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Exploring Architectural Design 3D Reconstruction
Approaches through Deep Learning Methods:
A Comprehensive Survey

By Mehdi Gorjian”, Stephen M. Caffey* & Gregory A. Luhan”

In recent years, substantial advancements in computer vision have been propelled
by the advent of deep learning techniques. The transformative impact of deep
learning is evident across various computer vision applications, spanning object
detection, image classification, and semantic segmentation. Within the dynamic
realm of architectural parametric design, a pivotal force shaping contemporary
and future architectural pursuits, designers frequently encounter scenarios
necessitating the veshaping, augmentation, or modification of building components
and facades. This demand arises from diverse factors, including the integration
of human-interactive facades, the implementation of sustainable facade systems,
and more. In such instances, the foundational structure must possess malleability,
enabling openness to edits. However, the grand scale and intricate details inherent
in architectural designs pose a challenge, as a densely detailed mesh comprising
millions of elements becomes increasingly unwieldy and challenging to modify
for subsequent stages. This challenge underscores the critical need to generate
objects capable of seamless evolution in tandem with evolving design requirements.
This paper, will focus on categorizing 3D deep learning approaches into Learning-
based 3D reconstruction in architecture and delving into their methods.

Keywords: Algorithm Development, Computational Design, Learning-based
Generative Design, Deep Learning, 3D Reconstruction

Introduction

Architecture is intensively relying on the concept, philosophy, and perception
of the environment and the human behavior in the three-dimensional space and over
the time. The new realm of the digital fabrication and rapid manufacturing is the
field that requires an automated approach to accurately help architects during the
design and manufacturing process. Besides the significant transformative impact of
the deep learning in object detection, classification, and segmentation, its semantic
inference capability makes it more powerful and suitable to analyze and interpret
the data. Deep learning in three dimensions has the potential to transform the field
of architecture by introducing novel approaches to construction, maintenance, and
design. This entails the design and enhancement of neural network architectures
algorithms that possess the ability to analyze and extract significant insights from a
wide range of three-dimensional data formats, such as point clouds, meshes, volumetric
data, and depth maps. 3D deep learning has the potential to greatly augment Building
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Information Modeling (BIM) in the discipline of architecture through the automation
of model development and refinement, resulting in improved accuracy and efficiency.
By facilitating the generation of numerous design options that are optimized for
aesthetics, structural integrity, and sustainability, it facilitates generative design and
optimization. In addition, it facilitates the development of dynamic and intricate
building facades and forms, thereby augmenting both functionality and aesthetic
appeal. The convergence of deep learning and interactive augmented reality (AR)
en-ables the creation of immersive design experiences by facilitating the visualization
and interaction with designs in real-time. Moreover, the utilization of 3D deep
learning is of major significance in the digital reconstruction and preservation of
historical structures within the 3D dense reconstruction, thereby contributing to the
maintenance of cultural heritage. By harnessing these capabilities, architects have the
potential to attain elevated levels of ingenuity, accuracy, and productivity, ultimately
revolutionizing the architectural domain. The integration of 3D deep learning into
digital fabrication, robotic fabrication, and 3D printing for large-scale buildings is
revolutionizing the construction industry. These technologies enable greater precision,
efficiency, and innovation in building processes. Applying deep learning to the digital
fabrication process prepares a context to streamline the generative design to the
fabrication step by optimizing material and improving the structure, ensuring the
fabricated components pass the required specifications and also monitoring the
production line for defect detection and for adaptive path planning in robotics
fabrication and assemblies. However, our paper would be the initial one that
concentrates on 3D reconstruction methods for architecture, there are other papers
that explain the method, such as (Lu et al. 2005, Choy et al. 2016, Seitz et al. 2006,
B. Zhao et al. 2018, Samavati & Soryani 2023, Pan et al. 2019, Parket al. 2019).
A significant contribution of this work, compared to existing literature, can

be summarized as follows:

1. To the best of our knowledge, this is one of the first comprehensive survey
papers covering 3D reconstruction in architecture.

2. The paper addresses both classical and deep learning-based methodologies,
providing a broader perspective on 3D reconstruction capabilities.

3. Unlike existing reviews, we specifically focus on 3D reconstruction and
its applications in architecture.

4. The paper aims to include the most recent and robust techniques in this
field, highlighting their relevance in accurate industry workflows and research.

This paper is structured as follows: Section ii provides an overview of 3D
reconstruction and its applications in architectural design and digital fabrication.
Section i delves into classical 3D re-construction methods, while Section iv
explores deep learning-based 3D reconstruction techniques. Section v presents a
discussion, highlighting the technology’s impact on architectural design. Finally,
Section vi offers the conclusion.
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Background
3D Reconstruction

Extending deep convolutional networks, the cornerstone of image-based
techniques, to the third spatial dimension presents a number of challenges. Because
of the higher data dimensionality, these networks have a tendency to multiply in
terms of both time and space complexity. Conventional dense surface representations,
like quad or triangular meshes, pose more challenges to the training process. These
challenges arise from the randomly generated topology and the fluctuating vertex
count of these models. These problems have severely limited the deep learning
algorithms’ efficacy, flexibility, and accuracy. Applying these algorithms to 3D data
input analysis or generating object segmentations in 3D space particularly highlights
these limitations. Because 3D data is inherently complicated, more advanced
models and computing power are required, which might hinder training and reduce
algorithmic performance. The inconsistent mesh topologies make it more difficult
to create reliable and effective deep learning frameworks. Since every 3D model
can have a different structure, algorithms must be able to adjust to a variety of vertex
combinations and geometries. This heterogeneity necessitates the use of more
sophisticated methods for data augmentation and preprocessing, in addition to
increasing the computational load. There are different methods to construct a 3D
mesh from an image, such as:

» Classical 3D Reconstruction: Traditional reconstruction methods usually
adopt discrete representations, such as voxel grids, 3D point clouds, and
depth maps. The depth map representation is flexible and appropriate for parallel
computation, so it is the most widely used representation (Long et al. 2022).
Therefore, traditional techniques often provide noisy and partial reconstructions
because they are susceptible to reflections, picture noise, and variable
illuminations.

* Deep Learning-based 3D Reconstruction: These methods typically represent
the surfaces to be reconstructed as Signed Distance Function (SDF) and
utilize surface rendering or volume rendering to render the pixel colors of the
input images for optimizing the SDF fields (Long et al. 2022).

3D Reconstruction in Architecture

In terms of conceptualizing, visualizing, and realizing forms and structures, 3D
reconstruction can have an impact on digital production and architectural design.
Architects and designers can produce extremely realistic and detailed models of
buildings and other structures by utilizing sophisticated computational tools. This
improves planning, analysis, and communication during the design process. 3D
reconstruction in architecture makes it possible to create detailed digital representations
of real locations.

207



Vol. 12, No.3 Gorjian et al.: Exploring Architectural Design 3D Reconstruction...

»  Conceptualization and Visualization: Using accurate 3D models that offer
arealistic image of the proposed structure, architects can develop and revise
design concepts. This facilitates the visualization of the design’s spatial
relationships, proportions, and aesthetics, improving stakeholders’
comprehension and assessment of the undertaking.

* Detailed Element Design: 3D models allow for accurate planning of
structural elements, materials, and construction methods. These models can
be used to simulate and optimize various design aspects, such as load
distribution, energy efficiency, and acoustics, leading to more informed
decision-making.

»  Collaboration and Virtual Interaction: The use of 3D reconstruction enhances
communication among architects, engineers, and clients. Web-based interactive
technologies, virtual reality, and augmented reality can be used to instantly
exchange and analyze interactive 3D models, guaranteeing that everyone
involved has a consistent and clear knowledge of the design concept.

Classical 3D Reconstruction

Structure from Motion (SfM): Snavely et al. (2006) presented a method using
camera pose (location, orientation, and field of view) and sparse 3D scene information
to create new interfaces for browsing large collections of photographs. Knowing the
camera pose enables placing the images into a common 3D coordinate system and
allows the user to virtually explore the scene by moving in 3D space from one image
to another using our photo explorer. We use morphing techniques to provide smooth
transitions between photos. In addition, the re-constructed features provide a sparse
but effective 3D visualization of the scene that serves as a backdrop for the
photographs themselves. Table. 2 shows popular SfM packages and software.

Multi-View Stereo: Seitz et al. (2006) categorized multi-view stereo algorithms
into four classes. The first class operates by first computing a cost function on a 3D
volume and then extracting a surface from this volume. A simple example of this
approach is the voxel coloring algorithm and its variants, which make a single
sweep through the volume, computing costs and reconstructing voxels with costs
below a threshold in the same pass. The second class of techniques works by
iteratively evolving a surface to decrease or minimize a cost function. This class
includes methods based on voxels, level sets, and surface meshes. Space carving
and its variants progressively remove inconsistent voxels from an initial volume.
Other variants of this approach enable adding as well as deleting voxels to minimize
an energy function. Level-set techniques minimize a set of partial differential
equations defined on a volume. Like space carving methods, level-set methods
typically start from a large initial volume and shrink inward; unlike most space
carving methods, however, they can also locally expand if needed to minimize an
energy function (Seitz et al. 2006). The third class is image-space methods that
compute a set of depth maps. To ensure a single consistent 3D scene interpretation,
these methods enforce consistency constraints between depth maps or merge the set
of depth maps into a 3D scene as a post process. The final class consists of

208



Athens Journal of Sciences September 2025

algorithms that first extract and match a set of feature points and then fit a surface
to the reconstructed features (Seitz et al. 2006). The Multi-View Stereo (MVS)
technique utilizes Structure from Motion (SfM) output to compute depth and normal
data for each pixel within an image. The amalgamation of depth and normal maps
from various images in a three-dimensional space subsequently yields a comprehensive
point cloud representation of the scene. Table. 1 compares SfM and MVs.

Table 1. Structure from Motion (SfM) vs. Multi-View Stereo (MV'S)

SftM

MVS

Generally employs a collection of photos
not arranged in a particular sequence,
captured from diverse views and time
instances, and frequently exhibiting
variations in focal lengths and resolutions.

It often involves a collection of calibrated
photos captured from predetermined
angles with constant camera settings.

In the context of camera calibration, StTM
is a technique used to estimate the
calibration parameters, such as the focal
length, camera rotation, and camera
translation, as an integral component of
the overall process.

It often necessitates the use of pre-
calibrated cameras that possess predefined
characteristics.

Utilizes the process of feature matching
be-tween pictures to ascertain the relative
cam-era postures and the scene’s sparse
three-dimensional (3D) structure.

It encompasses several techniques,
including direct methods that do not need
explicit feature matching and methods
that include feature matching.

Initially generates a sparsely reconstructed
scene by detecting a restricted set of
points. Dense reconstruction can be
accomplished as the following procedure
by utilizing depth map estimation
techniques.

Frequently pursues the objective of
achieving dense reconstruction in a direct
manner, wherein the complete visible
surface of the 3D object or scene is
reconstructed.

The technique of inferring the 3-
dimensional structure of a scene and the
camera’s motion is commonly referred to
as SfM.

The primary objective of multi-view re-
construction is to reconstruct the three-
dimensional structure by utilizing
numerous views without explicitly
considering the camera’s motion.

It is often employed in several domains,
including photogrammetry, robotics, and
computer vision jobs that utilize
unordered pictures captured by handheld
cameras or drones.

It is a widely employed technique in
several fields, including computer
graphics, medical imaging, and industrial
applications, mainly when calibrated
cameras are accessible.

Simultaneous Localization & Mapping: Simultaneous Localization and Mapping
(SLAM) is a technique employed to get information on the surrounding environment
by utilizing various sensors such as cameras, LIDAR (Light Detection and Ranging),
and IMUs (Inertial Measurement Units). The system concurrently calculates the
estimates: Localization, refers to determining the location and orientation, also known
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as the pose, of a robot or device within its surrounding environment. Mapping, The
process of producing a visual representation, known as a map, that depicts the
spatial arrangement of the surrounding physical or conceptual world. SLAM aims
to resolve the inherent challenge of the chicken-and-egg dilemma. In order to
construct a map, the system needs knowledge of its stance. However, to estimate its
pose, the system relies on the existence of a map. The SLAM algorithm effectively
addresses this issue through its iterative process of updating both the map and pose
estimations in response to incoming input. SLAM methodologies can be categorized
into feature-based, grid-based, and topological techniques. The feature-based
technique uses recognizable elements like corners for mapping and localization.
Grid-based techniques discretize the environment into grids, including occupancy
information, and use this information to estimate the map and pose. Topological
techniques represent the environment as a graph. The SLAM system consists of
three components: data association, state estimation, map update, and loop closure.
Data association matches observable features in the environment with map features.
State estimation infers the robot’s current state, including posture and map, based
on sensor data. Map update integrates recent data, and loop closure identifies robot
return instances for improved accuracy and consistency. There are three popular
types of SLAM algorithms Filter-based SLAM, Graph-based SLAM, and Visual
SLAM (VSLAM). Table. 2 shows popular SLAM packages and software.

Reconstructing with Voxels Using Occupancy Grid: This representation discretizes
the three-dimensional space into a grid of uniform cubic parts. Each part has two
states: empty or occupied. Due to memory limitations, the grid resolution is often
limited to 10243 and lower. Despite this limitation, this type of representation easily
fits into the deep learning frameworks. Therefore, models that infer 3D shapes using
this representation are very easy to implement (Samavati & Soryani 2023). Choy et
al. (2016) introduced a 3D Recurrent Reconstruction Neural Network (3D-R2N2).
This network is designed to understand the 3D shape of objects by learning from a
wide array of synthetic data and mapping images to their respective 3D structures.
The network processes one or multiple images of an object from any angle and then
generates a 3D occupancy grid, essentially creating a reconstructed version of the
original object.
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Table 2. Popular SM & SLAM Software Packages

Package Description Method
A 3D reconstruction software that includes both sparse and
COLMAP dense matching modules, which includes Radial and Fish- SftM

eye camera models (Schonberger & Frahm, 2016).

A well-known sparse reconstruction software that provides
Radial, Brown, Fisheye, and Sphere, camera models. It
can directly process spherical images (Moulon, Monasse,
Per-rot, & Marlet, 2017).

OpenMVG StM

A visual SLAM system that supports various camera
OpenVSLAM models, including perspective, fisheye, and spherical SLAM
cameras (Sumikura, Shibuya, & Sakurada, 2022).

A visual SLAM system that converts fisheye images into
perspective images and achieves image orientation based | SLAM
on the ORB-SLAM (Y. Wang et al., 2018).

Cubemap-
SLAM

Space Carving: By framing shape reconstruction as a constraint satisfaction
problem, Kutu-lakos and Seitz (Kutulakos & Seitz 2000) established an approach
to reconstruct 3D scenes from photographs. In their paper, they demonstrated that
any collection of photographs of an immutable scene defines a set of image
constraints delighted by each scene that can be projected onto those images. They
represented “the set of all 3D shapes that satisfy these constraints and use the underlying
theory to design a practical reconstruction algorithm, called Space Carving, that applies
to fully-general shapes and camera configurations” (Kutulakos & Seitz 2000). Space
Carving (Kutulakos & Seitz 2000, Broadhurst et al. 2001, Slabaugh et al. 2004, Aykin
& Negahdaripour 2016, R. Yang et al. 2003) or Volumetric Reconstruction techniques
involve the removal of space from the volume based on the coherence of 2D images
captured from multiple perspectives.

Depth Map Fusion: A number of techniques have been developed for reconstructing
surfaces by integrating groups of aligned range images. A desirable set of properties
for such algorithms includes incremental updating, representation of directional
uncertainty, the ability to fill gaps in the reconstruction, and robustness in the
presence of outliers (Curless & Levoy 1996). Using depth-sensing cameras to generate
a set of depth maps (Merrell et al. 2007, Zach 2008, Zhu et al. 2010) combined to
create a 3D model constitutes Depth Map Fusion. Generally speaking, depth map
fusion represents a technique applied to computer vision to blend (fizse) several
depth maps into an individual, precise, or comprehensive depth map. Depth maps
are images in which each pixel comprises a value indicating the distance from the
object at that image location to the camera.

Light Field Methods: Light field (Gershun 1939, Levoy & Hanrahan 1996,
W.C. Chen et al. 2002) imaging has emerged as a technology allowing us to capture
richer visual information from our world. As opposed to traditional photography,
which captures a 2D projection of the light in the scene integrating the angular
domain, light fields collect radiance from rays in all directions, demultiplexing the
angular information lost in conventional photography. On the one hand, this higher
dimensional representation of visual data offers powerful capabilities for scene
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understanding and substantially improves the performance of traditional computer
vision problems such as depth sensing, post-capture refocusing, segmentation, video
stabilization, material classification, etc. (G. Wu et al. 2017).

Poisson Surface Reconstruction: (Kazhdan et al. 2006, Bolitho 2009, Estellers
et al. 2015) Poisson surface reconstruction algorithm is an implicit function method.
It combines global and local fitting schemes. Yet, the basis functions are associated
with the ambient space rather than the data points, are locally supported, and have a
simple hierarchical structure that results in a sparse, well-conditioned system. But
this algorithm reconstructs the isosurface using the Marching Cube method (Long
et al. 2022, Newman & Yi 2006, Lopes & Brodlie 2003), which will generate a
simple smooth surface and waste lots of time on the detecting of non-null cubes (X.
Li et al. 2010).

Ball Pivoting Algorithm (BPA): (Bernardini et al. 1999, Digne 2014, Stelldinger
2008) is a method for reconstructing surfaces from unorganized point clouds. The
BPA, initially proposed by Bernardini et al. (1999), has been broadly adopted
because of its simplicity, effectiveness, and excellent outcome. According to
(Bernardini et al. 1999), the method is conceptually simple. Starting with a seed
triangle, it pivots a ball around each edge on the current mesh boundary until a new
point is hit by the ball. The edge and point define a new triangle, which is added to
the mesh, and the algorithm considers a new boundary edge for pivoting. The output
mesh is a manifold subset of an alpha shape of the point set. Some of the nice
properties of alpha-shapes can also be proved for our reconstruction.

Signed Distance Function (SDF): The Signed Distance Function (SDF) (Zhou,
et al. 2016, Bylow et al. 2013, Osher et al. 2003, Zollhdfer et al. 2015) is explained,
given its intersection with the categorization of 3D deep learning. In simultaneous
localization and mapping, 3D reconstruction and surface tracing are con-ducted,
which presents a continuous and differentiable surface representation that is advantageous
for camera estimation poses and reconstructing the scene’s geometry.

Determining image pixels’ depth ranks among the foremost fundamental
challenges of 3D re-construction. Deducing the spatial structure of an environment
from two-dimensional images is the task of depth estimation. The objective of this
task is to recover the crucial spatial data that was lost during the 3D-to-2D projection
procedure during image capture. Classical 3D reconstruction approaches determine
the depth of pixels using Triangulation and Epipolar Geometry. Nevertheless, these
techniques require knowledge of internal and external parameters associated with
the cameras, and the images must be captured with minor rotational and translational
adjustments to the camera. Based on these algorithms, a variety of methodologies
have been established for 3D re-construction algorithms. In addition to Poisson
Surface Reconstruction, Ball Pivoting Algorithm, and Signed Distance Function
methods, there are other algorithms such as Marching Cube and Truncated Signed
Distance (TSDF).
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Deep Learning-based 3D Reconstruction

Applying deep learning techniques to the processing and analysis of three-
dimensional data is known as 3D deep learning. It involves the creation of neural
network designs and algorithms that can comprehend and extract useful information
from 3D data, including depth maps, 3D models, point clouds, and volumetric data.
The efficient handling of 3D data by deep learning opens up a variety of applications
in many industries. These domains cover a wide range of industries, such as
architecture, computer-aided design (CAD), robotics, autonomous cars, augmented
reality (AR), medical imaging, and game creation.

3D deep learning extends the utilization of deep learning algorithms to 3D data,
such as point clouds (Achlioptas et al. 2018, L. Jiang et al. 2018, Fan et al. 2017, K.
Li et al. 2018, Thomas et al. 2019, G. Yang et al. 2019), volumes (Brock et al. 2016,
Choy et al. 2016, Gadelha et al. 2017 Jimenez Rezende et al. 2016, Riegler et al.
2017, Stutz & Geiger 2018), multi-view images (Xie et al. 2019, Rhodin et al. 2018,
Xu et al. 2016, Tatarchenko et al. 2016, B. Zhao et al. 2018), meshes (Zhou & Tuzel
2018, Groueix et al. 2018, Kanazawa et al. 2018, Liao 2018, Pan et al. 2019), etc.
as opposed to traditional deep learning, which primarily operates on 2D data. This
shift enables machines to interpret and analyze a more comprehensive and detailed
representation of physical entities, thereby producing more accurate results and
decisions. As a consequence, it is increasingly being utilized in diverse areas such
as autonomous vehicles, robotics, virtual reality, and healthcare (Z. Wu et al. 2015).
The methodology of 3D deep learning encompasses a multitude of strategies, each
serving a different function and possess-ing certain advantages and disadvantages.
The main methods include volumetric, multi-view, point cloud-based, and graph-
based.

One pioneering 3D deep learning technique involves the volumetric analysis
of 3D data. These methods convert 3D data into a volumetric grid and then apply
traditional 3D convolutions to capture spatial correlations. An example is VoxNet,
a 3D Convolutional Neural Network (3D-CNN) that operates on voxel grids to
recognize and classify 3D shapes (Maturana & Scherer 2015). 3D-CNNSs are a direct
extension of traditional 2D-CNNss to the 3D domain, enabling the processing of 3D
data directly (Ji et al. 2012). Various voxel-based approaches have been developed
following this work, such as PointNetVLAD by Zu et al. (Uy & Lee 2018), which
aggregated local features for global scene representation using an encoding module.
Nevertheless, volumetric methods are typically computationally intensive because of
the substantial dimensionality of 3D data. Researchers have proposed multi-view
methods as a solution to the computational difficulties of volumetric methods.
MVCNNSs process 3D data by projecting it onto multiple 2D views and then analyze
these 2D views using 2D-CNNs (Su 2015). However, this method may fail to
capture certain spatial relationships as some information is lost during the projection
process. The PointNet architecture developed by Qi et al. (2017) has become among
the most widely recognized within this category. It explicitly applies neural
networks to point clouds, considering the input an unsorted collection of points.
Later architectures, including PointNet++ (Qi et al. 2017) and DGCNN (Y. Wang
et al. 2019), enhanced the authentic PointNet by more accurately preserving the
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point cloud’s local structures. PointNet operates directly on 3D point cloud data,
which are unordered sets of points in a 3D coordinate system (Qi et al. 2017). Other
notable point-based methods include PointConv by Wu et al. (2019), which introduced
learnable convolutional operators on point clouds. Graph-based strategies encode 3D
data as graphs, manipulating the raw connectivity data within 3D shapes. The Graph
CNN (GCNN) by Bronstein et al. (2017), which extrapolates the convolution layers
to non-Euclidean spaces, is a seminal work in this field. These strategies are able to
represent complex spatial relationships; however, graph creation from point clouds
can be complex. GNNs are designed to process data structured as graphs, a very
generic form of data, which allows them to handle a variety of 3D data formats
(Bronstein et al. 2017). Graph Attention Networks (GAT) by Velickovi¢ et al.
(2017) utilized attention mechanisms to weigh the importance of neighboring points
during information propagation.

3D Geometry is a subfield of mathematics concerned with studying three-
dimensional shapes and figures. Numerous shapes are involved, including cubes,
pyramids, spheres, and cylinders, and are widely utilized in computer graphics,
simulations, and game design due to the advancement of computer technology. As
Kato et al. (2020) stated, “Most 3D estimation methods rely on supervised training
regimes and costly annotations, which makes the collection of all properties of 3D
observations challenging. Hence, there have been recent efforts towards leveraging
easier-to-obtain 2D information and differing levels of supervision for 3D scene
understanding. One of the approaches is integrating graphical rendering processes
into neural network pipelines. This allows transforming and incorporating 3D
estimates into 2D image-level evidence.” Rendering in computer graphics is the process
of generating images of 3D scenes defined by geometry, materials, scene lights, and
camera properties. Rendering is a complex process, and its differentiation is not
uniquely defined, which prevents straightforward integration into neural networks
(Kato et al. 2020). The technique of Differentiable Rendering (DR) (Loper & Black
2014, Loubet et al. 2019, J. Chen et al. 2019) bridges the divide between 3D graphics
and artificial intelligence. It is a process by which the procedure for rendering
becomes differentiable, i.e., output gradients can be computed concerning their
input which enables backpropagation of gradients, a technique essential for training
neural networks.

Differentiable Rendering (DR) constitutes a family of techniques that tackle
such integration for end-to-end optimization (Kotary et al. 2021, Ball¢ et al. 2016,
Sitzmann et al. 2018) by obtaining useful gradients of the rendering process. By
differentiating the rendering, DR bridges the gap between 2D and 3D processing
methods, allowing neural networks to optimize 3D entities while operating on 2D
projections. Previously, rendering was a process that generated a 2D image from 3D
shapes, textures, illumination, and perspective. This function is typically not differentiable
everywhere, making it challenging to use conventional optimization (Reddy et al.
2017, Banos et al. 2011) methods or develop deep learning models that entail a
rendering phase. DR algorithms attempt to achieve the rendering operating as
differentiable as feasible, allowing gradients to be backpropagated over it with
various applications, including training deep neural networks that generate 3D
shapes and adjusting the hyper-parameters of a 3D model to suit an image.
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Differentiable rendering algorithms can be divided primarily into four main categories
based on (Kato et al. 2020). Here, we discuss differentiable rendering in detail:

Mesh-based Methods

Analytical Derivative: According to (Kato et al. 2020), “a mesh represents a
3D shape as a set of vertices and the surfaces that connect them.” It is frequently
utilized, particularly in computer graphics, due to its ability to represent sophisticated
three-dimensional shapes compactly. Given the rendering data as input sources and
pixel information, estimating the color consists of two steps. First, defining a
triangle around the pixels and, second, calculating the pixel color based on the hues
of the vertices from the allocated triangle.

Approximated Gradient: In optimization methods, an approach known as
approximated gradient applies to the estimation rather than the accurate calculation
of a function’s gradient. This method is frequently employed when computing the
gradient would be expensive or complex. The gradient may be estimated by making
specific assumptions or applying numerical techniques, which enables the use of
gradient-based optimization techniques. As Kato et al. (2020) stated, “gradients
should be objective-aware for better optimization. Since the objective of OpenDR
is not to provide accurate gradients but to provide useful gradients for optimization,
a loss-aware gradient flow is required for this purpose.”

Approximated Rendering: (Reeves & Blau 1985, Lighthill 1949, Loper &
Black 2014) In-stead of approximating the backward pass, other methods approximate
the rasterization (or the forward pass) of the rendering in order to be able to compute
useful gradients (Kato et al. 2020). Creating a picture from a 3D model is known as
approximate rendering, focusing more on speed and efficiency than precise accuracy.
These methods can quickly create visuals that are visually near to a correct depiction
by making approximations and simplifications. This method is frequently applied
in scenarios where rendering in real-time is necessary, as in simulations or video
games.

Global Illumination.: (H. Jiang et al. 2021, Y. Li et al. 2022, Jensen 1996, Sillion
et al. 1991, Landis 2002) is an essential notion in 3D reconstruction that describes
how light is reflected and dispersed throughout a scene. Global lighting considers
the indirect impacts of light because it bounces and scatters across a scene, in
contrast to local or direct illumination, which solely analyzes the direct interaction
across lighting sources and surfaces. A reconstructed picture may become much
more realistic with accurate modeling of global lighting. Still, it also becomes more
complicated since it must replicate all the ways light interacts with the environment’s
surfaces.

Voxel-based Methods

In three-dimensional space, a voxel, a phrase derived from volume and pixel,
denotes a value on aregular grid. Itis a pixel’s two-dimensional counterpart in three
dimensions. Volumetric in-formation is determined in a Cartesian coordinate system
and is contained in each voxel. A voxel carries information, including density, color,
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or material attributes, based on the context, much like a pixel has a particular color
associated with it. Before delving into the specifics, let’s clarify two key concepts:

Occupancy Grid: This is a representation of space in the form of a grid, where
each cell denotes its occupancy status—either occupied or free. Typically, cells can
have binary values, indicating whether they are occupied or not. Alternatively, they
can hold a probability value that signifies the chances of the cell being occupied

Deep Learning-based Signed Distance Function (SDF): This describes space
as a continuous scalar field in which every point is assigned a value corresponding
to the shortest distance to the closest surface. These values are positive when the
point lies outside the surface and negative when it’s inside the surface.

It is common practice to encode occupancy (Snow et al. 2018) in voxel occupancy,
the scene is represented as a set of 3-dimensional voxels, and the task is to label the
individual voxels as filled or empty (Snow et al. 2000). Voxel information using a
binary value and transparency using a non-binary one. Shapes can be represented
as the shortest path from the center of each voxel to the surface of the object rather
than by storing occupancy. The shortest distance between a point and a surface is
returned by a computer graphics algorithm called a Signed Distance algorithm
(SDF) (Bylow et al. 2013, Osher et al. 2003, Zollhdfer et al. 2015). This distance is
positive if the point is outside the surface and negative if it is within, as indicated by
the word “signed” in the function’s name. SDFs, as implicit surface reconstruction
methods, are used extensively in generating and manipulating intricate geometric
objects. SDFs have the ability to specify a form in space with just one function,
which makes them an effective tool for developing procedural content. SDFs may
be used to generate complicated forms with less computational expense than
conventional polygon-based models, which is especially beneficial in real-time 3D
rendering and graphics.

Point Cloud-based Methods

A point cloud is a group of data points arranged in three dimensions. Each cloud
point cor-responds to a location where a surface was identified. A considerable
amount of points are often measured on the surfaces of nearby objects using 3D
scanners or photogrammetry software, which produces a file with these 3D coordinates.
There are three primary processes for rendering a point cloud. Initially, matrix
multiplication is used to determine a 3D point’s screen space coordinates, much like
when rendering a mesh. This makes this step differentiable. Secondly, each 3D
point’s impact on the color of the target pixel is calculated. To get the final color
value for each pixel, the points are finally combined based on their influences and
z-values. Several techniques have been put forth to successfully handle this last
stage of aggregation.

Implicit Methods
(Niemeyer et al. 2020, Liu et al. 2020, Cole 2021) Using functions that implicitly

determine a form, implicit representations in differentiable rendering approaches
indicate a technique for modeling and rendering 3D shapes. In contrast to traditional
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3D modeling, which employs explicit representations such as meshes or point clouds
to specify the vertices and edges of a shape, implicit 3D modeling uses a function to
specify whether a particular point in 3D space is located within or outside the shape.
Unlike voxel-based methods, in implicit representations, memory usage is constant
with respect to spatial resolution. Therefore, a surface can be reconstructed at
infinite resolution without excessive memory footprint. In implicit representations,
memory utilization is constant with respect to spatial resolution, unlike voxel-based
techniques. This allows for the recreation of a surface at an infinite resolution and
with a minimal memory footprint.

Figure 1. 3D Reconstruction Methods’ Properties Overview
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3D Reconstruction in Architectural Design Discussion
Deep Learning-based 3D Reconstruction Model Selection Criteria

Architectural forms can be found in a wide range of styles, from the elaborate
intricacies of Gothic designs to the sleek minimalism of Modern architecture and
even experimenting with avant-garde shapes. The extreme range of architectural
entities in terms of scale and nature is a significant difficulty in this field. The
difficulty of creating a complete dataset encompassing all these styles stems from
the scattered and frequently insufficient data for individual architectural disciplines.

Because of these limitations, choosing a model that can produce reliable
findings without excessively depending on large datasets was essential. Architectural
entities are highly detailed stylistically, and their actual forms vary widely. They
can be as large as skyscrapers or lightweight structures that resemble shelters and
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are sometimes referred to as non-watertight structures. Because of this variety, a
method that is adaptable enough to allow reconstructions regardless of the structural
complexity of the form is required. Based on (Samavati & Soryani 2023), “as voxel
grids are discrete, the output resolution must be kept at low levels due to resource
constraints. Thus, the reconstructed shapes are low-detailed, and the reconstruction
accuracy is low. Additionally, this type of representation cannot be directly used in
some applications, such as game and movie industries, as it requires a different
algorithm to obtain more flexible and natural outputs.” Therefore, a middle-tier
method that can enhance voxel outputs and give them a more flexible and realistic
appearance is required. Adding to these difficulties is that voxels (3D-R2N2 (Choy
et al. 2016), (Xie et al. 2019)) naturally yield results with lower resolution, primarily
because of memory usage limitations. There is, however, a bright side. Based on the
observations made by Kato (2020), it is clear that voxels can be effectively
converted into useful informational resources by using specific methods. Using the
Signed Distance Function (SDF) (Takikawa et al. 2021, Y. Jiang 2020) is one
technique that expands the possible uses of voxel-based reconstructions; however,
SDF is useful when used for watertight shapes.

Point Cloud-based approach does a more accurate job with a better resolution.
According to (Samavati & Soryani 2023), “A point cloud is simply a set of unordered
3D points in a coordinate system. Compared to ordered structures like meshes that
store combinational connectivity patterns, predicting 3D shapes in point-cloud
representation is less challenging.” It may use different types of networks, mainly
the Encoder-Decoder model (Zhang 2020). However, there are advances to the
primary models using Multilayer Perceptron (MLP), especially for the shape
completion (Qi et al. 2017). Point Cloud-based methods mainly rely on AE models,
and they require training steps in which the decoder knowledge is confined to the
3D data shapes and categories used in the training phase.

Typically, conventional signal representations exhibit discreteness. For example,
when rep-resenting 3D shapes, they are commonly specified as grids consisting of
voxels, point clouds, or meshes. Conventional signal representations employ a
discrete methodology. Consider 3D shapes as an illustrative example, which are
frequently depicted through the utilization of voxel grids, point clouds, or mesh
structures. In contrast, implicit neural representations adopt another approach. The
researchers define a signal as a continuous function that establishes a connection
between the domain of the signal and the corresponding value or entity associated
with that coordinate. This value could represent either an occupancy probability or
an SDF (Park et al. 2019) (also see Table. 3) value. Instead of employing explicit
representations, implicit neural techniques approximate the continuous function by
utilizing an MLP network. MLP possesses the capability to replicate any function
to anotable extent accurately. One notable advantage of these strategies is their high
level of memory efficiency. This methodology enables the neural network to
accurately infer complex 3D shapes at different resolutions. One prominent limitation
of the SDF models is “limited to objects with closed surfaces since they adopt Signed
Distance Function (SDF) as a surface representation which requires the target shape to
be divided into inside and outside”, (Long et al. 2022). Additionally, methods such
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as NeuralUDF (Long et al. 2022) (Unsigned Distance Function) try to rectify this
issue; a comprehensive training dataset is inevitable.

In the past, StM, multi-view stereo, and depth-map fusion-based methods were
widely used for active 3D acquisition tasks. However, as alluded to above, these
classical approaches have limitations in the dense 3D reconstruction of an object
(Lee et al. 2022). Additionally, classical methods like multi-view have been integrated
with deep learning for better performance and results, such as the work by Niemeyer
et al. (2020). According to (Lee et al. 2022) “NeRF learns an implicit function to
represent complex 3D shapes such that the novel poses of the object can be
synthesized. The implicit function is learned by an MLP (Samavati & Soryani
2023). NeRF is a simple yet effective volume rendering approach. It represents the
continuous static scene as 5D neural radiance fields, parameterized by multi-layer
perceptron (MLP). It demonstrated that regressing density and light fields via an
MLP could yield photo-realistic rendering. Due to its remarkable ability to capture
complex geometric details, it gathered significant interest from the community
(Deng 2022). Although NeRF requires more views than other models and the training
will be expensive; however, according to (Deng et al. 2022) “Neural rendering with
implicit representations has become a widely-used technique for solving many
vision and graphics tasks ranging from view synthesis to re-lighting, to pose and
shape estimation, to 3D-aware image synthesis and editing, to modeling dynamic
scenes. On the other hand, NeRF is built upon perspectives of particular objects
rather than relying on extensive collections of diverse data. This methodology places
greater emphasis on the visual representation of the object as opposed to the quantity
or diversity of data points, which can be adjustable for a variety of architectural styles.
The seminal work of Neural Radiance Fields (NeRF) demonstrated impressive view
synthesis results by using implicit functions to encode volumetric density and color
observations.”” Overall, it is important to consider that every solution has its
drawbacks. However, we pursued a solution offering greater efficiency, enhanced
flexibility, and reliance on cases. Table. 3 compares the SDF-based methods with
NeRF architecture.
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Table 3. Comparison between SDF and NeRF

SDF

NeRF

Is a mathematical representation that
depicts a three-dimensional shape by
assigning a scalar value to every point in
space, representing the shortest distance
from that point to the shape’s surface. The
scalar’s sign indicates whether the point is
located inside (negative) or outside
(positive) the geometric shape.

Employs a neural network architecture to
effectively model and describe a
continuous volumetric scene function.
The process involves mapping a three-
dimensional coordinate and a viewing
direction to determine the radiance value
and volume density.

Is employed in form representation,
reconstruction, and generation.

Is designed to generate original
perspectives of a particular scene based on
a collection of two-dimensional
photographs captured from predetermined
vantage points.

Suitable for shape completion, shape inter-
polation, 3D modeling, and more.

Novel view synthesis, 3D scene
representation from 2D images, AR/VR.

Focusing on representing the shape or

Focusing on representing the entire
volumetric scene, including color,

boundary of objects. lighting, and density.

Using 3D data (like point clouds or

meshes) for training, Using 2D images of a scene for training.

Computationally intensive (particularly
during training).

With the introduction of NeRF (Mildenhall et al. 2021), a completely new
direction for novel-view synthesis has been established. Given a sparse set of
images capturing an object of interest from different viewpoints, NeRF learns an
implicit function to represent complex 3D shapes such that the novel poses of the
object can be synthesized (Samavati & Soryani 2023). Meanwhile, NeRF was
established on scene training, using sparse views of an object. As stated by Samavati
et al. (2023), “the training and inference times of the original NeRF are high;
therefore, instead of representing the entire scene as a single implicit field, Neural
Sparse Voxel Fields (NSVF) (Liu et al. 2020) organize the scene as a sparse voxel
octree and bound a set of implicit functions to its voxels. This speeds up rendering
by a factor of ten. While NeRF only operates on static scenes, there are some other
methods proposed to handle dynamic ones.” This gives the opportunity to employ
architectural-related works as it is independent of a massive, diverse training
dataset. Figure. 1 shows the more advanced 3D reconstruction methods that NeRF
could be categorized under Novel-View Synthesis class.

3D Reconstruction in Architecture vs. Other Fields

3D Reconstruction is a commonly utilized technique for simplifying the
process of object observation from images and generating 3D meshes. By employing
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this approach, any person can obtain a three-dimensional object without requiring
sophisticated technologies or 3D scanners. Its reliability and precision have been
established through extensive use to the extent that it has been integrated into
various sectors such as medicine, robotics, and autonomous vehicles. However, the
rationale for this transformation from 2D to 3D varies among academic fields. In
computer vision, research on structure from motion (SFM) and multi-view stereo
(MVS) has produced many compelling results, in particular accurate camera
tracking and sparse reconstructions, and increasingly reconstruction of dense
surfaces. However, much of this work was not motivated by real-time applications
(Newcombe et al. 2011). Here, we will discuss the application of the 3D Reconstruction
in robotics, medicine, and architecture.

In order to perform real-time data processing duties such as localization and
grasping, robots must have an exhaustive understanding of their immediate environs.
“Real-time 3D semantic re-construction is required in many robotics applications,
such as autonomous navigation or grasping and manipulation. While a variety of
well-known methods can reconstruct accurate 3D maps at real-time frame rates, the
resulting point clouds contain no semantic-level understanding of the observed
scenes. Hence, the problem of 3D semantic reconstruction is attracting increasing
attention in the robotics research community. Recent methods not only generate a
3D point cloud map but also simultaneously assign a semantic label to each point in
the cloud”, (C. Zhao et al. 2017). The utilization of semantic observation and
reconstruction extends to numerous environmental attributes, including materials,
due to its critical application in disciplines such as robotic grasping and rescue.
According to Endres et al. (2013), “Manipulation robots, for example, require a
detailed model of their workspace for collision-free motion planning, and aerial
vehicles need detailed maps for localization and navigation.”” Moreover, in robotic
systems, active vision involves adeptly adjusting the camera pose to gather the
maximum amount of information from the scene. Existing methods that calculate
the information yield for active robotic 3D Reconstruction focus on explicit 3D
models like point clouds and voxels, using structure from motion (SfM). Using well-
posed multi-view images, NeRF can provide an object’s dense 3D reconstruction
with favorable accuracy, overcoming the inherent limitations of SfM and depth
fusion methods (Lee et al., 2022).

Medical images have been used in disease diagnosis and therapy since their
discovery. Image processing techniques have been used to improve the quality of
the images through tasks such as contrast enhancement and also in image analysis
to aid in the interpretation of the images by clinicians (Ahishakiye et al. 2021).
According to (Singh et al. 2020), 3D Deel Learning has multiple applications in 3D
medical imaging such as segmentation (for brain lesions, skull stripping, etc.),
classification (detecting dementia from MRI), detection and localization (detecting
cerebral micro-hemorrhages in brain tissue), and registration. As Wang et al. (2021)
explained in, “medical 3D reconstruction refers to computer processing of sampled
single or sequence images from human organs by computerized tomography (CT),
magnetic resonance imaging (MRI), and Ultrasonic imaging (UI). It includes data
acquisition, pre-processing, point cloud splicing, and feature analysis. In medical
images, 3D reconstruction of tissue sections, CT sections, and autoradiography
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sections have become an important part of biomedical research. Through the
restoration of the 3D surface shape of the organ, the human-computer interaction
can be further used to carry out various realistic operations on the reconstructed
object, such as rotation, scaling, and cutting.”” Architecture spans a broad spectrum
of applications, from the detailed conservation of historical sites to the dynamic
realms of parametric and algorithmic designs. When focusing on historic preservation,
there is a critical emphasis on achieving utmost accuracy, ensuring every intricate
detail is retained. In this context, computer vision emerges as a powerful toolset,
offering sophisticated techniques to aid in the preservation and restoration of historical
treasures. Leveraging advanced algorithms and methodologies, such as object
classification and feature detection, architects and preservationists can analyze and
interpret collections of data for a specific element or site. Through object classification,
computer vision algorithms can identify and categorize a variety of architectural
elements and features present within historical structures, ranging from decorated
facades to intricate interior details. By automatically recognizing and cataloging
these components, preservation efforts can be streamlined, allowing for more
efficient documentation and analysis of the site’s architectural heritage. Moreover,
feature detection techniques enable the identification of distinctive characteristics
within historical imagery and architectural drawings. By establishing correspondences
between these features across different data sources, computer vision facilitates the
creation of accurate digital reconstructions and 3D models, enabling architects to
visualize and analyze the site’s evolution over time. By harnessing the capabilities
of computer vision in historic preservation work, architects can enhance their ability
to document, analyze, and protect our cultural heritage. Through the precise
identification and preservation of architectural elements, these advanced technologies
can ensure that the legacy of our past remains intact for generations to come.
Computers and algorithms altered the architectural design in three major fields:

*  Parametric and algorithmic design
*  Remodeling and renovating existing buildings
*  Expanding the building by adding newly designed forms and more

One of the most notable uses of 3D reconstruction is its ability to enable quick
and precise re-modeling and building enlargement. This technology is especially
useful for projects that include adding contemporary additions to old or existing
buildings. As an example, Figure. 2 presents two well-known instances of building
extensions in which traditional buildings have been modernized with computer-
aided design. Because 3D reconstruction produces accurate digital models of the
existing structures, it assists designers in such situations. Using these precise models
as a starting point helps designers and architects combine new ideas with the existing
structure in an easy-to-use manner. All aspects of the existing building, including its
size, geometrical features, and structural details, are taken into account thanks to the
high degree of detail obtained through 3D reconstruc-tion. 3D reconstruction makes
the design process more effective and efficient. It makes it possible to analyze and
visualize in great detail how new components will interact with the current structure,
which can help spot any problems and improve integration.
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Figure 2. Royal Ontario Museum in Toronto, by Daniel Libeskind, Coop Himmelb(l)au’s
Rooftop Extension on Falkestrasse in Vienna

Sources: weburbanist.com, dezeen.com

This capacity is especially helpful in maintaining the original building’s historical
significance and architectural integrity while adding cutting-edge, practical modern
additions. Conversely, in parametric design, the requirements fluctuate based on the
design’s intent and underlying concept. In the dynamic world of parametric design,
which is pivotal for contemporary and envisioned future architectural endeavors,
designers often find themselves in situations demanding the reshaping, augmentation,
or modification of building components or facades. This could be for integrating
human-interactive facades, sustainable facade systems, and more. In such scenarios,
the foundational structure needs to be shapeable and open to edits. With the grand
scale and intricate details associated with architectural designs, a densely detailed
mesh comprising millions of elements becomes less manageable, if possible, to
modify for subsequent stages. This issue underscores the importance of generating
objects that can seamlessly evolve in pair with design requirements.

3D Reconstruction Effects in Architectural Education & Professional Field

Creativity in architectural design compositions can be viewed as an emergence
of new forms and shapes or relationships between forms and shapes from which
new concepts can be discovered (Reffat 2003). Architects and designers are thus
interested in situations where distinctions matter. For this purpose, architects may
use or modify existing forms as a basis for their designs. As Leimer et al. (2017)
stated, “‘with online repositories for 3D models like 3D Warehouse becoming more
prevalent and growing ever larger, new possibilities have opened up for both
experienced and inexperienced users alike. These large collections of shapes can
provide inspiration for designers or make it possible to synthesize new shapes by
combining different parts from already existing shapes, which can be both easy to
learn and a fast way of creating new shapes.” However, architects are inspired by a
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specific image and incorporate the concept into their design to produce a more
inventive structure.

Current methodologies enable arduous manual form modification through the
utilization of documents or images. Architects often draw inspiration from specific
visual depictions or conceptual frameworks, which they then incorporate into their
design paradigms to produce more innovative architectural structures. Conventional
approaches have predominantly enabled the labor-intensive alteration of forms,
frequently relying on manual modifications informed by visual imagery or
documentary evidence. On the contrary, the emergence and widespread adoption of
Machine Learning technologies have caused a profound transformation in the
obligations and functionalities of architects. According to (Penney & Chen 2019),
“traditionally, the relationship between computer architecture and ML has been
relatively imbalanced, focusing on architectural optimizations to accelerate ML
algorithms. In fact, the recent resurgence in Al research is, at least partly, attributed
to improved processing capabilities”. These emergent technologies facilitate rapid
creativity and innovative solutions and accelerate the overall design lifecycle.
Moreover, they introduce a forward-thinking approach that enables immediate
alterations and the retracing of design decisions, thereby increasing efficiency and
adaptability within the architectural process.

An outstanding attribute of these computational methods is their ability to
algorithmically and iteratively manipulate geometry. Vale et al. (2003) stated,
“engineering design is increasingly being influenced by the proliferation of
computer tools in the design environment. CAD systems that previously supported
human efforts through design representation and visualization are being supplemented
with optimization algorithms that automate various routine design tasks.” Instead of
utilizing static, immutable designs, students are now capable of creating dynamic,
adaptable models that can develop in reaction to various inputs or criteria. The
utilization of structure from surface techniques empowers the fabrication of intricate
and organic forms, whereas cladding techniques facilitate the seamless incorporation
of recurring and modular design components. In addition, deformation permits the
twisting, distorting, and transformation of simple shapes, which produces novel and
complex design outcomes. As a result, designers may be required to interact with an
existing form in numerous scenarios of the design computation process in order to
create or redesign structures. A foundational framework is necessary for this to be
modifiable throughout the design process. Professional practice, conversely, pertains
to punctuality, expenditures, and precision. In circumstances where a redesign aims
to modify, enlarge, or renovate the preexisting structure or to incorporate emerging
technologies (such as interactive and smart facades, interiors, and so forth), the
architect must possess the existing structure, which may be adapted to accommodate
the new design. “The main reasons are that architecture design involves complex
products, consisting of many distinct parts, and creating and editing these 3D
models in 3D space is difficult. Hence, architectural design continues to be done on
2D drawings. However, for various construction applications, such as quantity
surveying, inventory, construction, and visualization, it is necessary to convert the
widely used 2D architectural drawings to accurate 3D models”, according to (Lu et
al. 2005). The requirement for a foundational framework that considers labor and
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time generates a need for the automation of laborious and time-consuming duties
using artificial intelligence and geometric algorithms. In conjunction with scholarly
and professional developments in deep learning, the algorithm expands the limits of
computational and geometric methodologies within architectural research.

Virtual Reality Integration with 3D Reconstruction in Architecture

The research method could be applied in developing accurate, optimized 3D
mesh structures that integrate into VR applications, ensuring a seamless and realistic
presentation of architectural designs. These immersive experiences transcend traditional
static presentations, enabling users to explore, interact, and modify architectural
elements in real time. This process offers a human-centric interactive experience in
the VR setting, allowing users to seamlessly transition from a 2D representation to
an editable and amendable 3D object within the virtual environment. This level of
interactivity empowers users to manipulate architectural elements, experiment with
different design configurations, and acquire practical insights into the design’s
spatial relationships and aesthetic qualities. These VR architectural presentations
also serve as helpful tools for architects and designers, improving the design process
by providing a platform for collaborative exploration and iterative refinement.
Design decisions can be made in real time, informed by user feedback from virtual
environment experiences.

Furthermore, the adaptability of this approach allows for the integration of
additional features and functionalities, such as real-time lighting simulations, material
selection, and environmental modeling. This augments the influential experience
and gives architects and designers a comprehensive understanding of how their
designs will perform in different lighting conditions and contexts. Finally, the
integration of the NeRF and 3D optimization methods into VR architectural presentations
represents a paradigm shift in architectural visualization, offering outstanding interactivity
and versatility. By adopting this innovative approach, architects and designers can
collaborate more effectively, make informed design decisions, and ultimately create
spaces that resonate with users on a profoundly immersive level.

Evolution of the Computer Vision in Architectural Design

Computer vision plays a multifaceted role in architectural design, influencing
different stages from initial conception to final presentation. Beginning with the
design strategy phase, computer vision tools facilitate the transition from early
sketches to precise lines, enabling architects to trans-late their creative vision into
tangible plans more efficiently and accurately. One of the significant contributions
of computer vision lies in 3D Reconstruction, which assists in creating detailed 3D
models of architectural structures from images or point clouds. This technology
allows architects to visualize their designs in a realistic manner and make informed
decisions about spatial arrangements and aesthetics. Moreover, object detection and
classification, particularly within the context of Building Information Modeling
(BIM), revolutionize the design process by automating the identification and
categorization of architectural elements and regions. By leveraging these capabilities,
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both students and professional architects can explore multiple design alternatives
efficiently, saving valuable time and resources that would otherwise be spent on
manual labor. Furthermore, computer vision enhances the rendering and post-
processing phases of architectural design by stream-lining the visualization process
and improving the quality of final presentations. The accuracy and efficiency of
design workflows are significantly enhanced through auto-detection and auto-
classification functionalities, leading to more precise and visually compelling
architectural representations. Therefore, the integration of computer vision technologies
into architectural design practices not only empowers designers to unleash their
creativity but also facilitates the generation of innovative solutions, streamlines
workflow procedures, and eventually enhances the quality of architectural outcomes.

Conclusions

The integration of architectural principles with inspirations from philosophy,
nature, and digital technology has ushered in a revolutionary period of architectural
creativity characterized by cutting-edge innovation, precision, and ecological
sustainability. In the future, continuous learning, adaptability, and cross-disciplinary
collaboration will be essential to harnessing the full potential of these methodologies,
anticipating a future in which architecture parallels our evolving global environment
with an emphasis on sustainability. Deciphering three-dimensional data presents
both opportunities and complexities within the 3D deep learning domain. The
transition from 2D methodologies to 3D deep learning techniques, advantageous
across multiple industries, exemplifies the field’s dynamic evolution. This paper has
explored various 3D reconstruction strategies, each offering distinct advantages for
extracting depth from 2D images. With the rise of learning-driven 3D representations
and the bridging potential of differentiated visualization, the future of this field
appears bright. Given the complexity and immense potential of 3D data analysis,
ongoing research, particularly in the field of architecture, is essential. As our journey
to comprehend the 3D domain progresses, it becomes clear that the horizons for
innovation and understanding are limitless. This promises a transformative future
in architectural interactions with the world of three-dimensional deep learning.
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