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Abstract

We introduce a new approach for constructing immersive virtual spaces by generating comprehensive 3D voxelised mod-
els that encompass both geometric and semantic scene representations from a single 360° RGB-D input. The proposed
approach utilises a deep convolutional neural network for semantic scene completion (SSC), allowing the estimation of
complete semantics and geometries of the scene. We design MDBNet a dual head model that simultaneously processes
RGB and depth data using a perspective camera. Depth information is encoded using a flipped transcribed signed distance
function (F-TSDF), capturing essential geometric shape characteristics. We extend the inference capabilities of MDBNet
on RGB-D input of the perspective camera to accommodate 360° RGB-D by proposing MDBNet360. We employ RGB
spherical-to-cubic projection and 3D rotation for depth point clouds, allowing for virtual reality (VR) space design with
comprehensive spatial coverage. To our knowledge, this is the first 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. To assess acoustic properties, we
measure parameters such as early decay time (EDT) and reverberation time (RT60) using the exponential sine sweep
method (ESS). We used Unity with the Steam Audio plug-in for conducting simulations in virtual space. The proposed
framework demonstrates better virtual space reconstruction and immersive sound generation, advancing semantically rich
and spatially accurate virtual environments compared to the state-of-the-art (SOTA). Code and rendered sounds are avail-
able on GitHub: https://github.com/MonalA1/Repo360.

Keywords Semantic scene completion - 3D reconstruction - Room acoustic modelling -+ VR

1 Introduction

In virtual reality (VR) space, humans can interact with a
simulated world of three dimensions (3D) in real time, expe-
riencing the illusion of being fully immersed in a synthetic
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environment (Mandal 2013). Both visual and synchronised
spatial audio are essential for creating truly immersive envi-
ronment experiences (Stecker et al. 2018; Privitera et al.
2024; Kim et al. 2020). The integration of both audio and
visual aspects enables users to perceive a digital 3D space
that closely mimics real world environments.

However, the immersion effect is based mainly on visual
perception (Berkman 2024). Building on the role of visual
perception in immersive experiences, this research explores
the application of artificial intelligence (Al) in computer
vision, by utilising deep learning 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 com-
prehensive, semantically annotated 3D models for use in
VR spaces. Since 2D images capture only partial informa-
tion about 3D scenes, Al enables the development of mod-
els capable of understanding and learning the underlying
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structure and semantics of the 3D world, including the
reconstruction of occluded areas from a single 2D input,
which is known as semantic scene completion (SSC). SSC
aims to infer the complete 3D structure, including occluded
regions, from a single perspective view (Song et al. 2017).
SSC is a challenging and ill-posed task in computer vision,
particularly for voxelised indoor environments, due to the
inherently limited nature of the input and the significant
loss of 3D information in unobserved areas. Furthermore,
data sparsity and imbalanced class distributions in existing
datasets compound the difficulty of accurate prediction. Pre-
dicting object semantics in 3D space is particularly chal-
lenging due to the complexity of inferring information about
occluded or partially visible objects. Key obstacles include
dataset imbalances, intraclass diversity, and interclass ambi-
guity (Pan et al. 2023). The motivation for this study stems
from the need to construct immersive VR spaces while

simplifying the traditionally resource-intensive process of
generating audio-visual scenes. Conventional methods for
estimating room acoustic properties rely on physical mea-
surements using microphones and loudspeakers, which are
time-consuming and hardware-intensive (Kon and Koike
2018). In contrast, this work presents a computer vision—
based approach that reconstructs the 3D geometry of a scene
and estimates its acoustic parameters through synthesized
room impulse responses (RIRs) derived from a single 360°
RGB-D image. The proposed method offers a practical and
scalable solution for dynamically creating immersive VR
environments, with potential applications in entertainment,
architectural design, education, and tourism.

In this research, as illustrated in Fig. | we extend our pre-
vious model for SSC using depth-only input (Alawadh et al.
2024), which we refer to as ‘DBNet’. We propose a new
hybrid architecture, MDBNet, which features a dual-head
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design that simultaneously processes RGB and depth data.
Depth information is encoded using a flipped-truncated
signed distance function (F-TSDF), capturing essential geo-
metric shape characteristics. The RGB features are projected
from 2D to 3D space using depth maps. We explore various
RGB semantics fusion strategies, including early, middle,
and late fusion methods. The proposed model enhances the
performance of SSC predictions on RGB-D inputs.

Furthermore, to construct VR space with 360° field-
of-view (FOV), 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. Con-
structing 3D models from partial views alone often falls
short of providing the fully immersive experience required
for realistic VR applications. To overcome this limitation,
this study aims to generate complete VR spaces with 360°
surroundings, creating an environment that closely mirrors
the user’s spatial perception in the real world. 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.
Our contribution lies on demonstrating the feasibility of
end-to-end 3D semantic reconstruction and completion on
full panoramic scenes, where parallax information is absent
(due to the single optical center of the panoramic capture)
and prior SSC methods have not addressed this challenge
for a single 360° RGB-D input.

To achieve enhanced immersion, spatial sound must be
integrated with 3D models. In this research, sound render-
ing and modelling are performed using Unity! VR gaming
engine equipped with spatial sound plug-in Steam Audio?
to generate a 3D virtual environment of a real world space.
This integration ensures an immersive auditory and visual
experience, which is essential for VR applications. To mea-
sure the plausibility of the rendered sound in the VR envi-
ronment, we assess the acoustic properties by measuring
RIR acoustic parameters such as early decay time (EDT)
and reverberation time (RT60) using the exponential sine
sweep method (ESS).

This research contributes to bridge the gap between com-
putational modelling and human perception. It introduces
a horizontal integration of Al and VR, designed to support
more intuitive, human-centered digital interactions. 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). As highlighted
in recent reviews of immersive technologies and Al for

! https://unity.com/ (accessed in 2025).
2 https://github.com/ValveSoftware/steam-audio (accessed in 2025).

human-centered digital experiences (Partarakis and Zabu-
lis 2024), such convergence blurs the boundaries between
physical and digital realities, enabling adaptive, person-
alised, and emotionally resonant environments that reflect
and expand human cognition. The summary of our contribu-
tions are as follows:

e Extend the previous work DBNet (Alawadh et al. 2024)
and propose MDBNet SSC model with a dual-head and
combined loss function to train the model simultaneous-
ly with both single RGB and depth data of perspective
views. We quantify the performance uncertainty in our
results to ensure an unbiased assessment across trials,
contributing to more reliable benchmarking in the SSC
field.

e Perform an acoustic analysis of the 3D virtual environ-
ments generated by MDBNet360 through the evaluation
of RIRs acoustic parameters, such as EDT and RT60,
and comparing the results with SOTA methods. The pro-
posed method showing better 3D scene reconstruction
and acoustic parameters for the virtual space compared
to SOTA.

e Design VR application to demonstrate the 3D audio-
visual space from single 360° RGB-D.

2 Related work

2.1 3D semantic scene completion (SSC) from single
perspective view

SSC is a relatively recent research field that began with the
work by Song et al. (2017), who introduced SSCNet, the
first deep neural network designed specifically for SSC.
The SSC task involves simultaneously predicting volumet-
ric occupancy and object categories at the voxel level from
a partial view. The design of SSC architectures is closely
tied to the type of input data, including 3D geometry repre-
sentations derived from depth maps using truncated signed
distance function (TSDF) with volume networks, 2D inputs
such as RGB and/or depth using view-volume networks, or
hybrid networks that combine TSDF-based geometry repre-
sentations with RGB data (Roldao et al. 2022).

Several studies have utilised volume CNN designs to
manage 3D scene representations through 3D occupancy
grids or voxels. These grids incorporate TSDF values, typi-
cally derived from depth maps, which represent the distance
to the nearest surface within a normalised range of —1 to 1
(Song et al. 2017; Garbade et al. 2019). Many studies, such
as Song et al. (2017), Zhang et al. (2018a, b, 2019), Dourado
et al. (2021), Alawadh et al. (2024), use F-TSDF to provide
steeper gradients at surface boundaries.
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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. 2020, 2019, 2020; Zhong and Zeng
2020). One of the first methods to incorporate RGB features
with depth data in the SSC domain was by Liu et al. (2018),
where the projection of 2D RGB features is based on depth
maps and camera parameters. Other works, such as Cao and
de Charette (2022), Wang et al. (2024), 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 information.

Some 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;
Liet al. 2019; Chen et al. 2020; Cai et al. 2021; Wang et al.
2022; Dourado et al. 2022; Wang et al. 2023). SSC archi-
tectures incorporate learning from both 2D and 3D repre-
sentations 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.
2016; Russakovsky et al. 2015). Research in Garbade et al.
(2019), Wang et al. (2022) utilised the pre-trained Deeplab
v3+ (Chen et al. 2018) on the ADE20K dataset (2023). A
recent study by Wang et al. (2023) employed the Segformer
(Xie et al. 2021), initialised 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 consistent 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
etal. 2022).

We observed that methods based on hybrid architectures
with multiple inputs, such as RGB and geometry represen-
tations derived from TSDF, achieve better performance
compared to models with single inputs in volume networks
and view-volume networks due to multi features input. In
this research, we extend our previous model DBNet in Ala-
wadh et al. (2024) by proposing MDBNet a hybrid model
that simultaneously train on two distinct representations of
the scene with F-TSDF and RGB inputs. 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.

However, we observe that SSC methods with perspec-
tive camera inputs are constrained by their limited input

@ Springer

modalities and partial scene coverage, making them inad-
equate for applications requiring fully immersive VR envi-
ronments. In the following section, we will discuss more
about constructing 3D space with semantic completion
including the occluded region from single full panorama
view.

2.2 3D semantic scene completion (SSC) from single
360° view

Recent studies have extended 3D reconstruction to 360°
inputs. For instance, ODGS (Lee et al. 2024) reconstructs
3D scenes represented by Gaussian splatting from multiple
omnidirectional images, while AURORA (Han et al. 2024)
constructs indoor 3D spaces from sequences of RGB-D
frames captured by a moving sensor. Only a few works
address the full 3D reconstruction from a single 360° input.
For example, Li et al. (2024) employed CNNs for surface
reconstruction from RGB-D, but did not generate annotated
3D models with semantic labels. Earlier methods such as
DuLa-Net (Yang et al. 2019) mainly focuses on room layout
estimation and struggle with occluded objects, while Meng
et al. (2024) proposed a method to recover the room struc-
ture without objects semantics from the RGB input. RepF-
Net (Li et al. 2022) detects objects in omnidirectional RGB
images without performing 3D reconstruction and labelling.
These approaches differ from our research objective in both
the input/output format and the target representation.

On the other hand, the study by 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, Kim et al.
(2022) proposed EdgeNet360, which is the most relevant to
this research. It demonstrates densely annotated 3D models
using depth-only 360° inputs. In that work, the authors infer
3D SSC from 360° depth input. However, we observe holes
and incomplete objects in the reconstructed 3D SSC model,
which reduce the scene fidelity in the VR space. Neverthe-
less, a gap remains in developing frameworks that integrate
both RGB data and depth for fully annotated 3D SSC recon-
structions with 360° coverage.

In this research, we extend the inference capabilities of
the pre-trained MDBNet model that originally trained on
densely annotated datasets of indoor perspective scenes. We
adopt a spherical-to-cubic projection technique for RGB
data and apply a 3D rotation method to depth. MDBNet is
adapted to process 360° RGB-D inputs, enabling the gen-
eration of comprehensive 3D models suitable for immersive
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VR environments. 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 mod-
els pre-trained on both RGB and depth perspective views.
This adaptability enhances its applicability to VR envi-
ronments and facilitates further advancements in semantic
scene completion.

2.3 Combining audio and visual data in 3D virtual
space

Different methods have been introduced to model the prop-
erties of room acoustics, enabling 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 algorithmic
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 Tay-
lor et al. (2012), estimate RIRs in simplified or empty 3D
scenes. In contrast, deep learning approaches increasingly
leverage audio-visual inputs to estimate RIRs. However,
both categories predominantly focus on RIR estimation
without explicitly analysing the relationships between
inferred 3D objects with semantic properties and the esti-
mated 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 prop-
erties. For example, Wang et al. (2021) demonstrated that
surface features such as gaps and cracks significantly affect
sound field reflections, causing localized increases in echo
energy, with sensitivity affected by surface gap features
such as smoothness, size, shape, and incident angle. Simi-
larly, 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 identified 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 triangular prisms on reverberance and spaciousness
is noticeably stronger than flat surfaces. Kim et al. (2022)
further confirmed that voxelised 3D meshes result in bet-
ter acoustic realism compared to simpler block-based mod-
els, building on earlier findings by Kim et al. (2019). Both

studies (Kim et al. 2019, 2022) used EDT and RT60 mea-
surements to evaluate sound quality in VR environments for
similar rooms.

Together, these findings highlight that the realism and
perceptual accuracy of spatial sound also depend on the fine
structural details of 3D surfaces. High-fidelity mesh recon-
structions contribute to auditory realism and provide more
consistent sensory experience across audio and visual cues,
which are critical for immersive VR experiences.

Regarding sound rendering within VR environments,
Kim et al. (2019, 2022) utilised Unity with sound spatialisa-
tion 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 infe-
rior 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 include Unity, Unreal
Engine,* CryEngine,” AppGameKit VR,® ApertusVR,’
and Urho3D.® Among these, Unity and Unreal Engine are
the most commonly used due to their community support,
user-friendly interfaces, and advanced rendering capabili-
ties (Isar 2018; Anil 2024). Unity is particularly noted for
its lightweight build and ease of use compared to Unreal
Engine (Sabir et al. 2024; 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 head related transfer func-
tions (HRTFs) to improve localization accuracy. Similarly,
Rasvik (2024) developed a VR orchestral concert experi-
ence using Unity combined with the Oculus spatialiser
Native toolkit for audio specialization. The proposed frame-
work in this research leverages Unity, and the Steam Audio
Plug-in for advanced 3D sound spatialisation.

In this work, we analyse the quality of the rendered sound
within the full 3D SSC by evaluating RIR acoustic param-
eters, such as EDT (Barron 1995) and RT60 (Rungta et al.
2016). EDT is a metric used to evaluate the acoustics of
adjacent reflectors by considering the energy carried by the
early reflections (Bradley 2011; Dunn et al. 2015). RT60 is
related to the average absorption, location of room boundar-
ies, and room size, describing reverberation from a physical
perspective (Bradley 2011; Dunn et al. 2015).

3 https://resonance-audio.github.io/resonance-audio/ (accessed in
2025).

* https://www.unrealengine.com/en-US (accessed in 2025).
5 https://www.cryengine.com/ (accessed in 2025).

6 https://www.appgamekit.com/dlc/vr (accessed in 2025).

7 https://apertusvr.org/ (accessed in 2025).

8 https://urho3d.io/ (accessed in 2025).
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3 Methodology

In this section, we present our method for predicting 3D
SSC from perspective RGB-D input. We explain how we
extend the inference capability of the pretrained MDBNet to
handle a single full panoramic RGB-D input. Additionally,
we describe our approach for room acoustic modelling to
integrate spatial sound within the reconstructed 3D space to
enhance immersion in VR environments.

3.1 3D SSC from a single RGB-D perspective input

We propose MDBNet deep learning neural network for 3D
SSC prediction. The architecture of the proposed MDBNet
is depicted in Fig. 2. This model features a dual-head net-
work, facilitating learning simultaneously from each net-
work head within a single pipeline. The system processes
each scene using two distinct modalities: a 2D input consist-
ing of RGB image at a resolution of 640x480, and depth
map data preprocessed as the form of F-TSDF for data
representation within 3D space, which captures geometric
information with dimensions of 240 x 144 x240. We propose
a modification to the residual blocks in our previous work
(Alawadh et al. 2024). The modification includes imple-
menting identity transformation within full pre-activation
residual module (ITRM) by adding a hyperbolic tangent
(Tanh) function on the identity features within the residual
blocks. 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

Concatenate

is to manage data distributions within a normalised range,
aligning with the inherent data range of TSDF or SDF, as
demonstrated in Park et al. (2019), Weder et al. (2020).
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, cre-
ating steep gradients at objects surfaces (Song et al. 2017).
The application of the Tanh function is particularly advanta-
geous 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]. In the domain of SSC, the Tanh activation
function has been applied to part of identity features in a
different context (Zhang et al. 2019). Our research extends
this exploration by investigating additional context for the
application of Tanh.

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 desig-
nated for empty spaces, whereas the remaining 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
architecture will be discussed in the subsequent subsections.

3.1.1 2D semantic features

The incorporation of 2D RGB semantic features beside
the F-TSDF features, can provide more guidance for SSC
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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. Trans-
fer learning emerges as the most effective strategy for this
adaptation process. It facilitates the efficient extraction of
these RGB semantic features, enabling the system to benefit
from learning more diverse features across larger dataset.
Consequently, to optimise RGB input utilisation, we employ
the Segformer ‘B5’ model, which is known for its superior
accuracy and performance (Xie et al. 2021). This Seg-
former model pre-trained on ImageNet and fine-tuned on
the ADE20K dataset at a resolution of 640x 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 trans-
fer learning strategy by keeping the encoder’s weights fixed
and initialising the decoder’s weights with those pre-trained
on ADE20K, followed by fine-tuning on the NYU datasets
(Wang et al. 2023).

Features extracted from 2D RGB images are projected
and mapped onto the corresponding coordinates in 3D
space by taking 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,
along with the intrinsic camera matrix and the extrinsic
camera matrix to project a pixel from the 2D image plane to
a 3D point, we map 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.

Different fusion methods based on element-wise addition
are implemented to assess the model’s performance, includ-
ing early, middle, and late fusions (Roldao et al. 2022). The
aim of investigating different fusion methods is to identify
the best location to add the projected RGB semantic fea-
tures into the geometric information represented by F-TSDF
within the network.

In early fusion, the full-resolution projected 3D surface
features (240 x 144 x 240) are combined with the F-TSDF
input before entering the 3D network branch. This enables
the network to jointly learn from both modalities from the
beginning with the unrefined nature of the early features.
For middle and late fusions, the projected 3D surface fea-
tures downsampled to align with the resolutions of the net-
work’s intermediate (15 x 9 x 15) and later (60 x 36 x 60)
layers, respectively. This downsampling process employed
the Planar Convolution Residual (PCR) block (Li et al.
2023), a variant of the Dimensional Decomposition Resid-
ual (DDR) block (Li et al. 2019), which breaks down the
standard 3D convolution into three sequential one-dimen-
sional layers along three orthogonal axes. The PCR uses

planar convolutions with kernel dimensions where one of
the three sizes is 1, preserving the planar characteristics
of the 3D scene and reducing the parameter count relative
to standard residual blocks. In middle fusion, the network
fuses the RGB semantic features in the latent space within
the 3D network branch, where the representations are coarse
spatially. In contrast, late fusion combines the RGB seman-
tic features at a more refined stage of F-TSDF features
within the 3D network branch compared to early and mid-
dle strategies, allowing RGB semantic features to guide the
final 3D semantics reconstruction. The late fusion method
produced the best performance among the three strategies
in our experiments.

3.1.2 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 approach.
This method utilises a weighting parameter A to balance the
contributions of the two losses, designated as Lgg for 2D
semantic loss and Lggc for the 3D SSC loss defined in our
previous work DBNet (Alawadh et al. 2024). The combined
loss function is formulated in the following Eq. 1:

L=ALss + Lssc- 6))

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 Lggc trains the model
with F-TSDF 3D features after integrating the projected 2D
RGB semantic features in the current context. It employs a
smoothed weights over the different classes in the dataset
through an unsupervised clustering algorithm, K-means.
That re-weighting approach address the imbalance between
occupied and empty voxels and effectively handles imbal-
ances across different classes within the occupied voxels in
the dataset. In our previous work, DBNet (Alawadh et al.
2024) Lggc combines the benefits of re-sampling and
class-sensitive learning to address the inherent class imbal-
ance in the data. It employs a smoothed weights through
an unsupervised clustering algorithm, K-means. The com-
putation of Lggc loss assesses the discrepancy between the
predicted label p and the genuine label y across the voxels
of a scene 4. For each voxel v within 4, the predicted and
actual labels for a given voxel v are indicated by p,, and y,,
respectively. Each voxel label is assigned a specific weight
w,, using the reweighing method based on K-means cluster-
ing. The loss function is defined as follows in Eq. 2:

A

Lssc(p,y) = =Y wy -y - logpy. 2
v=1
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3.2 Extend MDBNet to MDBNet360

We extend MDBNet’s inference capabilities to 360° RGB-D
data by incorporating 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 images. Following Kim and
Hilton (2015).

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 corre-
sponding pixels in equirectangular images. This mapping
follows the general principles of spherical-to-Cartesian
transformation, as implemented in prior works such as Kim
et al. (2022). The Cartesian coordinates (x, y, z) are calcu-
lated using the latitude and longitude from the equirectan-
gular image.

An occupancy voxel grid is constructed to represent the
scene’s surface. This is achieved by simulating four per-
spective views (left, front, right, and back) with each view
rotated 90° around the Y-axis. Because spherical projection
introduces polar distortions and uneven sampling near the
poles (top and bottom) (Pi et al. 2023; Wang 2024; Kim
et al. 2022), and because training data rarely include ceil-
ing (+90°) or floor-only (—90°) viewpoints, these regions
are replaced with fitted planes in our final 3D design and
excluded from F-TSDF processing and prediction by MDB-
Net. The transformation of Cartesian coordinates (x, y, z) for
each view is performed using the following rotation matrix:

[x’] cos(f) 0 sin(&)] r}
yl=| 0o 1 0l lyl. 3)

—sin(f) 0 cos(6) z
The F-TSDF is then calculated for each 3D view. The TSDF
value represents the Euclidean distance of each voxel to the
nearest surface voxel using specific truncation threshold ¢ to
reduce both computational load and memory usage within
the perspective cubic view. The TSDF is flipped to provide
strong gradients on surface (Song et al. 2017):

F-TSDF = sign(TSDF) - (TSDFyay — |TSDF|).  (4)
The sign in Eq. 4 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
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inputs into the proposed model. We construct a compre-
hensive inference pipeline by combining predictions from
multiple MDBNet inferences. Our proposed architecture
generates four 3D volumes, with boundary overlaps occur-
ring between adjacent 3D views. These views are merged
within a single comprehensive view using the summation
rule (Kittler et al. 1998) as illustrated in Fig. 3. The MDB-
Net’s outputs in the overlapping regions are aggregated
using summation. For each voxel with output P;; for class
1 predicted by MDBNet classifier j, the total sum of the
values for class @ across all m classifiers is calculated as
follows:

0= Py 5)
j=1
C =arg miax(OZ-). (6)

Post-processing is applied to all inferred 3D views, includ-
ing fitting planes (walls, ceiling, 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
imported into Unity with Steam Audio for semantic-level
material assignment and sound rendering. Steam Audio pro-
vides 11 acoustically predefined materials, including wood,
carpet, glass, plaster, metal, and ceramic. These materials
are assigned to objects in the scene following the method
described in Kim et al. (2022). Consequently, the sound
is rendered using the materials corresponding to the scene
semantics, thereby providing a spatially realistic audio
experience. The acoustic modelling process is described in
more details in the following section.

3.3 Room acoustic modelling

In this research, we use the Steam Audio plug-in with Unity
to render sounds within the 3D volumes generated by MDB-
Net360 in virtual space.The RIR of the virtual space is mea-
sured by playing an ESS signal from a single virtual sound
source and recording the response at the listener position.
To generate ESS audio, we follow the approach proposed by
Farina (2007, 2000), Mo¢nik (2023), utilising Eq. 7:

wi T (e%'ln(if) - 1) . @)

n(s)

The virtual sound source sweeps through the samples ¢ of
the exponential sine signal x(t), starting from the lowest
angular frequency w; and progressing to the highest angular

x(t) = sin
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MDBNet

MDBNet

Fig. 3 MDBNet360: RGB-D projection and prediction on full panorama MR scene from CVSSP dataset using MDBNet SSC model

frequency wo, as depicted in Egs. 8 and 9, respectively. The
sweep has a duration of T.

w1 :27Tf1/f5 (8)
we =2-m- fa/fs ©

The RIR is extracted from the recorded sound at the lis-
tener and saved in WAV format. Next, we measure 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 Standardiza-
tion 2009). This approach employs a linear least-squares fit
to determine the slope between 0 dB and -60 dB (Rungta
etal. 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 differences (JNDs).

According to recommendations from the literature, the JND
thresholds are set at 20% for RT60 (Meng et al. 2006) and
5% for EDT (Vorldnder 1995).

4 Experiments

4.1 3D SSC using MDBNet

In this section, we introduce the implementation and experi-
mental settings of MDBNet model to generate 3D SSC
scenes from perspective RGB-D input.

4.1.1 Training and validation

We conduct our experiments using the PyTorch framework,
on a single Nvidia RTX 8000 GPU. Both 2D and 3D net-
work branches are trained simultaneously with MDBNet.
Due to the two types of input representation, we employ
different learning rates to achieve effective performance
as demonstrated in Yao and Mihalcea (2022). For the 2D
input modality (RGB), we employ a pre-trained Segformer
model (NVIDIA 2024), which is fine-tuned on the ADE20K
dataset (2023) at an image resolution of 640 x 640. In the
pre-trained model, we keep the encoder’s weights fixed and
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fine-tuned the decoder layers, starting with a learning rate
of 1 x 10~%. Following the study by Wang et al. (2023),
we used the AdamW optimiser with 0.05 weight decay,
and learning rate governed by a cosine decay policy, start-
ing from the initial value and decreasing to a minimum of
1 x 1077, For the 3D input modality, we opt Stochastic Gra-
dient 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 (Alawadh et al.
2024). We train the MDBNet model for 100 epochs, with
batch sizes set to 4 for training and 2 for validation. To miti-
gate the risk of overfitting on the training dataset, we incor-
porate 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
normalised the scale of Lgg to match that of Lggc by set-
ting A to 0.5. The model exhibits stability across both con-
figurations 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 (Stone 1974;
Wong 2015; Rodriguez et al. 2009), 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.

4.1.2 Datasets

Our research leverages the NYUv2 and NYUCAD datas-
ets as benchmarks for conducting our experiments. NYUv2
consists of 1449 realistic RGB-D indoor scenes captured via
a Kinect sensor with a resolution of 640x480. The datas-
ets 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 cor-
responding 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.

4.1.3 Metrics

We adopt Precision, Recall, and IoU as the evaluation mea-
sures for the SSC, following the approach of Song et al.

Table 1 Ablation studies using different RGB features fusion methods

Fusion method SC-IoU% SSC-mloU%
Early 80.5+1.0 57.1+£2.3
Middle 79.3+£0.9 55.8+2.5
Late 79.34+0.6 59.04+0.1
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(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 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 is no standardized method for
selecting the scene completion area, leading to slight varia-
tions 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 unoccupied voxels. Other studies, such as PALNet (Li
et al. 2019), DDRNet (Li et al. 2019), and AICNet (Li et al.
2020), include all occupied voxels in the scene, combining
visible 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. (2020), the mIoU metric is considered more critical
than IoU. Nonetheless, the results for all metrics are aver-
age across K-fold cross-validation to derive the final scores.

4.1.4 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.

The model with the proposed combined loss function is
trained using various methods to fuse the 3D projected RGB
semantic features. The results, as reflected within average
scores presented in Table 1, indicate that our model is capa-
ble of learning effectively using these different fusion strate-
gies as shown in Fig. 4. Among them, the late fusion method
demonstrates the best average score, with the highest stabil-
ity in performance, as evidenced by the lower standard devi-
ation scores that indicate less uncertainty in performance.
Specifically, we observe that the TV object is not well
recognised in some folds when using the early and middle
fusion methods, whereas it is consistently recognised 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.

On the other side, to confirm the impact of each compo-
nent within our MDBNet, we modify the previous DBNet
model (Alawadh et al. 2024) by integrating new compo-
nents and conduct comprehensive experiments to evaluate
their contributions, as detailed in Table 2. Initially, we train
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RGB-D GT

Early-fusion

Middle-fusion Late-fusion

Fig. 4 Illustration of model output using different fusion methods on NYUCAD dataset

Table 2 Ablation studies on the NYUCAD dataset evaluating MDB-
Net components with RGB-D input

Method SC-IoU%  SSC-mloU%
Lss + Lssc (re-weighting) 79.34+0.6 59.04+0.1
Lss + Lssc (re-sampling) 80.5£0.9 52.5+0.9
Lss + Lssc (re-weighting) + ITRM 79.840.8 60.1+1.0

our model with RGB-D input and apply our combined loss,
which includes our proposed re-weighting 3D loss (Ala-
wadh et al. 2024), achieving SSC score of 59.0%. In the
second experiment, we replace our proposed re-weighted
loss (Alawadh et al. 2024) with a re-sampling-based loss
from Song et al. (2017). This substitution results in a sig-
nificant decrease of 6.5 percentage points (pp) in the SSC
score, underlining the critical role of both RGB features and
our re-weighted 3D loss within the proposed combined loss
function and their impact on the model’s performance. In
the third experiment, we apply our combined loss function
and enhance the 3D branch of MDBNet by replacing the
original residual blocks in DBNet with the proposed ITRM
blocks. This modification leads to further improvements,
achieving an SSC score of 60.1%, which is a 7.6 pp increase
over the second experiment’s score of 52.5%. Although
the score is slightly higher than that of the first experiment
(59.0%), suggesting a positive trend, the difference lies
within the standard deviation is not statistically significant.
Figure 6 provides a visualization on different components
outputs.

4.2 3D audio-visual VR scenes production using
MDBNet360

We generate 3D scenes with 360° surroundings using the
MDBNet360 model as described in Sect. 3.2. MDBNet360
preprocesses RGB spherical images to produce cubic per-
spective views and combines them with F-TSDF 3D data,
using a truncation value set to 0.24 m. To infer the 3D vol-
umes, we utilise the saved weights of the pre-trained MDB-
Net model on the NYUCAD dataset. The average inference
time to produce a full 3D room is 2.57 min on a single
NVIDIA RTX 8000 GPU. The model utilises a 0.02 m
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
output, to remain compatible with the MDBNet settings. This
representation covers room sizes within 4.8 x 2.88 x 4.8
meters. We test the proposed method using the CVSSP data-
set.” The CVSSP dataset consists of five indoor scenes with
360° RGB-D and ground-truth acoustic parameter measure-
ments (Kim et al. 2019, 2022). For our simulations, three
scenes are selected: the Meeting Room (MR), Kitchen (KT),
and Usability Lab (UL). The Listening Room (LR) and Stu-
dio Hall (ST) are excluded. 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 dimensions 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).

After generating the 3D rooms using MDBNet360, we
import the 3D models into Unity, which is integrated with
the Steam Audio plug-in for 3D audio-visual rendering,
enabling an immersive VR environment.

4.2.1 Room acoustics estimation

In each scene within the Unity platform, a virtual sound
source and listener are positioned to align with the ground-
truth locations. Unified simulation settings are applied
across all scenes. The semantic information obtained from
MDBNet360 is utilized in the VR system to assign material
properties and acoustic parameters to objects in the recon-
structed 3D scene. For instance, a corresponding Steam
Audio Geometry material is mapped to each object category.
Table 3 lists the objects and their corresponding materials
as described in Kim et al. (2022), this mapping serves as a
rough estimation intended to generate plausible sounds and
reproducible simulations that allow fair comparison with
existing SOTA methods (Kim et al. 2022, 2019). 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

® http://3dkim.com/research/VR/index.html (accessed in 2025).
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Table 3 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

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 measures
reflections and reverberation during the baking 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 generated based on the method
described in Sect. 3.3. The ESS audio is generated with a
sampling rate of 48,000 Hz and saved at 16-bit. The ESS
audio with frequencies ranging from 20 Hz to 20,000 Hz, is
rendered with Steam Audio geometry materials within each
virtual room. To generate spatialise sound, we choose the
spatialise option and set the Spatial Blend to the 3D to gener-
ate immersive rendered sound. 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 relative to the lis-
tener. The impact of HRTF is more pronounced in scenarios
that involve moving sound sources or listeners. Distance
Attenuation is applied to the Steam Audio Source, consider-
ing the Spatial Blend setting. If the Spatial Blend is set to
2D, Distance Attenuation is effectively disabled. A Physics
Based distance attenuation model is employed, where the
volume curve and other curves defined in the 3D sound set-
tings of the Audio Source are disregarded. 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 absorp-
tion effects. The Simulation Defined option is chosen, which
specifies how the air absorption values are determined using
exponential decay pattern, where higher frequencies dimin-
ish more rapidly over distance compared to lower frequen-
cies. Furthermore, reflections from the surfaces 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.
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Additionally, we attach the Steam Audio Baked Listener
and Steam Audio Listener, with simulated reverberation, 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 ESS sound at the source
position in the scene and record the rendered ESS sound at
the listener. 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 the six
octave bands as described in Sect. 3.3.

5 Results

5.1 3D SSC from a single RGB-D perspective input
using MDBNet

To evaluate the performance of MDBNet using the NYUv2
and NYUCAD datasets. Quantitative comparisons of MDB-
Net results with SOTA approaches are detailed in Tables 4
and 5. Unlike previous studies, which did not specify the
performance uncertainty, we averaged our scores across
three folds to more accurately represent generalisation per-
formance and to ensure an unbiased assessment. Due to the
variations in how researchers select the scene completion
area, as discussed in Sect. 4.1.3, these differences do not
necessarily show true performance gaps between SOTA
models. Also, Liu et al. (2024), Li et al. (2020) highlight
the importance of mloU over IoU. However, for a fair com-
parison, we focus on semantic scene completion, which
relates to the object area and is measured using standardised
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
4. Our approach significantly outperforms current SOTA
models, achieving a remarkable increase in mloU scores
by 3.1 pp and 2.7 pp over the previously leading methods,
AMMNetseg former (Wang et al. 2024) which employed
Segformer pretrained model for 2D RGB features, and
PCANet (Li et al. 2023), respectively. The efficacy of
MDBNet is validated on the NYUCAD dataset, as shown
in Table 5. Our average performance is competitive with
AMMNetscg former (Wang et al. 2024), and surpasses it
when considering the upper-bound results. Furthermore,
although our design surpasses SPAWN (Dourado et al.
2022) on the NYUv2 dataset, it demonstrates performance
comparable to the more resource-intensive SPAWN model,
which utilises semantics priors calculated using surface
normals. We observe that scene completion (SC) metrics
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Table 4 Results on the NYUv2 dataset include averages and standard deviations for Precision, Recall, IoU, and mloU metrics

Method

Scene completion (SC) Semantic scene completion (SSC)
Ceil

Res.

Input

mloU

Furn Objs

Tvs
444 482 353 485

Table

Win Chair Bed Sofa

Wall

Floor

ToU

7
7

Recall

82.1

Prec

60.3 54.8 357

439 30.6 39.1

46.7 94.2
46.3 939

5.6
5.0

90.5

AMMNets g former Wang et al. (2024) RGB-D (60,60)

CleanerS Wang et al. (2023)

39.2 457 338 477

22.1

622 548 337

432 337 385

83.5

88.0

RGB-D (60,60)

422 287 425

584 495 272

413 26.7 30.8

71.0 46.9 933
0.1

78.9

87.6

RGB-D (240,60) 89.5

RGB-D (60,60)

SISNet(voxel) Cai et al. (2021)
PCANet* Li et al. (2023)

299 53.6 354 489

40.9 492 34.6 48.0

0.0

68.5 56.4 32.6

78.9 443 945 5 30.7 41.8

87.5

70.6 57.7 29.7

382 303 41.0
492 0.0 61.4 56.1

41.5 943

66.2

77.2
(240,60) 79.3+1.0 833 £0.8 68.1+0.5 489 92.8

RGB-D (240,60) 82.3

D

SPAWN Dourado et al. (2022)

384+0.2

19.3

33.9

29.2

31.7

DBNet Alawadh et al. (2024)

MDBNet (Ours)

35.7 452 369 51.6+1.5

37.1

66.2 62.1

49.9 47.6 46.8

472 92.6

RGB-D (240,60) 80.3+3.7 81.8 £6.5 67.6+2.1

In the input column, ‘D’ means depth map only. In the method column, ‘*’ represents the view-volume architecture type

such as Precision and IoU are slightly lower than SOTA
methods such as PCANet (Li et al. 2023), AMMNet (Wang
et al. 2024), and SISNet (Cai et al. 2021). This is attrib-
uted to their explicit architectural emphasis on volumetric
occupancy completion, including attention-based modules
(PCANet), cross-modal modulation with adversarial train-
ing (AMMNet), and scene-instance-scene iteration mech-
anism (SISNet). MDBNet is primarily oriented toward
immersive VR applications, where accurate semantics, par-
ticularly surface semantics, play a critical role in material
assignment and acoustic rendering. In this context, the com-
pletion of deeply occluded volumes has a limited impact on
acoustic behaviour.

On the other hand, we provide qualitative analysis to
illustrate the effectiveness of MDBNet’s components. To
highlight the performance of MDBNet design and its suc-
cess in generating more precise predictions, we present a
series of visual comparisons using the NYUv2 dataset, as
illustrated in Fig. 5. These comparisons, made between
our method and SSCNet (Song et al. 2017), demonstrate
the improved prediction accuracy offered by our approach.
We achieve enhanced scene completion, particularly in the
occluded parts of the scenes, as demonstrated in (a) and (b)
of Fig. 5. Additionally, by extracting semantic features from
the RGB inputs, MDBNet exhibits superior performance,
even surpassing the ground truth (GT) 3D volumes in cer-
tain regions. For instance, in Fig. 5a, the RGB image shows
both object and window existing on the walls. Our model
successfully predicts the object and window voxels on the
walls where they are absent in the GT 3D volumes.

Figure 6 presents various scenarios within the NYUCAD
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 proposed re-weighting
(Alawadh et al. 2024), and when employing re-weighting
(Alawadh et al. 2024) and incorporating ITRM representing
the MDBNet model. The incorporation of class re-weight-
ing in our combined loss significantly enhances the model’s
ability to identify underrepresented classes, such as TVs and
chairs, as shown in Fig. 6 in (a), (c), and (d). Additionally,
our MDBNet offers better recognition of chairs with various
shapes in the same figure in (b), (c), and (d), and it ensures
enhanced differentiation between tables and chairs, as evi-
dent in (b) and (c). MDBNet model effectively recognises
challenging classes like windows and TVs, showcasing its
robustness and adaptability. Additional results are available
on our GitHub account: https://github.com/MonalA1/Repo.
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Table 5 Results on the NYUCAD dataset include averages and standard deviations for Precision, Recall, IoU, and mloU metrics

Method

Semantic scene completion (SSC)

Scene completion (SC)

Res.

Input

mloU

Floor Wall Win Chair Bed Sofa Table Tvs Furn Objs
76.3 46.6 62.0 42.6 60.5
25.8 54.6

Ceil

ToU
82.4

Recall
82.8

88.4

Prec

732 473

59.3

61.3 947 65.0 389 58.1

61.5 942
653 94.7

548 93.1

92.4

RGB-D  (60,60)

AMMNetseg former Wang et al. (2024)

SISNet(voxel) Cai et al. (2021)

53.6
6

69.5 40.1 353

38.0 48.1

62.7

89.0

92.3

RGB-D  (60,60)

2.2

43.6 634 444

49.1
448 653
0.0

822 728

369 69.6
443

61.9

84.5 87.8 75.6
RGB-D (240,60) 92.1

RGB-D  (240,60)
D

SPAWN Dourado et al. (2022)
PCANet* Li et al. (2023)

59.6

45.8

75.6 702 469

2.3

5

62.8

843 86.3

(240,60) 86.540.9 91.1+1.1

49.6+1.2

29.3

689 68.7 456 44.9
72.5 69.3

15.7 514

524 59.5

60.7
In the input column, ‘D’ means depth map only. In the method column, ‘*’ represents the view-volume architecture type

66.7 93.6

79.6+0.1

RGB-D (240,60) 85.0£1.7 93.0+1.2 79.840.8 67.4 93.6

DBNet Alawadh et al. (2024)

MDBNet (Ours)

41.5 531 424 60.1£1.0

45.0

64.1

5.2 3D SSC from a single 360° RGB-D input using
MDBNet360

The original MDBNet demonstrated superior results, sig-
nificantly outperforming other SSC models. Due to the lack
of ground truth 3D annotated data within CVSSP, we quali-
tatively assess the 3D voxelised models of the reconstructed
rooms generated by MDBNet360. These models are com-
pared with those produced by EdgeNet360 (Kim et al. 2022)
an extension of EdgeNet (Dourado et al. 2021). We can
clearly observe that MDBNet360 outperforms EdgeNet360
in semantic scene completion across all selected scenes from
the CVSSP dataset. 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 exhibits a clear improvement in predicting
and completing key scene components. For evaluation, we
focus on objects that play a central role in understanding
room structure 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 prominently displays these key
objects, ensuring a clear visualisation of the model’s recon-
struction capabilities. As illustrated in Fig. 7, MDBNet360
offers more detailed and complete representations of tables
and chairs in the MR and KT scenes, where EdgeNet360
often struggles. For example, EdgeNet360 produces a par-
tially 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 understanding of the room. In contrast, MDBNet360
maintains the structural integrity of the scene, improving
geometric consistency. In the UL scene, EdgeNet360 fails
to reconstruct 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 spa-
tial 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, MDBNet360 successfully predicts the cor-
rect 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 data. Nonetheless,
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Viewpoint (1)

Viewpoint (2)

R

RGB-D GT SSCNet

Ours GT SSCNet
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ceil. floor wall wind. chair bed sofa table tvs furn. objs.

Fig. 5 Comparison of SSC results on the NYUv2 dataset: SSCNet (depth maps) vs. MDBNet (RGB-D). Objects are colour-coded, with circles

marking key differences between GT and predictions

Viewpoint (1)

3D Loss
(re-sampling)

RGB-D GT 3D Loss

(re-weighting)

Viewpoint (2)

3D Loss 3D Loss 3D Loss 3D Loss
(re-weighting) (re-sampling) (re-weighting) (re-weighting)
STTRI +ITRM
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ceil. floor wall wind. chair bed

Fig. 6 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

our results indicate that MDBNet360 improves the com-
pleteness and fidelity of indoor scene reconstruction, partic-
ularly in the representation of essential structural elements
which is an aspect crucial for high-quality semantic scene
completion.

sofa table tvs furn. objs.

(using re-weighting) with ITRM blocks. Objects are colour-coded,
with circles highlighting key differences between GT and predictions

5.3 Spatial audio within virtual space

To provide a comprehensive evaluation of the virtual space,
we assess the sound quality within the virtual rooms gen-
erated by MDBNet360. Specifically, we evaluate the RIR
based on the EDT and RT60 acoustic parameters. Our
results are compared with the ground truth (black line)

@ Springer
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Fig. 7 Qualitative compari-

son between MDBNet360 and
EdgeNet360 on three scenes in
CVSSP data. From top to bottom:
MR, UL, and KT
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Fig.8 EDTs and RT60 for 3 CVSSP rooms related to the ground-truth (GT)

measurements obtained from sound modeled in real space,
and SOTA models Kim19 (Kim et al. 2019) and Kim20
(Kim et al. 2022). We also provide the JND thresholds (dot-
ted line) within our results to assess whether the observed
differences in the EDT and RT60 values are likely to be per-
ceptually noticeable. The thresholds are based on the ground
truth set at 20% for RT60 (Meng et al. 2006) and 5% for
EDT (Vorldnder 1995), as described in Section 3.3. In gen-
eral, our approach demonstrates better performance in both
EDT and RT60 compared to Kim19 and Kim20, as shown
in Fig. 8. In the figure, 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,

@ Springer

the EDT score predicted by MDBNet360 is slightly shorter
than the ground truth. We attribute this discrepancy to errors
in the 3D semantics, where cabinets are mislabeled as the
wall voxels with plaster material. This mislabeling likely
occurred due to inaccuracies in depth perception and the
similarity between the cabinet colour and the wall colour
in the RGB image, making it challenging for our model to
accurately distinguish the cabinets. In the real world, cabi-
nets typically have lower absorption 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 to
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plaster-like material properties. We observe some artifacts
that affected the acoustic modelling, 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 situa-
tion not present in the MR and KT scenes) which are inaccu-
rately 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. (2020). This can be 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 posi-
tion and fine-tuning of simulation parameters, such as the
Reflection Mix Level, which helps to reduce the artifacts
and provides more reliable results.

However, the final VR space reconstructed by MDB-
Net360 demonstrates improved performance in both 3D
visual scene prediction and spatial sound rendering com-
pared to existing approaches. The rendered sound results
are shared via Github account at: https://github.com/Mon
alA1/Repo360.

5.4 Discussion

In this work, we address SSC problem, which involves the
simultaneous determination of volumetric occupancy and
object classification from a single RGB-D input, offering a
limited perspective. We propose MDBNet, which provides
an effective solution through the implementation of sev-
eral components, including our combined loss function, the
investigation of RGB fusion placement, ITRM blocks, and
benchmark training methods such as K-fold cross-valida-
tion. We demonstrate improvements in the SSC task on the
NYUv2 and NYUCAD datasets. Our previous work DBNet
(Alawadh et al. 2024) utilises a single depth input encoded
with F-TSDF for geometry representation to predict full 3D
scenes. DBNet approach, enhances the model’s adaptability

Fig.9 IoU performance on NYUCAD

across a variety of depth-sensing devices. In DBNet we
contributed to overcoming a key challenge in SSC domain,
primarily the inherent imbalance in 3D spatial distributions
commonly observed in indoor scenes by introducing a re-
weighting method integrated into the loss function, lever-
aging the K-means clustering algorithm. Although DBNet
approach improved the overall mloU score and the recogni-
tion of underrepresented classes such as chairs and tables,
DBNet struggled with challenging objects, such as win-
dows and TVs. Windows often feature reflective or trans-
parent surfaces, while TVs share visual characteristics with
other categories, such as objects, making them difficult to
distinguish using depth information alone in datasets with
complex scenes like NYUv2 and NYUCAD. To address this
problem, we investigate the impact of learning multiple fea-
tures from RGB-D input on the performance of DBNet as a
case of SSC model with depth only input and propose MDB-
Net. We observe that incorporating RGB alongside depth
features represented by F-TSDF enhances class identifica-
tion both within and across object categories on NYUv2 and
NYUCAD datasets. Figure 9 illustrates our previous work
(Alawadh et al. 2024), and MDBNet SSC performance over
the categories level on NYUCAD dataset. The proposed
MDBNet model shows a significant improvement in over-
all mloU performance compared to DBNet model. This
improvement also highlights the ability of MDBNet to iden-
tify challenging object classes, such as TVs and windows,
which posed significant difficulties for DBNet.

We examine various fusion strategies for integrat-
ing RGB semantic features into the proposed SSC model,
including early, middle, and late fusion approaches. 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 1, the highest
performance is achieved using a late fusion strategy, where
learnable features are integrated through downsampling
using PCR blocks to match the network’s output resolution.

Class-wise loU trends for DBNet(D) and MDBNet(RGB-D)

dataset classes by DBNet model (Ala-
wadh et al. 2024) with depth input and
MDBNet model with RGB-D input 80

60

loU (%)

40

20

DBNet(D)
Emm MDBNet(RGB-D)
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This finding is consistent with prior SSC fusion results
reported by Roldao et al. (2022). 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 incorporating RGB semantics. As
illustrated in Fig. 10, adding RGB features without integrat-
ing our proposed combined loss function leads to subopti-
mal 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, without well-structured methodologi-
cal approach, is insufficient to effectively address the chal-
lenges associated with SSC task.

However, our proposed MDBNet model is trained to pre-
dict 3D structures from perspective camera inputs, which
limits its applicability in designing immersive VR spaces
that require full-scene coverage. Since this research focuses
on developing suitable 3D spatial modelling for VR appli-
cations, we address the limitations of perspective-based
RGB-D inputs, which capture only partial views due to their
restricted FOV. To overcome this, we extend the inference
capabilities of the pre-trained MDBNet from perspective
RGB-D to full panorama RGB-D inputs, enabling 3D SSC
over full 360° surroundings. Our method leverages both
RGB and depth data through a series of processing steps, as
detailed in Sect. 3.2. We apply a spherical-to-cubic projec-
tion to the RGB data, transforming the 360° image into mul-
tiple 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. Then, we perform a 3D rotation on point clouds
generated from the spherical depth information to ensure
proper alignment with the cubic RGB views and calculate
the F-TSDF preserve the geometric structures. The pro-
cessed 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 Fig. 3.

Fig. 10 The baseline architecture

The outputs from cubic views are fused into a unified 3D
representation using a summation rule to merge overlapping
regions, resulting in a comprehensive 3D model of the entire
room with its full surroundings. As detailed in Sect. 5.2, our
findings demonstrate that MDBNet360 produced more real-
istic scene reconstructions and improved semantic comple-
tion compared to EdgeNet360 (Kim et al. 2022), ultimately
enhancing the understanding of the room’s spatial structure
and functional layout. We also evaluate the acoustic qual-
ity of the rendered sound within the reconstructed 3D vir-
tual rooms generated by the proposed MDBNet360 model.
Specifically, we measure the EDT and RT60 acoustic
parameters, which are commonly used to characterize early
reflections and late reverberations, respectively. Our results
demonstrate that the 3D scenes generated by the proposed
MDBNet360 produce better EDT and RT60 values com-
pared to the SOTA models Kim19 (Kim et al. 2019) and
Kim20 (Kim et al. 2022). The block-based method in Kim19
(Kim et al. 2019) showed overestimated reverberations due
to its simplified, flat surface representations (Shtrepi 2019).
Similarly, EdgeNet360’s reconstructions Kim20 (Kim et al.
2020) 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.
Discontinuities and gaps in the reconstructed mesh surfaces
impact the reflections of the sound waves (Wang et al. 2021;
Torres et al. 2004).

Overall, the findings confirm that the proposed SSC
model not only improves the visual semantics of 3D
scenes, but also enhances realism of acoustic modelling,
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 a more real-
istic and interactive VR environment through a single 360°
RGB-D input.

Performance of Baseline(RGB-D)

performance on semantics level within
NYUCAD dataset

loU (%)

20

Baseline(RGB-D)

L

%,
4
%,
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Fig. 11 HP Reverb G2 headset with hand controllers connected to the
VR application

In the next section, we demonstrate a VR application of
our proposed method with real time sound rendering for an
immersive experience.

6 Real-time audio-visual VR rendering
implementation

In this section, we demonstrate the implementation of a
real-time audio-visual VR space using our proposed method
on CVSSP data. The application designed based on a pipe-
line includes the CVSSP RGB-D inputs and DBAT material
recognition model (Heng et al. 2023) for material estima-
tion (to avoid the strong assumption of materials within
the scenes), together with the SSC model (users can select
either EdgeNet360 or MDBNet360) for reconstruction with
full 360° surroundings. The sounds rendered in real time
to provide immersive experience to the users and changes

Fig. 12 VR application interface
allows users to define and build a

Create New Room

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 Fig. 11.

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 environ-
ment. The GUI is organised into two primary tabs: Cre-
ate New Room and Use Premade Room, as illustrated in
Fig. 12. These tabs cater to different user needs, allowing
users to either construct customized room environments or
select and utilise premade ones. Premade rooms demon-
strate the reconstructed 3D models with 360° surroundings
in this research.

6.2 XRinteraction toolkit

The VR application is built using XR interaction toolkit
3.0.3'91 It is designed to streamline the development of
immersive experiences by providing pre-built interaction
components and systems for XR devices. The interaction
framework can manage interactors, such as VR controllers
or hands, and the objects that respond to interactions, like
grabbing. Additionally, it supports interaction modes such
as direct (physical contact) and ray-based (distance-based)
interactions.

10 https://docs.unity3d.com/Packages/com.unity.xr.interaction. toolkit
@3.0/manual/whats-new-3.0.html (accessed in 2024).

" https://medium.com/@Brian_David/xr-interaction-toolkit-reading-
the-documentation-215fa825cdc6 (accessed in 2025).

Use Premade Room

custom virtual environment

Press F2 to toggle VR stabilised camera view window.

Select .obj File

Select mil File

Room Dimensions (metres)

Camera/VR Position

nput Room Settings

Add Speakers

Speaker 1

Select Audio File Select Fik

Audio Position

Build Rocm
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Fig. 13 VR locomotion system show-
ing smooth movement option on the
Features menu and the controllers with
teleportation

Fig. 14 Illustration of grabbing sound source sphere object (blue)
within MR scene

6.2.1 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 virtual
space. To mitigate potential motion sickness during move-
ment, a dynamic 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 13 illustrates
the controllers and teleportation in VR.

6.2.2 Affordance system support

The XR Interaction Toolkit’s affordance system enhances
user interaction by providing intuitive visual feedback for
interactive elements in the virtual environment. These ele-
ments respond dynamically to user proximity and inter-
action. We show that the user can interact with the audio
source sphere in the VR space as a key example of a grab-
bable object implementation. Figure 14 shows the controller
holding the audio source.
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6.3 Features on VR menu

The VR menu system is designed to balance functionality
and immersion, offering essential controls while preserving
the user’s sense of presence in the virtual environment.

6.3.1 Audio and mesh transparency controls

Real-time adjustments of both audio levels and mesh vis-
ibility are managed through intuitive slider controls as illus-
trated in Fig. 15. The volume slider allows for precise tuning
with visual feedback, while the mesh transparency slider
enables users to seamlessly transition between the recon-
structed geometry and the original reference image. Users
can adjust audio volume through VR controllers and modify
the transparency of reconstructed meshes in real-time. 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, result-
ing in a more realistic audio effect. Furthermore, the audio
system supports multiple options, including music and
speech samples at varying volumes as illustrated in Fig. 16.

On the other side, we implement RGB textures and
LiDAR scans as visual references. For example, for MR
and UL scenes, RGB textures are used, whereas LiDAR
scans are used for the KT scene. The LiDAR scan enhances
the experience with detailed textures of the scene, which
increases immersion and presence within the VR space.
Also, it serves as a spatial reference for the scene compo-
nents. Figure 17 illustrate the LiDAR integration to KT
scene while keeping the reconstructed 3D model trans-
parent. However, these visual references help users better
understand the scene components and enhance the per-
ceived realism of the reconstructed environments.
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Fig. 15 VR menu showing volume and
objects transparency sliders in MR scene

Fig. 16 VR menu showing the audio
options in UL scene

6.3.2 Movement and spacial interactions

To accommodate user comfort, the application allows tog-
gling between snap turning and smooth turning. Snap turn-
ing applies fixed-angle rotations and is often preferred to
reduce motion sickness caused by continuous camera move-
ment. The audio source maintains proper spatial audio prop-
erties with position-based attenuation, enhancing the overall
immersion of the experience. The 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. The application
also adjusts sound propagation based on sound source loca-
tion and user movements within the scene. For example,
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

AVVR Menu —

1.00

Music
— Singing
Volume Speaking (Loud)
Transparency ~ Speaking (Quiet)

Smooth Turn  Singing (Ringtone)

Change
Audio

Main Menu Exit Scene

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.

The proposed application serves as a demonstration of an
immersive experience integrating spatial audio and visual
cues within a VR environment. Users can move freely
within the virtual space and interact with sound source.
Future improvements can include expanding interactive ele-
ments to enhance user engagement within the scene.

A demonstration video of the VR space generated using
3D scenes by MDBNet360, showcasing the application’s
functionality, is available at: https://github.com/MonalA1/
Repo360.
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Fig. 17 Illustration of the KT scene with an overlaid LIDAR
scan with two different view points

6.4 Subjective evaluation

A user evaluation was conducted to assess the overall
effectiveness of the proposed VR application in deliver-
ing an immersive audio—visual experience. The evaluation
was carried out using a pipeline that combined both the
EdgeNet360 and MDBNet360 frameworks, allowing users
to freely select and explore different virtual environments.
In this evaluation, we focus on assessing the overall user
experience, with a particular emphasis on the audio and
visual realism of the scenes reconstructed primarily using
EdgeNet360 to provide a bottom-line performance evalu-
ation of the perceptual quality of the system’s audio-visual
rendering.

To ensure consistency and participant well-being, each
volunteer was briefed on the study’s purpose, objectives,
and procedures, and completed a health screening question-
naire to identify potential risks such as motion sickness or
pre-existing medical conditions that might be aggravated
by VR usage (Chang et al. 2020). Participants who passed
the screening were provided with an information sheet out-
lining their rights and signed a consent form before taking
part in the study. The study was approved by the authors’
local institutional ethics committee under reference number
ERGO/FEPS/99833.
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During the evaluation, each participant independently
explored a pre-loaded VR environment, ensuring consistent
audio and visual fidelity across all sessions. The evaluation
focused on spatial accuracy of audio-visual environment,
and the overall user experience in the virtual space. Mini-
mal guidance was provided to allow participants to natu-
rally assess the system’s usability and intuitive operation.
Following the exploration phase, participants completed a
structured questionnaire containing statements addressing
these aspects, rated on a five-point Likert scale (Strongly
Disagree, Disagree, Neutral, Agree, Strongly Agree) (Joshi
et al. 2015). To complement the quantitative feedback, par-
ticipants were also encouraged to provide open-ended com-
ments and suggestions, offering qualitative insights into
their experiences.

Responses from 13 completed questionnaires were ana-
lysed and categorized into three key themes: audio quality,
visual quality, and overall user experience. The findings
revealed that participants generally rated the system as
immersive and realistic, with particularly strong satisfaction
in spatial audio quality and environmental realism. Some
noted minor visual limitations related to texture detail and
colour consistency, identifying potential areas for refine-
ment. Overall, the evaluation confirmed the system’s ability
to provide an engaging and comfortable audio—visual expe-
rience for VR users.
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Fig. 18 Responses on evaluating audio and visual aspects in the VR space
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6.4.1 Audio-visual 3D spatial evaluation

The evaluation focused on three key aspects: (1) the realism
and spatial accuracy of audio (e.g., reverberation, occlusion,
and spatial positioning), (2) the visual fidelity of the envi-
ronment (e.g., lighting, colour, and surface detail), and (3)
the overall user experience in the virtual space. Figure 18
summarises participants’ ratings for audio (left) and visual
(right) aspects using a five-point Likert scale. Figure 19
presents the participants’ evaluation of their overall experi-
ence, also using a five-point Likert scale.

Audio quality. Responses were strongly positive across
all items as shown in ‘(a)’ within Fig. 18. Perceived audio
quality achieved 85% positive agreement (Agree/Strongly
Agree) in terms of clarity and absence of distortion, with
no negative responses. Audio—visual synchronisation was
rated positively by 77% of participants. Approximately 85%
reported that the volume levels of different sounds appeared
realistic and that changes in distance between the audio
source and listener accurately mimicked real-world acous-
tic behaviour. The spatial localisation accuracy of audio
sources reached 77%, while 92% of participants agreed that
the overall audio sounded natural and realistic, confirming
the high audio fidelity of the system. These findings validate
the effectiveness of the real-time spatial audio rendering
integrated with the 3D visual model, which includes occlu-
sion, distance attenuation, and reverberation effects.

Visual quality. Participants generally provided posi-
tive feedback regarding the visual representation of the VR

Percentage of responses

scene as illustrated in ‘(b)’ within Fig. 18. About 62% agreed
that the motion of objects appeared lifelike, while 31% gave
neutral responses and one participant disagreed. This may
be attributed to the fact that the only movable element in the
scene was the audio source, which might have limited par-
ticipants’ ability to assess motion realism. Similarly, 62%
of participants agreed that the scene colours appeared real-
istic, although some found the colour tones less natural. To
address this, additional attention should be given to ensur-
ing that colours are well-saturated and consistent with real-
world lighting by applying cube-map colour grading and
tone adjustments. The naturalness of the lighting was also
positively rated by 62% of the participants, with only a few
negative responses, suggesting potential areas for improve-
ment. Adjusting colour temperature according to the input
image rather than using a uniform illumination across all
scenes could help achieve a more realistic and immersive
appearance. Texture detail (e.g., surfaces and objects)
received mixed feedback, with 46% positive and 31% nega-
tive responses. This indicates a need for higher-resolution
cube maps and the incorporation of texture maps to improve
surface detail. 54% of the participants agreed that the visual
representation of the scene appeared realistic, which con-
firms the satisfactory representations in visual VR.

Overall user experience. The overall user experience
evaluation revealed mixed responses regarding realism and
presence but consistently positive feedback on immersion
as shown in Fig. 19. All participants agreed that the com-
bined audio—visual experience felt immersive, confirming

@ Springer



55 Page 24 of 27

Virtual Reality (2026) 30:55

the strong objective level of the sensory fidelity of the VR
application through coherent spatial audio and stable visual
rendering. However, the relatively high number of neutral
ratings for realism and 31% negative ones observed for the
sense of presence indicates that the environment’s visual
fidelity did not fully meet participants’ expectations. This
suggests that while the system effectively delivers sensory
immersion, it could further benefit from improvements to
visual components such as texture, lighting, and interactive
objects previously identified as visual limitations. Enhanc-
ing these elements particularly through higher-resolution
texture mapping, more dynamic lighting effects, and addi-
tional moving objects, could strengthen the perception of
realism and sense of presence.

Overall, the findings confirm that the system successfully
conveys immersion through integrated audio—visual design,
but that refining the visual components remains essential for
achieving stronger perceptual realism and presence. Incor-
porating the user feedback from this evaluation provides
a clear direction for improving future iterations of the VR
application.

Participants’ qualitative feedback. Over half of the
participants provided additional comments elaborating
on their experiences during the VR evaluation, offering
insights that complemented the questionnaire results. Sev-
eral participants praised the realism and immersion pro-
vided by the audio component. One noted that the “sound
immersion is quite accurate,” expressing surprise at the
precision of spatial audio effects. Another commented that
“audio can express the effect of Doppler,” acknowledging
that the system successfully reproduced real-world acoustic
behaviour through wave-based simulation. A further partici-
pant observed that “the audio changes depending on where
it is placed in the scene,” referring to the perceived varia-
tion in reverberation and damping caused by surrounding
materials and nearby objects. Collectively, these comments
underscore participants’ strong satisfaction with the realism
achieved through real-time audio simulation.

Feedback on the visual aspects, however, indicated areas
for improvement. One participant mentioned that “the mesh
and image in the scene could be improved,” referring to the
original 360° image used to generate the room. This limita-
tion was linked to the relatively low resolution of the depth
input and RGB clarity, which contributed to reduced tex-
ture and mesh quality in reconstruction. Another participant
noted that “the ceilings were a bit rounded on the edges and
could be improved,” pointing to geometric inaccuracies that
diminished perceived realism. Such observations emphasise
the importance of refining the underlying depth estimation
and geometry reconstruction algorithms to enhance struc-
tural fidelity and visual coherence.

@ Springer

Together, these qualitative insights highlight that the sys-
tem’s audio design was consistently praised for its realism
and immersion, while visual fidelity particularly in geo-
metric detail was recognised as the primary area for future
enhancement.

7 Conclusion and future work

This work addresses the complex and largely underexplored
challenge of creating a 3D representation of real-world
indoor spaces that integrates both visually accurate geom-
etry and acoustically plausible spatial audio from a single
360° RGB-D input. We introduce MDBNet, a 3D SSC
model trained on perspective RGB-D data, and extended its
capabilities to full panorama inputs through MDBNet360.
Our method leverages spherical-to-cubic projection for
RGB data and applies 3D rotation to point clouds derived
from depth, enabling the construction of detailed 3D models
that capture full 360° spatial context. While effective, the
cubic projection introduces distortions near cube face edges
and may not generalise well to diverse room shapes. Future
work could explore more advanced projection methods to
address these limitations. Furthermore, in our MDBNet
model, we examined the use of the Tanh activation function
on identity features within the proposed ITRM block. While
this approach demonstrated a stabilizing effect, it merits
further investigation. Future research could explore the role
of Tanh activation in cross-modal architectures and TSDF-
based inputs, potentially offering deeper insights into opti-
mizing non-linear transformations for SSC. In our MDBNet
model, we evaluated performance using a combined loss
in which the 3D component is adapted from our previous
work, DBNet. While this formulation proved effective,
future research could compare it with other imbalance-han-
dling strategies (such as focal, Asymmetric Loss (ASL),or
LDAM losses (Lin et al. 2017; Ridnik et al. 2021; Cao et al.
2019)) to further assess its relative advantages.

Another challenge lies in the lack of datasets that jointly
provide RIRs and 360° RGB-D data. Although datasets like
Matterport3D (Chang et al. 2017) and 2D-3D-S (Armeni
et al. 2017) offer high-quality 3D reconstructions, they
lack acoustic annotations and often require post-process-
ing to repair surface discontinuities. To bridge this gap,
we employe the CVSSP dataset, which uniquely combines
measured RIRs with 360° RGB-D scenes. Our approach
yielded promising results, as detailed in Sect. 5. However,
generalisation remains limited. For instance, sound artifacts
observed in one scene may stem from inherent limitations
in the Steam Audio plug-in’s spatial modelling. Rather than
detracting from our results, this highlights the importance
of further research in spatial audio integration. Future work
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should focus on expanding multimodal datasets with more
diverse indoor scenes, accurate 3D annotations, and cor-
responding RIRs. While collecting such data is non-trivial
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, it is essential for building truly immer-
sive and generalisable VR experiences. This research con-
tributes through the horizontal integration of Al and VR,
bridging the gap between visual and auditory realism in 3D
virtual spaces.
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