2.7: Illustration of the relationship between a point in 3D space and its corre-
sponding point on a spherical image in the spherical camera model. Image adapted
from (Akihiko et al., 2005).

are useful in computer vision applications, such as scene reconstruction (Dahnert et al.,
2021; Li et al., 2024), as they provide a comprehensive view of the scene and its sur-
roundings. Additionally, scenes captured by 360° cameras have expanded applications
in VR, AR, and MR (da Silveira et al., 2022).

360° Sensors. In contrast to conventional pinhole cameras, 360° sensors capture the
entire surrounding environment through spherical projection with stereo lenses (Li and
Fukumori, 2005). The images produced by these sensors are commonly referred to as
360° images, full panoramas, spherical images, or omnidirectional images (da Silveira
et al., 2022). These cameras are typically modeled as unit spheres, without intrinsic
parameters, and are entirely defined by their extrinsic parameters (Krolla et al., 2014).

A spherical camera model is defined as “a camera center and a surface of a unit sphere
whose center is the camera center" (Akihiko et al., 2005). The spherical camera center,
C € R?, is set as the origin of the world coordinate system. A spherical camera as-
sociates a ray from a point X € R3 with the camera center C, as illustrated in Figure
2.7. The intersection between this ray and the spherical surface yields a point x € S2.

4https://www.ricoh360.com/theta/ (accessed in 2024)


https://www.ricoh360.com/theta/
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Since x lies on a unit sphere, it can be expressed in spherical coordinates as (r = 1,0, ¢),
where 6 € [0,2r) and ¢ € [0, ) (da Silveira et al., 2022). A common method for
representing a 360° image on a 2D grid is equirectangular projection, which maps the
latitude and longitude of the spherical image to horizontal and vertical grid coordi-
nates (Coors et al., 2018). Another widely used technique to minimize distortions is
cube-map projection, where the spherical image is represented as six equal perspective
images (da Silveira et al., 2022; Huang et al., 2017; Kim and Hilton, 2015). This cube-
map approach supports 2D computer vision tasks, such as material segmentation in
perspective images, which can be extended to panoramic scenes, as detailed in Chap-
ter 3.

Examples of such spherical cameras include the Samsung Gear 360 > and the Ricoh
Theta ©, as shown in Figure 2.6. In this study, we utilised 360° scenes from the CVSSP
dataset 7, captured using the Ricoh Theta sensor, to create an immersive VR environ-

ment, as described in Chapter 3 and Chapter 6.

After describing methods for capturing 3D points in real-world space as 2D images, it
is also essential to discuss techniques for representing the 3D geometry of the captured
data within 2D images. This representation is critical for various computer vision ap-

plications that rely on reconstructing or analysing 3D data from 2D images.

2.2.4 What Methods Are Used to Represent 3D Geometry of Visual Data?

We will briefly describe some common 3D representations:

Point Clouds. A point cloud represents 3D data as X, Y, Z coordinates, usually cap-
turing surface details (Wang and Kim, 2019). Point clouds are memory-efficient but
lack a defined geometric structure, often requiring additional processing to construct a
coherent 3D mesh, as depicted in Figure 2.8 (Mescheder et al., 2019). They are also sus-
ceptible to noise due to surface characteristics and sensor inaccuracies (Jimenez, 2021;
Berger et al., 2017), and tend to be sparse, suffering from occlusions (Jimenez, 2021;
Cheng et al., 2021; Berger et al., 2017). This type of data is commonly collected using

depth cameras and LiDAR sensors.

Mesh. 3D meshes provide a compact representation of a scanned surface, composed
of vertices, edges, and faces that together form polygonal shapes (Wang, 2024; Jimenez,
2021). Initially, vertices originate as point clouds, with edges defining the connections

Shttps://www.samsung. com/uk/support/mobile-devices/what-is- samsung- gear-360- camera/(accessed
in 2024)

https://www.ricoh360.com/theta/(accessed in 2024)

"http://3dkim.com/research/VR/index . html(accessed in 2024)
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FIGURE 2.8: Various 3D representations segment the output space through different
methods, illustrating differences in resolution and connectivity of the 3D data: (a)
voxel representations divide the space spatially into a grid of units, (b) point-based
representations focus on predicted individual points, and (c) mesh representations use
vertices to define the structure. Image sourced from: (Mescheder et al., 2019).

between pairs of vertices, while faces represent areas bounded by edges connecting
three or more vertices (Wang, 2024). Various methods, including but not limited to
explicit geometry, can be employed to obtain 3D meshes (Berger et al., 2017).

Voxel Grids.  Voxel grids provide a discrete volumetric representation of 3D space,
where each cubic unit is called a voxel (Roldao et al., 2022; Mescheder et al., 2019), as
shown in Figure 2.8. They are often used to store occupancy information derived from
point clouds (Roldao et al., 2022). For example, a voxel grid can store depth map points
for indoor scenes in a binary format, indicating whether each voxel represents a visible
surface. This is achieved by defining the voxel size and transforming pixel depth values
to 3D coordinates within the voxel grid using camera parameters for precise represen-
tation (Dourado Neto, 2024). However, voxel grid representation consumes substantial
memory, as it stores data for both occupied and free spaces (Mescheder et al., 2019;
Roldao et al., 2022). A unique advantage of voxel representation, not available in other
methods, is its ability to capture internal geometry, making it useful for representing
complex 3D structures, such as the indoor scenes in the NYUv2 dataset used in this re-
search (Silberman et al., 2012). Voxel grids can also store additional information, such
as color and density (Wang, 2024; Dourado Neto, 2024).

Implicit Representations.  Techniques such as the Signed Distance Function (SDF)
provide a compact and continuous representation of surfaces derived from 2D images
(Jiang et al., 2020; Wang, 2024; Fatima, 2024). Compared to meshes, SDFs offer the ad-
vantage of representing arbitrary topologies. Unlike point clouds, which are inherently
sparse, SDFs represent watertight surfaces (Jiang et al., 2020). An SDF encodes an ob-
ject’s geometry by specifying the distance from any point in space to the closest surface
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(a) Surface (b) Projective TSDF (c) TSDF (d) Flipped TSDF

FIGURE 2.9: Various encoding methods for surface (a). The projective TSDF (b) is
computed with respect to the camera angle and is therefore view-dependent. The
accurate TSDF (c) shows reduced view dependency but has strong gradients in empty
space near the occlusion boundary. In comparison, the flipped TSDF (d) displays the
highest gradient close to the surface. Image sourced from: (Song et al., 2017).

of the object. The sign of the distance indicates whether the point lies inside (negative)
or outside (positive) the object (Chen et al., 2022; Wang, 2024; Fatima, 2024).

The projective Truncated Signed Distance Function (TSDF) was introduced in 2011 with
advancements in 3D reconstruction (Newcombe et al., 2011). The authors developed a
real-time reconstruction system for indoor scenes using a Kinect sensor, where all depth
data streamed from the Kinect is fused into a single global implicit surface model of
the observed scene. The TSDF is a variant of the SDF that restricts distance values to a
specified threshold around the surface, thereby reducing both computational load and
memory usage (Newcombe et al., 2011). Building on this, (Song et al., 2017) proposed a
modification to the projective TSDF used in (Newcombe et al., 2011), where each voxel
records the Euclidean distance to the nearest surface, with the sign indicating whether
the voxel is located in free space or within an occluded region. The approach in (Song
et al., 2017) eliminates view dependency by calculating distances to the nearest point
across the entire observed surface, rather than limiting calculations to the line of sight
of the camera. They further addressed the issue of strong gradients in empty space near
occlusion boundaries by introducing a flipped TSDF (F-TSDF), as illustrated in Figure
2.9. The F-TSDF is calculated as:

F-TSDF = sign(TSDF) - (TSDFmax — |TSDF|) (2.5)

The sign in Equation 2.5 provides information about whether the voxel is in front of
or behind the object’s surface. In the F-TSDF representation, voxels in visible or empty
spaces above surfaces are assigned values ranging from 0 to 1, while those in occluded
areas are assigned values from -1 to 0, resulting in steep gradients at object surfaces. In
this research, we adopt F-TSDF method (Song et al., 2017) for the implicit representation
of 2D images in the NYU datasets (Silberman et al., 2012; Firman et al., 2016).
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2.24.1 Can We Learn 3D Representations Using Deep Learning from a Single View
of an Indoor Scene?

In recent literature, point clouds have been widely used for 3D semantic segmentation
of indoor scenes, often employing convolutional neural networks (CNNs) (Hua et al.,
2018; Qi et al., 2017; Tchapmi et al., 2017; Guo et al., 2024; Xu et al., 2024; Hu et al,,
2023). Some approaches have also utilised Recurrent Neural Networks (RNNs) for
this purpose (Huang et al., 2018). Additionally, point clouds have been applied to 3D
reconstruction and completion tasks (Wen and Cho, 2023; Li et al., 2024). Meshes have
also been used for 3D reconstruction in studies such as (Nie et al., 2020; Hu et al., 2022;
Fang et al., 2021). However, these methods are limited to learning the 3D representation
of surface geometry alone, relying on explicit 3D representation input.

However, shape completion in complex scenes is a key research area in computer vision
that focuses on geometry processing. In contrast to 2D image completion, which relies
on the availability of extremely large numbers of similar images or the assumption that
the necessary structure for completion is present in the input data, 3D completion al-
gorithms are concerned with estimating full 3D occupancy. The goal of 2D image com-
pletion is typically to produce a visually plausible output rather than to predict the un-
observed ground truth accurately (Firman et al., 2016). Completion algorithms initially
used interpolation or energy minimization methods to complete small missing regions
(Roldao et al., 2022). Completing partial input by reasoning from geometric cues using
plane fitting or object symmetry often fails when the missing regions are large (Song
et al., 2017). On the other hand, fitting predefined 3D mesh models to the input depth
map is a common approach for inferring the full geometry and semantic labelling of
a scene (Gupta et al., 2015; Song and Xiao, 2014; Geiger and Wang, 2015). The quality,
quantity, and diversity of 3D models that are accessible for retrieval are restricting the
prediction quality. By applying this method, it is observed that objects which the cur-
rent models cannot describe are often overlooked. Alternately, if the 3D model dataset
is enormous enough to hold all observations, retrieval and alignment difficulties must
be resolved (Song et al., 2017). To solve these problems, (Lin et al., 2013; Song and Xiao,
2016; Jiang and Xiao, 2013) utilised 3D primitives such as cuboids to approximately de-
fine the complete 3D geometry of detected objects instead of using complete 3D mesh
models as reference. This method has the obvious drawback of only being able to sup-
ply rough shape information, which is inappropriate for geometry completion (Firman
et al., 2016). Studies employing learning-based methods have demonstrated that these
approaches are more adaptable and efficient compared to the previous ones. Typically,
it employed deep neural networks, which have a quick inference speed and superior
robustness, to infer the invisible area (Chen et al., 2020). (Dai et al., 2017b) proposed
a 3D-Encoder-Predictor Network that first encodes the known and unknown space to
obtain a comparatively low-resolution prediction, and then connects this intermedi-
ate result with 3D geometry from a shape database. Using raw point clouds directly,
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without making any structural assumptions about the underlying shape, is what (Yuan
et al., 2018) introduced as an end-to-end solution. (Stutz and Geiger, 2020) provided
a technique for 3D shape completion based on weakly supervised learning. They
trained a shape prior on synthetic data and learned maximum likelihood fitting us-
ing CNN. (Zhou et al., 2021) proposed probabilistic generative modelling of 3D shapes
using Point-Voxel Diffusion (PVD). PVD combines hybrid point-voxel representations
of 3D forms with denoising diffusion models. It trained by maximising a variational
lower bound to the conditional likelihood function and it could be seen as a series of
denoising stages that reverse the diffusion process from observed point cloud data to
Gaussian noise. These techniques concentrate on reconstructing 3D shapes from the
incomplete input of a single object, which makes it difficult to be extended to partial

scenes with multiple objects approximated at the semantic level.

A more recent problem in computer vision, termed semantic scene completion (SSC),
was introduced by (Song et al., 2017). SSC aims to learn 3D representations that en-
compass not only visible surfaces but also challenging regions in occluded areas, from
a single partial view within a 2D image. This approach leverages voxel grids, as dis-
cussed in Section 2.2.4, to capture the internal geometry of occluded regions. Addition-
ally, SSC utilises an implicit representation based on the TSDF to encode 2D images,
enabling the capture of 3D shapes and structures in a more comprehensive manner.

More elaboration on SSC will be provided in Section 2.3.

In this research, we propose two models contributing to SSC: a model that uses depth-
only input, detailed in Chapter 4, and an enhanced model with dual input (RGB and
depth), as described in Chapter 5.

2.3 Semantic Scene Completion (SSC) for Perspective Indoor

Views

SSC is a relatively recent research field that began with the work of Song et al. in
2017, who introduced SSCNet, the first deep neural network designed specifically for
SSC (Song et al., 2017). The SSC task involves simultaneously predicting volumetric
occupancy and object categories at the voxel level from a partial view. Thus, SSC en-
compasses two closely related tasks: scene completion and semantic scene completion
(Song et al., 2017). Additionally, they provided the SUNCG synthetic dataset includ-
ing 3D densely annotated models for indoor scenes, which has a significant number of

scenes that are inaccessible due to violations of intellectual property rights 8.

8https://https://futurism.com/tech-suing-facebook-princeton-data/(accessed in 2023)
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TABLE 2.1: Indoor scenes datasets.# Frames” means the number of images in the
dataset with splitting if provided.

Dataset Scenes Type Input — Ground Truth  # Frames
NYUv2 (Silberman et al., 2012) Real data RGB-D — Voxel 795/654
SceneNN (Hua et al., 2016) Real data RGB-D — Mesh 100
ScanNet (Dai et al., 2017a) Real data RGB-D — Mesh 1201/312
CompleteScanNet (Wu et al., 2020) Real data RGB-D — Mesh/Voxel 45448/11238
ScanNet++ (Yeshwanth et al., 2023) Real data RGB-D — Mesh 360/50/50
NYUCAD (Firman et al., 2016) Synthetic data RGB-D — Voxel 795/654
SceneNet (Handa et al., 2016) Synthetic data RGB-D — Mesh 57
PCSSC-Net (Zhang and Wonka, 2021)  Synthetic data RGB-D — Points 1520/392
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FIGURE 2.10: An illustration of 3D data distribution within NUY training set.

Song et al. observed that occupancy patterns within scenes are strongly correlated with
the semantic labels of objects. Consequently, predicting voxel occupancy and identify-
ing object semantics are highly interdependent. Recognizing an object’s identity aids
in predicting its likely position within a scene. For instance, if the top of a chair is vis-
ible behind a table, it may be inferred that the chair’s seat and legs are present as well.
Conversely, identifying an object’s occupancy pattern can facilitate the classification of

its semantic category (Song et al., 2017).

As SSC integrates both scene completion and semantics, the following sections will
provide an overview of indoor scene datasets relevant to the SSC problem, as well
introduce existing SSC architectures, discuss loss functions designed to learn scene ge-

ometries, and outline evaluation metrics, along with training and evaluation schemes.
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2.3.1 Indoor Scenes Datasets

There are several indoor datasets available in the literature, as shown in Table 2.1. How-
ever, researchers have been using NYU datasets (NYUv2 (Silberman et al., 2012), and
NYUCAD (Firman et al., 2016)) since the time when the SUNCG dataset was avail-
able, and continue to use them till now. The NYU datasets are the best option for the
defined research problem compared to other indoor datasets due to their real and syn-
thetic data, dense annotations for volumetric representation, a wide range of scenes,
and dataset size. Compared to NYUv2 and NYUCAD, datasets such as SceneNN (Hua
et al., 2016), ScanNet++ (Yeshwanth et al., 2023), and SceneNet (Handa et al., 2016) are
considerably smaller. The PCSSC-Net dataset (Zhang and Wonka, 2021), while syn-
thetic and represented with point clouds, lacks sufficient local connectivity, which lim-
its its utility in completion tasks. The ScanNet dataset (Dai et al., 2017a), primarily
designed for object classification, retrieval, and surface-level semantic voxel labeling,
does not offer the dense annotations required for volumetric tasks. The CompleteS-
canNet dataset (Wu et al., 2020), which incorporates ShapeNet (Wu et al., 2015) and
Scan2CAD (Huang et al., 2021), is subject to ground truth inconsistencies, with missing

data in scene elements such as walls, floors, and ceilings.

Given these considerations, this research utilises the NYU datasets (NYUv2 (Silberman
etal., 2012) and NYUCAD (Firman et al., 2016)) for the semantic scene completion (SSC)
tasks detailed in Chapter 4 and Chapter 5. However, the NYUv2 dataset comprises 1449
realistic RGB-D indoor scenes captured with a Kinect sensor at a 640x480 resolution.
The scenes are challenging and complex. For this dataset the voxelized 3D ground truth
data derived from the annotations in (Guo et al., 2015), with object categories mapped
according to (Handa et al., 2016). The dataset is divided into 795 training instances
and 654 testing instances. However, as noted by (Song et al., 2017), the NYUv2 dataset
suffers from occasional misalignments between depth images and their 3D labels. The
NYUCAD (Firman et al., 2016) addressed this issue as it provides depth maps rendered
directly from ground truth annotations, thus eliminating alignment issues. The NYU
3D voxelised data represent a significant imbalance in 3D space, with approximately
95% of voxels unoccupied and only 5% occupied. Figure 2.10 shows this imbalance
within the NYU 3D data training set. In this research, we contribute to address this
challenge in Chapter 4.

2.3.2 SSC Architecture Designs and Input Modalities

The design of SSC architectures is closely tied to the type of input data, including
3D geometry representations derived from depth maps using TSDF with volume net-
works, 2D inputs such as RGB and/or depth using view-volume networks, or hybrid
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networks that combine TSDF-based geometry representations with RGB data (Roldao
etal., 2022).

Volume Networks. Several studies have utilised volume CNN designs to manage 3D
scene representations through 3D occupancy grids or voxels. These grids incorporate
TSDF values, typically derived from depth maps, which represent the distance to the
nearest surface within a normalized range of -1 to 1 (Song et al., 2017; Garbade et al.,
2019). Many studies, such as (Song et al., 2017; Zhang et al., 2018b,a, 2019; Dourado

et al., 2021), use F-TSDF to provide steeper gradients at surface boundaries.

A common practice in volume-based networks is the use of encoder-decoder archi-
tectures with skip connections to retain contextual information (Roldao et al., 2022).
Some studies such in (Zhang et al., 2018b) extended SSCNet by incorporating a dense
Conditional Random Field (CRF) on the output, combining unary potentials (SSCNet
output) with pairwise potentials by TSDF derived from depth geometries. Similarly,
(Zhang et al., 2018a) proposed spatial group convolutions that operate orthogonally on
spatial dimensions rather than feature channels.

Further advancements include CCPNet (Zhang et al., 2019), which introduced a Guided
Residual Refinement (GRR) module. This module uses hyperbolic tangent function-
based connections to amplify fused features and restore the fine structure of objects.
Additionally, EdgeNet (Dourado et al., 2021) leveraged the UNet architecture and in-
corporating edge information from RGB data into the voxelized representation within

data preprocessing step, guiding the model’s learning process.

View-Volume Networks.  Other research has explored the view-volume approach,
integrating 2D /3D CNNSs to extract features from 2D sources like RGB and/or depth
maps, and then project these features into 3D space using a projection layer (Li et al.,
2023; Liu et al., 2018; Li et al., 2020b, 2019a, 2020a; Zhong and Zeng, 2020). One of the
earliest methods to incorporate RGB features with depth data is (Liu et al., 2018) in
SSC domain, which proposed a reprojection layer based on camera intrinsic parame-
ters. (Li et al., 2019a) introduced the lightweight Dimensional Decomposition Residual
network (DDR) designed for 3D dense prediction with the advantage of reducing the
network parameters. The DDR breaks down the standard 3D convolution into three
sequential one-dimensional layers along three orthogonal axes. (Li et al., 2020b) in-
troduced a multi-modal fusion architecture that employs 2D semantic segmentation to
guide 3D features taking the advantage of residual attention block (RAB) that combines
both channel and spatial attention modules with DDR block. (Li et al., 2020a) proposed
anisotropic convolutions by decomposing 3D convolutions into three sequential one-

dimensional convolutions, where the kernel size of each one-dimensional convolution
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is adaptively determined. Similarly, the study in (Li et al., 2023) proposed Planar Con-
volution Residual (PCR) block, a variant of the Dimensional Decomposition Residual
(DDR) block in (Li et al., 2019a). The PCR is based on planar convolutions with kernel
dimensions where one of the three sizes is 1. Additionally, they proposed attention
module for capturing the global context from the front surface to the rear occluded
areas. Employing point cloud inputs, as explored by Zhong et al. (Zhong and Zeng,
2020), present challenges such as sparsity and a lack of local structural detail, which are
typically not present in 3D occupancy grids.

Other works, such as (Cao and de Charette, 2022; Wang et al., 2024b; Yao et al., 2023),
utilised only RGB inputs to predict the 3D representation. However, using single RGB
input alone is challenging due to the loss of depth or shape information. (Cao and
de Charette, 2022) introduced a 3D context relation prior to enhance spatio-semantic
awareness by learning semantic scene-wise relation maps using a 3D UNet bottleneck.
(Wang et al., 2024b) proposed a method to first predict depth maps, which are then
fused with RGB features. Additionally, they designed a confidence-aware 2D-3D pro-
jection mechanism that compares feature certainty with a trainable latent variable to
refine the 3D projection positions. Building on (Cao and de Charette, 2022), (Yao et al.,
2023) proposed a method to extend 2D feature maps into 3D space by gradually recon-

structing the depth dimension through deconvolution operations.

Hybrid Networks.  Recent studies have shifted towards hybrid designs that utilise
multiple inputs, including TSDF, RGB, or point clouds. This approach aims to leverage
the strengths of both 3D geometric and 2D semantic features (Garbade et al., 2019; Li
et al., 2019b; Chen et al., 2020; Cai et al., 2021; Wang et al., 2022; Dourado et al., 2022;
Wang et al., 2023). (Chen et al., 2020) proposed the 3D Sketch model, which employs
a Sketch Hallucination Module that utilises the semi-supervised structural prior prop-
erty of a Conditional Variational Autoencoder (CVAE) to guide full 3D sketch inference
from partial observations. SISNet (Cai et al., 2021) proposed a method for learning 2D
instance semantics through iterative scene-to-instance and instance-to-scene semantic
completion. The approach reconstructs instances using a backbone and proposal mod-
ule to determine their locations, sizes, and categories, followed by voxelizing them at
higher resolution to recover detailed 3D shapes. FFNet (Wang et al., 2022), building
on (Chen et al., 2020), integrates RGB and depth data by performing 2D feature corre-
lation in the frequency domain. SPAWN (Dourado et al., 2022) proposed an encoder-
decoder architecture and incorporating surface normals alongside geometric and RGB
features. Similarly, (Wang et al., 2023) introduced a knowledge distillation-based model
called Cleaner Self (CleanerS). This model comprises two networks: a teacher network
trained on clean TSDF data from the NYUCAD dataset with rendered depth maps,
and a student network trained on noisy TSDF data from the Kinect sensor within the
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NYUv2 dataset. Both networks include additional RGB features, with the teacher net-
work providing intermediate supervision to the student network for both structure
and semantics. (Chen et al., 2019) explored adversarial training with a conditional gen-
erative adversarial network (GAN), though it achieved suboptimal results compared
to the recent study by (Wang et al., 2024a), which applied adversarial training with tai-
lored guidance. This approach enhanced the generator’s ability to ensure visual fidelity
by addressing both geometric completeness and semantic accuracy. Additionally, (Lin
et al., 2023) extended the work in (Li et al., 2019a) by incorporating multi-head atten-
tion and multi-scale feature fusion. (Fu et al., 2023) combined point clouds with voxel
representations, introducing a Surface-Attention module to guide the features of voxels
near the surface.

However, SSC architectures incorporate learning from both 2D and 3D representations
leveraged transfer learning to utilise the learnable feature weights from large datasets
(Garbade et al., 2019; Chen et al., 2020; Li et al., 2021; Wang et al., 2022; Dourado
et al., 2022), with some adopting ResNet-50/ResNet-101 for 2D feature extraction, pre-
trained on ImageNet (He et al., 2016a; Russakovsky et al., 2015). Research by (Garbade
etal., 2019; Wang et al., 2022) utilised the pre-trained Deeplab v3+ (Chen et al., 2018) on
the ADE20K dataset (ADE). A recent study by Wang et al. (Wang et al., 2023) employed
the Segformer (Xie et al., 2021), initialized with weights from ImageNet. It is noted that
some studies have adopted iterative training with distinct learning rates for each input
such as (Cai et al., 2021), while others opted for a singular global learning rate and con-
sistent training settings such as optimisers and schedulers for parallel training across
both input modalities (Wang et al., 2023; Chen et al., 2020; Wang et al., 2022; Tang et al.,
2022).

We observed that methods based on hybrid architectures with multiple inputs, such
as RGB and geometry representations derived from TSDF, achieve better performance
compared to models with single inputs in volume networks and view-volume net-
works. In this research, we propose two models: a volume-based model and a hy-
brid model that simultaneously train on two distinct representations of the scene with
F-TSDF and RGB inputs. Our baseline design is inspired by the UNet architecture in
(Dourado et al., 2021). Additionally, we inspired by studies in (Zhang et al., 2019; Li
et al., 2023; Liu et al., 2018), we employed hyperbolic tangent transformations on the
identity features within our network and projecting RGB features from 2D to 3D using
planner convolution layers. More details are discussed in Chapter 4 and Chapter 5.

2.3.3 Loss Function Designs for SSC Modeling

The design of loss functions is often closely tied to the model architecture, as seen in
approaches employing adversarial training. For instance, (Chen et al., 2019) utilised
an adversarial training objective function customized to address the challenges of the
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SSC problem. Similarly, (Chen et al., 2020) proposed a combined loss comprising cross-
entropy, Kullback-Leibler divergence, and semantic losses to provide a self-supervised
semantic signal. Their approach incorporated a Sketch Hallucination Module, lever-
aging the semi-supervised structural prior property of a Conditional Variational Au-
toencoder (CVAE) to guide full 3D sketch inference from partial observations. They
employed the Kullback-Leibler divergence loss to encourage the model to generate a
distribution aligned with a predefined prior distribution. Other methodologies incor-
porate point clouds along with voxels such in (Tang et al., 2022; Fu et al., 2023) em-

ployed additional loss for points semantic features supervision.

It has been observed, few studies have proposed loss functions that explicitly address
the data imbalance problem through weighting techniques. Studies in (Song et al,,
2017; Zhang et al., 2019) used a voxel-wise cross entropy with {0, 1} weights for empty
and occupied voxels with undersapmling the occluded empty voxels to tackle the im-
balance between occupied and empty voxels. PALNet (Li et al., 2019b) introduced a
Position-Aware Loss (PA) that uses local geometric information to calculate voxels’
weights, encouraging the identification of voxels with rich details. They employed
Local Geometric Anisotropy (LGA) to assess the differences between a voxel and its
neighboring voxels. Tang et al. (Tang et al., 2022) introduced a weighted cross-entropy
loss by giving 0 weight for visible empty and 1 otherwise. This loss is combined with
a semantic-aware loss that supervises the pairwise similarity in the generated point
clouds. Dourado et al. (Dourado et al., 2021, 2022) randomly select the occluded vox-
els to achieve a balance between occupied and empty voxels. Additionally, (Dourado
et al., 2022) assigned higher weights (w = 2) to rare categories such as TV.

However, the weighting methods mentioned above largely overlook the issue of cat-
egory imbalance within datasets. In this research, we propose a novel re-weighting
method that addresses the pronounced imbalance between occupied and non-occupied
voxels while also considering the category imbalances within the NYU datasets (Silber-
man et al., 2012; Firman et al., 2016), as detailed in Chapter 4.

2.3.4 Evaluation Metrics

The proposed evaluation metrics for SSC in indoor scenes with voxelized data include
Precision, Recall, and Intersection over Union (IoU) for evaluating the scene comple-
tion task, as well as mean Intersection over Union (mloU) (Everingham et al., 2015;
Song et al., 2017) for assessing the semantic completion task, excluding empty space, as
depicted in Equation 2.6:

c TP,

Toll = = . 26
mlol =& ¥ 75 < Fp, + N, 26)
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Equation 2.6 calculates the mean Intersection over Union (mlol) by using true posi-
tives (TP), false positives (FP), and false negatives (FN) for each class (C). In the scene
completion task, the IoU metric is based on the formula in 2.6 but does not incorpo-
rate semantic class labels. Specifically, voxels in occluded regions are binary classified:
non-empty voxels are assigned a “1’, while empty voxels are assigned a ‘0’. We observe
a lack of standardized methods for selecting the scene completion area for IoU evalu-
ation, which complicates result comparison across studies. For instance, SATNet (Liu
et al., 2018) select the occupied occluded voxels while the empty occluded voxels are
re-sampled. On the other hand, SPAWN (Dourado et al., 2022) bypasses re-sampling
step for unoccupied occluded voxels. Other studies, such as PALNet (Li et al., 2019b),
DDRNet (Li et al., 2019a), and AICNet (Li et al., 2020a), include all occupied voxels in
the scene, combining visible surfaces with occluded regions for scene completion eval-
uation.

Additionally, many studies fail to provide detailed descriptions, methods, or code for
selecting occluded regions, which further complicates reproducibility and comparison.
As a result, mloU is considered to better reflect real model performance and is more
critical than IoU for comparing state-of-the-art (SOTA) models (Liu et al., 2024; Li et al.,
2020a). In this research, we present our results using both IoU and mloU, along with
Precision and Recall. For IoU we evaluated all the occluded occupied voxels and fol-
lowing the approach in (Liu et al., 2018), we consider the resampled empty occluded

voxels.

2.3.5 Training and Validation Scheme

Most studies in indoor SSC literature adopt the hold-out procedure, which involves
dividing the dataset into two splits: a training set and a hold-out set for evaluating
model performance. However, it is often unclear whether these studies also incorporate
a validation split during training to monitor the model’s fitting behavior. Without a
validation split, detecting underfitting or overfitting becomes challenging, yet these
are critical for assessing model performance. Limited studies used validation set, a
recent study (Wang et al., 2024a) reported randomly sampling 100 instances from the
training set to use as a validation set. Another limitation observed, that none of the
SSC studies in the literature have, to our knowledge, reported performance uncertainty
by providing average results with standard deviations. Instead, some studies, such
as (Zhang et al., 2018a), explicitly mentioned that they reporting only their highest
achieved scores. Reporting average results with standard deviations is an essential step
toward building generalised and unbiased results. Furthermore, we observe minimal
variation in reported scores across different models, making it challenging to compare

performance effectively without standard deviations calculated over multiple runs.
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In machine learning literature, K-fold cross-validation is a widely recognized technique
for measuring model performance (Nti et al., 2021) and assessing generalisation error
(Anguita et al., 2005; Blum et al., 1999). This technique involves randomly partitioning
the dataset into k¢ equal-sized subsets (folds). Each fold is used as validation data while
the remaining k f- 1 folds are used for training. The process is repeated k f times, and the
results from all folds are averaged to yield a single performance estimate for the model
(Stone, 1974; Wong, 2015; Rodriguez et al., 2009). In this research, we employed K-fold
cross-validation to address the gap in SSC model evaluation by assessing performance
uncertainty. We evaluated model performance using a single depth input in Chapter
4 and examined multiple inputs with various fusion strategies of incorporating RGB

features in Chapter 5.

2.4 3D Indoor Scene Reconstruction and Completion from 360°

Camera Views

Significant progress has been made in constructing 3D models of indoor scenes from
perspective camera views, as discussed in Section 2.3. Methods leveraging single-
depth inputs (Song et al., 2017; Zhang et al., 2019, 2018a) or solely RGB data (Cao
and de Charette, 2022), as well as approaches combining RGB-D inputs (Wang et al.,
2023; Dourado et al., 2022; Chen et al., 2020), have demonstrated the ability to gener-
ate semantically labeled 3D voxel structures. These structures include both visible and
occluded regions and are constructed using convolutional neural networks (CNNs)
trained jointly for semantic segmentation and scene completion. However, these meth-
ods are constrained by their limited input modalities and partial scene coverage, mak-

ing them inadequate for applications requiring fully immersive VR environments.

In contrast, relatively few studies have addressed 3D reconstruction from 360° inputs,
which provide a complete scene view. For instance, (Li et al., 2024) employs CNNs for
surface reconstruction, but this approach does not extend to generating annotated 3D
models with semantic segmentation. Similarly, the work in (Kim et al., 2022), demon-
strates densely annotated 3D models using depth-only 360° inputs. Nevertheless, a
gap remains in developing frameworks that integrate RGB data for fully immersive

and annotated 3D reconstructions.

In this research, we extend the inference capabilities of the pre-trained MDBNet model
introduced in Chapter 5. Originally trained on densely annotated datasets of indoor
perspective scenes, MDBNet is adapted to process 360° RGB-D inputs, enabling the
generation of comprehensive 3D models suitable for immersive VR environments, as
detailed in Chapter 6. While EdgeNet360 in (Kim et al., 2022) also produce detailed 3D
reconstructions from depth-only inputs, our proposed framework bridges the existing

gap in the literature by being adaptable to recent indoor SSC models pre-trained on
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both RGB and depth perspective views. This adaptability enhances its applicability to

VR environments and facilitates further advancements in semantic scene completion.

2.5 Combining Audio and Visual Data in 3D Virtual Space

Different methods have been introduced to model the properties of room acoustics, en-
abling the reproduction of spatial audio effects in virtual environments (Remaggi et al.,
2015; Politis et al., 2018; Kim et al., 2022). Several approaches existed for synthesising
and generating RIRs (Baran et al., 2024), which can be broadly categorized into algorith-
mic methods, such as in (Raghuvanshi et al., 2010; Lentz et al., 2007; Taylor et al., 2012),
and deep learning methods, as in (Chen et al., 2023; Liang et al., 2023; Majumder et al.,
2022; Ratnarajah et al., 2024; Singh et al., 2021). Some algorithmic methods, like (Lentz
et al., 2007) and (Taylor et al., 2012), estimate RIRs in simplified or empty 3D scenes.
In contrast, deep learning approaches increasingly leverage audio-visual inputs to esti-
mate RIRs. However, both categories predominantly focus on RIR estimation without
explicitly analysing the relationships between inferred 3D objects with semantic prop-
erties and the estimated RIRs. Consequently, there remains a gap in applying estimated

RIRs to predicted 3D meshes for practical use.

Some studies investigated the theoretical relationships between 3D mesh surfaces and
acoustic sound filed properties. For example, (Wang et al., 2021) demonstrated that sur-
face features such as gaps and cracks significantly affect sound field reflections, caus-
ing localized increases in echo energy, with sensitivity affected by surface gap features
such as smoothness, size, shape, and incident angle. Similarly, the study in (Torres
et al., 2004) emphasized the critical role of edges in auralization, using edge diffraction
models to simulate how sound bends around surfaces. The authours in that work iden-
tified four parameters wich are diffraction level, cutoff frequency, slope of the response,
and phase of the diffraction to describe the sound behavior while still capture the main
features of how sound reflects from small surfaces. Furthermore, the study in (Shtrepi,
2019) showed that the perceptual impact of detailed diffusive surfaces such as triangu-
lar prisms on reverberance and spaciousness is noticeably stronger than flat surfaces.
(Kim et al., 2022) further confirmed that voxelized 3D meshes result in better acoustic
realism compared to simpler block-based models, building on earlier findings by (Kim
et al., 2019). Both studies (Kim et al., 2019, 2022) used EDT and RT60 measurements to

evaluate sound quality in VR environments for similar rooms.

Together, these findings highlight that the realism and perceptual accuracy of spatial
sound depend not only on room shape and size but also on the fine structural details
of 3D surfaces. High fidelity mesh reconstructions contribute to auditory realism and
provide more consistent sensory experience across audio and visual cues, which are

critical for immersive VR experiences.
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Regarding sound rendering within VR environments, (Kim et al., 2019, 2022) utilised
Unity ? with sound spatialisation plug-ins: Google Resonance Audio !° in (Kim et al.,
2019) and Steam Audio ' in (Kim et al., 2022). Notably, (Kim et al., 2022) found
that Google Resonance Audio produced inferior audio quality when paired with ESS
and voxel-based models. However, VR gaming engines have been widely adopted
for creating immersive experiences in virtual spaces. Popular VR gaming engines in-
clude Unity, Unreal Engine 2, CryEngine 3, AppGameKit VR ¥, ApertusVR !>, and
Urho3D 6. Among these, Unity and Unreal Engine are the most commonly used due
to their community support, user-friendly interfaces, and advanced rendering capabil-
ities (Isar, 2018; Anil, 2024; Vuorinen). Unity is particularly noted for its lightweight
build and ease of use compared to Unreal Engine (Sabir et al.; Ciekanowska et al.,
2021; Isar, 2018). Additionally, some studies have explored Unity for spatial sound
experiences. For example, (Wolf et al., 2020) proposed an optimised binaural sound
rendering method for Unity using continuous-azimuth HRTFs to improve localization
accuracy. Similarly, (Resvik, 2024) developed a VR orchestral concert experience using

Unity combined with the Oculus Spatializer Native toolkit for audio specialization.

In our research, we conduct preliminary experiments using EdgeNet360 as described in
(Kim et al., 2022), with a 360° RGB only input, to construct a VR space, as demonstrated
in Chapter 3. The VR space reconstruction is enhanced in Chapter 6, by leveraging
the SSC model introduced in Chapter 5. This approach enables the creation of more

comprehensive and immersive VR spaces, addressing existing limitations in the field.

2.6 Summary

In this chapter, we introduce key concepts related to the data used in this research.
Additionally, we review existing methods for constructing VR spaces from a single
image and explore VR gaming engines used to create virtual environments with spatial
sound rendering. These methods and tools are linked to our preliminary results in
Chapter 3, which serve as the motivation for this research. Our final results, along with
a comprehensive evaluation and comparison with existing work in the literature, are
presented in Chapter 6.

We also detail the deep learning architectures employed for SSC in indoor views, as

well as the datasets and evaluation methods used for a thorough comparison with our

https://unity.com/(accessed in 2024)
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https://apertusvr.org/(accessed in 2024)
1ohttps://urho3d.io/(accessed in 2024)
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proposed models in Chapter 4 and Chapter 5. The SSC model proposed in Chapter 5
forms the foundation for constructing 3D voxel models, as demonstrated in Chapter 6.

The following chapter delves into the motivation behind this research, focusing on the
construction of VR spaces from single 360° images.
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Chapter 3

Audio-Visual Scenes Generation in
Virtual Space Using Single 360°
Scene (A Preliminary Work)

3.1 Motivation and Contribution

This chapter introduces preliminary work on constructing an audio-visual space from
a single 360° input. In this work, we propose a pipeline that integrates scene semantics
and material properties from a single RGB 360° input, enabling realistic acoustic ren-
dering for an enhanced auditory experience. It addresses the first research question,

RQ1, and lays the foundation for the methodological choices in this research.

The motivation for this work stems from the need to simplify the traditionally resource-
intensive process of audio-visual scene generation. Classical methods for estimating
room acoustic properties require physical setups involving microphones and loud-
speakers, which can be time-consuming and resource-demanding (Kon and Koike,
2018). Instead, this work introduces a computer vision-based approach, where a single
360° camera image can be used to reconstruct the 3D geometry of the scene and esti-

mate room acoustic parameters via synthesised room impulse responses (RIRs).

This approach leverages the fact that accurate 3D geometry with material properties
is a key factor in simulating realistic room acoustics, as 3D models can closely mimic
real-world acoustic behavior (Hulusic et al., 2012). By estimating both the 3D scene
semantics and material properties directly from visual input, the proposed pipeline
significantly reduces the need for additional hardware setups. Moreover, the proposed

pipeline not only offers a practical and efficient way to generate VR spaces but also
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opens new possibilities for dynamically estimating room acoustics in real-time, offer-
ing a scalable solution for applications in entertainment, education, and architectural
design.

Previous works have explored audio-visual scene generation but differ in methodol-
ogy. For instance, the study in (Kim et al., 2019) employed SegNet (Badrinarayanan
et al., 2017) to extract scene semantics from 2D RGB inputs, generating a 3D model by
mapping 2D points into 3D space using depth information estimated by stereo cameras.
The resulting 3D point cloud is grouped into clusters based on object labels, and block
structures are reconstructed from these clusters using point occupancy to approximate
the scene’s geometry. In another study, (Kim et al., 2022) employed EdgeNet (Dourado
et al., 2021), a semantic scene completion (SSC) deep learning model, to infer scene se-
mantics directly within 3D space. Once the 3D models are built in these studies, sound
is rendered within the scenes to create a coherent and immersive experience by inte-

grating both audio and visuals.

In contrast to previous works, which rely on multiple cameras for depth estimation
(Kim et al., 2020a, 2021), this research proposes a more efficient solution using only a
single 360° image. This eliminates challenges related to camera synchronization and
alignment. Additionally, the inclusion of material segmentation (derived from both
local and global features) ensures a more accurate representation of surface properties,
as demonstrated in (Heng et al., 2022), which are crucial for acoustic modeling. The
proposed pipeline integrates recent advancements in computer vision to streamline

the process of VR scene generation, enhancing immersive audio-visual experiences.
In this chapter we contributed by:
¢ Extending material estimation inference from perspective RGB images to 360°

RGB inputs through cubic projection, using a decomposition and composition
process to align the proposed pipeline components effectively.

¢ Constructing a VR space using the Unity platform integrated with the Steam Au-
dio plug-in, followed by evaluating room acoustic parameters in the virtual envi-
ronment.

3.2 Proposed System

3.2.1 Overview

This pipeline aims to construct 3D virtual space from a single 360° photo of an in-
door scene with sound rendering capabilities. As shown in Figure 3.1, the process

begins with capturing a complete indoor scene using an off-the-shelf 360° camera. The
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FIGURE 3.1: End-to-end system structure: a single 360° image input to estimate

monocular depth. Both materials recognition and 3D model reconstruction are pro-

cessed in parallel. Results are integrated into Unity platform for complete 3D scene
with materials labels to generate plausible sounds in VR space.

pipeline integrates output from three main components: monocular depth estimation
using a U-Net model to estimate the depth of the scene (Wu et al., 2021). EdgeNet360
(Kim et al., 2022), an extension of EdgeNet (Dourado et al., 2021) designed for predict-
ing comprehensive 3D geometrical structure by completing the scene’s invisible parts
and predicting semantic labels. Material estimation model based on (Heng et al., 2022)
for predicting materials in a given RGB input.

The outputs from these models are integrated into the Unity platform for both geom-
etry rendering and sound reproduction. By combining the 3D geometry with material
properties, the system allows for the evaluation of room impulse response (RIR) acous-
tic parameters, such as early decay time (EDT) (Barron, 1995) and reverberation time
(RT60) (Rungta et al., 2016). These acoustic measures are used to compare the repro-
duced room model with the actual recorded sound in the space. The following sections
detail the methods employed within the pipeline.
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3.2.2 Monocular Depth Estimation

A U-Net shape encoder-decoder model for a single 360° image depth estimation is used
based on (Wu et al., 2021). The encoder uses ResNet50 (He et al., 2016a) as its back-
bone, while the decoder consists of two convolution layers followed by four bilinear
up-sampling layers. The feature vectors extracted by the encoder are passed directly
to the subsequent up-sampling layers in the decoder to infer the depth maps. The loss
function is a combination of Structural Similarity (SSIM) loss (Wang et al., 2004) and
dense depth loss. The architecture is trained on Stanford2D3D and Matterport3D im-
age sets from the 3D60 dataset (Zioulis et al., 2018).

3.2.3 Materials Recognition

The material estimation is based on network from (Heng et al., 2022), which extracts
features from different patch sizes using a self-attention strategy. The network selects
the appropriate patch size based on the input image, rather than relying on a fixed
patch size for the entire dataset. A set of attention masks (A1, Az, As, A4) is predicted
and normalized from the final transformer layer to aggregate the features. The merged
features are then passed through a feature pyramid network to recover the spatial struc-
ture and predict material labels for each pixel. Figure 3.2 shows the output classes of
the material recognition module. The network is trained on material database (LMD)
(Schwartz and Nishino, 2019).

3.2.4 3D Semantic Scene Completion (SSC)

For 3D semantic scene completion (SSC), we follow the approach of (Kim et al., 2022)
and (Dourado et al., 2021). A 3D voxel structure is reconstructed by projecting points
from the estimated depth maps into 3D space. To cover the entire 360 surroundings,
the 3D coordinate system is partitioned into eight overlapping view parts from the
scene’s center. Semantic scene completion is then applied to each region using EdgeNet
(Dourado et al., 2021), which employs weights pre-trained on the SUNCG dataset (Song
et al., 2017) and fine-tuned on the NYUv2 dataset (Silberman et al., 2012). EdgeNet is
designed to predict scene semantics and reconstruct occluded parts of the scene. The
outputs are merged into a single complete scene using EdgeNet360 (Kim et al., 2022),
resulting in a fully reconstructed 3D model with semantic labels. Finally, the material
labels predicted in Section 3.2.3 are assigned to the 3D semantic labels within Unity.
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FIGURE 3.2: Materials classes by the proposed material recognition module.
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FIGURE 3.3: Sphere to cubic decomposition and composition on MR scene.

3.2.5 Sphere to Cubic Decomposition and Composition

The material estimation process described in Section 3.2.3 only accepts 2D RGB images.
Therefore, since the proposed pipeline uses 360° RGB inputs, a cubic projection is ap-
plied as a preprocessing step. Each 360° RGB input is decomposed into six segments,
with overlapping regions at the boundaries (Kim and Hilton, 2015). These segments are
then fed into the material recognition model. After material properties are estimated
for each segment, the six cubic parts are recomposed into a complete 360° image. Fig-

ure 3.3 illustrates this process.

3.2.6 Sound Rendering in VR Space

The reconstructed 3D semantic scene is imported into Unity !, where the Steam Audio
plug-in Steam Audio? is used for room acoustics simulation and sound rendering. A
virtual sound source and listener are placed within the scene, with sound rendering
including the use of head-related transfer functions (HRTFs). From this configuration,
we rendered an exponential sine-sweep method (ESS) mono sound in the virtual rooms

Ihttps://unity.com/(accessed in 2024)
2https://valvesoftware.github.io/steam-audio/(accessed in 2024)
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FIGURE 3.4: Visualisations of 3D SSC models constructed from CVSSP dataset sam-

ples.
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FIGURE 3.5: EDT and RT60 results on CVSSP data related to ground truth.

and we extracted the RIRs following Farina method (Mo¢nik, 2023; Farina, 2000, 2007).
The ESS method is advantageous because it varies frequency exponentially over time,
making it easier to capture sound propagation across different frequency bands. The
RIRs are segmented into direct sound, early reflections, and late reverberations (Yu and
Kleijn, 2020). We evaluate early decay time (EDT) and reverberation time (RT60) as ob-
jective measures of the virtual environment’s acoustic performance. EDT is estimated
using the slope of the decay curve, determined from a fit between 0 and -10 dB, and the
decay time is calculated from the slope as the time required for a 60 dB decay (Barron,
1995). RT60 measures the time required for the energy to decay by 60 dB, providing
insights into the room’s size, boundaries, and material absorption properties (Rungta
et al., 2016). The average EDT and RT60 values are reported across six octave bands
between 250 Hz and 8 kHz.
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3.3 Results and Observations

The proposed pipeline is tested on CVSSP 3. We choose this dataset because it consists
of five indoor scenes with 360° images and ground-truth acoustic parameters measure-
ment. This dataset is particularly suitable for assessing both the visual semantics and
the acoustic properties in a virtual space. For our preliminary work, three scenes are se-
lected: Meeting Room (MR), Kitchen (KT), and Usability Lab (UL). The Listening Room
(LR) and Studio Hall (ST) are excluded. The LR is omitted because it contains acousti-
cally controlled materials, which would not provide relevant results for our study. The
ST is excluded due to its dimensions being significantly larger than those used for con-
structing the 3D voxels.

In the virtual environments generated for the scenes with 3D models, we analyse the
RIRs to assess the spatial sound within the 3D space. Figure 3.4 presents sample out-
puts from the CVSSP dataset, illustrating the reconstructed 3D models. Upon inspec-
tion, we observe that the quality of these models is suboptimal, primarily due to the
limitations of the mono depth input. The depth maps failed to consistently capture
the correct scale, leading to inaccuracies in the geometry of the reconstructed scenes.
Furthermore, we observe that the material estimation network produces errors in its
predictions. For example, the sofas in the MR scene are predicted as wood material, as
shown in Figure 3.3.

In addition to evaluating the visual quality of the models, we measured the EDT and
RT60 values and compared these acoustic parameters with the results from Kim19 (Kim
et al., 2019) and Kim20 (Kim et al., 2022), where stereo image pairs are used for the
reconstructions, as well as with the ground truth measurements. Figure 3.5 illustrates
the results for both EDT and RT60. A comparison of our results with those of (Kim
et al., 2019, 2022) revealed noticeable differences, particularly in the accuracy of the

acoustic parameters.

The proposed method outperforms Kim19 in EDT for the UL scene and shows better
RT60 results compared to Kim19 for the KT scene. However, the RT60 values for the
MR and UL scenes are significantly higher than expected. We identified a scale issue in
depth estimation for these cases; the actual MR and UL rooms are much smaller with
lower ceilings than most rooms in the training datasets. Among the evaluated methods,
Kim20 achieved the closest performance to the ground truth (GT).

Shttp://3dkim.com/research/VR/index .html(accessed in 2024)
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3.4 Discussion and Summary

In this chapter, we demonstrate the ability to generate an audio-visual VR space from
a single 360° RGB input. By integrating various components, including depth and
material estimation, and importing the 3D SSC model to a VR gaming platform for
sound rendering, we address the first research question (RQ1):

¢ RQ1: How can we generate an audio-visual VR space from a single 360 ° RGB

input?

As outlined in Section 3.2, we proposed a method capable of generating a complete
VR space from a single panoramic RGB input. Our approach integrates multiple com-
ponents essential for constructing an immersive VR environment. These components
include mono depth maps for spatial understanding, estimated materials for realistic
acoustic rendering, and 3D SSC models for generating virtual room layouts including
semantics. The 3D models are imported into the Unity platform, enabling spatial sound
rendering and RIR extraction and evaluation. This proposed method simplifies the tra-
ditionally resource-intensive process of audio-visual scene generation while providing
a scalable solution for various VR applications.

Upon investigating our results, we identified several challenges that affect the VR out-
put. These include limitations with depth input accuracy and the performance of the
estimated 3D SSC model. Additionally, discrepancies between estimated materials and
those supported by the Steam Audio plug-in complicate object-level acoustic assign-
ments. To address these challenges, we focus on minimizing sources of error and refin-
ing the proposed VR space. Specifically, we replace EdgeNet360 with a more advanced
model to improve the SSC component. Furthermore, we incorporate stereo depth in-
puts, which offer greater depth accuracy compared to the previously used mono depth
maps. To ensure a fair comparison with state-of-the-art methods, we adopt similar

acoustic materials.

We also propose integrating RGB features alongside depth information to enhance 3D
SSC model prediction performance, as suggested in SSC literature involving RGB-D
perspective inputs. We hypothesise that improving semantic scene completion yields
more accurate room geometry estimations, ultimately leading to enhanced predictions
of acoustic parameters, particularly EDT and RT60. Therefore, the VR space will be

enhanced with both visual and audio cues.

In the following chapters, we investigate several methods to answer research questions
RQ 2 and RQ 3:

1. RQ 2: How can the inference capabilities of pre-trained SSC model on perspective
images be extended to a single 360° RGB-D input?
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2. RQ 3: What is the impact of the generated 3D scene from 360° RGB-D input on
acoustic parameters, including early reflections and late reverberations?

To address these questions, in this project, we design 3D SSC deep learning models
capable of producing more accurate 3D scene semantics. Chapter 4 and Chapter 5
details the deep learning SSC models, which aim to improve SSC performance using
perspective camera inputs. Subsequently, Chapter 6 demonstrates the extension of the
model developed in Chapter 5, which processes both RGB and depth features to infer a
comprehensive 3D SSC model from 360° RGB-D input, leveraging the CVSSP dataset.
Furthermore, we perform an evaluation of RIR acoustic parameters, such as EDT and
RT60.
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Chapter 4

3D Semantic Scene Completion
from a Depth Map with
Unsupervised Learning for

Semantics Prioritisation

4.1 Motivation and Contributions

In Chapter 3, we illustrated that the 3D model produced by the Semantic Scene Com-
pletion (§5C) component significantly impacts scene fidelity. In this chapter, we explore
and experiment with constructing SSC model components to contribute to answering
the second research question, RQ 2. We begin by incorporating depth-only input from
perspective cameras to construct a comprehensive 3D model, including complete scene
semantics. SSC aims to build a comprehensive 3D representation from a partial scene
view, predicting both volumetric occupancy and object categories (Song et al., 2017).
A prime example is the SSCNet (Song et al., 2017), which combines scene completion
(SC) and scene semantics (SS). It demonstrates that these two aspects are intrinsically
linked and mutually beneficial (Song et al., 2017; Roldao et al., 2022).

SSC differs from 3D reconstruction, which primarily focuses on reconstructing the vis-
ible surfaces of a scene. SSC extends beyond this by aiming to understand the seman-
tics of both visible and occluded objects within the scene. As highlighted in (Pan et al.,
2023), predicting object semantics within the 3D space is a non-trivial task, given the
complexity of inferring information about occluded or partially visible objects. The
challenges of prediction within 3D space include dataset imbalances, intraclass diver-

sity, and interclass ambiguity, as illustrated in Figure 1.1. In this chapter, we address



Chapter 4. 3D Semantic Scene Completion from a Depth Map with Unsupervised
48 Learning for Semantics Prioritisation

research question RQ 2a by focusing on the data imbalance problem that affects se-
mantic learning in indoor scenes. Our primary objective is to enhance the performance
of deep learning models in tackling the SSC problem using single depth input. The
proposed approach is designed to generalise across different sensor types that capture
depth information.

The data imbalance problem occurring in indoor scenes within 3D space is attributed
to the significant representation of empty spaces and the varying quantity of objects
at unit level (e.g., voxel level). Although several studies have attempted to address
data imbalance between empty and occupied voxels through weighted loss functions
(Song et al., 2017; Zhang et al., 2019; Li et al., 2019b; Tang et al., 2022; Dourado et al.,
2021, 2022), they often overlook category imbalance within datasets, as discussed in
Section 2.3.3. To overcome this limitation, we propose a novel re-weighting method
that improves the SSC task. Our method uniquely combines two class re-balancing
approaches (re-sampling and class-sensitive learning) and smooths the weights using
unsupervised clustering algorithms.

Furthermore, upon reviewing the methodologies employed in training and evaluating
SSC models, we observed that most studies, including those by (Wang et al., 2023; Chen
et al., 2020; Song et al., 2017; Li et al., 2019b, 2020a; Wang et al., 2022; Liu et al., 2018),
utilise the hold-out procedure (further details in Section 2.3.5). This approach typi-
cally involves splitting the dataset into two subsets: a training set and a hold-out set,
which is reserved for performance evaluation. The machine learning literature offers
K-fold cross-validation as a common technique to measure model performance (Nti
et al., 2021) and ascertain the model’s generalisation error (Anguita et al., 2005; Blum
etal., 1999). To the best of our knowledge, no SSC studies in the literature have reported
model performance uncertainty by presenting average results alongside standard de-
viations. Such reporting is vital for establishing reliable and generalisable models per-
formance.

We summarize our contribution as following;:

¢ We investigate different re-weighting methods and introduce a novel re-weighting
approach in our loss function to address the imbalance between occupied and
empty voxels. Moreover, this method effectively handles imbalances across dif-
ferent categories within the occupied voxels, by leveraging unsupervised learn-
ing clustering algorithms.

¢ We demonstrate the quantification of model performance uncertainty through K-
fold cross-validation.

* We compare our approach with state-of-the-art (SOTA) models, and our results
significantly surpass SOTA in semantics completion in two public benchmark
datasets, with only single depth and similar input and output resolution.
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FIGURE 4.1: The architecture design with single encoded depth input (F-TSDF). The
network is based on encoder-decoder 3D CNN convolutions and residual modules.

4.2 Methodology

The 3D U-Net CNN implementation in this work employs encoder-decoder blocks,
built on (Dourado et al., 2021). Figure 4.1 shows the network architecture. The network
includes residual blocks in place of standard convolutions to mitigate the degradation
problem often encountered in deep networks. These residual modules incorporate skip
connections, enabling the model to correct prediction errors by adding the original in-
put to the residual output. This facilitates the identification of differences between the
input and output, enhancing the network’s learning efficiency (He et al., 2016a). For
volumetric resolution, we adopt the approach used in (Song et al., 2017; Zhang et al.,
2018a; Dourado et al., 2021, 2022), employing F-TSDF for geometrical data represen-
tation within 3D space, with dimensions of 240x144 x240. The model generates an
output with a four-dimensional structure sized 60x36x60x12. The 12 channels repre-
sent the dataset classes ranging from 0 to 11. Class 0 represents an empty space, while
the remaining classes correspond to different object categories in NYUv2 (Silberman
et al., 2012) and NYUCAD (Firman et al., 2016) datasets, such as ceiling, floor, wall,
window, chair, bed, sofa, table, TVs, furniture., and object.

4.2.1 Unsupervised Clustering for Class Re-weighting

In a review by (Roldao et al., 2022), the cross-entropy (CE) loss emerges as a preferred
loss function for SSC models. Nevertheless, SSC poses unique challenges due to the
density of empty data and the existence of occluded portions of objects within scenes,
making it difficult to investigate feature relationships in complex settings. While the
standard CE loss is commonly used in different contexts, it has well-known drawbacks
of treating all the classes equally even when the data are unbalanced. This is because
it presumes a uniform significance distribution across all samples and classes (Ho and
Wookey, 2019). It measures the affinity between the probability softmax outputs at
the end of each forward propagation of the CNN model and the corresponding ground
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FIGURE 4.3: Training and validation IoU and mlIoU curves by employing inverse rank
weighting method on NYUCAD dataset. After epoch 25 the measures dropped to zero

due to unstable training.

truth (Ho and Wookey, 2019; Song et al., 2016). The aim of the CE loss is to minimize the

overall error. However, due to data imbalances, the model weights are frequently ad-

justed in favor of the majority classes, with infrequent updates for the minor classes. As

a result, the misclassifications related to the majority classes have a more pronounced

effect on loss minimization which leads to unstable training (Ho and Wookey, 2019).

In the context of indoor scenes for SSC problem, data imbalances are common. They

often arise from variations in the quantities of data representing empty spaces and

other objects within the scenes. The benchmark NYU datasets had the class imbalance

problem with significant variations in label distributions with approximately 95% of

voxels are unoccupied, and 5% being occupied, as discussed in Section 2.3.1. Common

methods used in imbalanced situations are re-sampling and re-weighting (Pan et al,,
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2023; Zhang et al., 2023). In this work, we evaluate the performance of our model us-
ing two class re-balancing methods. Initially, we train the model using the CE with
undersampling of occluded empty voxels as proposed by (Song et al., 2017). While
this approach enhances the scene completion aspect by balancing between occupied
and empty voxels, it treats all scene semantics equally. This uniform treatment led
to suboptimal performance for the underrepresented classes. To address this, we em-
ploy class-sensitive learning with re-weighting strategy. Specifically, we adopt inverse
class frequency (ICF) weights for each voxel as one of the common weighting methods
(Eigen and Fergus, 2015; Ronneberger et al., 2015; Li et al., 2019b). However, we observe
that applying this method in our research context results in poor performance, char-
acterized by an underfitting problem. The model struggled to learn general patterns
within the scenes, resulting in inaccurate scene semantic predictions, as illustrated by
the Intersection over union (IoU) and mean Intersection over Union (mloU) curves in
Figure 4.2. Subsequent investigations involve weighting the classes with inverse ranks
ranging from 1 to 12 based on their distribution in the dataset. This strategy initially im-
pacts the model’s learning positively, but after a few epochs, the loss values diverge to
NaN, indicating unstable training caused by the weighting scheme. Consequently, the
IoU and mloU scores dropped to zero, as shown in Figure 4.3. While the ICF method
has been successful in other domains, it fails in our context due to the extreme imbal-
ance in our data within complex scenes. This finding aligns with studies on extremely
unbalanced datasets, such as those mentioned in (Cui et al., 2019; Sudre et al., 2017).
However, our observations from the methods above (re-sampling and inverse rank-
ing weights) inspire us to combine their strengths. By integrating them and utilising
unsupervised learning clustering algorithms which perform less aggressive weighting
scheme and moderate the weights associated with each class. Therefore, the penalty
magnitude is smoothed over the classes (diminished on minor classes and raised on
major classes). This strategy lead to a balanced learning approach that emphasizes
minor classes without overlooking the major ones. Rather than addressing each class
independently, we group them by clustering algorithms based on their label distribu-

tion in the dataset, resulting in a more uniform and generalisable representation. In
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the representation of indoor scenes, we identify various voxel types, as described in
(Song et al., 2017). For a visual reference, see Figure 4.4. The observed surface, repre-
sented by the green area in the figure, is denoted by n°. The occluded occupied and
occluded empty types are both represented by the blue area, labeled n° and n°, respec-
tively. Empty voxels in the red, gray and light gray areas are labeled as n/. These voxel
types are captured by the set N = {n°,n°, n°, nf}, each uniquely associated with a voxel
type. In alignment with (Song et al., 2017), we perform undersampling of empty class
in occluded regions to balance the learning between occupied and non-occupied voxels
in these areas. This is denoted as n¢ < j. The empty voxels denoted as nf, within the
red, gray, and light gray areas in Figure 4.4 are ignored in the SSC evaluation as per
(Song et al., 2017), and thus, they do not contribute to our loss design. Therefore, our
intended subsample set for the scenes is A = {n®,n°, j}. Subsequent to this, we apply
the common clustering algorithm, K-means (Hartigan and Wong, 1979), to all voxels in
the dataset where each scene have A set representation. This is done using a predeter-
mined number of clusters, denoted as k. To determine the optimal number of clusters,
we employ both the elbow method and the Silhouette method (Syakur et al., 2018; learn
developers, 2007-2024; Rousseeuw, 1987; Chiang and Mirkin, 2010). Based on the re-
sults of these methods, the optimal number of clusters is determined to be k = 3, as
shown in Figures 4.5 and 4.6. The elbow method involves examining various values
of k and identifying the elbow point, which represents the optimal k value where the
sum of squared errors (SSE) has significant decrease between the points and cluster’s
centroid. In contrast, the Silhouette method assesses the difference between within-
cluster cohesion and separation from other clusters. Higher Silhouette scores indicate
better-defined clusters. These scores range from -1 to 1, a score near zero suggests that
an entity could belong to a different cluster, while a score close to -1 indicates possible
misclassification. A score close to 1 suggests that the clustering is well-structured and
accurate. The Silhouette Coefficient score is defined for each sample and is composed
of two components: 2 the mean distance between a sample and all other points within
the same class, and b the mean distance between the sample and all points in the near-
est neighboring cluster. The Silhouette Coefficient score is calculated using Equation

4.1:
b—a

°T max(a,b)

(4.1)

Therefore, we use the K-means algorithm with three clusters, the data are grouped ac-
cording to their similar distributions, as shown in Figure 4.7. To further validate these
groupings and explore potential insights, we employ an additional algorithm that does
not require prior knowledge of the number of clusters. Specifically, we use Density-
Based Spatial Clustering of Applications with Noise (DBSCAN) (Ester et al., 1996). The
key parameters for the DBSCAN algorithm are epsilon, which defines the maximum
distance between two points for them to be considered neighbors, and minimum sam-
ples, which represents the minimum number of points required to form a dense region.

We optimise the algorithm’s configuration by searching for the optimal epsilon and
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minimum sample values, identifying 0.4 for epsilon and 1 for the minimum sample
size, which achieves the highest Silhouette score of 0.75. This optimization results in
three clusters that are equivalent to the results of the K-means algorithm. We denote
the clusters as C = {Cy, Cy, ..., Cr} where k is the number of clusters. For each cluster
Ck, we compute the average distribution y as denoted in Equation 4.2:

D(Ck) = ka (4-2)

We assign weights for the clusters, w, based on the inverse order of their average
distribution. Specifically, clusters with a lower average distribution receive higher
weights, and vice versa. Consequently, the voxel classes are categorized under k dis-
tinct weights, represented by w = (wy, wy, . .., wy). For each voxel v belonging to clus-
ter Cy, the weight assigned to it, w; is equivalent to the weight of the cluster, wy. This
relationship is captured in the Equation 4.3:

Vo e Cr, wy= wg 4.3)
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FIGURE 4.8: Training and validation IoU and mloU curves using the proposed method
on NYUCAD dataset.

In our approach, we compute the CE loss function between the predicted class label p
and the actual class label y for the voxels within a scene. Let each voxel v be an element
in the set A, the predicted class label and actual class label for voxel v are denoted as p,
and y, respectively. Each voxel label is given a weight w,, as defined in Equation 4.3.
The weighted CE loss function is outlined in Equation 5.6:

A
L(p/y) = - Zwv~yv-logpv (4.4)
v=1

This re-weighting method moderates the penalty applied to each voxel’s label. Conse-
quently, this results in a more stable training process and a more generalised represen-
tation. Figure 4.8 shows the IoU and mloU curves.
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4.2.2 Uncertainty Quantification of Model Performance Using K-fold Cross
Validation

In this research, we employ K-fold cross-validation during the training process rather
than relying on fixed splits and averaging results across multiple runs. This approach
divides the dataset into k¢ folds of equal size. Each fold is sequentially used as val-
idation data, while the remaining k; — 1 folds are used for training. The process is
repeated k; times, and the performance results from all folds are averaged to provide
a single performance estimate for the model (Stone, 1974; Wong, 2015; Rodriguez et al.,
2009). This method addresses a gap in SSC model assessment by eliminating biases
associated with selecting single-score performance that representing the best results
such in (Zhang et al., 2018a). It also enables the monitoring of model fitting behavior
through the use of a validation set. Reporting average results with standard devia-
tions is a crucial step toward building reliable and generalised models. Moreover, the
minimal variation in reported scores across different models highlights the difficulty
of effectively comparing performance without averaging the scores over multiple runs

and providing the standard deviations.

However, given the unbalanced data distribution within complex scenes in the NYU
datasets, choosing an ideal value for k¢ proves challenging. To address this issue, we
use k=3 due to training time constraints and the additional complexity introduced by
the unbalanced data distribution. We then evaluate the testing set against each fold,
average the results, and report the standard deviations for Precision, Recall, and IoU
for the SC task, as well as the mIoU for the SS task as shown in Table 4.1 and Table 4.2.

4.3 Experiments

4.3.1 Implementation Details

The implementation of this work is divided into three main phases: preprocessing,
training and validation, and evaluation. The code can be accessed at: https://github.

com/MonalIAl/SSC/tree/master. In this work, we name our model DBNet, which stands
for Data Balancing Network due to the use of our proposed loss function.

4.3.1.1 Datasets and Preprocessing

To conduct the experiments, we utilise the benchmark datasets NYUv2 (Silberman
et al., 2012) and NYUCAD (Firman et al., 2016). NYUv2 comprises 1,449 realistic RGB-
D indoor scenes captured with a Kinect sensor at a resolution of 640x480. The dataset
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TABLE 4.1: Results on NYUv2 dataset: our results are averaged with std scores over Prec., Recall, IoU, and mloU. In the input column, ‘D’ means

Learning for Semantics Prioritisation

depth map.
Scene Completion (SC) Semantic Scene Completion (SS)
Method Input Res.
Prec. Recall IoU ceil. floor wall win. chair bed sofa table tvs furn. objs mloU

FFNet(Wang et al., 2022) RGB-D  (60,60) 89.3 78.5 71.8 440 937 415 293 362 590 511 289 265 450 326 444

3D Sketch(Chen et al., 2020) RGB-D  (60,60) 85.0 81.6 71.3 431 936 405 243 300 571 493 292 143 425 286 411

TS3D (Garbade et al., 2019)  RGB-D  (240,60) - - 60.0 97 934 255 21.0 174 559 492 170 275 394 193 341

EdgeNet (Dourado et al., 2021) RGB-D  (240,60) 76.0 68.3 56.1 179 940 278 21 95 518 443 94 36 325 127 27.8

AICNet (Li et al., 2020a) RGB-D  (240,60) 62.4 91.8 59.2 232 908 323 148 182 511 448 152 224 383 157 33.3

CCPNet (Zhang et al., 2019) D (240,240) 74.2 90.8 63.5 235 963 357 202 258 614 561 181 281 378 201 38.5

VVNet (Guo and Tong, 2018) D (240,60) 69.8 83.1 61.1 193 948 280 122 196 570 505 176 119 356 153 329

PALNet (Li et al., 2019b) D (240,60) 68.7 85.0 61.3 235 920 330 116 201 539 481 162 242 378 147 34.1

ESSCNet (Zhang et al., 2018a) D (240,60) 71.9 71.9 56.2 175 754 258 67 153 538 424 112 00 334 118 26.7

SSCNet (Song et al., 2017) D (240,60) 57.0 94.5 55.1 151 947 244 00 126 321 350 130 78 271 101 247
Baseline(Ours) D (240,60) 84.0+1.42 76.6+172 66.6+£0.71 306 929 466 00 96 555 396 128 00 393 177 31.3+£3.73
DBNet(Ours) D (240,60) 79.3+0.99 83.3 £0.84 68.1+0.51 489 928 492 0.0 317 614 561 292 00 339 193 384+0.17
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is divided into two splits: 795 instances for training and 654 instances for testing. How-
ever, as discussed in (Song et al., 2017), there is some misalignment between the depth
images and the corresponding 3D labels in the NYUv2 dataset, which makes it difficult
to evaluate accurately. To address this problem, we use the high-quality NYUCAD syn-
thetic dataset, which projects depth maps from ground truth annotations and avoids

misalignment.

Furthermore, we encode all 2D depth maps from the NYUv2 and NYUCAD datasets
into 3D space using F-TSDF (Song et al., 2017). The processed data is saved and can
be used across multiple designs. In line with previous works (Song et al., 2017; Liu
et al., 2018; Dourado et al., 2022), we align the 3D scenes layout with the Manhattan
world assumption, which is related to the direction of gravity. The defined 3D space
dimensions are 4.8 meters in width, 2.88 meters in height, and 4.8 meters in depth. With
a voxel grid size of 0.02 meters, this configuration results in a volumetric resolution
of 240x 144 x240 voxels. The TSDF truncation value is set to 0.24 meters, optimizing
the balance between detail capture and computational efficiency. We utilise the parallel
computing capabilities on Graphics Processing Unit (GPU). The GPU facilitates parallel
processing for the F-TSDF volumetric representation and distance calculations between
the 3D points within the 3D volumes. Also, the re-sampling of the occluded empty

voxels is provided at this stage.

4.3.1.2 Training and Validation

We train from scratch using both NYUv2 and NYUCAD datasets. Our experiments
are implemented in the PyTorch framework, utilising one Tesla v100 GPU.For training,
we adopt the mini-batch Stochastic Gradient Descent (SGD) with a momentum of 0.9,
using a batch size of 4 for training and 2 for validation, and a weight decay of 5 x 10~%.
The OneCycleLR learning rate scheduler is employed, with an initial learning rate set
at 0.01. We train the SSC model for 100 epochs, incorporating an early stopping as
a regularization method (Moradi et al., 2020) with patience of 15 epochs to prevent
overfitting on the training data. Additionally, we implement K-fold cross-validation
by randomly dividing the training sets into three folds and save the weights of each
trained fold for later evaluation on the testing set.

4.3.1.3 Evaluation Metrics

We adopt Precision, Recall, and IoU as the evaluation measures for the SSC, following
the approach of Song et al. (Song et al., 2017). For the SS task, both the observed surface
and occluded regions are evaluated. We present the mloU scores for semantic classes,
excluding the empty class. In the SC task, all non-empty voxels are classified as ‘1",
while empty voxels are labeled as ‘0’. The binary IoU is computed for the occluded
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FIGURE 4.9: SSC results from depth maps by NYUv2 dataset. The 3D models dis-

played from different viewpoints to illustrate the scene completion in the occluded re-

gions and scene semantics. Each object represented by a unique color and circles show
the main differences between GT and the predictions by SSCNet model and ours.

regions in the view frustum along with precision and recall measures. We have ob-
served that there’s no standardized method for selecting the SC area, leading to slight
variations among researchers in the field as we mentioned in Section 2.3.4. Some re-
searchers, as seen in (Liu et al., 2018) select the occupied occluded voxels while the
empty occluded voxels are re-sampled. On the other hand, SPAWN (Dourado et al.,
2022) bypasses re-sampling step for empty occluded voxels and evaluates all unoccu-
pied voxels. Other studies, such as PALNet (Li et al., 2019b), DDRNet (Li et al., 2019a),
and AICNet (Li et al., 2020a), include all occupied voxels in the scene, combining visi-
ble surfaces with occluded regions for scene completion evaluation. In this research, we
follow (Liu et al., 2018) by evaluating all the occluded occupied voxels and re-sampled
empty occluded ones. However, mloU according to (Liu et al., 2024; Li et al., 2020a),
is considered more critical than IoU. Finally, the results for all measures are averaged

across the K-fold cross-validation to derive the final scores.

4.3.2 Comparisons with State-of-the-Art Approaches

We conduct experiments to evaluate the effectiveness of our proposed method on both
SC and SS tasks using the NYUv2 and NYUCAD datasets. In Table 4.1 and Table 4.2,
we provide a quantitative comparison of our re-weighting method where weights are
smoothed to three values using K-means with k = 3, and comparing the results against
SOTA approaches. While previous studies report results without specifying the uncer-
tainty in performance, we average our scores across the K folds to better capture and
represent the generalisation performance.
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Viewpoint (1) Viewpoint (2)
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FIGURE 4.10: A visualisation of SSC results with different loss components on NYU-
CAD dataset from different viewpoints. From left to right: (1) Input depth; (2) Ground
truth (GT); (3) using CE loss with re-sampling method; (4) using CE loss with the pro-
posed re-weighting using K-mean clustering with k=3. Each object represented by a
unique color and circles show the main differences between GT and the predictions.

NYUv2 Dataset. Our method significantly outperforms other existing models by a
substantial margin on NUYv2 dataset, as shown in Table 4.1. We restrict our compar-
ison to models that use only a single depth input, such as those in (Song et al., 2017;
Zhang et al., 2018a, 2019; Li et al., 2019b; Guo and Tong, 2018). Specifically, our ap-
proach surpasses (Song et al., 2017; Zhang et al., 2018a; Li et al., 2019b; Guo and Tong,
2018) with considerable gains ranging from 6.8 percentage points (pp) to 13 pp for IoU
scores and from 4.3 pp to 13.7 pp for mloU scores. Furthermore, our loss design proves
to be effective, and our model significantly outperforms models with multiple inputs
such as (Li et al., 2020a; Garbade et al., 2019), and shows competitive performance to
(Chen et al., 2020; Wang et al., 2022).

NYUCAD Dataset In Table 4.2, we also conduct tests on the NYUCAD dataset to
validate the generalisability of our proposed method. In the SC task, our method sig-
nificantly surpasses (Song et al., 2017) and (Chen et al., 2019) with gains of 9.3 pp and
4.8 pp, respectively. In the SS task, our method significantly outperforms (Li et al.,
2019b), (Chen et al., 2019), (Li et al., 2020a), and (Garbade et al., 2019) with gains of 3
pp, 7.6 pp, 3.8 pp, and 3.4 pp, respectively. Moreover, our results show competitive per-
formance compared to models with larger resolutions, such as in (Zhang et al., 2019),
and to models that use multiple inputs (Chen et al., 2020; Wang et al., 2022).
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TABLE 4.3: Ablation studies on loss components performed on NYUCAD dataset.

Method SCIoU%  SSmloU%
CE + re-sampling 79.3 £0.56 42.3 £3.18
CE + re-weighting (k = 3) 79.6 £0.13 49.6 £1.22

Additionally, in both the NYUv2 and NYUCAD datasets, our precision and recall scores
demonstrate our model’s capability to distinguish between occupied and empty voxels.
In contrast, the results reported on NYUV2 in (Zhang et al., 2018a) show equal values
for precision and recall. This indicates that their model produced an equal number of

false positive and false negative predictions, which is not the case with our model.

4.3.3 Ablation Study

To assess the impact of our method’s key components, we conduct ablation studies
on both NYUCAD dataset. We initiate this assessment by training our model with
re-sampling and cross-entropy loss (Song et al., 2017) to balance between occupied
and empty voxels. Subsequently, we apply our re-weighting method, proposing three
weights based on an unsupervised clustering algorithm. This is illustrated in Table
4.3. We observe an improvement in the average IoU score with 0.3 pp. Furthermore,
there is a substantial boost in the mIoU score by 7.3 pp. This clearly demonstrates the
effectiveness of our re-weighting method, which targets the differentiation of learning

across dataset categories based on their label distribution.

4.3.4 Qualitative Results Analysis

To demonstrate the effectiveness of our re-weighting method in the loss design and
its capability to produce more accurate predictions, we present several visualisations
from the NYUv2 dataset in Figure 4.9, comparing our approach to the baseline SSCNet
(Song et al., 2017) trained with our specified method in Section 4.3.1. Our employed
re-weighting strategy yields an improvement in SC, better interclass distinction, and
enhanced intraclass consistency, as evidenced in (a) and (b) in Figure 4.9. On the other
hand, in Figure 4.10, the predicted 3D models from the NYUCAD dataset are presented,
comparing scenarios where our proposed weighting method is applied versus when
they are not. Upon implementing the proposed re-weighting method, noticeable im-
provements in predictions for both the SC and SS tasks are evident. Our DBNet model
also demonstrates its capability in completing occluded sections such as wall behind
the dining table, and the occluded parts of the chairs in Figure 4.10 (a). From Figure
4.10 (b), we can see the model ability to predict the sofa and objects on it and on the
wall. Furthermore, there is a significant boost in intraclass consistency, evidenced by
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the improved differentiation between different chairs with different shapes and differ-
ent tables with different shapes in (a) and (c) in Figure 4.10. However, within the same
tigure, (c) reveals that the model occasionally confuses the TV class with objects and
furniture classes. This confusion arises because TVs share similar features with these
classes and represent the least common category in the dataset, making them difficult
to recognize from depth information alone. Nonetheless, by visualizing scenes from
different views, it becomes evident that our method offers superior shape and seman-

tics completion compared to using re-sampling alone.

4.4 Discussion and Summary

In this chapter, we address the problem of SSC, which involves the joint inference of
volumetric occupancy and object categories from a single depth input, providing only
a partial view of the scene. Our proposed DBNet SSC model utilises a single depth
input encoded with F-TSDF for geometry representation to predict full 3D scenes. This

approach enhances the model’s adaptability across a variety of depth-sensing devices.

We contribute to overcoming a key challenge in this domain, primarily the inherent
imbalance in 3D spatial distributions commonly observed in indoor scenes. To address
this issue, we introduce a re-weighting method integrated into the loss function, lever-

aging the K-means clustering algorithm.

We investigate the implication of various voxel prioritisation strategies by testing dif-
ferent weighting schemes for voxels within scenes from the NYU datasets, as detailed
in Section 4.2.1. This investigation guided the systematic development of the proposed
re-weighting method, designed to improve the model’s ability to learn meaningful se-

mantic representations while mitigating class imbalance issues.

The voxel re-weighting strategy is integrated into the DBNet model to evaluate its im-
pact on SSC model learning. As demonstrated by the qualitative results in Figure 4.10,
the model exhibit improved semantic scent completion compared to the baseline model
where class prioritisation is absent. Furthermore, the quantitative performance evalua-
tion of the NYUv2 and NYUCAD benchmark datasets, presented in Table 4.1 and Table
4.2, show notable improvements over baseline and comparable state-of-the-art meth-
ods.

Our proposed method effectively addresses research question RQ 2a:

¢ RQ 2a: What is the impact of prioritising voxel weights within the scene on the
SSC model learning with depth only input?
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FIGURE 4.11: IoU performance on NYUv2 dataset classes using the baseline model
and DBNet model with depth-only input.

Class-Wise loU Trends for Baseline model and DBNet Model

DBNet(D)
Baseline(D)
80
60
;\-?L
=]
2 40
20
0
. & ) & Y > @ £ N ]
& & « & = il ¥ & < & & &
&
&

FIGURE 4.12: IoU performance on NYUCAD dataset classes using the baseline model
and DBNet model with depth-only input.

These findings demonstrate that voxel prioritisation plays a critical role in enhancing
SSC model learning by addressing dataset imbalances, and ultimately boosting the

overall semantic scene completion performance.

Despite the advancements in overall IoU and mIoU scores shown in Table 4.1 and Table
4.2, we analyse the impact of our method on scene semantics by visualizing IoU trends
on both the NYUv2 and NYUCAD datasets at the class level, as shown in Figure 4.11
and Figure 4.12. Notably, the model demonstrates improvements in classes such as
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FIGURE 4.13: Confusion matrix of our method on the NYUCAD testing set. The di-

agonal represents correct predictions, while off-diagonal entries indicate misclassifi-

cations. The x-axis corresponds to predicted classes, and the y-axis to ground truth
classes.

chair, bed, sofa, table, objects, and ceiling. However, challenges remain in recognizing
certain objects within the scene, such as TVs and windows.

Windows are particularly difficult to detect due to their reflective or transparent sur-
faces, while TVs share visual characteristics with other objects. For example, the model
occasionally misclassifies TVs as furniture or other object classes, as qualitatively il-
lustrated in Figure 4.10(c), making them challenging to identify using depth informa-
tion alone. Additionally, Figure 4.13 illustrates the confusion matrix of our proposed
method and highlights how classes are misclassified, as shown in off-diagonal values,
demonstrating that TVs are highly misclassified as objects and furniture, while win-
dows are misclassified as walls and objects. Furthermore, in Figure 4.11 and Figure
4.12, we observe a reduction in performance for the furniture class, which is the most
dominantly occupied class in the dataset. This decline could be a side effect of the
re-weighting method, similar to the observation in other research context (Sinha et al.,
2020).

In the next chapter, we address these limitations within the current DBNet design, aim-
ing to enhance the model’s performance and provide more accurate SSC predictions.
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Chapter 5

Semantic Scene Completion with
Multi-Feature Data Balancing
Network (MDBNet)

5.1 Motivation and Contributions

Revisiting the challenges in the Semantic Scene Completion (55C) domain as illustrated
in Chapter 1, the partial-view nature of input data complicates the assignment of ac-
curate semantic labels within 3D spaces. This complexity is further exacerbated by
factors such as dataset imbalance, intraclass diversity, and interclass ambiguity (Pan
et al., 2023). Our DBNet model in the previous Chapter 4 contributes to addressing the
class imbalance by introducing a weighted cross-entropy function combined with a re-
weighting method based on re-sampling and unsupervised clustering. Although this
approach improved the overall mIoU score and the recognition of underrepresented
classes such as chairs and tables, DBNet struggled with challenging objects, such as
TVs and windows. Windows often feature reflective or transparent surfaces, while
TVs share visual characteristics with other categories, such as generic objects, making
them difficult to distinguish using depth information alone in datasets with complex
scenes like NYUv2 (Silberman et al., 2012) and NYUCAD (Firman et al., 2016). To ad-
dress these challenges, we incorporate RGB inputs to provide more features to support

learning within the network.

In this chapter, we extend the DBNet in Chapter 4 by proposing a dual-head network,
utilising transfer learning with projection of RGB semantic features to the 3D space
with a combined loss function. We explore various strategies for fusing RGB seman-
tic features. The optimal approach is selected based on average performance scores.
Furthermore, inspired by (Zhang et al., 2019; Park et al., 2019; Weder et al., 2020) our

approach incorporates the 3D Identity Transformed within full pre-activation Residual
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Module (ITRM), an innovative adaptation in the 3D CNN branch of the proposed MDB-
Net. This design introduces hyperbolic tangent activation (Tanh) on identity features,
enabling effective processing of both positive and negative signals from F-TSDF inputs
while normalizing feature distributions between -1 and 1. Furthermore, we answer the

research question RQ 2b, by constructing our SSC model and laying the foundation
SSC with RGB-D 360°.

We summarise our contributions as follows:

* We propose a hybrid architecture with dual heads to simultaneously learn from
multiple data representations of a single scene, leveraging a combined loss func-
tion with a re-weighting method proposed in Chapter 4. This design improves
learning within the complex scenarios of indoor scenes by incorporating loss from
2D RGB semantics and 3D SSC.

* We evaluate different RGB semantics fusion strategies by assessing the average
scores using K-fold cross-validation. This comprehensive analysis facilitates the
selection of fusion methods that effectively validate the model’s generalisation

across diverse scenarios.

¢ We enhance the overall results by implementing the ITRM block, which includes a
hyperbolic tangent activation function applied to identity features. This approach
emphasizes positive signals for visible spaces and negative signals for occluded
regions and ensures compatibility with the characteristics of the F-TSDF data.

¢ We compare our method with relevant state-of-the-art (SOTA) models, and our

results outperform SOTA in semantic completion on two public benchmark datasets.

5.2 Method

5.2.1 Overall Framework

The architecture of the proposed MDBNet is depicted in Figure 5.1. This model fea-
tures a dual-head network, facilitating learning simultaneously from each network
head within a single pipeline. The system processes each scene using two distinct
modalities: a 2D input consisting of RGB image at a resolution of 640x480, and depth
map data preprocesses as the form of F-TSDF for data representation within 3D space,
which captures geometric information with dimensions of 240 x 144 x240. We leverage
the Segformer, a pre-trained transformer model for image semantic segmentation, to
extract the 2D semantic features, which are subsequently projected into 3D space. For
the 3D input, we adopt the foundational structure of the 3D U-Net CNN, as utilised
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FIGURE 5.1: MDBNet: a multi-feature network with dual heads for processing both

2D RGB semantics and geometric data. The first branch from the bottom utilises a pre-

trained Segformer for 2D RGB semantics, incorporating a 2D-3D projection module

with nested PCR blocks. The second branch processes geometric data represented by

F-TSDF in 3D space, using a 3D CNN that includes an encoder, decoder with ITRM

blocks. The network optimises a combined loss, which is a weighted sum of 3D loss
and 2D semantics loss.

in (Dourado et al., 2021), with a custom adaptation of the residual block. This adapta-
tion includes adding Tanh on identity features. The model generates an output with a
four-dimensional structure sized 60x36x60x12. The 12 channels represent the dataset
classes ranging from 0 to 11. Class 0 is designated for empty spaces, whereas the re-
maining classes represent various object categories found in the NYUv2 (Silberman
et al., 2012) and NYUCAD (Firman et al., 2016) datasets, including ceiling, floor, wall,
window, chair, bed, sofa, table, TV, furniture, and objects. Further details on this archi-
tecture will be discussed in the subsequent subsections.

5.2.2 2D Semantic Features

The incorporation of 2D RGB semantic features beside the F-TSDF features, can pro-
vide more guidance for SSC model learning. Specifically, RGB semantics add surface
features to the objects in scenes, features that are absent in methods relying solely on
depth maps as input. Transfer learning emerges as the most effective strategy for this
adaptation process. It facilitates the efficient extraction of these RGB semantic fea-
tures, enabling the system to benefit from learning more diverse features across larger
dataset. Consequently, to optimize RGB input utilisation, we employ the Segformer
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‘B5” model, which is known for its superior accuracy and performance (Xie et al., 2021).
This Segformer model pre-trained on ImageNet and fine-tuned on the ADE20K dataset
at a resolution of 640 x 640, leverages high-resolution image processing, aligning closely
with the resolution of images in the NYU datasets (Silberman et al., 2012; Firman et al.,
2016). Given the limited size of the NYU dataset and its class overlap with ADE20K, it
presents an ideal scenario for transfer learning. We adopted a transfer learning strat-
egy by keeping the encoder’s weights fixed and initializing the decoder’s weights with
those pre-trained on ADE20K, followed by fine-tuning on the NYU datasets (Wang
etal., 2023).

5.2.3 2D-3D Features Projection

Features extracted from 2D RGB images are projected and mapped onto the corre-
sponding coordinates in 3D space by taking the advantage of the existing depth map
input. Aligned with the projection method described in (Liu et al., 2018), we utilised
the depth values from the depth image Iy, along with the intrinsic camera matrix
K € R**3 and the extrinsic camera matrix [R|t] € R3** to project a pixel p,,, repre-
sented in homogeneous coordinates as [1,v,1]T from the 2D image plane to a 3D point
Pxy,z also in homogeneous coordinates [X, Y, Z,1]T. This projection is accomplished

using the camera projection equation referenced as Equation 5.1:

Pup = K[R|t]l9x,y,21 (5.1)

to map the 2D features into scene surfaces in the 3D space. Then, these volumetric
surface features are fused with the F-TSDF input within 3D network branch according

to the fusion strategies defined below.

5.2.4 3D Features Fusion Strategies

Different fusion methods based on element-wise addition are implemented to assess
the model’s performance, including early, mid, and late fusions as shown in Figure
5.2, Figure 5.3, and Figure 5.4. The aim of investigating different fusion methods is to
identify the best location to add the projected RGB semantic features into the geometric
information represented by F-TSDF within the network. Early fusion involve com-
bining the full-resolution projected 3D surface features 240x 144 x 240 with the F-TSDF
input prior to their introduction into the 3D network branch. For mid and late fusions,
the projected 3D surface features downsampled to align with the resolutions of the net-
work’s intermediate 15x9 x 15 and later 6036 x 60 layers, respectively. This downsam-
pling process employed the Planar Convolution Residual (PCR) block (Li et al., 2023),
a variant of the Dimensional Decomposition Residual (DDR) block (Li et al., 2019a),
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which breaks down the standard 3D convolution into three sequential one-dimensional
layers along three orthogonal axes. The PCR uses planar convolutions with kernel di-
mensions where one of the three sizes is 1, preserving the planar characteristics of the
3D scene and reducing parameter count relative to standard residual blocks.

5.2.5 Identity Transformed within full pre-activation Residual Module ITRM)

In this research, we propose a modification to the residual blocks by incorporating a hy-
perbolic tangent (Tanh) function on the identity features. The Tanh activation function
is employed in various research contexts, particularly in scenarios where TSDF or SDF
are used as input. Its primary purpose in such cases is to manage data distributions
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FIGURE 5.5: Different residual block representations. From left to right: (1) Original

Residual Module (He et al., 2016b); (2) Full pre-activation Residual Module (He et al.,

2016b); (3) Identity Transformed within full pre-activation Residual Module (ITRM),
the proposed modification to the full pre-activation residual module.

within a normalized range, aligning with the inherent data range of TSDF or SDF, as
demonstrated in (Park et al., 2019; Weder et al., 2020).

In the domain of SSC, the Tanh activation function has been applied to part of identity
features, albeit in a different context (Zhang et al., 2019). Our research extends this
exploration by investigating additional context for the application of Tanh.

The residual blocks in our model adopt the full pre-activation design outlined in (He
et al., 2016b), where batch normalization (BN) and the rectified linear activation func-
tion (ReLU) are applied before the convolution layers in a reverse order compared to
the standard design, in which BN and ReLU are applied after the convolution layers.
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This reversal order facilitates smoother information propagation and performance op-

timisation. The Equations 5.2 and 5.3:

x' = f(BN(xy)), (5.2)
Xi41 = X1 + F(X’, Wl)/ (5.3)

illustrate the relationship between the input and output of the full pre-activated resid-
ual block, where the input to the I — th residual block is x; and the output is x;,1. The
function f represents the activation function applied to the normalized input x;. The
residual function F(x’, W;) represents, for example, a series of two convolutional layers,
each with a 3x3 filter, applied to x’, the pre-activated input in Equation 5.2. The term
W includes a collection of weights (including biases) associated with the | — th residual
block. We modify the full pre-activation residual block design by applying a non-linear
transformation with the Tanh function on the identity x;, as illustrated in Equation 5.4:

x141 = Tanh(x;) + F(x',W)). (5.4)

In the F-TSDF representation, voxels in visible or empty spaces above surfaces are given
values ranging from 1 to 0, while those in occluded areas have values from -1 to 0,
creating steep gradients at objects surfaces (Song et al., 2017). The application of the
Tanh function is particularly advantageous in this context, as it preserves the sign of
the input with positive signals for visible space and negative ones for occluded regions,
while normalizing the values to a range between [-1, 1]. Figure 5.5 illustrates the design
of the original residual block, the full pre-activation residual block, and the proposed
modification within the full pre-activation residual block.

5.2.6 Combined Loss Function

We supervise the two inputs of MDBNet jointly using a combined loss function that
merges the 2D semantic loss and the 3D loss for SSC, employing a weighted sum ap-
proach. This method utilises a weighting parameter A to balance the contributions of
the two losses, designated as Lgs for 2D semantic loss and Lgsc for the 3D SSC loss.

The combined loss function is formulated in the following Equation 5.5:

L = ALgs + Lggc. (5.5)

Aligned with (Wang et al., 2023), we employ the smooth cross-entropy loss, denoted
as Lgg, to measure the loss for 2D RGB semantic predictions. The Lgsc weighted cross
entropy loss, defined in Chapter 4, evaluates the model’s performance in 3D space,
specifically using F-TSDF after integrating projected 2D semantic features in the cur-

rent context. Lgsc combines the benefits of re-sampling and class-sensitive learning
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to address the inherent class imbalance in the data. It employs a smoothed weights

through an unsupervised clustering algorithm, K-means.

The computation of Lssc loss assesses the discrepancy between the predicted label p
and the genuine label y across the voxels of a scene A. For each voxel v within A, the
predicted and actual labels for a given voxel v are indicated by p, and vy, respectively.
Each voxel label is assigned a specific weight w, using the reweighing method based
on K-means clustering. The loss function is defined as follows in Equation 5.6:

A
Lssc(py) = = Y_ wo.yo . logpy. (5.6)
v=1

5.3 Implementation Details

The implementation of this work is divided into three main phases: preprocessing,
training and validation, and evaluation. The code and processed data can be accessed
athttps://github.com/MonaIAl/Repo.

5.3.1 Data Preparation

Similar to the approach described in Chapter 4, we encode all 2D depth maps from
the NYUv2 and NYUCAD datasets into 3D space using F-TSDF. The processed data is
saved for reuse across multiple designs. We align the 3D scenes layout with Manhattan
world assumption, which is related to the direction of gravity. The defined 3D space
dimensions are 4.8 meters in width, 2.88 meters in height, and 4.8 meters in depth. With
a voxel grid size of 0.02 meters, this configuration results in a volumetric resolution of
240x144 %240 voxels. The TSDF truncation value is set to 0.24 meters, optimizing the
balance between detail capture and computational efficiency. Both occluded empty
data re-sampling and correspondence between 3D spatial points and 2D RGB pixels
using depth maps are established in this stage.

5.3.2 Training and Validation

We conduct our experiments using the PyTorch framework, on a single Nvidia RTX
8000 GPU. Both 2D and 3D network branches are trained simultaneously with MDB-
Net. Due to the two types of input representation (the 2D RGB and the 3D geometrical
input represented by F-TSDF)we employ different learning rates to achieve effective
performance as demonstrated in (Yao and Mihalcea, 2022). Additionally, we adopt dif-
ferent schedulers and optimisers fitted to our network branches contexts. For the 2D

input modality (RGB), we employ a pre-trained Segformer model, which is fine-tuned
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on the ADE20K dataset at an image resolution of 640x640. The model weights are
downloaded from Hugging Face (NVIDIA, 2024). In the pre-trained model, we keep
the encoder’s weights fixed and fine-tuned the decoder layers, starting with a learning
rate of 1 x 10~*. Following the approach suggested by (Wang et al., 2023), we used the
AdamW optimizer with 0.05 weight decay, and learning rate governed by a cosine de-
cay policy, starting from the initial value and decreasing to a minimum of 1 x 10~7. For
the 3D input modality, we opt Stochastic Gradient Descent (SGD) with a momentum of
0.9 and a weight decay of 5 x 10~%. The OneCycleLR scheduler is utilised to adjust the
learning rate, beginning at 0.01. We train the MDBNet model for 100 epochs, with batch
sizes set to 4 for training and 2 for validation. To mitigate the risk of overfitting on the
training dataset, we incorporate an early stopping as a regularization method (Moradi
et al., 2020) with a patience setting of 15 epochs. In our loss function, we experiment
with a coefficient A set to 1 and normalized the scale of Lgs to match that of Lssc by set-
ting A to 0.5. The model exhibits stability across both configurations and demonstrates
effective learning. Although the score ranges for both settings show considerable over-
lap, a slightly higher SSC score is observed with A = 1, achieving 60.1 & 1.0 compared
to 59.2 + 1.3 with A = 0.5. Furthermore, to ensure the performance reliability of our
results, we implement K-fold cross-validation, dividing the training set into three folds
at random, and preserving the weights from each fold for subsequent evaluation on the
test set, thereby quantifying the model’s performance uncertainty.

5.4 Evaluation

5.4.1 Datasets

Our research leverages the NYUv2 and NYUCAD datasets as benchmarks for conduct-
ing our experiments. NYUv2 consists of 1449 realistic RGB-D indoor scenes captured
via a Kinect sensor with a resolution of 640x480. The datasets are divided into 795
training instances and 654 testing instances. However, as discussed in (Song et al.,
2017), there is some misalignment between the depth images and the corresponding
3D labels in the NYUv2 dataset, which makes it difficult to evaluate accurately. To
address this problem, we also use the high-quality NYUCAD synthetic dataset, which
projects depth maps from ground truth annotations and avoids misalignment.

5.4.2 Metrics

We adopt Precision, Recall, and IoU as the evaluation measures for the SSC, following
the approach of Song et al. (Song et al., 2017). For the semantic scene completion task,
both the observed surface and occluded regions are evaluated. We present the mloU
scores for semantic classes, excluding the empty class. In the scene completion task, all
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non-empty voxels are classified as “1’, while empty voxels are labeled as ‘0. The binary
IoU is computed for the occluded regions in the view frustum along with precision and
recall measures. We have observed that there’s no standardized method for selecting
the scene completion area, leading to slight variations among researchers in the field.
Some researchers, as seen in (Liu et al., 2018) select the occupied occluded voxels while
the empty occluded voxels are re-sampled. On the other hand, SPAWN (Dourado et al.,
2022) bypasses re-sampling step for empty occluded voxels and evaluates all unoccu-
pied voxels. Other studies, such as PALNet (Li et al., 2019b), DDRNet (Li et al., 2019a),
and AICNet (Li et al., 2020a), include all occupied voxels in the scene, combining vis-
ible surfaces with occluded regions for scene completion evaluation. In this research,
we follow (Liu et al., 2018) by evaluating all occluded occupied voxels and re-sampling
empty occluded ones. As highlighted in (Liu et al., 2024; Li et al., 2020a), the mIoU
metric is considered more critical than IoU. Nonetheless, the results for all metrics are

average across K-fold cross-validation to derive the final scores.

5.5 Experiments

5.5.1 Ablation Study

In this section, we conduct ablation studies on the NYUCAD dataset to evaluate the
effectiveness of our proposed RGB feature fusion methods and the various components

of our model design.

Fusion Strategies. = The model with the proposed combined loss function only is
trained using various methods to fuse the 3D projected RGB semantic features as ex-
plained in Section 5.2.4. The results, as reflected within average scores presented in
Table 5.1, indicate that our model is capable of learning effectively using these different
fusion strategies. Among them, the late fusion method demonstrates the best average
score, with the highest stability in performance, as evidenced by the lower standard
deviation scores that indicate less uncertainty in performance. Specifically, we observe
that the TV object is not well recognized in some folds when using the early and mid-
dle fusion methods, whereas it is consistently recognized across all folds with the late
fusion approach. Consequently, we select the late fusion approach for RGB semantic

features to further evaluate the model’s performance across different components.

Architecture Components.  To confirm the impact of each component within our
MDBNet, we modify the DBNet model in the previous Chapter 4 by integrating new
components and conduct comprehensive experiments to evaluate their contributions,

as detailed in Table 5.2. Initially, we train our model with RGB-D input and apply
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TABLE 5.1: Ablation studies using different RGB features fusion methods.

Fusion Method SC-IoU% SSC-mIoU%

Early 80.5+1.0 57.1+2.3
Middle 79.3+£0.9 55.8£2.5
Late 79.3£0.6 59.0+0.1

TABLE 5.2: Ablation studies on the NYUCAD dataset evaluating MDBNet compo-
nents with RGB-D input.

Method SC-ToU% SSC-mloU%
Lss + Lssc (re-weighting) 79.3+0.6 59.0+0.1
Lss + Lssc (re-sampling) 80.5+0.9 5254+0.9
Lss + Lssc (re-weighting) + ITRM  79.8+0.8  60.1+1.0

our combined loss, which includes the re-weighting 3D loss defined in Section 4.2.1,
achieving an SSC score of 59.0%.

In the second experiment, we replace the re-weighting loss with a re-sampling-based
loss from (Song et al., 2017). This substitution results in a significant decrease of 6.5 per-
centage points (pp) in the SSC score, underlining the critical role of both RGB features
and our combined loss in the model’s performance.

In the third experiment, we employ our combined loss and enhance the 3D branch of
MDBNet by replacing the original residual blocks with the proposed ITRM blocks. This
enhancement yields further improvements, achieving an SSC score of 60.1%, a 7.6 pp

increase compared to the second experiment’s score of 52.5%.

5.5.2 Comparison with State-of-the-Art Methods

Experiments are conducted to evaluate the performance of our proposed approach on
scene completion and semantic scene completion tasks, using the NYUv2 and NYU-
CAD datasets. Quantitative comparisons of our MDBNet results with SOTA approaches
are detailed in Tables 5.3 and 5.4. Unlike previous studies, which do not specify the
performance uncertainty, we average our scores across three folds to more accurately
represent generalization performance. Due to the variations in how researchers select
the scene completion area, as discussed in Section 2.3.4, these differences do not nec-
essarily show true performance gaps between SOTA models. Also, (Liu et al., 2024; Li
et al., 2020a) highlight the importance of mloU over IoU. However, for a fair compar-
ison, we focus on semantic scene completion, which relates to the object area and is
measured using standardized criteria.

We compare MDBNet with SOTA methods that utilise hybrid architectures, focusing

on voxel-based semantic segmentation on the NYUv2 dataset, as shown in Table 5.3.



(MDBNet)

Chapter 5. Semantic Scene Completion with Multi-Feature Data Balancing Network

76

TABLE 5.3: Results on the NYUv2 dataset include averages and standard deviations for Precision, Recall, IoU, and mIoU metrics.
column, ‘D" means depth map only. In the method column, "' represents the view-volume architecture type.

In the input

Scene Completion (SC) Semantic Scene Completion (SSC)
Method Input Res.
Prec. Recall IoU ceil. floor wall win. chair bed sofa table tvs furn. objs mloU

PALNet (Li et al., 2019b) D (240,60) 68.7 85.0 61.3 235 920 330 116 201 539 481 162 242 378 147 34.1
DBNet (ours in Chapter 4) D (240,60) 79.3+0.99 83.3+0.84 68.1+051 489 928 492 00 317 614 561 292 00 339 193 38440.17

AMMNetseg rormer(Wang et al., 2024a) RGB-D  (60,60) 90.5 82.1 75.6 46.7 942 439 306 391 603 548 357 444 482 353 48.5

CleanerS(Wang et al., 2023) RGB-D  (60,60) 88.0 83.5 75.0 463 939 432 337 385 622 548 337 392 457 338 477

SISNet(voxel)(Cai et al., 2021) RGB-D  (60,60) 87.6 78.9 71.0 469 933 413 267 308 584 495 272 221 422 287 425

PCANet*(Li et al., 2023) RGB-D  (240,60) 89.5 87.5 78.9 443 945 501 307 418 685 564 326 299 53.6 354 48.9

SPAwN(Dourado et al., 2022) RGB-D  (240,60) 82.3 77.2 66.2 415 943 382 303 410 706 577 297 409 492 346 48.0
MDBNet (Ours) RGB-D (240,60) 80.3+3.7 81.8+65 67.6+2.1 472 926 499 476 468 662 621 371 357 452 369 51.6+15
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FIGURE 5.6: Comparison of SSC results on the NYUv2 dataset: SSCNet (depth maps)
vs. MDBNet (RGB-D). Objects are color-coded, with circles marking key differences
between GT and predictions.

Our approach significantly outperforms current SOTA models, achieving a remarkable
increase in mlIoU scores by 3.1 pp and 2.7 pp over the previously leading methods,
AMMNetseq former (Wang et al., 2024a) which employs Segformer pre-trained model for
2D RGB features, and PCANet (Li et al., 2023), respectively. This establishes MDBNet
as the new benchmark in SOTA performance. The efficacy of MDBNet is further con-
tirmed on the NYUCAD dataset as depicted in Table 5.4. MDBNet shows an increase in
the average mloU scores compared to top previous methods, such as PCANet (Li et al.,,
2023). Furthermore, although our design surpasses SPAWN on the NYUv2 dataset, it
demonstrates performance comparable to the more resource-intensive SPAwWN model,
which utilises semantics priors calculated using surface normals.

5.5.3 Qualitative Analysis

To highlight the superiority of the MDBNet design and its success in generating more
precise predictions, we present a series of visual comparisons using the NYUv2 dataset,
as illustrated in Figure 5.6. These comparisons, made between our method and SSC-
Net (Song et al., 2017), demonstrate the enhanced prediction accuracy offered by our
approach. By employing our re-weighting method defined in Section 4.2.1 within the
our combined loss and ITRM, we achieve enhanced scene completion, particularly in
the occluded parts of the scenes, as demonstrated in (a) and (b) of Figure 5.6. Addition-
ally, by extracting semantic features from the RGB inputs, MDBNet exhibits superior
performance, even surpassing the ground truth (GT) 3D volumes in certain regions.
For instance, in Figure 5.6 (a), the RGB image shows both object and window exist-
ing on the walls. Our model successfully predicts the object and window voxels on
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FIGURE 5.7: SSC results with different components on NYUCAD dataset. From left to
right: (1) RGB-D input; (2) GT; (3) combined loss with re-sampling; (4) combined loss
with re-weighting; (5) combined loss (using re-weighting) with ITRM blocks. Objects
are color-coded, with circles highlighting key differences between GT and predictions.

the walls where they are absent in the GT 3D volumes. To illustrate the effectiveness
of MDBNet’s components, Figure 5.7 showcases various scenarios within the NYU-
CAD dataset, comparing when our combined loss function uses weighting based on
re-sampling (Song et al., 2017) within the 3D loss, when it applies our class re-weighting
defined in Section 4.2.1, and when employing our class re-weighting defined in Section
4.2.1 and incorporating ITRM. The incorporation of class re-weighting in our combined
loss significantly enhances the model’s ability to identify underrepresented classes,
such as TVs and chairs, as shown in Figure 5.7 (a), (c), and (d). Additionally, our fi-
nal design MDBNet offers better recognition of chairs with various shapes in Figure 5.7
(b), (c), and (d), and it ensures enhanced differentiation between tables and chairs, as
evident in (b) and (c). MDBNet model effectively recognizes challenging classes like
windows and TVs, showcasing its robustness and adaptability.

5.6 Discussion and Summary

In this chapter, we address the SSC problem, which involves the simultaneous deter-
mination of volumetric occupancy and object classification from a single RGB-D input,
offering a limited perspective. We propose MDBNet, which provides an effective so-
lution through the implementation of several components, including our combined
loss function, the investigation of RGB fusion placement, ITRM blocks, and benchmark
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FIGURE 5.8: IoU performance on NYUv2 dataset classes using the baseline model with
depth input and MDBNet model with RGB-D input.

training methods such as K-fold cross-validation. We demonstrate improvements in
the SSC task on the NYU datasets.

As our research targets 3D spatial modeling suitable for virtual reality (VR) applica-
tions, we formulated the following research question:

RQ 2: How can we extend the inference of pre-trained SSC model on perspective im-
ages to 360° RGB-D single input?

To address this question, we answer the sub-question related to RQ 2. The first sub-
question, RQ 2a, was thoroughly examined in Chapter 4. In this chapter, we focus on

addressing the remaining sub-question:

* RQ 2b: What is the impact of learning multiple features from RGB-D input on the
performance of the proposed SSC model?

To address RQ 2b, we explore effective strategies for integrating RGB semantic features
into the proposed SSC model. Initially, 2D RGB semantic features are extracted using
transfer learning, followed by a 2D-to-3D projection approach. Various fusion strate-
gies, including early, middle, and late fusion of RGB semantic features, are systemat-
ically examined. To ensure the robustness and generalisability of the results, K-fold
cross-validation is employed. The results indicate that the model effectively learned
scene semantics across different fusion methods. As shown in Table 5.1, the highest
performance is achieved using a late fusion strategy, where learnable features are in-
tegrated through downsampling using PCR blocks to match the network’s output res-
olution. This finding is consistent with prior SSC fusion results reported by (Roldao
et al., 2022).
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FIGURE 5.9: IoU performance on NYUCAD dataset classes using the baseline model
with depth input and MDBNet model with RGB-D input.
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FIGURE 5.10: Confusion matrix for baseline model with depth only input (left) and

MDBNet model with RGB-D input (right) on NYUCAD testing set. The diagonal rep-

resents correct predictions, while off-diagonal entries indicate misclassifications. The
x-axis corresponds to predicted classes, and the y-axis to ground truth classes.

We observe that incorporating RGB alongside depth features represented by F-TSDF
enhances class identification both within and across object categories on NYUv2 and
NYUCAD datasets. Figure 5.8 and Figure 5.9 illustrate the baseline, and MDBNet SSC
performance over the categories level on NYUv2 and NYUCAD dataset, respectively.
The proposed MDBNet model shows a significant improvement in overall mloU per-
formance compared to the baseline model introduced in Chapter 4. This improvement
also highlights the ability of MDBNet to identify challenging object classes, such as
TVs and windows, which posed significant difficulties for the previous DBNet design,
as discussed in Chapter 4.
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FIGURE 5.11: The baseline architecture performance on semantics level within NYU-
CAD dataset.

Additionally, the IoU trends of the MDBNet model compared to the baseline demon-
strate enhanced performance within individual object classes, including TVs, beds,
windows, furniture, and objects, showcasing its ability to better recognition of single
classes. Also, our proposed method shows less ambiguity between classes compared to
the baseline. For example, Figure 5.10 demonstrates the confusion matrix of the base-
line with depth only input and MDBNet with RGB-D input. It shows that the baseline
frequently misclassifies chairs as sofas and confuses windows with walls. These ambi-
guities are reduced when RGB features are incorporated into the MDBNet model. We
observe from the confusion matrix of MDBNet that a general improvement in the di-
agonal values, which represent true predictions, along with a reduction in off-diagonal
values which represent the confusion between classes. The decrease in off-diagonal
values indicates a reduction in interclass ambiguity compared to the baseline, which

relies solely on depth input.

It is important to highlight that the overall performance gains result from the combined
contributions of various components within our design, rather than solely from incor-
porating RGB semantics. As illustrated in Figure 5.11, adding RGB features without
integrating our proposed combined loss function and ITRM blocks leads to suboptimal
results for specific categories and a lower overall mloU score. For example, the model
continues to struggle with small and rare classes, such as TVs, despite the inclusion of
RGB features. This observation suggests that incorporating RGB features alone, with-
out well-structured methodological approach, is insufficient to effectively address the
challenges associated with SSC task.

Moreover, MDBNet model is trained on both NYUv2, which includes noisy depth maps
from the Kinect sensor, and NYUCAD, which features synthetic and more accurate
depth maps aligned with 3D models. We observed that our design reduced the gap
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between the SSC scores on NYUv2 and NYUCAD. As shown in Table 5.3, MDBNet
achieved an SSC score of 51.6% on NYUv2, compared to 60.1% on NYUCAD in Table
5.4, resulting in a difference of 8.5 pp. This represents a reduction in the performance
gap compared to the baseline model with depth-only input, which exhibited an 11 pp
gap, with scores of 31.3% on NYUv2 and 42.3% on NYUCAD, as reported in Chapter 4.
These results suggest that the proposed MDBNet components not only enhanced over-
all model performance but also demonstrated increased reliability against real-world

noisy depth data.

However, our MDBNet model currently predicts 3D models from perspective camera
inputs, which limits its applicability for designing VR spaces with full surroundings.
In the next chapter, we extend our MDBNet SSC model to infer 3D models from full
panorama RGB-D inputs, enabling the capture of comprehensive surroundings and
addressing RQ 2.
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Chapter 6

MDBNet 360°: 3D Scene
Reconstruction from a Single 360°
Image for Virtual Reality with
Acoustics

6.1 Motivation and Contributions

Both visual and synchronised spatial audio are essential for creating truly immersive
virtual reality (VR) experiences (Stecker et al., 2018; Privitera et al., 2024; Kim et al,,
2020b). The integration of both audio and visual aspects enables users to perceive a
digital 3D space that closely mimics real-world environments. However, there is a

scarcity of studies that integrate audio and visual cues from a single RGB-D 360° input.

While many studies have advanced the visual aspects of virtual reality (VR), partic-
ularly in 3D visualisation and human-machine interaction (Rix et al., 2016; Sun and
Saenko, 2014; Spiess et al., 2024; Dang et al., 2023; Ciekanowska et al., 2021; Sabir et al.,
2024), there are still few studies focusing on the construction of 3D annotated models
from 360° inputs. For instance, (Li et al., 2024) employed CNNs for surface recon-
struction, but this approach does not extend to generating annotated 3D models with

semantic segmentation.

In the 3D semantic scene completion (SSC) literature for indoor scenes, most studies
construct 3D models with semantic annotations from perspective views, which suffer
from a limited field of view (Song et al., 2017; Li et al., 2019a; Wang et al., 2023, 2024a),
where the constructed 3D models do not cover the full surroundings. Therefore, a gap
remains in developing pipelines that integrate RGB-D data to generate 3D models with

complete semantic annotations from full panorama inputs.
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From the audio perspective, studies such as (Chen et al., 2023; Liang et al., 2023; Ma-
jumder et al., 2022; Ratnarajah et al., 2024; Singh et al., 2021) leveraged audio-visual in-
puts to estimate room impulse responses (RIRs), but they neither estimated 3D models
nor analysed the relationships between inferred 3D objects and their semantic proper-
ties in relation to the estimated RIRs. Consequently, there remains a gap in applying
estimated RIRs to predicted 3D meshes for practical use.

Few studies, such as (Kim et al., 2019, 2022), have integrated both audio and visual as-
pects to create more realistic and immersive VR experiences. The study in (Kim et al.,
2019) employed SegNet (Badrinarayanan et al., 2017) to extract scene semantics from
2D RGB inputs, generating a 3D model by mapping 2D points into 3D space using
depth information. The resulting 3D point cloud is then grouped into clusters based
on object labels, and block structures are reconstructed from these clusters using point
occupancy to approximate the scene’s geometry. In contrast, the study in (Kim et al,,
2022) employed EdgeNet (Dourado et al., 2021), a 3D SSC deep learning model, to in-
fer scene semantics within 3D space. Once the 3D models are built in these studies,
sound is rendered within the scenes to contribute to a coherent, immersive experience
by integrating both audio and visuals. However, the study in (Kim et al., 2019) sim-
plified scene objects using block representations, while the work in (Kim et al., 2022)
demonstrated densely annotated 3D models from depth-only 360° inputs, which suf-
fered from incomplete object reconstructions in the scenes. This motivates us to explore
3D reconstruction using both RGB and depth inputs with 360° FoV while also captur-

ing the RIRs for spatial sound evaluation to achieve a more immersive VR experience.

In this chapter, we investigate the assumption in Chapter 3 that improving semantic
scene completion yields more accurate room geometry estimations, ultimately leading
to enhanced predictions of acoustic parameters, particularly EDT and RT60. To con-
duct this investigation, we address the second and third research questions RQ 2 and
RQ 3. Specifically, we extend our previously proposed MDBNet model in Chapter 5,
to develop a comprehensive 3D framework that integrates 360° RGB-D input. The pro-
posed framework leverages Unity !, and the Steam Audio Plug-in 2 for advanced 3D

sound spatialisation.

Our approach addresses a gap in the existing 3D SSC literature by introducing a unique
methodology for processing 360° RGB-D data. We adopt a spherical-to-cubic projection
technique for RGB data and apply a 3D rotation method to depth point clouds to ensure
proper alignment with the cubic projection of 2D images. To our knowledge, this is the
tirst work to extend a pre-trained SSC model, originally using perspective camera RGB-
D input, to infer a 3D model from 360° RGB-D input. The proposed method can be
extended to many recent indoor SSC models pre-trained on perspective RGB-D input.

Additionally, we analyse the relationship between scene semantics completion and the

Ihttps://unity. com/(accessed in 2024)
2https://valvesoftware.github.io/steam-audio/(accessed in 2024)


https://unity.com/
https://valvesoftware.github.io/steam-audio/
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FIGURE 6.1: Spherical to cubic projection

quality of the rendered sound within the full 3D scene by evaluating room impulse
response (RIR) acoustic parameters, such as early decay time (EDT) (Barron, 1995) and
reverberation time (RT60) (Rungta et al., 2016). We compare our results with state-of-
the-art (SOTA) approaches using CVSSP dataset >.

The summary of our contributions are as follows:

* Propose MDBNet360 a novel method for semantic scene reconstruction and com-
pletion leveraging 360° RGB-D input by adapting a pre-trained MDBNet model
originally designed for perspective RGB-D data.

* Conduct a comprehensive qualitative assessment to evaluate the reconstructed
scenes, and comparing the performance and fidelity with similar SOTA method-

ological approaches.

¢ Perform an acoustic analysis of the 3D virtual environments generated by MDB-
Net360 through the evaluation of RIRs acoustic parameters, specifically examin-
ing EDT and RT60, and comparing the results with SOTA methods. The proposed
method outperforms SOTA methods showing better 3D scene reconstruction and
acoustic parameters for the VR space. The code and rendered sound results are
shared via Github account at: https://github.com/MonalAl/Repo360.

* Develop a VR software application in collaboration with graduate students in the
School of Electronics and Computer Science (ECS) at University of Southampton
to demonstrate the proposed method in a VR setting. The tool can be accessed
and downloaded at: https://chronohaxx.itch.io/avvr.

Shttp://3dkim.com/research/VR/index.html(accessed in 2024)


https://github.com/MonaIA1/Repo360
https://chronohaxx.itch.io/avvr
http://3dkim.com/research/VR/index.html
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6.2 3D Reconstruction

6.2.1 SSC with MDBNet.

In the previous Chapter 5, we trained MDBNet on RGB-D perspective camera images
from the NYU datasets (Silberman et al., 2012; Firman et al., 2016) to predict scene se-
mantics completion within the 3D space. The model predicts voxel-level semantics for
both visible and occluded regions from a single RGB-D partial view. MDBNet’s archi-
tecture features a dual-head design, enabling simultaneous training with both RGB and
depth data encoded using the F-TSDF. This design leverages a combined loss function
that integrates 2D semantic loss and 3D loss through a re-weighting scheme specific
to SSC tasks. To enhance learning efficiency, the model employs transfer learning to
extract 2D semantic features from RGB inputs, projecting these features into 3D space.
Depth maps are converted into 3D voxel grids with dimensions of 240 x 144 x 240,
where each voxel represents a volumetric unit of two centimeters in size. The RGB
features are effectively fused with geometric information derived from depth data en-
coded as F-TSDEF, enabling a more comprehensive scene representation. The model’s
output has a resolution of 60 x 36 x 60 x 12, where the last dimension corresponds to the
12 semantic class categories present in the scenes. This integration of depth and RGB
features enhances the 3D reconstruction process, significantly improving the model’s
overall performance in understanding and completing scene semantics, outperforming
SOTA methods such as (Dourado et al., 2021; Wang et al., 2023; Li et al., 2023).

6.2.2 Extension to MDBNet360.

In this chapter, we extend MDBNet’s inference capabilities to 360° RGB-D data by in-
corporating spherical-to-cubic projection and 3D transformation for comprehensive 3D
reconstruction with 360° surroundings. The proposed design generates cubic views
from 360° RGB-D input by converting the spherical RGB data into six perspective im-
ages. Pollowing(Kim and Hilton, 2015), the spherical RGB image is divided into six
perspectives; however, the top and bottom projections, corresponding to the ceiling
and floor, are excluded from MDBNet’s predictions since they represent known ele-

ments that do not require further processing.

To compute the F-TSDF from the spherical depth map, depth grids are first generated
for each cubic view. Point clouds are derived from the spherical depth data. We estab-
lish a mapping between 3D depth points and their corresponding pixels in equirectan-
gular images. This mapping follows general principles of spherical-to-Cartesian trans-
formation, as implemented in prior works such as (Kim et al., 2022). For the equirect-

angular image, the angular size for each pixel (x, y) is defined with unit height equal to
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1/image_height and unit width equal to 2/image_width. Using these values, latitude
and longitude are computed. The Cartesian coordinates (x, y,z) are then calculated.

An occupancy voxel grid is constructed to represent the scene’s surface. This is achieved
by simulating four perspective views—left, front, right, and back—with each view ro-
tated 90° around the Y-axis. The transformation of the Cartesian coordinates (x,y,z)
for each view is performed using the following rotation matrix:

x cos(f) 0 sin(6) X
z/ —sin(f@) 0 cos(f) z

The F-TSDF is then calculated for each 3D view. The TSDF value represents the Eu-
clidean distance of each voxel to the nearest surface voxel using specific truncation
threshold ¢ to reduce both computational load and memory usage within the perspec-
tive cubic view. The TSDF is flipped to provide strong gradients on surface (Song et al.,
2017):

F-TSDF = sign(TSDF) - (TSDFnax — |TSDF)). (6.2)

The sign in Equation 6.2 provides information about whether the voxel is in front of
or behind the object’s surface. In the F-TSDF representation, voxels in visible or empty
spaces above surfaces are assigned values ranging from 0 to 1, while those in occluded
areas are assigned values from -1 to 0, resulting in steep gradients at object surfaces.
Then we pass the RGB perspective view with corresponding F-TSDF inputs into the
proposed model. We construct a comprehensive inference pipeline by combining pre-
dictions from multiple MDBNet inferences. Our proposed architecture generates four
3D volumes, with boundary overlaps occurring between adjacent 3D views. These
views are merged within a single comprehensive view using the summation rule (Kit-
tler et al., 1998) as illustrated in Figure 6.2. The MDBNet’s outputs in the overlapping
regions are aggregated using summation. For each voxel with output P;; for class i
predicted by MDBNet classifier j, the total sum of the values for class i across all m

classifiers is calculated as follows:

O; = ZPZ']" (6.3)

m
=1

The class with the highest score is selected to represent the voxel’s semantic class within
the 3d volume as shown in Equation 6.4:

C=arg miax(O,'). (6.4)
Post-processing is applied to all inferred 3D views, including fitting planes (walls, ceil-

ing, and floor) in the room to enhance overall scene quality, ensuring a more coherent

and visually realistic representation. The 3D room, with the aggregated views, is then
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exported to Unity with Steam Audio for object’s material assignment and sound ren-
dering.

6.3 RIR Measurement

In this research, we use the Steam Audio plug-in with Unity to render sounds within
the 3D volumes exported by MDBNet360 in virtual space. RIR is simulated between
a single virtual sound source and a listener and captured by playing ESS audio on the
virtual sound source within the 3D scene. To generate the ESS audio, we follow the
approach proposed by Farina (Farina, 2007, 2000; Mo¢nik, 2023), utilising Equation 2.1
from Chapter 2:

x(f) = sin [T <e§'h‘(w?) - 1> . (6.5)
In (%)
1
The virtual sound source sweeps through the samples t of the exponential sine signal
x(t), starting from the lowest angular frequency w; and progressing to the highest an-
gular frequency w», as depicted in Equations 6.6 and 6.7, respectively. The sweep has a

duration of T.
w1 =2-1-f1/fs (6.6)

w2:2-7r-f2/fs (67)

We generate an inverse filter and convolve it with the recorded ESS sound, rendered
within the 3D scene. The RIR is extracted and saved in WAV format. Next, we mea-
sure the room acoustics parameters, including RT60 and EDT. To estimate RT60, we
analyse the room’s RIR and calculate the time it takes for the sound to decay by 60 dB,
as defined by ISO 3382-1:2009 (International Organization for Standardization, 2009).
This approach employs reverse cumulative trapezoidal integration to assess the decay
of the impulse response, followed by a linear least-squares fit to determine the slope
between 0 dB and -60 dB (Rungta et al., 2016; IoSR, 2024). EDT is estimated using the
slope of the decay curve, determined from the fit between 0 and -10 dB. The decay time
is then calculated from the slope as the time required for a 60 dB decay (Barron, 1995;
IoSR, 2024). The values are averaged for both EDT and RT60 across six octave bands,
ranging from 250 Hz to 8000 Hz, to ensure comparability with previous methods using
similar bands (Kim et al., 2019, 2022). In order to assess the perceptual relevance of the
observed discrepancies in EDT and RT60 values, we define their just noticeable differ-
ences (JNDs). According to recommendations from the literature, the JND thresholds
are set at 20% for RT60 (Meng et al., 2006) and 5% for EDT (Vorlander, 1995).
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FIGURE 6.2: MDBNet360: RGB-D projection and prediction on full panorama MR
scene from CVSSP dataset using MDBNet SSC model.

6.4 Implementation and Experimental Setup

6.4.1 3D Scenes Production.

We test the proposed method using the CVSSP dataset *. The CVSSP dataset consists
of five indoor scenes with 360° RGB-D and ground-truth acoustic parameter measure-
ments. For our simulations, three scenes are selected: the Meeting Room (MR), Kitchen
(KT), and Usability Lab (UL). The Listening Room (LR) and Studio Hall (ST) are ex-
cluded. The LR is omitted because it contains acoustically controlled materials, which
would not provide relevant results for our study. The ST is excluded due to its di-
mensions being significantly larger than those used for constructing the 3D voxels. We
enhance the depth data following the method described in (Kim et al., 2022). The SSC
model MDBNet utilise a 0.02 meter voxel size within a grid of 240 x 144 x 240 for scene
input representation, which is scaled down to 60 x 36 x 60 for the output. For each
scene, the camera is simulated to be positioned along the Y-axis and is calibrated to
be at scene’s center. The 3D predicted volumes are generated by preprocessing RGB
spherical images to produce cubic perspective views, combined with F-TSDF 3D data
computed using the method described in Section 6.2, with a truncation value set to 0.24

meters.

To infer the 3D volumes, we utilise the saved weights of pre-trained MDBNet model
on the NYUCAD dataset. The average inference time to produce a full 3D room is
2.57 minuets on a single Nvidia RTX 8000 GPU. The 3D rooms are exported to Unity

“http://3dkim.com/research/VR/index.html(accessed in 2024)


http://3dkim.com/research/VR/index.html

Chapter 6. MDBNet 360°: 3D Scene Reconstruction from a Single 360° Image for
92 Virtual Reality with Acoustics

TABLE 6.1: Material assignment table for objects.

Object  Steam Audio Material

Ceiling Wood
Floor Carpet
Wall Plaster
Window Glass
Bed Carpet
Sofa Carpet
Chair Wood
Table Wood
TV Glass
Furniture Wood
Object Metal

> (version: 2022.3.35f1), which is integrated with the Steam Audio plug-in ¢ (version:
4.5.3) for immersive sound rendering. Figure 6.2 illustrates the MR scene with 360°
RGB-D spherical input, demonstrating scene partitions using our proposed method
described in Section 6.2, accompanied by a comprehensive SSC 3D model prediction.

6.4.2 Sound Rendering and RIR Extraction.

In each scene within Unity platform, a virtual sound source and listener are posi-
tioned to align with the ground-truth locations. Unified simulation settings are applied
across all the scenes. For instance, a corresponding Steam Audio Geometry material
is mapped for each object. Table 6.1 lists the objects and their corresponding materials
(Kim et al., 2022). Before rendering the sound, the scene must be saved and exported
to ensure that all effects, including the geometry materials applied to each component,
are correctly integrated. Following the ground truth, where both the sound source and
listener are static, we design the simulations using static settings with precomputed, or
“baked” effects to reduce CPU usage. An empty game object is added to each scene to
assign the Steam Audio Probe Batch, which creates sound probes. These probes serve
as points where Steam Audio calculates reflections and reverberation during the bak-
ing process. At runtime, the relative positions of the source and listener to the probes
are used to quickly estimate these acoustic effects.

Additionally, for the virtual sound source in the scene, we attach the ESS audio file gen-
erated by using the method described in Section 6.3. The ESS audio generated with a
sampling rate of 48,000 Hz and saved at a 16-bit depth. The ESS audio with frequencies
ranging from 20 Hz to 20,000 Hz, is rendered with Steam Audio geometry materials

within each virtual room. The sound source parameters are illustrated in Figure 6.3.

Shttps://unity.com/(accessed in 2024)
bhttps://valvesoftware.github.io/steam-audio/(accessed in 2024)


https://unity.com/
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To generate spatialize sound, we choose the spatialize option and set the Spatial Blend
to the 3D to generate immersive rendered sound as shown in Figure 6.3. For the Steam
Audio Source we apply HRTF-based binaural rendering, utilising the default Nearest
interpolation option to control how HRTFs are adjusted as the sound source moves rel-
ative to the listener. The impact of HRTF is more pronounced in scenarios involving
dynamic sound sources or listeners, which enhances the immersive sound experience.
Distance Attenuation is applied to the Steam Audio Source, considering the Spatial
Blend setting. If the Spatial Blend is set to 2D, Distance Attenuation is effectively dis-
abled. A Physics Based distance attenuation model is employed, where the volume
curve and other curves defined in the 3D sound settings of the Audio Source are dis-
regarded. This differs from the curve-driven attenuation model, which is controlled by
the volume curve specified in the Audio Source settings. We choose the Attenuation
Settings to be with Air Absorption to apply frequency-dependent calculations for air
absorption effects. The Simulation Defined option is chosen, which specifies how the
air absorption values are determined using exponential decay pattern, where higher
frequencies diminish more rapidly over distance compared to lower frequencies. Fur-
thermore, reflections from the source that reach the listener are simulated by choosing
the Reflection option. These reflections are processed with HRTF and baked at the
static listener. At this stage, the scene is saved and exported. Additionally, we attach
the Steam Audio Baked Listener and Steam Audio Listener, with simulated reverbera-
tion, to the Audio Listener in the virtual room. The influence radius is adjusted based
on the room size. The sound is baked at the Audio Listener, and after that, the final
effects are saved and exported.

To measure the RIR, we play the scene and record the rendered ESS sound. The recorded
sound is then convolved with the ESS inverse filter to extract the RIR. Then, we measure
the average EDT and RT60 acoustic parameters among six octave bands as descried in
Section 6.3.

6.5 Results Analysis and Comparison with SOTA

6.5.1 3D SSC of 360° Scenes

The original MDBNet demonstrated superior results, significantly outperforming other
SSC models, such as EdgeNet (Dourado et al., 2021), FFNet (Wang et al., 2022), and
Cleaners (Wang et al., 2023). Due to the lack of ground truth 3D annotated data within
CVSSP, we qualitatively assess the 3D voxelized models of the reconstructed rooms
generated by MDBNet360. These models are compared with those produced by Ed-
geNet360 (Kim et al.,, 2022) an extension of EdgeNet. We can clearly observe that
MDBNet360 outperforms EdgeNet360 in semantic scene completion across all selected
scenes from the CVSSP dataset.
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Notably, even with the low resolution of depth maps in the CVSSP dataset, where depth
values are stored with 8-bit, which leads to a loss of fine object details, MDBNet360 ex-
hibits a clear improvement in predicting and completing key scene components. For
evaluation, we focus on objects that play a central role in understanding room struc-
ture and functionality, namely sofas, chairs, and tables. These elements were chosen
because they are among the most commonly used indoor objects and influence spatial
perception. To provide our qualitative comparison, we select a viewpoint that promi-
nently displays these key objects, ensuring a clear visualisation of the model’s recon-
struction capabilities. As illustrated in Figure 6.4, MDBNet360 offers more detailed
and complete representations of tables and chairs in the MR and KT scenes, where Ed-
geNet360 often struggles. For example, EdgeNet360 produces a partially reconstructed
table in the MR scene, missing chairs in the room, and the omission of chairs around
the table in the KT scene. Such inconsistencies negatively impact the spatial under-
standing of the room. In contrast, MDBNet360 maintains the structural integrity of
the scene, improving geometric consistency. In the UL scene, EdgeNet360 fails to re-
construct the central table, significantly altering the perception of the room’s layout.
In addition, large portions of the sofas are missing, reducing the completeness of the
scene. MDBNet360, however, preserves these crucial spatial elements, enhancing both
the functional interpretation and the visual coherence of the scene. Furthermore, one of
the key strengths of MDBNet360 is its ability to predict challenging scene features, such
as windows and glossy doors, which are often difficult to detect and reconstruct due
to their reflective properties and transparency. Despite some boundary errors, MDB-
Net360 successfully predicts the correct locations of these objects in both the UL and KT
scenes. In contrast, EdgeNet360 exhibits significant semantic errors in estimating these
objects, often either completely missing or misplacing them in its reconstructions. This
performance disparity is largely due to MDBNet360’s incorporation of features from
dual inputs (RGB and depth) compared to EdgeNet360’s reliance on solely on depth
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FIGURE 6.4: Qualitative comparison between MDBNet360 and EdgeNet360 on three
scenes in CVSSP data. From top to bottom: MR, UL, and KT.

data. Nonetheless, our results indicate that MDBNet360 improves the completeness
and fidelity of indoor scene reconstruction, particularly in the representation of essen-
tial structural elements which is an aspect crucial for high-quality semantic scene com-
pletion.

6.5.2 Spatial Audio within VR Space

To provide a comprehensive evaluation of the VR space, we assess the sound quality
within the virtual rooms generated by MDBNet360. Specifically, we evaluate the RIR
based on the EDT and RT60 acoustic parameters (for RIR visualisations, refer to Ap-
pendix A). Our results are compared with the ground truth measurements obtained
from sound modeled in real space, and SOTA models Kim19 (Kim et al., 2019) and
Kim20 (Kim et al., 2022). Overall, our approach demonstrates superior performance in
both EDT and RT60 compared to Kim19 and Kim20, as shown in Figure 6.5 and Figure
6.6. In Figure 6.5, the EDT scores for our model in the MR and UL scenes outperform
those of Kim19 and Kim20, being closer to the ground truth. However, for the KT scene,
the EDT score predicted by MDBNet360 is slightly shorter than the ground truth. We
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FIGURE 6.6: RT60s for 3 CVSSP rooms related to the ground-truth (GT).

attribute this discrepancy to errors in the 3D semantics, where cabinets are mislabeled
as wall voxels. Therefore, plaster materials assigned to cabinets. This mislabeling likely
occurred due to inaccuracies in depth perception and the similarity between the cabi-
net color and the wall color in the RGB image, making it challenging for our model to
accurately distinguish the cabinets. In the real world, cabinets typically have lower ab-
sorption coefficients than plaster walls, as their materials are more reflective. In the 3D
voxel scene within Unity, the materials do not perfectly match the acoustic properties
of their real-world counterparts. Since the cabinets are labeled as wall voxels, they are
assigned plaster-like material properties.

Additionally, we observe some artifacts that affected the acoustic modeling, resulting
in excessively high RT60 values exceeding thirteen seconds in UL scene only. These
artifacts are likely caused by the presence of objects between the sound source and
the listener (a situation not present in the MR and KT scenes) which are inaccurately
modeled and assigned incorrect material properties. The high sensitivity of the sound
listener likely contributes to this issue, as it could detect even minor sound reflections
and scattering from the voxel model surfaces such in (Kim et al., 2020b). This can be
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FIGURE 6.7: HP Reverb G2 headset with hand controllers connected to the VR appli-
cation.

considered as a technical limitation of Steam Audio, the spatial audio rendering plug-
in. This can be avoided by slight adjustment of the listener’s position and fine-tuning
of simulation parameters, such as the Reflection Mix Level, which helps to reduce the

artifacts and provides more reliable results.

However, MDBNet360 demonstrates improved performance in both 3D visual scene
prediction and spatial sound rendering compared to existing approaches. The block-
based method in (Kim et al., 2019) showed overestimated reverberations due to its sim-
plified, flat surface representations. Similarly, EdgeNet360’s reconstructions (Kim et al.,
2020b) suffer from incomplete geometry (missing chairs in the MR and KT scenes, hole
in the table in the MR scene, and the absence of large portions of the central table
with sofa segments in the UL scene) which compromise spatial sound propagation and
increase unintended reverberation. As discussed in Section 2.5, discontinuities and
gaps in reconstructed mesh surfaces negatively impact the sound waves reflections. In
contrast, our method preserves scene fidelity through complete object reconstruction
as shown across the tested scenes. For example, the geometric precision is demon-
strated by more accurate reconstruction of tables and chairs around the tables in both
MR and KT scenes. By preserving structural elements, our method achieves more ac-
curate 3D spatial audio. The rendered sound results are shared via Github account at:
https://github.com/MonalAl/Repo360.
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6.6 Real-Time VR Application

In this section we demonstrate the design of a real-time VR application using our pro-
posed method and CVSSP data. This work is done in collaboration with graduate stu-
dents in ECS. The application designed based on the pipeline represented in Chapter
3, with a modification of the pipeline components using the proposed MDBNet 360°
in this chapter with stereo depth maps. Additionally, the pipeline updated with DBAT
material recognition model(Heng et al., 2023). The sounds rendered in real-time to pro-
vide immersive experience to the users and changes based on users movements around
the sound source in the scene. For the VR demonstration, we use the HP Reverb G2
headset with controllers to manage movement and user options in the VR menu, as

illustrated in Figure 6.7.

6.6.1 Unity Integration

To streamline and simplify the room rendering process within Unity, a graphical user
interface (GUI) is developed to enhance accessibility and usability, particularly for
users with limited experience in Unity’s development environment. The GUI is organ-
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ised into two primary tabs: Create New Room and Use Premade Room, as illustrated
in Figure 6.8. These tabs cater to different user needs, allowing users to either construct
customized room environments or select and utilise predefined ones. Premade rooms

demonstrate the reconstructed 3D models with 360° surroundings.

Create New Room Tab.  This tab allows users to construct a custom virtual room
environment. The interface is organised into distinct sections that systematically guide

users through the room setup process:

¢ Input Room Settings: Users can upload the required 3D models and the corre-
sponding materials represented by .obj and .mt1 files to specify the geometry
and material properties of the room. Additionally, fields are provided for defin-
ing room dimensions (in meters) and setting the camera or VR position. These
parameters ensure precise spatial configuration for rendering and simulation pur-

poses.

* Add Speakers: The GUI enables the integration of sound source or speaker within
the environment. Users can add or remove speakers, with each requiring an au-
dio file upload and the specification of positional coordinates. This modular ap-

proach allowing flexible placement and configuration of sound sources.

® Build Room: This to finalizes the configuration and initiates the room’s construc-

tion.

Use Premade Room Tab. The tab provides a streamlined workflow for users work-
ing with predefined 3D rooms. Users can select specific scene, such as a kitchen, as
shown in Figure 6.9. The selected scene is loaded by clicking the Load Scene button,

minimizing setup time for recurring tasks and common use cases.

6.6.2 XR Interaction Toolkit

The VR application is built using XR Interaction Toolkit 3.0.3 7 8. It is designed to
streamline the development of immersive experiences by providing pre-built interac-
tion components and systems for XR devices. The interaction framework can manage
interactors, such as VR controllers or hands, and the objects that respond to interac-
tions, like grabbing. Additionally, it supports interaction modes such as physical con-

tact and ray-based (distance-based) interactions.

"https://docs.unity3d.com/Packages/com.unity.xr.interaction.toolkit@3.0/manual/
whats-new-3.0.html (accessed in 2024)
8h‘ttps ://medium. com/@Brian_David/xr-interaction-toolkit-reading-the-documentation-215fa825cdc6

(accessed in 2025)
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Exit Soomp

FIGURE 6.10: VR locomotion system showing smooth movement option on the Fea-
tures menu and the controllers with teleportation.

y

FIGURE 6.11: Illustration of grabbing sound source sphere object (blue) within MR
scene.

Locomotion System Design. The locomotion system incorporates two primary move-
ment modes: smooth locomotion and teleportation. Smooth locomotion is controlled
via the left controller’s analog stick, which allows for fluid movement through the vir-
tual space. To mitigate potential motion sickness during movement, a dynamic field-of-
view (FOV) vignette system is implemented. This system activates during locomotion
and adjusts dynamically based on movement speed to enhance user comfort during
rapid movement. The teleportation is accessed through the right controller, it enables
users to point to a destination on the floor plane and instantly relocate. Figure 6.10
illustrates the controllers and teleportation in VR.

Affordance System Support.  The XR Interaction Toolkit’s affordance system en-
hances user interaction by providing intuitive visual feedback for interactive elements
in the virtual environment. These elements respond dynamically to user proximity and

interaction. We also show that the user can interact with the audio source sphere in the
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FIGURE 6.12: VR menu showing volume and objects transparency sliders in MR scene.

VR space as a key example of a grabbable object implementation. Figure 6.11 shows
the controller holding the audio source.

6.6.3 Features on VR Menu

The VR menu system is designed to balance functionality and immersion, offering es-
sential controls while preserving the user’s sense of presence in the virtual environ-

ment.

Audio Volume and Mesh Transparency Controls.  Real-time adjustments of both
audio levels and mesh visibility are managed through intuitive slider controls as illus-
trated in Figure 6.12. The volume slider allows for precise tuning with visual feedback,
while the mesh transparency slider enables users to seamlessly transition between the

reconstructed geometry and the original reference image.

Movement and Audio Options. Users can toggle between snap turning and smooth
turning based on their comfort preferences, with snap turning providing fixed-angle
rotations to reduce motion sickness. The audio system supports multiple options, in-
cluding music and speech samples at varying volumes as illustrated in Figure 6.13.
The audio source maintains proper spatial audio properties with position-based atten-

uation, enhancing the overall immersion of the experience.



Chapter 6. MDBNet 360°: 3D Scene Reconstruction from a Single 360° Image for
102 Virtual Reality with Acoustics

Music

Singing

Speaking (Loud)

rency  Speaking (Quiet)

Smooth Turn Singing (Ringtone)

Change

Audio Music

Main Menu Exit Scene

FIGURE 6.13: VR menu showing the audio options in UL scene.

6.6.4 LiDAR Scan Integration

A high-precision LIDAR scan is integrated into the application to enhance the exeriance
with the objects texture and presence within the VR space. The LiDAR implementation
incorporates appropriate material assignments for acoustic properties to maintain con-
sistent audio behavior. Figure 6.14 illustrate the LiDAR integration to KT scene while
keeping the reconstructed 3D model transparent.

6.6.5 VR Application Evaluation and Observations

The proposed VR application is designed to facilitate a high level of interaction for
users who are not familiar with the Unity platform. The core functionality of this ap-
plication is to provide the experience of being inside reconstructed virtual rooms in-
tegrated with spatial sounds. An extensive user study was not conducted to evaluate
MDBNet360 with real-time rendered sound, as this is outside the scope of the current
research; the VR application is presented solely for demonstration purposes. However,
we present our observations based on real-time testing of the VR application with the
reconstructed SSC rooms in this chapter.

The evaluation focuses on two main aspects: (1) the functionality of the VR menu and
available interaction options, and (2) user interaction with the VR environment, includ-

ing sound sources and spatial audio rendering.

* VR Menu and Interaction Options: All implemented menu options function as
expected. Users can adjust audio volume through VR controllers and modify the
transparency of reconstructed meshes in real-time. For MR and UL scenes, RGB
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FIGURE 6.14: Illustration of the KT scene with an overlaid LiDAR scan with two dif-
ferent view points.

textures are used as visual references, whereas LiDAR scans are used for the KT
scene. These references help users better understand the scene components and
enhance the perceived realism of the reconstructed environments. We observe
that the LiDAR scan provides detailed textures of the scene, which increases im-
mersion and serves as a spatial reference for the scene components. Furthermore,
users can personalise their movement preferences by enabling or disabling the
smooth-turn option, which helps mitigate motion sickness. The application also
allows switching of audio sources via a dropdown menu. Moreover, users can

easily exit a scene and return to the main menu to load another room if desired.

¢ User Interaction and Spatial Audio: The VR application allows users to interact
with and manipulate sound sources by grabbing and repositioning them within
the scenes. Through testing, we observed that the spatial audio system provides
realistic reverberations, thus enhancing immersion. Users can adjust the sound
volume of the audio source from the VR menu, and we found that the sound
level dynamically varies based on the user’s distance from the source, resulting
in a more realistic audio effect. The application also adjusts sound propagation
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based on sound source location and user movements within the scene. For exam-
ple, when a sound source is placed in an occluded region, such as at the center
of an object’s voxel mesh (e.g., clipped inside a wall), the perceived volume is
noticeably reduced or muted if fully occluded. The sound reduced when placed
under the table in the scene (e.g., place the audio source under the table in the KT

scene) providing a realistic experience.

At this stage, the proposed application serves as a demonstration of an immersive ex-
perience integrating spatial audio and visual cues within a VR environment. Users can
move freely within the virtual space and interact with sound source. Future improve-
ments can include expanding interactive elements to enhance user engagement within

the scene.

A demonstration video showcasing the application’s functionality is available at: https:
//github.com/MonaIAl/Repo360.

6.7 Discussion and Summary

In this chapter, we present a method for generating a 3D space for VR, integrating both
visual and acoustic cues using a single 360° RGB-D input. To achieve this, we develop
the MDBNet360 model, that designed to produce a comprehensive 3D voxelized rep-
resentation of scenes in virtual space. Our approach is built on the pre-trained SSC
MDBNet model introduced in Chapter 5.

We formulate the second research question, RQ?2, as follows:

* RQ 2: How can the inference capabilities of pre-trained SSC model on perspective
images be extended to a single 360° RGB-D input?

To address this research question, we propose a method that leverages both RGB and
depth data through a series of processing steps as described in Section 6.2.2. First, we
apply a spherical-to-cubic projection to the RGB data, transforming the 360° image into
multiple perspective views. This transformation allow the full panorama scene to be
represented as cubic faces, making it compatible with the existing perspective-based
SSC model, MDBNet. Next, we perform a 3D rotation on point clouds generated from
the spherical depth information to ensure proper alignment with the cubic RGB views.
To capture the geometric structure, we calculate the F-TSDF for each cubic face. The
processed views are then fed into the MDBNet360 model, an extension of the MDBNet
architecture design specifically to handle perspective RGB-D inputs, as illustrated in
Figure 6.2. The outputs from all cubic views are fused into a unified 3D representation
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using a summation rule to merge overlapping regions, resulting in a comprehensive

3D model of the entire room with its full surroundings.

To evaluate the effectiveness of this approach, we conduct a qualitative comparison of
the generated models with those produced by EdgeNet360 using the CVSSP dataset.
As detailed in Section 6.5.1, our findings demonstrate that MDBNet360 achieved better
results, producing more realistic scene reconstructions and improved semantic com-
pletion, ultimately enhancing the understanding of the room’s spatial structure and
functional layout.

Similarly, we answer the third research question, RQ3, which is defined as follows:

* RQ3: What is the impact of the 3D scene generated from a 360° RGB-D input on

acoustic parameters, including early reflections and late reverberations?

We evaluate the acoustic quality of the rendered sound within the reconstructed 3D
virtual rooms generated by the proposed MDBNet360 model on CVSSP dataset. Specif-
ically, we measure the EDT and RT60 acoustic parameters, which are commonly used

to characterize early reflections and late reverberations, respectively.

The evaluation process began by capturing the RIR for each reconstructed room using
the ESS method. This method varies frequencies exponentially over time, enabling
the effective capture of sound across different frequency bands. To ensure consistency
with ground truth data and state-of-the-art models, including those presented in (Kim
etal., 2019, 2022), we compute average scores for EDT and RT60 across six octave bands
ranging from 250 Hz to 8000 Hz.

Our results demonstrates that the 3D scenes generated by the proposed MDBNet360
produce better EDT and RT60 values compared to state-of-the-art models (Kim et al.,
2019, 2022), as discussed in Section 6.5.2 and illustrated in Figures 6.5 and 6.6. Specifi-
cally, our model’s improved scene semantic completion contributes to closer alignment

with ground truth acoustic parameters.

Overall, the findings confirm that the proposed SSC model not only improves the vi-
sual semantics of 3D scenes, but also enhances realism of acoustic modeling, thereby
advancing the creation of immersive audio-visual VR environments. These findings
illustrate the potential of our approach to bridge the gap between visual fidelity and
acoustic precision, providing a foundation for more realistic and interactive VR envi-

ronment by single 360° RGB-D input.
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Chapter 7

Conclusions and Future Work

In this thesis, we investigated a challenging task: the generation of a 3D digital space
for virtual reality (VR), integrating both visually accurate and acoustically plausible au-
dio from a single 360° input for an indoor scene. Throughout the work, we progressed
through various stages, employing different methods and tools to construct and assess
both the audio and visual components. In each chapter, we highlighted our contribu-
tions and advancements, addressing key challenges and proposing novel approaches

for creating immersive, multi-sensory virtual environments.

7.1 Conclusions

In Chapter 3, we demonstrated the generation of a VR space with sound rendering from
a single RGB 360° input. Our proposed pipeline integrates estimated mono depth, 3D
scene semantics, and material properties, enabling sound rendering within the Unity
VR gaming engine using the Steam Audio spatial sound plug-in. Preliminary results
have set a roadmap for the research areas in this PhD project by identifying the chal-
lenges and potential improvements. A primary focus for enhancement was on the SSC
component, which is fundamental to generating a comprehensive 3D model encom-
passing scene semantics. We proposed to replace the semantic scene completion (5S5C)
part within the proposed pipeline with a more advanced SSC approach, leveraging
RGB features in conjunction with depth data to improve 3D reconstruction accuracy.

In Chapter 4, we addressed the problem of SSC, which involves inferring volumetric
occupancy and object categories from a partial depth input. Our SSC model, using a
single depth input encoded with F-TSDF for scene representation, predicts complete 3D
scenes. We tackled a key challenge in the domain, such as imbalances in 3D data distri-

bution, particularly in voxelized indoor scenes. To address these, we proposed a novel
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re-weighting method integrated into our loss function. This method uniquely com-
bines two class re-balancing approaches (re-sampling and class-sensitive learning) and
smooths the weights using an unsupervised clustering algorithm, prioritising voxel
weights and enhancing the learning process. We employed benchmark training meth-
ods such as K-fold cross-validation. Our results outperformed baseline models, par-
ticularly in completing scene semantics, on benchmark datasets such as NYU datasets.
However, upon deeper analysis of our results at the class category level, challenges
remain in recognizing certain underrepresented objects, such as TVs and windows.
Identifying these objects from depth features alone is challenging due to the reflective
or transparent surfaces of windows and the misclassification of TVs with other object
classes sharing similar visual features. This limitation highlights the challenges of us-

ing depth information alone in our results.

In Chapter 5, we extended the work in Chapter 4 by proposing the MDBNet model with
RGB-D inputs. Our method improved SSC learning by incorporating key components
such as a combined loss function, ITRM blocks, and various RGB feature fusion meth-
ods, evaluated through K-fold cross-validation. We demonstrated improvements in
SSC performance on the NYU datasets. Our analysis of SSC scores revealed that priori-
tising voxel weights with our re-weighting method, integrated into the combined loss
function, significantly enhances SSC learning, particularly for RGB-D inputs. We also
found that the late fusion strategy was the most effective for integrating RGB features
into the network. Moreover, we showed that incorporating RGB features improves
class identification, although challenging scenarios (such as underrepresented classes
like TVs) still posed difficulties if not combined with a solid methodology. The power
of our SSC predictions stems from the combination of multiple feature inputs (RGB-D)

and the proposed components within the architecture.

In Chapter 6, we introduced MDBNet360, a new methodology for generating compre-
hensive 3D voxelized representations including scene semantics of 360° RGB-D scenes.
Building upon the semantic scene completion MDBNet model in Chapter 5, our ap-
proach applied a spherical-to-cubic projection to the RGB data, along with a 3D rota-
tion on point clouds from depth information, facilitating the construction of a detailed
3D model that captures the full 360° spatial context. To validate the acoustic quality
of our generated scenes, we conducted a comprehensive evaluation by rendering ESS
mono sound and analysing room impulse responses (RIRs) parameters. Specifically, we
measured early decay time (EDT) and reverberation time (RT60), to assess the acous-
tic realism and spatial quality of the synthesised virtual environments. The empirical
results demonstrate that our proposed methodology outperforms existing state-of-the-
art approaches by effectively integrating visual and acoustic cues through advanced
techniques.
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7.2 Limitations and Future work

Creating a 3D representation of a real-world space that integrates visually accurate
details with acoustically plausible audio from a single RGB-D 360° indoor scene is a
complex and largely underexplored challenge. While this research contributes to un-
derstanding both perspective and 360° camera inputs, several critical open questions

and promising avenues for future work remain.

7.2.1 Investigate Advanced Projection of 360° Inputs

In this research, spherical-to-cubic projection was applied to the RGB inputs, along with
a 3D rotation on point clouds from depth information, facilitating the construction of a
detailed 3D model that captures the full 360° spatial context. It contributes to the SSC
domain by introducing a foundational method for aligning 360° RGB and depth data.
However, the cubic projection introduces some distortions near the edges of cube faces,
and may not generalised for different room shapes. Future work could explore more
advanced and perceptually consistent projection methods to address these limitations.

One promising direction is the segmentation of the spherical domain using regular
polyhedra, such as the icosahedron or dodecahedron, which provide more faces spread
across the sphere and preserve perspective projection (Lee et al., 2019). These structures
may allow for more uniform sampling of the scene, reducing edge distortion while im-
proving geometric continuity. Furthermore, improving the alignment and consistency
of projected 3D point clouds with these projection methods should be systematically
investigated. Advancing projection methods in this direction may enhance the spatial
fidelity of 360° data representations and offer better generalization to different room

configurations.

7.2.2 Multi-Scale Fusion Architecture

In our SSC MDBNet model, we systematically explored different feature integration
strategies using element-wise addition. We found that the late fusion approach is the
most effective method for integrating RGB features with 3D geometric data. Our com-
prehensive investigation considered three distinct fusion methodologies such as early,
middle, and late fusion, and demonstrated that late fusion yields the highest SSC per-
formance scores. While the fusion methods proposed in this research proved to be ef-
fective, future work could explore more advanced strategies, particularly in multi-scale
tusion of F-TSDF data. Inspired by recent research (Wang et al., 2024a), incorporating
multi-scale fusion could enable more refined geometric representations and potentially

improve SSC performance.
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Furthermore, we showed a context of employing Tanh activation function for identity
features within the proposed ITRM block. However, this approach merits further ex-
ploration. Future research could examine the application of the Tanh activation within
cross-modal architectures and TSDF inputs. Such investigations could provide insights
into optimizing the use of Tanh for inputs like TSDF, potentially enhancing model per-

formance.

7.2.3 Uncertainty Quantification

Although our SSC MDBNet model demonstrates competitive performance compared
to SOTA methods, it faces challenges related to evaluation consistency. The selection of
a single evaluation run often introduces bias, as it tends to favor the best-performing
instance. To improve performance consistency and address variability, we introduced
performance uncertainty quantification through K-fold cross-validation on SSC IoU
and mloU overall scores. However, the lack of established best practices for training
and validation in this field remains a challenge. This can be attributed to data nature

with high dimensionality used in this task.

Future research could focus on exploring model confidence and calibration techniques
suitable for this ill-posed problem, which have the potential to further enhance model
performance and reliability. A fundamental challenge in SSC arises from the partial-
view nature of its inputs, which inherently results in the loss of 3D information in oc-
cluded regions. This missing data, attributed to aleatoric uncertainty (Kendall and Gal,
2017; Kendall et al., 2018), complicates the prediction of volumetric occupancy in these
occluded areas. Addressing this uncertainty can improve the SSC performance accu-
racy. While our research primarily focuses on VR space design including both audio
and visual data, time constraints prevented us from exploring this research direction.
Future studies might consider exploring uncertainty in SSC indoor scenes as one pos-
sible area for refining performance and expanding the understanding of SSC problem.

7.2.4 Generalisation with Audio-Visual 360° RGB-D Datasets

In this study, we encountered a challenge with the limited availability of datasets that
provide both RIRs and 360° RGB-D scenes. While datasets such as Matterport (Chang
et al.,, 2017) and 2D-3D Stanford (Armeni et al., 2017) offer high-quality 3D recon-
structions, they do not include corresponding RIRs and often require additional post-
processing to address gaps or discontinuities in the reconstructed surfaces. For our
audio-visual evaluation, we employed the CVSSP dataset owing to its unique inte-
gration of RIRs measured within the real space with 360° RGB-D scenes. Our method
yielded promising results as shown in Chapter 6; however, we recognise that the CVSSP

dataset is limited in terms of generalisation. For example, we observed sound wave
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artifacts in one scene, which may stem from inherent limitations of the spatial audio
modelling provided by the Steam Audio plug-in. This observation does not detract
from the overall performance of our proposed SSC method but rather highlights an op-
portunity for further research.

Future work could involve expanding the dataset by capturing additional indoor envi-
ronments with corresponding RIRs and providing 3D ground-truth annotations. This
is a nontrivial task due to high degree of occlusion, the diversity of objects in indoor
scene, and the time and cost involved in acquiring RIRs in real space. For 3D mesh
ground truth generation, similar to the NYU dataset (Guo et al., 2015), it would require
one to start from pixel semantics to find the objects’” regions within the scene. Then,
generate 3D CAD models for all objects in each scene with ceiling, walls, and floor lay-
outs, and align them with the corresponding depth maps. This process would require
scaling, rotation, and translation to ensure geometric consistency between CAD models
and depth data. Capturing high-quality RIRs would also require multiple recordings
per scene, testing various microphone placements to ensure robustness in accordance
with acoustic measurement guidelines such as ISO 3382-1 (International Organization
for Standardization, 2009). This would enhance the generalisability of our method and

support the development of more accurate spatial audio plug-ins.

7.2.5 Applying Knowledge Distillation in SSC for VR Space Using Monoc-
ular 360° RGB

One important direction in SSC research is predicting 3D volumes from monocular
RGB images, as explored in (Cao and de Charette, 2022; Yao et al., 2023). However, this
task is challenging due to the lack of geometric depth information in monocular RGB
inputs. A promising solution is the use of knowledge distillation. We propose extend-
ing our MDBNet method to predict 3D volumes from monocular RGB by leveraging
the knowledge distillation framework introduced in (Hinton, 2015). Knowledge distil-
lation transfers knowledge from a more powerful teacher model to a simpler student
model.

For instance, (Wang et al., 2023) used knowledge distillation in SSC by training a teacher
network on noise-free depth maps (NYUCAD dataset) and distilling its knowledge into
a student network trained on noisy depth maps (NYUv2 dataset), helping the student
network correct prediction errors. In contrast, a future work of this research involves
training a teacher network with RGB-D inputs to leverage geometric information and
distilling its knowledge into a student network that uses only RGB inputs. Both fea-
tures or logits can be distilled from the teacher network (Wang et al., 2023; Ji et al., 2021;
Zhao et al., 2022), enabling the student network to generalise effectively for predicting
3D volumes from monocular RGB. This makes the method suitable for real-world ap-
plications where depth data is unavailable.
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By incorporating geometric insights from the teacher network, we aim to bridge the
gap between RGB and RGB-D-based SSC models, addressing the core challenges of
monocular RGB-based 3D scene completion. Furthermore, as an exciting extension,
we propose adapting and simplify the inference pipeline in our designed VR space to
rely solely on 360° RGB input. This research direction holds promise for enhancing VR
applications, enabling immersive and efficient 3D scene reconstruction from readily

available monocular RGB data.

7.2.6 Optimise the 3D SSC Learning Using Multi-modal Inputs and Other
Emerging Deep Learning Trends

In this work, we employed multiple data representations to train the proposed 3D SSC
model, using both RGB and depth information for each scene. However, future work
could investigate the integration of additional modalities to further enhance 3D se-
mantic understanding. One promising direction is the incorporation of text semantic
guidance through vision-language models. Inspired by multi-modal learning in (Rao
et al., 2022), contextual cues can be extracted from the input image to generate natural
language prompts. These prompts can be processed by a pretrained language model to
produce text embeddings, which then serve as semantic priors that support RGB and
depth data. Integrating these priors into the 3D SSC architecture could improve the
model’s ability to predict more accurate 3D scene semantics.

In addition, replacing the UNet backbone used in this research with a diffusion model
architecture, as proposed by (Wang et al., 2024a), could further improve the network’s
ability to recover both semantic and spatial structures. Further enhancement could be
achieved by employing transformer-based encoders such as ViTAE (Xu et al., 2021) to
process depth inputs as in (Liu et al., 2024), to improve the modeling of both global
and local contextual information. Integrating these emerging architectures could sig-
nificantly boost the effectiveness and generalization of future 3D semantic scene com-

pletion models.

7.2.7 Investigating the Generation of VR Space for Outdoor Scenes using
Monocular 360° Inputs

The generation of VR spaces for outdoor scenes presents unique characteristics com-
pared to indoor environments, particularly in terms of data representation and acous-
tic rendering. For example, outdoor datasets such as the KITTI dataset (Liao et al.,
2022) differ from indoor datasets like NYU, commonly used in this research. The KITTI
dataset employs point cloud representations focused solely on surface geometry, which
requires careful consideration during the design and evaluation of the SSC model.
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Additionally, sound evaluation metrics diverge between indoor and outdoor environ-
ments. In indoor settings, the reverberation time such as RT60 depends heavily on
room geometry and surface reflections. Conversely, outdoor acoustic assessments em-
phasize sound propagation through the air, where decay times are generally shorter
and more variable due to the absence of enclosing structures (Mascia et al., 2015). These
distinctions underscore the importance of tailoring both visual and acoustic modeling
approaches when generating VR spaces for outdoor scenes.
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Appendix A

Room Impulse Response
Visualisation

The EDT is calculated from the energy decay curves (EDCs) using the range from 0 to
-10 dB to estimate the 60 dB decay. In contrast, the RT60 is calculated over the full 60
dB decay range. Both EDT and RT60 are computed in octave subbands from 250 Hz to
8000 Hz. In our experiments, we averaged the scores across these six octave bands for
the MR, UL, and KT scenes. Figure A.1, Figure A.2, and Figure A.3 visualise the RIRs
and the acoustic parameters EDT and RT60 fitted to the decay curves for the MR, UL,
and KT scenes, respectively.
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FIGURE A.1: Meeting Room (MR) RIR visualisation and energy decay curves over
different octave bands, showing EDT (blue) and RT60(red) fitted to the decay curves.
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FIGURE A.2: Usability Lab (UL) RIR visualisation and energy decay curves over dif-
ferent octave bands, showing EDT (blue) and RT60(red) fitted to the decay curves.
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FIGURE A.3: Kitchen (KT) RIR visualisation and energy decay curves over different
octave bands, showing EDT (blue) and RT60(red) fitted to the decay curves.
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