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Abstract

3D scene reconstruction from multi-view images is a vital task in 3D computer vision with
many fields of application, varying from augmented reality to robotic navigation. While
learning-based volumetric approaches have achieved promising results in this domain, their
ability to preserve fine-scale details while reconstructing the overall scene, is still limited for a
number of reasons. A major issue is the cubically growing memory footprints and compute
requirements with the increasing resolution. The gap between the representations used for
network supervision and final geometry evaluation is another problem. While the discretized
TSDFs employed for supervision, efficiently encode the distance information, they fall short
in representing 3D geometry with high-level details when compared to triangular meshes or
depth maps used for evaluation. In this work, we extensively investigate the factors affecting
the quality of reconstructions by focusing on mathematical as well as structural properties of
the employed scene representations, and propose several approaches addressing each one of
them. We then selectively combine the presented methods into a single approach targeting
the neural detailed 3D scene reconstruction. By minimizing the distance between surface
samples of the predicted meshes and back-projected ground-truth depth maps, we combine
the voxel-based TSDF supervision with an additional surface geometry supervision. We
introduce an alternative to the TSDF fusion algorithm which estimates the target TSDF values
on-the-fly using depth maps. The proposed auxiliary loss functions enforce the network to
output the correct sign for the distance values. We evaluate our approach extensively on
the widely employed InteriorNet and ScanNet datasets. Our quantitative and qualitative
evaluations show that the proposed approach is able to reconstruct fine-scale details together
with the coarse structures from many complex scenes, and delivers superior performance on
InteriorNet and similar performance on ScanNet datasets when compared to state-of-the-art.
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Kurzfassung

Die Rekonstruktion von 3D-Szenen aus Bildern mit mehreren Ansichten ist eine wichtige
Aufgabe im Bereich des 3D-Computersehens mit vielen Anwendungsbereichen, die von der
erweiterten Realitédt bis zur Roboternavigation reichen. Wiahrend lernbasierte volumetrische
Ansitze in diesem Bereich vielversprechende Ergebnisse erzielt haben, ist ihre Fiahigkeit,
feine Details zu erhalten und gleichzeitig die Gesamtszene zu rekonstruieren, aus einer Reihe
von Griinden immer noch begrenzt. Ein Hauptproblem ist der mit zunehmender Auflésung
kubisch wachsende Speicher- und Rechenbedarf. Ein weiteres Problem ist die Diskrepanz zwi-
schen den fiir die Netziiberwachung und die endgiiltige Geometriebewertung verwendeten
Darstellungen. Wahrend die diskretisierten TSDFs, die fiir die Uberwachung verwendet wer-
den, die Entfernungsinformationen effizient kodieren, sind sie im Vergleich zu Dreiecksnetzen
oder Tiefenkarten, die fiir die Auswertung verwendet werden, unzureichend in der Lage, die
3D-Geometrie mit hochgradigen Details darzustellen. In dieser Arbeit untersuchen wir aus-
fiihrlich die Faktoren, die die Qualitdt der Rekonstruktionen beeinflussen, indem wir uns auf
die mathematischen und strukturellen Eigenschaften der verwendeten Szenendarstellungen
konzentrieren und mehrere Ansitze vorschlagen, die sich mit jedem einzelnen dieser Fakto-
ren befassen. Anschliefend kombinieren wir die vorgestellten Methoden selektiv zu einem
einzigen Ansatz, der auf die neuronale detaillierte 3D-Szenenrekonstruktion abzielt. Durch
die Minimierung des Abstands zwischen den Oberflichenmustern der vorhergesagten Netze
und den riickprojizierten Tiefenkarten der Bodenwahrheit kombinieren wir die voxelbasierte
TSDF-Uberwachung mit einer zusitzlichen Uberwachung der Oberflichengeometrie. Wir
fithren eine Alternative zum TSDF-Fusionsalgorithmus ein, die die TSDF-Zielwerte on-the-fly
mit Hilfe von Tiefenkarten schitzt. Die vorgeschlagenen Hilfsverlustfunktionen zwingen das
Netzwerk dazu, das richtige Vorzeichen fiir die Distanzwerte auszugeben. Wir evaluieren
unseren Ansatz ausgiebig mit den weit verbreiteten InteriorNet- und ScanNet-Datensatzen.
Unsere quantitativen und qualitativen Auswertungen zeigen, dass der vorgeschlagene Ansatz
in der Lage ist, feine Details zusammen mit den groben Strukturen vieler komplexer Szenen
zu rekonstruieren, und im Vergleich zum Stand der Technik eine tiberragende Leistung bei
InteriorNet und eine dhnliche Leistung bei ScanNet-Datensdtzen liefert.
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1. Introduction

1.1. Problem Statement and Motivation

3D reconstruction of a scene, which is to recover the complete and accurate 3D geometry of an
environment from the given visual input, is a vital task in computer vision and graphics that
has been extensively investigated over the years. Owing to the difficulty in simultaneously
representing different levels of details, it has become a long-standing challenge for prior
work. However, driven by the recent developments in computer vision and deep learning,
considerable advances have been also made towards 3D scene reconstruction, fostering
various application areas including augmented reality [1], motion planning [2] and robotic
navigation [3].

For many of these fields of application, reconstructing 3D scenes faithfully by preserving
fine-scale details along with coarse structures, is of crucial importance. In robotic applications,
for instance, to navigate safely and efficiently, 3D scene reconstruction needs to be accurate
and coherent. While coarser reconstructions may be sufficient for navigating in fields with
only larger obstacles, reconstructing fine-scale details are needed for scenarios requiring tricky
maneuvers in between relatively smaller objects. Similarly, in augmented reality, intending to
provide realistic high-level interactions with the surrounding environment, 3D reconstructions
should be able to accurately represent details within a scene.

One of the mostly employed strategies towards dense 3D reconstruction is, using sensors
such as LiDAR to obtain depth measurements, and then fusing these measurements into a
3D representation. Although, these sensors can provide extremely precise measurements in
the absence of occlusions or reflecting areas, they are more expensive and less ubiquitous
than RGB cameras, and thus not adopted by many of the state-of-the-art systems. With the
rise of deep learning, learning-based multi-view stereo (MVS) approaches that rely on RGB
images to predict per-view depth maps and then fuse the predicted depth maps to extract the
final 3D surface, have dominated the field. These approaches often follow a common pipeline
based on plane-sweep algorithm under the assumption of photo-consistency [4, 5, 6,7, 8, 9,
10]. Although these approaches have achieved significant improvements, they require depth
maps as intermediate representations and accuracy of the depth estimation falls behind the
depth sensors.

As another line of MVS studies, voxel-based approaches, that directly regress Truncated
Signed Distance Function (TSDF) volume to overcome the limitations of using intermediate
representations, are developed. More recently, Atlas [11] and its follow-up work NeuralRecon
[12] propose a voxel-based pipeline where extracted features from 2D Convolutional Neural
Networks (CNNSs) are back-projected into a global volume to be further processed by 3D
networks to regress the final TSDF volume. Different from Atlas, NeuralRecon incorporates
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3D sparse convolutions for efficiently processing the 3D volume and follows a coarse-to-fine
hierarchy to refine the TSDF volume at each level.

Although voxel-based MVS approaches have shown significant improvements for the task
of 3D scene reconstruction, their ability to represent fine-scale details is still limited for a
number of reasons. A major issue is the cubically growing memory footprints and compute
requirements, which limit the resolution of final surface meshes, and thus result in losing
detailed structures. Another problem is using different representations for network supervi-
sion and final geometry evaluations. The discretized TSDF volume used for supervision can
be disadvantageous for representing high-level 3D geometry when compared to triangular
meshes or depth maps used for evaluation. Considering that the majority of the scenes in
real-life scenarios consists of both fine-scale details and coarse structures, obtaining a solution
for the problem of detailed 3D reconstruction in complex scenes is essential.

In this work, we intend to tackle the challenging task of voxel-based detailed 3D scene
reconstruction by extensively investigating a number of factors affecting the quality of
reconstructions and proposing several methods based on these observations to further improve
the accuracy.

1.2. Proposed Methodology Overview and Contributions

To the best of our knowledge, this is the first work extensively analyzing the factors towards
reconstructing detailed 3D scenes from a voxel volume and proposing several methods
addressing each of these factors, with the purpose of enhancing the reconstruction accuracy
as well as coherence. To this end, we exploit several mathematical along with structural
properties of the employed scene representations, then propose and investigate the following;:

¢ TSDF & Occupancy Supervision:

— Our method involves both TSDF & occupancy supervision. Aiming to obtain
more consistent ground-truth TSDFs, we propose generating the target TSDFs
from the ground-truth 3D surface meshes by finding the distance to the closest
triangle. We examine whether the TSDF gradient magnitudes can be used to obtain
more consistent TSDF predictions via enforcing the Eikonal property [13]. We also
propose using gradients directly for supervision as an auxiliary signal to TSDF
and occupancy losses.

- In a different direction, we investigate whether the supervisory signal is oversim-
plified or overcomplicated for the task at hand.

¢ Surface Geometry Supervision:

— We additionally propose a surface geometry supervision strategy where we densely
sample both the target and predicted surface meshes to minimize the distance
between the surface samples. We benefit from the Cauchy function to mitigate the
effect of outliers.
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— Several auxiliary loss functions and modifications to the original TSDF loss function
are proposed to enforce the sign of the per-voxel TSDF predictions to be the same
with the target.

* Depth-based Supervision:

- To benefit from the actual sensor measurements instead of meshes from the
Marching Cubes [14] algorithm, we also consider using depth maps for surface
geometry supervision. To this end, we propose minimizing the distance between
the surface samples of the predicted mesh and back-projected ground-truth depth
maps. In the same direction, we propose estimating the target TSDF values on-
the-fly using the depth maps to remove the dependency to the TSDF fusion [15]
algorithm which may introduce inaccuracies to the TSDF supervision owing to the
many approximations it involves.

— We benefit from the depth maps while sparsifying our voxels to be processed by
sparse convolutions.

¢ Resolution: The code basis of this work has a three-level coarse-to-fine hierarchy. We
investigate the effect of having a finer resolution TSDF representation by inserting an
additional fourth layer and employing a 3D network for neural upsampling separately.

Succinctly, we deliver the following contributions to prior work:

¢ We extensively investigate a number of factors affecting the quality of 3D scene recon-
structions by focusing on mathematical and structural properties of the employed scene
representations. We then propose several methods addressing these factors to enhance
the quality of reconstructions in a way to preserve fine-scale details as well as coarse
structures.

¢ We show that common TSDF supervision when combined with surface geometry
supervision either by using ground-truth depth maps or 3D meshes, achieves promising
results enhancing the quality of reconstructions. We demonstrate that the network can be
explicitly enforced to output the correct sign for the distance values when the proposed
sign enforcing auxiliary loss terms are employed. This brings a substantial boost to the
performance of the regular TSDF supervision. We present an alternative approach to the
conventional TSDF fusion algorithm, removing the need for an additional pre-processing
step.

¢ We selectively combine the proposed approaches into a single final approach to target
several factors simultaneously.

¢ We evaluate the final proposed approach, both quantitatively and qualitatively, on the
widely employed datasets InteriorNet [16] and ScanNet [17] using the common 2D & 3D
metrics. We also present the evaluation results of the individually proposed methods
on InteriorNet.
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Our quantitative and qualitative evaluations show that our final approach is able to
reconstruct fine-scale details as well as coarse structures from many complex scenes, and
delivers superior results when compared to state-of-the-art on InteriorNet dataset.

1.3. Outline

This thesis is structured as follows:

In Chapter 2, we provide an overview of the related work. We introduce multi-view stereo
approaches in section 2.1, by specifically focusing on depth-based and voxel-based methods.
We discuss 3D surface reconstruction in section 2.2 and neural implicit representations in
section 2.3.

In Chapter 3, we summarize the key concepts required for understanding the task of
detailed 3D scene reconstruction, such as the camera model and scene representations.
Additionally, we introduce the base architecture which we built our methods upon and
describe the datasets employed in this work.

In Chapter 4, we first provide an overview of the proposed methods, mainly summarizing
the underlying observations leading to a particular approach along with the research questions.
Then, we provide in-depth descriptions of the proposed methods.

In Chapter 5, we start by introducing our experimental methodology, and then continue
delivering the results of our experiments. We present the quantitative evaluation results of
the proposed methods and describe how we selectively combine these methods into a final
approach. We also present the comparisons with the state-of-the-art.

In Chapter 6, we briefly summarize this work by further highlighting our contributions
and we propose several further research directions.
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Figure 1.1.: 3D scene reconstruction task. In this work, we intend to reconstruct 3D scenes
from multi-view images, while preserving both fine-scale details and coarse
structures simultaneously.




2. Related Work

In this work, we deal with neural detailed 3D scene reconstruction using images with known
poses. Before presenting the proposed approaches in the following sections, we discuss the
well-established related methods in 3D reconstruction by highlighting their connections with
our work. We first provide an overview of multi-view stereo approaches, by specifically
focusing on depth-based and voxel-based methods. We also cover 3D surface reconstruction
approaches, emphasizing their relationship with multi-view stereo. Lastly, we discuss neural
implicit representations.

For our implementations, we use the architecture from NeuralRecon as our code basis, and
thus we particularly highlight it. We benefit from the differentiable surface parametrization
approach presented in MeshSDF. The proposed methodology employs a neural implicit field
represented on a 3D voxel grid. We use NeuralRecon as our main baseline, since our methods
are in the same line of work with it.

2.1. Multi-view Stereo

Multi-view stereo (MVS) has been a long-studied research field in computer vision, which
intends to reconstruct the 3D geometry of a scene using a set of overlapping images captured
from various viewpoints with known camera parameters. MVS problems can be considered
equivalent to the correspondence search problem by optimizing geometric or photometric
consistency [18]. Considering final scene representations, a taxonomy of MVS algorithms are
introduced in [19], which categorizes them into: depth map [20], point cloud [21, 22], mesh
[23] and voxel based [24] methods.

2.1.1. Depth-based Multi-view Stereo

In depth-based MVS studies, the task is mainly divided into two major steps: 1) estimating a
2.5D depth map for each of the views by extracting the geometric information from multi-
view images, and 2) fusing depth maps to generate a final 3D surface. Though prior work
proposes a variety of contributions to the first step, methods generally employ a common
pipeline consisting of four main stages: feature extraction, cost volume construction, cost volume
regularization and depth regression & post-processing.

In feature extraction, either conventional 2D Convolution Neural Networks (CNNs) or
more sophisticated architectures to extract multi-level features maps such as Feature Pyramid
Networks (FPNs) and Spatial Pyramid Pooling (SPP) modules are adopted. Then, a cost
volume is formed using the plane-sweep method which uses a differentiable warping operation.
More specifically, given a set of images with known camera parameters, depth hypotheses
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are obtained by warping extracted feature maps to the reference camera view. The warping
operation is based on photo-consistency, which refers to pixel values from multi-view images
that correspond to the same 3D points having similar values. A cost metric is formulated
between warped and reference features to generate the volume. The built cost volume is
then regularized either sequentially or globally to mitigate noise related problems. Having
regularized, depth maps are regressed and further refined using post-processing techniques
such as outlier removing, eliminating inconsistent values etc. After a collection of depth maps
are estimated, depth map fusion algorithms are employed to reconstruct the 3D scene.

Conventional Multi-view Depth Estimation

Previous studies focusing on depth map estimations have achieved improvements using
plane-sweep method [25, 26, 27]. In [28], surfaces which are not fronto-parallel but slanted
are handled via performing multiple plane sweeps, where sweeping directions are aligned
to the normals of the planar surfaces. [20] filters depth maps before the fusion by listing
several per-pixel depth hypotheses and enforcing a spatial consistency constraint to choose
the true depth. [29] introduces a depth propagation method using geometric guidance term to
obtain initial depth hypotheses, and then employs the proposed rolling shutter plane-sweep
algorithm.

In order to solve MVS problems in memory-constrained environments, for instance, when
images with relatively higher resolutions are used, patch-matching approaches are developed
[30, 31]. These approaches benefit from quickly matching patches instead of exhaustively
browsing all possible disparity values to select the most suitable one [32]. Although, the well-
known COLMAP [30] and many other patch-based methods exhibit robust depth estimation
performances, they suffer in the presence of indistinctive color features, low-textured and
reflective regions.

Learning-based Multi-view Depth Estimation

With the rise of deep neural networks, several promising learning-based approaches in MVS
have been proposed. As one of the pioneering works in literature, MVSNet [4] follows the
previously mentioned standard depth estimation pipeline with the purpose of 3D reconstruc-
tion. First, image features are extracted using a 2D Convolutional Neural Network (CNN),
then the 3D cost volume is constructed using differentiable homography warping and a
variance-based cost metric to incorporate feature differences. 3D CNNs are employed to
regularize the built cost volume and to regress an initial depth map. Depth map is further
refined using reference image to prevent over-smoothing at the boundaries and to recover the
details.

Concurrently to MVSNet, DPSNet [33] is introduced for the task of dense depth map
estimation. Unlike MVSNet, the cost volume is constructed by concatenating feature maps
of the reference view and warped image features directly. Also, all cost slices of the volume
are refined via a context network using the reference view features to mitigate the problems
caused by indistinctive regions where the texture is missing.
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DeepMV'S [5], employs a 3-level disparity map estimation pipeline. First, plane-sweep
volumes are obtained, and then patch matching network is used to extract features from patch
pairs required for intra-volume aggregation. Using max-pooling, different volumes are fused
to predict per-pixel disparity values. Raw disparity maps are post-processed by Conditional
Random Fields (CRFs) which enforces the neighboring pixels to have similar disparity values.

Although the regularization steps of MVSNet and DPSNet enable extremely accurate depth
estimations, they also require a high amount of memory and compute power owing to using
3D CNNs on cost volumes. Therefore, as a follow-up work, R-MVSNet [6] is introduced to
reduce the memory requirement of MVSNet. Instead of regularizing the 3D cost volume at
a single step, R-MVSNet employs Gated Recurrent Units to regularize the 2D cost maps in a
sequential manner which mitigates the memory consumption issue.

Different from its predecessors built upon MVSNet, Point-MVSNet [7] presents a point-
based depth map refinement, where low-resolution depth predictions are converted to point
clouds and initial point clouds are iteratively refined according to the target point cloud
using the proposed PointFlow module. For each point, 3D flow to the ground-truth surface is
predicted using image features from the FPN and 3D geometry priors. As another follow-up
work to MV SNet, CasMVSNet [8] constructs the initial cost volume via sparsely sampled depth
hypotheses, and then adaptively adjusts the sampling range of depth hypotheses at each
stage to generate volumes with finer details aiming to overcome higher memory consumption.
In contrast to CasMVSNet, [34] attempts to use an adaptive depth hypothesis range for each
pixel instead of each stage. The range is determined by considering the variances of the
predicted per-pixel probabilities. By using an adaptive strategy in the level of pixels rather
than stages, more accurate depth map predictions are obtained.

Other than multi-view overlapping images, video streams with known camera motion can
be also used as an input MVS approaches. Thus, leveraging video frames, MVDepthNet [9]
generates a cost volume using raw pixel-level observations rather than the extracted features
as in the aforementioned approaches. Then, cost volume along with the reference image are
passed to a 2D encoder-decoder architecture to estimate the inverse depth map.

Building upon MVDepthNet, [35] proposes combining the encoder-decoder network in [9]
with a Gaussian Process (GP) at the bottleneck to enable the network to fuse features from
frames with similar poses to prevent needless time or memory consumption. To achieve this,
a GP prior kernel is defined on the latent space from a similarity measure that considers the
overlapping fields of view. This way, the network is encouraged to produce similar latent
representations for close by frames than frames far away from each other.

Conversely to MV DepthNet, [36] estimates a per-pixel depth probability distribution rather
than per-pixel depth values. For each input frame, first, a Depth Probability Volume (DPV) is
generated by D-Net. Generated DPVs are accumulated via Bayesian filtering approach where
the difference between predicted DPV from the earlier frames and estimated DPV by D-Net is
used to obtain the residual. The residual is modified and added back to the predicted DPV
via K-Net which is then further refined for predicting depth and uncertainty.

DeepVideoMV'S [10], estimates depth from posed video streams using an FPN and builds the
cost volume with a traditional plane-sweep stereo using the extracted features. The proposed
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encoder-decoder architecture, in which a ConvLSTM module is placed at the bottleneck layer,
regularizes the cost volume while enabling spatio-temporal information flow between frames.
Since capturing the pose-induced image motion between two encodings can be challenging
for ConvLSTM, DeepVideoMVS considers viewpoint changes while propagating the hidden
state to the next time step by warping the hidden state to the current viewpoint using the
previous depth prediction.

ESTDepth [37] proposes jointly estimating depth maps of consecutive frames to provide
temporal coherence. First, a raw cost volume is constructed, and then further regularized by
MatchNet to learn 3D local matching information. In parallel, ContextNet extracts 2D context
information of the target image. Obtained matching and context volumes are then fused
to a hybrid cost volume. The introduced Epipolar Spatio-Temporal transformer encodes both
query and neighboring volumes, and then epipolar warps the encoded adjacent cost volumes
into the query volume’s camera coordinate space. Using 3D attention on query and warped
volumes, an enhanced query volume is obtained and finally fused with the retrieved values
from all warped volumes to regress the depth maps.

2.1.2. Voxel-based Multi-view Stereo

Volumetric MVS approaches adopts a voxelized 3D space to represent the geometry as a
whole and attempts to directly predict occupancy probability or signed distance value to the
closest surface for each voxel of this discretized space. Our work also employs a 3D voxelized
grid to store the signed distance values.

In SurfaceNet [38, 39], a volume occupancy prediction network, which outputs a binary
value for each voxel deciding whether the voxel is on the surface or not, is introduced. Then
the surface is reconstructed from the voxelized 3D volume. More specifically, each input
image is unprojected to a per-view voxel grid called Colored Voxel Cube (CVC) that stores the
color values of corresponding pixels. Obtained CVCs are then paired and sent to a network
for occupancy probability prediction. For the multi-view case, weighted averaging is used to
fuse predicted probabilities from pairs using a triplet network that outputs relative weight of
each pair accounting for viewpoint changes and occlusions.

Similar to SurfaceNet, 3D-R2N2 [40] predicts volumetric occupancy. A 2D CNN is employed
to encode features into a latent space, and then encoded features are fed into Long Short-Term
Memory (LSTM) units at the bottleneck to selectively update hidden states considering visible
parts of objects. Hidden states are decoded to output the final voxel occupancy grid. In
contrast to 3D-R2N2 which uses mainly semantic features for occupancy prediction, [41]
also focuses on extracting geometric features. To this end, encoded features are unprojected
into per-view 3D feature grids by rasterizing the viewing rays. The employed differentiable
unprojection operation implicitly encodes the projective geometry information. Then, feature
grids are fused recurrently into a single feature grid to be further processed by 3D CNNs.
From the processed grid, voxel occupancies along with depth maps are predicted.

Since memory and compute requirements cubicly grow with resolution, voxel-based
methods are limited to lower resolutions which hampers them from representing larger
scenes and finer details. To alleviate these limitations, Octtree-Gen [42] employs an octree data
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structure to increase the resolution up to 512% voxels.

Inspired by the aforementioned approaches, Atlas [11] proposes an offline MVS approach
to directly predicts Truncated Signed Distance Function (TSDF) volume along with semantic
segmentation labels for indoor scene reconstruction. In the presented pipeline, extracted
features of an entire sequence of images by a 2D CNN, are back-projected into a voxel grid
and aggregated using a weighted running average. Accumulated features are passed to a 3D
encoder-decoder architecture to further process the volume and then to regress TSDF values.

More recently, NeuralRecon [12], which builds upon Atlas, proposes a three-level coarse-
to-fine real-time 3D scene reconstruction framework to increase the density of sparse voxel
grid at each level. By using multi-level features extracted from a set of key-frames in local
windows, 3D feature volumes are generated with back-projection. In order to process in
real-time, feature volumes are processed by 3D sparse convolutions instead of a standard
3D CNN, which prohibits running efficiently in the presence of large scenes. At each level
of the coarse-to-fine hierarchy, feature volumes are concatenated with the upsampled TSDF
volume from the previous level and then provided to the Gated Recurrent Unit (GRU) fusion
module for global aggregation. Multi-Layer Perceptron (MLP) layers predict both per-voxel
occupancy probabilities and TSDF values from the updated hidden states.

As a follow-up work, TransformerFusion [43] employs a resembling incremental architecture
but adopts a transformer network to fuse coarse and fine level back-projected features
separately into a 3D voxel grid. The proposed transformer-based fusion enforces accurate
reconstructions by attentively accumulating the most informative features for particular
spatial locations.

2.2. 3D Surface Reconstruction

Having estimated depth maps using depth-based MVS approaches, depth fusion algorithms
are adopted as the next step to integrate these values into a volume. Then, the 3D surface
meshes are extracted. For this last step, offline multi-view approaches, such as [30], often
utilizes Poisson reconstruction [44, 45] and Delaunay triangulation [46] to reconstruct the
final surface. Although Poisson reconstruction is widely preferred by relatively early methods
owing to its hole filling property via plane fitting, it poorly infers missing higher-level
structures with finer details such as chair legs [47].

In the seminal work [15], an incremental volumetric fusion approach to accumulate depth
maps into a TSDF volume, is presented. Owing to its simplicity and availability of low-cost
depth sensors, many works following TSDF fusion are introduced. As one of these works,
KinectFusion [48] fuses captured RGB-D images by a Microsoft Kinect sensor into a 3D volume
in real-time using GPGPU processing. More specifically, once the global pose of the camera
is obtained using Iterative Closest Point method, pixel coordinates of depth measurements
are converted into global coordinates to compute vertex and normal maps. Then, these
measurements are integrated into a 3D volume which stores a running average of each voxel’s
signed distance value. The surface is extracted via the ray casting algorithm. Later works
such as BundleFusion and voxel hashing [49, 50] based methods, focus on improving the
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performance of KinectFusion in terms of robustness and scalability. Although the above-
mentioned approaches are preferred by many 3D reconstruction techniques based on TSDFs
owing to their parallelization capability, their reconstruction quality drops significantly in the
presence of occluded geometry and inadequate amount of measurements.

To alleviate the compute problems of prior work, OctNet-Fusion [51] benefits from the data
sparsity and employs grid-octree data structure where several octrees, whose maximal depths
are restricted to a small number, are placed over a regular grid. Once the feature volume
computed from depth maps are stored in a grid-octree, fused geometry is post-processed by
a 3D encoder-decoder architecture hierarchically to obtain further contextual information.
Processed features are passed to the introduced structure module which adaptively decides
whether further subdivision is required or not considering voxel’s distance to the surface. This
way, complete surfaces can be reconstructed using sub-voxel estimates that provide higher
resolutions. In contrast to OctNet-Fusion which reconstructs single objects, ScanComplete [52]
is proposed to reconstruct large scenes leveraging a similar post-processing idea for scene
completion.

Similar to the aforementioned work targeting scene completion, SG-NN [53] approaches the
same problem from a self-supervised perspective using real-world datasets. From the target
RGB-D scan which is incomplete by nature due to occlusions etc., a more incomplete input
scan is obtained by removing a portion of the frames. The proposed generative network, first,
encodes the input scan which is represented as a TSDF volume with 3D sparse convolutions
[54] and then converts to a dense 3D grid at a very coarse resolution. Dense convolutions
produce feature maps from which coarse occupancy and TSDF values of the completed
scan are predicted. Using coarse geometry predictions, sparse representation of the scene is
reconstructed and passed to coarse-to-fine hierarchy where each stage outputs the geometry
of the next resolution.

RoutedFusion [55] introduces a data-dependent depth fusion approach with real-time
capability. Given a raw depth map, an outlier filtered and denoised depth map along with
the confidence values are produced by a routing network, which also decides on the update
location of TSDF values along each ray. Then, voxel data is extracted for each ray and passed
to a fusion network together with corrected depth and confidence maps to predict non-linear
updates. As the final step, predicted TSDF updates are fused into the global TSDF volume.

More recently, NeuralFusion [56] proposes having a different representation than the out-
put scene representation for geometry fusion. Therefore, unlike RoutedFusion, [56] prefers
fusing extracted features into a latent space rather than fusing depth information into a
TSDF volume. Then, a translator network decodes the latent feature space into the output
representation. With the proposed decoupling of representations, higher noise levels are
handled and reconstructions with thin geometry are obtained.

Having obtained the TSDF volume, the Marching Cubes (MC) algorithm can be employed
to extract the mesh from this implicit function by detecting the zero-crossing of the surface
along voxel grid edges [14]. Although MC algorithm is widely adopted, it is not suitable
for end-to-end training as the linear interpolation used for deciding on vertex positions
is not differentiable with respect to topological changes [57]. To enable surface topology
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modifications, [57] introduce a learned probabilistic MC surface extraction approach by adding
a final layer to a 3D network. Unfortunately, extracted meshes are limited by resolution as
the proposed approach requires keeping track of all the topologies at the same time [58].
Voxel2Mesh [59] deforms an initial spherical mesh incrementally by adaptively increasing the
resolution, which overcomes the limited resolution problem but prevents topological changes.

MeshSDF [58] and its follow-up work DeepMesh [60] overcome the previous limitations of
differentiable surface extraction methods by focusing on how an infinitesimal perturbation
on an Signed Distance Function (SDF) field affects geometry of the local surface. More
specifically, they formulate a closed-form expression for the non-differentiable term, which is
the gradient of mesh vertices with respect to the SDF field, within the backpropagation step.
This way, the non-differentiable MC algorithm can be used to extract the surface mesh, and
then gradients can be backpropagated all the way from mesh to the introduced latent vectors
using a custom backward pass while allowing changes to topology.

2.3. Neural Implicit Representations

Recently, implicit representations which represent surfaces of 3D objects as the continuous
decision boundary, are employed by many studies to generate high-resolution surfaces from
SDFs without huge computation and memory costs. Implicit representations are also able to
represent shapes with finer details without discretization artifacts.

To this end, [61] attempts to assign occupancy probabilities to every point in 3D space to
decide whether they are on the surface or not. During training, a set of points are sampled
uniformly from the 3D bounding volume of the object and then binary cross-entropy loss is
computed at these sampling locations. At inference, an incremental octree building algorithm
called Multiresolution IsoSurface Extraction (MISE), is employed to extract the surface which,
first, predicts occupancy probabilities for all discretized locations at the initial resolution and
marks the occupied ones. Voxels whose grid points having differing occupancy predictions
are further divided until the intended resolution is provided. The algorithm eliminates the
need for evaluating densely at all points of an occupancy grid.

Instead of predicting occupancy probabilities, DeepSDF [62] focuses on regressing an SDF
value for any given spatial point. In the proposed auto-decoder based formulation, random
latent codes are attached to the query point and fed into the network which is supervised
by the ground-truth SDF values at the query locations. During inference, decoder weights
are kept fixed and latent codes are optimized using Maximum-a-Posterior (MAP) estimation.
As inference can be performed using an arbitrary number of points, the optimized latent
codes can be given to the decoder whose priors are encoded to complete the partial input
shapes. As a follow-up work to DeepSDF, DeepLS [63] intends to overcome the limitations of
using a single latent code, such as incapability to represent large scenes owing to scaling and
generalization issues.

Building upon the observation that different shapes having different geometric cues on
a global scale exhibit similar properties at local scales, [63] first encodes TSDF voxel crops
using a 3D CNN. Then, produced latent codes and query point coordinates are fed into a
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decoder which is supervised using binary in/out labels. To prevent discontinuities caused by
partitioning the space into local grids, overlapping grid structure where each grid overlaps
with its neighbors are proposed. Latent codes of grids are optimized at inference time similar
to [62].

As a follow-up work, PIFu [64] tackles the problem of digitizing detailed clothed humans to
recover textured 3D surfaces. Extracted per-pixel features along with depth values from these
pixels are used to query the MLP network to predict continuous inside/outside probability
field of a clothed human together with corresponding RGB values.

To eliminate the need for 3D supervision, [65] directly uses raw point cloud data by
employing a loss to enforce the predicted zero-level set to pass through the input points. The
proposed method uses an iterative sampling strategy to sample to zero-level set. Similar to
[65], SAL [66] uses raw point clouds or triangle soups and performs unsigned regression to
find a desirable local minimum of the implicit function without 3D supervision to reconstruct
human scans. Extending SAL, [67] formulates a loss motivated by the Eikonal partial
differential equation [13]. The loss encourages the implicit function to vanish on the zero-level
set with unit norm gradients equal to the normals, which gives a good global minimum when
optimized that produces smooth, detailed surfaces.
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In this chapter, we provide an overview of several core concepts used throughout the
thesis. We start with an introduction of the camera model, and then cover the 3D scene
representations employed in this work. Later, we introduce the base architecture which
we built our methods upon. Our base architecture closely follows [12], except the minor
modifications applied within its 2D and 3D networks for efficiency purposes. The datasets
used for evaluations are presented in the last section.

3.1. Camera Model

3.1.1. Pinhole Camera Model

In this thesis, simple pinhole camera model is employed, where the camera is modeled as a
box and a hole is located on one of the sides [68]. In Figure 3.1, the underlying geometry of
the pinhole camera model is depicted.

(X,Y, Z)
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Figure 3.1.: Pinhole camera model, figure from [68].

Focal point that represents the coordinate system origin, is at the center of projection and
focal length denoted by f, defines the distance from the focal point to the image. We obtain
Equation 3.1 from the similar triangles, which can be also formulated in a matrix form using
homogeneous coordinates as in Equation 3.2, where A is the depth and A = Z.
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3.1.2. Camera Intrinsics and Extrinsics

To provide a formal introduction, camera equation in Equation 3.4 is provided first, where P
is the camera matrix, K is the intrinsic matrix, x is the homogeneous pixel coordinates and X
is the homogeneous world coordinates.

x if{ f 00
x=|y| X= 7 K=|0 f 0 (3.3)
1 0 01
1
AX = K[ 13><3 ‘ 03><1 ]X =PX and P = K[13X3 | 03><1 ] (34)

Using the intrinsic parameters, we can replace the intrinsic matrix K introduced in Equa-
tion 3.3 with a more expressive term as follows:

fx v cx
0O 0 O

where f; and f, represent focal length in terms of the number of pixels in x and y directions
respectively, (cx, cy) is the principal point and 7 is the skew coefficient between the axes of
the image plane.

To project a 3D point with known 3D world coordinates onto an image plane, these
coordinates in the world coordinate system are transformed into the coordinate system of the
camera which we refer to as the camera coordinate system. This mapping between these different
coordinate systems is formulated as an Euclidean transformation which uses the translation
and rotation information. The parameters required for coordinate system transformation are
called as camera extrinsic parameters. They are represented with a joint rotation-translation
matrix of the form [ R | t], where rotation and translation matrices are denoted as R and t
respectively.

3.1.3. Perspective Projection

For an ideal pinhole camera, perspective camera model provides a mathematical description
of perspective projection operation which maps 3D points in world space to 2D points in
image space. Let x be the homogeneous coordinates of an image pixel, X be the homogeneous
coordinates of a 3D point in the world coordinate system and K[ R | t] be the perspective
camera matrix, the perspective projection is defined as follows:
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Ax = K[R | t] X (3.6)

3.2. Scene Representation

Within this thesis, we represent 3D scenes by triangular meshes defined in subsection 3.2.1.
We extract meshes by finding the zero crossings of truncated signed distance functions, which
we define in subsection 3.2.2. We employ point clouds, which is introduced in subsection 3.2.3,
in some of our methods and also for evaluation purposes.

3.2.1. Triangular Mesh

A triangular mesh M = (V, F) is represented by a set of vertices and a set of faces connecting
them that can be used to explicitly represent objects or scenes in 3D space. Positions of N
vertices of a mesh can be represented as a matrix V, where each row of V corresponds a
vertex v € R? with x, , z coordinates. The matrix of faces F € {0,.., N — 1}/ represents
each face in a single row with the indices of its three vertices, where F is the number of faces.
A mesh model can be also considered as an undirected graph, where V defines the vertex set
and F implicitly defines the relationship between the vertices.

3.2.2. Signed Distance Function

A distance function, for a given spatial point, outputs the distance to the closest point on
the surface boundary of an object in 3D space [69]. A signed distance function, additionally
outputs the sign for the distance to distinguish the inside and outside of an object which can
be used to implicitly represent objects or scenes.

Let O~ € R3 and OF € R3 be the space in and outside of an implicit surface respectively,
and 9Q) be the boundary, the signed distance function f : R® — R is defined as:

dist(x,0Q0) ifx € Q
flx) =< —dist(x,0Q) ifx ¢ Q with dist(x,00) = minyean = [x—yl, (37
0 if x € 0Q)

where dist is the Euclidean distance from x to the closest point on 0Q). Values of f(x) vanishes
on dQ). Function f changes sign depending on whether x is inside or outside of the surface.

The signed distance function f(x) satisfies the Eikonal equation at every point where it is
differentiable:

[Vaf(x)]l, =1 (3.8)

which encourages the gradients to be of unit norm [70, 71].
For a chosen threshold fi,.s;, € RT, the truncated signed distance function truncates the
absolute value of the signed distance function at fy,,,s; which is defined as:
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ftrunc(x) = sign(f(x)) min(finresn, [f(x)]) (3.9)

In this work, we store truncated signed distance function representations in voxelized 3D
volumes, where each voxel stores the discretized truncated signed distance to the closest
surface.

3.2.3. Point Cloud

A point cloud is an unordered set of points which can be used as an explicit representation
for objects or scenes in 3D space. A point cloud with N points can be represented as a matrix
P € RM*3, where each row of P corresponds to the x, y, z coordinates of a single point.
Depending on the application, points can be associated with additional data such as intensity
information, RGB color data etc.

3.3. Base Architecture

In this work, we employ a base architecture to build our methods upon. Our base architecture
closely follows [12], except the minor modifications applied within its 2D and 3D networks
for efficiency purposes. Therefore, before presenting our proposed methods, we provide an
extensive overview of [12] for the ease of the reader.

NeuralRecon proposed in [12], is a voxel-based multi-view stereo approach for real-time 3D
scene reconstruction, that directly regresses a Truncated Signed Distance Function (TSDF)
volume from a monocular video with known per-frame camera poses, without the need of an
intermediate depth map estimation step.
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Figure 3.2.: NeuralRecon architecture, figure from [12].
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More specifically, from a sequence of posed monocular RGB images, first, key-frames are
selected for local fragment reconstruction and selected key-frames within this local fragment
are fed into a 2D backbone to extract multi-level image features. These features are then
back-projected along each ray into a 3D feature volume. At the coarsest level, a dense TSDF
volume is predicted from the coarse feature volume. In the following finer levels, feature
volume of the corresponding level is concatenated with the upsampled TSDF volume from the
previous level and provided to the GRU-based fusion module. Multi-Layer Perceptron (MLP)
layers predict both per-voxel occupancy probabilities and TSDF values from the updated
hidden states. Overview of the architecture of NeuralRecon is presented in Figure 3.2 and
further details regarding individual components are delineated in the following subsections.

Key-Frame Selection Contrary to depth-based multi-view stereo (MVS) methods that estimate
per-view depth maps, NeuralRecon estimates 3D geometry within a local window jointly
which brings local coherence to the reconstructions. Let {I;(u,v)} be a sequence of monocular
RGB images and {¢,} € SE(3) be the corresponding camera poses, a local window of N
key-frames is defined where the relative translation and relative rotation angles of key-frames
are larger than the predefined thresholds ¢,y and Ry.x. A Fragment Bounding Volume (FBV)
storing view-frustums of N key-frames, is then generated using a depth threshold d,;, to
reconstruct the region within the volume.

Feature Volume Construction Images within this local window are fed into a 2D backbone,
MnasNet [72], that employs Feature Pyramid Network [73] within its architecture to extract
multi-level features. The 3D feature volume of each level is generated by back-projecting
the obtained features along each ray and using a weighted averaging technique, where the
weights are defined based on from how many views a voxel can be seen.

Coarse-to-fine Hierarchy The obtained 3D feature volume F! is processed by 3D sparse
convolutions. At the coarsest level, a dense TSDF volume S} is predicted from the feature
volume F}. In later levels, TSDF volume S!~! from the previous level is upsampled by two
and concatenated with the feature volume F! of the current level to be given as an input to
the GRU-based fusion module. From the updated hidden states, MLPs predict per-voxel
TSDF values as well as per-voxel occupancy values to represent the probability of being
within the truncation distance p, at each level. Voxels of Si are then sparsified, if their occu-
pancy probability is lower than the sparsification threshold 6 before being fed to the next level.

GRU Fusion A 3D convolutional version of GRUs, which conditions the current fragment
reconstruction on the previous reconstructions is employed to enforce global consistency.
Formally defining, the GRU fusion module that fuses 3D geometric features G obtained from
sparse convolutions with the hidden state H}_; extracted from the global hidden state H; ,
is as follows:
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z; = o(SparseConv ([H!_;, Gl], W) (3.10)

= o(SparseConv([H!_,,Gl],W,) (3.11)

I-}i = tanh(SparseConv([r; © H!_;, G], W},) (3.12)
H =(1-z)0H ,+z0H (3.13)

where W, is the weights for sparse convolution, ¢ is the sigmoid function. Represented by
z¢ and r; respectively, the update and reset gates decide the amount of information from
H!_, that will be fused with G} from the current fragment. They also decide on how much
information from the current fragment will be integrated into H.. Then, by replacing the
corresponding voxels, H is also updated using H.

The final sparsified volume S! from level-3 is incorporated into S§ by replacing the re-
spective voxels, as the fusion between S} and S¢ has been already completed in the fusion step.

The TSDF supervision is applied to all levels of the coarse-to-fine hierarchy using L1
distance between the predicted and the ground-truth TSDF values. Both the prediction
and the target are log-transformed before the L1 loss computation. Additionally, binary
cross-entropy (BCE) occupancy loss is employed to supervise occupancy predictions at each
level. The losses are applied only to the visible regions of the target. The total loss L!, at
level I has the form given in Equation 3.14, where Lis df and L! . are TSDF and occupancy
losses respectively with weights As4r and Agcc.

Liot = )‘tsde,lfsdf + /\ochéCC (3.14)

3.4. Datasets

In this section, we provide an overview of the datasets used in this thesis. We perform
our experiments and evaluate our methods on two datasets, namely ScanNet (V2) [17] and
InteriorNet [16]. The ScanNet dataset is a widely employed dataset for the task of 3D scene
reconstruction which offers richly-annotated scans from real-world environments, while the
InteriorNet dataset provides a fully controlled synthetic environment using photo-realistic
rendering. Table 3.1 presents the properties of ScanNet and InteriorNet.

3.4.1. InteriorNet

InteriorNet [16] is a dataset that has been developed to address limitations of existing
Simultaneous Localization and Mapping (SLAM) benchmarks via providing photo-realism as
well as variability and larger scale. The dataset involves approximately 1M CAD furniture
models used in the real-world production and 22M interior layouts created from those models
via 1,100 professional designers/companies. To manipulate lighting conditions and simulate
scene change over time, a number of configurations are generated via a physics engine.
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Dataset InteriorNet ScanNet
# Training scenes 500 1201

# Validation scenes 120 312

# Test scenes 50 100

# Frames in each scene 1000 changes

Color frame resolution 640 x 480 1296 x 968
Depth frame resolution 640 x 480 640 x 480

Camera intrinsics v v
Camera extrinsics Ve v
Disparity /Depth v v
Ground-truth mesh X Ve

Table 3.1.: Dataset descriptions of InteriorNet [16] and ScanNet [17].

InteriorNet data is available in two subsets, and we only use the first subset in this work.
The first subset consists of 15K sequences rendered from 10K randomly selected layouts, with
1K images for each sequence. For each layout, multiple trajectories are generated by varying
the trajectory type as well as the combination of linear and angular velocities. Different types
of lens models and RGB variations are included to dataset. Per-frame ground-truth data
including depth obtained as the Euclidean distance of the ray intersection, per-pixel semantic
labels, per-object 3D bounding box, instance segmentations and optical flow are available [16].

The main reason of employing InteriorNet is the fact that it provides very accurate ground-
truth data including the poses, noise-free depth maps and high-resolution images for all of
the trajectories. Therefore, we obtain a setting which is mostly isolated from any kind of
noise and inaccuracies that may exist in real-world datasets, e.g. drifted poses, inaccurate
depth maps. Additionally, having accurate ground-truth enables creating accurate target 3D
surface meshes that present a high amount of details which is ideal for both the supervision
and evaluation of our network. This way, unlike the situation for real-world datasets, the
qualitatively observable results of our methods can be also reflected to quantitative evaluation
metrics.

Having access to sequentially ordered frames per trajectory is another reason of our dataset
selection. By processing frames in order, we are able to reconstruct fragments and fuse them
sequentially as introduced in our base architecture [12]. When datasets with non-sequential
viewpoints are employed, the recurrent fragment reconstruction often fails owing to lack of
highly overlapping images.

For the experiments on our final approach, we employ the data with the given properties in
Table 3.1. We refer to this data as InteriorNet-full. However, since our proposed methodology
consists of several approaches, we perform experiments on these individual methods using a
smaller subset of data considering the time constraints. Therefore, we employ 200 train & 50
validation scenes sampled from the corresponding splits of the main data and we refer to this
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Figure 3.3.: Sample images and corresponding color coded ground-truth depth maps from
InteriorNet dataset [16].
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smaller subset as InteriorNet-200 for the ease of the reader. Figure 3.3 presents sample frames
and their corresponding color coded depth maps from InteriorNet.

3.4.2. ScanNet

For the experiments on our final approach, we employ the ScanNet dataset [17] that provides
rich semantic annotations with surface reconstructions, 3D segmentations and camera poses
from a large number of scenes. In order to capture and annotate large amounts of 3D data,
novice users are provided with a structure sensor which is a commodity RGB-D sensor,
attached to an iPad Air2. Aligned poses obtained from BundleFusion [74] are used to perform
volumetric integration via VoxelHashing [75] and surface meshes are extracted using the
Marching Cubes (MC) algorithm on the TSDF with 4mm voxel size. Several filtering steps
such as merging close-by vertices and deleting duplicate or isolated mesh parts are applied to
obtain cleaner reconstructions. Semantic labeling is completed by crowd workers.

ScanNet consists of 2.5M RGB-D images from 1513 scans collected in 707 distinct indoor
spaces with camera poses, calibration parameters, 3D surface reconstructions, textured meshes,
semantic segmentations for objects, and CAD models [17]. Additionally, it offers three new
benchmarks on several 3D scene understanding tasks: 1) 3D object classification, 2) semantic
voxel labeling and 3) CAD model retrieval.

Due to its annotation-rich real-world scans and diversity, ScanNet is widely employed in the
field of 3D scene reconstruction. Therefore, it provides a convenient benchmark to compare
our final method with the state-of-the-art. In our experiments, we adopt the commonly used
train/validation/test splits employed by the previous work [11, 12] for a fair comparison.
The test set includes 100 scans with ground-truth scene meshes for benchmarking. Samples
from ScanNet are provided in Figure 3.4.

Figure 3.4.: Sample images and corresponding color coded ground-truth depth maps from
ScanNet dataset [17].
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3.4.3. TSDF Generation and Surface Mesh Extraction

Following [12], we generate the target TSDFs using the TSDF fusion implementation of [12]
at the preferred resolution, and then extract the target meshes from these TSDFs using the
Marching Cubes algorithm [14] for training.

For evaluations, [12] uses the available ground-truth scene meshes provided by ScanNet
which are post-processed and further cleaned for benchmarking. Therefore, we also use
the available meshes in our evaluations on ScanNet. However, we do not have access to
readily available ground-truth meshes for Interiornet data, and thus they should be generated
additionally. For evaluations on InteriorNet, we use the TSDF fusion algorithm from Open3D
[76] to obtain the ground-truth TSDFs and extract the ground-truth meshes via their Marching
Cubes algorithm. The reason for using two different TSDF fusion implementation is explained
in section 5.1.
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4.1. Overview

In this section, we present an overview of our employed methodology for the task of detailed
3D scene reconstruction. First, we introduce our notation in subsection 4.1.1. We briefly
summarize the underlying assumptions and observations leading to a particular approach
along with the investigated research questions, before proceeding to elaborating the proposed
methods with the aim of presenting a self-contained methodology section.

4.1.1. Notation

We use bold capital letters to denote vector-valued images, such as RGB images, with pixel
coordinates in parenthesis, e.g., I(1,v). Scalar-valued images, e.g., depth maps, are written
with capital letters D(u,v). We use bold upper case letters for matrices, e.g., V and bold lower
case letters for vectors, e.g., v. To denote scalars, lower case, e.g, t or upper case letters, e.g.,
N are employed. We exploit subscripts for enumeration e.g., s; denotes TSDF value at the i
voxel. We use superscripts to provide additional information to the reader for clarity. For
instance, S’ represents the TSDF volume at level /, while S¢ is used as a notation for global
TSDF volume. If a notation deviates from the described ones here, we specifically define it.

4.1.2. Research Questions & Proposed Methods

Referring back to the motivation behind our proposed methodology, we intend to accurately
reconstruct fine-scale details along with the coarse structures within a given 3D scene.
With this purpose in mind, we make a number of assumptions and observations regarding
the factors affecting the preservation of details, and then investigate these factors. Each
approach within this work targets a specific research question. The proposed methods are
independent from each other, unless their relation is explicitly stated. Below, an overview of
the assumptions and corresponding proposed approaches are listed:

1. TSDF & Occupancy Supervision: The supervisory signal based on target occupancy
and target TSDF values may be insufficient or overcomplicated for obtaining detailed
reconstructions. Different auxiliary loss terms can be derived exploiting the math-
ematical & structural properties of TSDFs to obtain more consistent and accurate
predictions. In an opposite direction the supervisory signal can be simplified to enhance
the supervision.

24



4. Methodology

a) Gradient-based Supervision: Does employing an auxiliary loss term based on
the Eikonal property or directly gradient magnitudes, provide predicting more
consistent TSDFs?

b) TSDF Generation from Meshes: Do we obtain more accurate target TSDFs when
the TSDFs are approximated from the target mesh instead of the fusion algorithm?

c) Simple Occupancy Probability Supervision: Is solely deciding on the occupancy,
an easier task for the network rather than also reasoning about the distance values?

2. Surface Geometry Supervision: Using distance and occupancy values may be insuffi-
cient for predicting the surface boundaries, especially if the structures are small or if
they involve high-level details. The network tends to omit these finer details as they
are enclosed in a few voxels, and thus contribute insignificantly to the overall loss
computation.

a) Sign Enforcing Loss Term: Does employing an auxiliary loss function that specifi-
cally enforces a TSDF sign change at the zero-crossing, bring back the lost surface
details? Does assigning higher weights to voxels representing these finer details,
improve the quality of reconstructions?

b) Point-level Supervision using Surface Meshes: Can we obtain details by intro-
ducing a loss term that minimizes the distance between the surface samples of the
ground-truth and the predicted meshes?

3. Depth-based Supervision: Rather than using the actual sensor measurements such
as depth maps, using processed representations such as TSDFs or surface meshes for
supervision, may introduce flaws to the pipeline owing to possible implementation
errors/approximations in the algorithms that they are generated with. Measurements
from sensors can be used to reduce the gap between the representations used for
supervision and evaluation.

a) Occupancy Detection using Depth Maps: Can we enhance the robustness of the
voxel sparsification step by using depth maps as an auxiliary occupancy detection
tool?

b) Point-level Supervision using Depth Maps: Does using ground-truth depth maps
for minimizing the distance between the surface samples of the predicted meshes
and back-projected depth maps, provide a better surface geometry supervision?

¢) TSDF Supervision using Depth Maps: Can we obtain more accurate results by
eliminating the TSDF fusion process from the pipeline and estimating target TSDF
values on-the-fly using depth maps?

4. Resolution: The resolution of the voxel-grid is a well-known factor that limits the
reconstruction quality.

a) 4-Level Architecture: To what extent, increasing the resolution of the finest level by
integrating a fourth level to the architecture, affects the quality of reconstructions?
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b) Neural Upsampling: Can neural upsampling be simply employed to increase the
resolution of the finest level?

The overview of our mesh-based and depth-based point-level surface geometry supervision
approaches are provided in Figure 4.1.

In our implementations, we employ the base architecture described in section 3.3 as our
code basis. As stated previously, our base architecture closely follows [12], except the minor
modifications applied within its 2D and 3D networks for efficiency purposes. We use the
implementation details of NeuralRecon, as our default configuration. This default setup is
provided in Table 4.1. When the proposed methods require a different architecture or a
different parameter configuration, we explicitly highlight the deviations from the default
setting.

Voxel size of the finest level: 4cm

Grid dimensions: 96 X 96 x 96

Truncation distance: p=12cm

tax, Rax: 0.1m, 15°

Sparsification threshold: 0=05

Interpolation for upsampling;: Nearest-neighbor interpolation
Maximum depth: Aoy = 3m

Finest level image feature map dimensions: 160 x 120 x 24
MLP channels: (96,48, 24]

Table 4.1.: Default configuration.

4.2. TSDF & Occupancy Supervision

4.2.1. Gradient-based Supervision

Motivation

Inspired by the Eikonal partial differential equation, [67] employs an Eikonal term in their
loss function to implicitly regularize the zero level set and enforce the network to produce
a valid SDF field that generates an accurate zero level set surface. The viscous solution to
this first-order non-linear partial differential wave equation is unique, if it satisfies the given
boundary conditions [13, 67]:

f(x) =0, x€0Q) 4.1)

where () € R3 is a well-behaved open set with smooth boundary dQ). Then, the solution
to the Eikonal equation is a signed distance function f that vanishes on d(). As given in
Equation 4.2, gradients of f have unit magnitude.
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Figure 4.1.:

Overview of the mesh-based and depth-based point-level approaches. By
minimizing the distance between surface samples of the predicted mesh and
either back-projected ground-truth depth maps or surface samples of the ground-
truth mesh, we explicitly supervise the surface geometry to preserve fine-scale
details. PLM: The predicted TSDF from the finest level is passed to Marching
Cubes algorithm to extract the surface mesh. Both the target and predicted
meshes are densely sampled to provide adequate surface samples for the Chamfer
distance (CD) minimization. PLD: Ground-truth depth maps within a local
window are back-projected onto the 3D TSDF grid to minimize the CD between
the back-projected depth maps and densely sampled surface points. Distances
are fed into the Cauchy function prior to overall CD computation to mitigate the
effect of outlier points to the supervision.
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IVef(x)], =1 (4.2)

However, [67] uses point cloud data to compute the SDF. Therefore, the boundary condition
is violated owing to being discrete, and the above-mentioned solution is not unique. However,
the optimization of the proposed loss function is still able to reach a good local minima [67].
SDFDiff also exploits Eikonal property [77], but uses it as an auxiliary normalization term
which is an addition to the main image-based loss. Since SDFDiff is a voxel-based method,
the gradients are computed using a finite difference approximation. An additional Laplacian
loss is also used as a geometry loss.

Motivated by prior work, we explore to what extent the Eikonal property can be adapted
to voxelized TSDF fields and whether using gradients as a supervisory signal directly is
advantageous towards predicting accurate TSDF volumes.

Approach

To investigate whether the Eikonal property is fulfilled on our ground-truth TSDFs obtained
from the fusion algorithm [15], we use central finite difference approximation to compute
the gradients. Approximated gradients in x, y and z axes, are used to calculate the per-voxel
gradient magnitudes. As the gradients of truncated voxels are not unit norm, they should
not be included in gradient computation. Thus, we eliminate truncated voxels and their
neighbors prior to finite difference method, which naturally enforces us to evaluate for valid
voxels around the zero-crossings.

Figure 4.2 illustrates the TSDF gradient magnitudes of different InteriorNet scenes and
their distributions. Although the peaks of the histograms are around the magnitude 1, the
distributions show high variances. Considering the fact that the TSDF fusion algorithm
computes the closest distance to the surface along the ray direction, it is not a real Euclidean
Signed Distance Field (ESDF) in which each free voxel stores the Euclidean distance to the
nearest occupied voxel [78]. Thus, owing to all the approximations involved in the process, it
is possible that the obtained ground-truth TSDF fields from the TSDF fusion algorithm have
inconsistencies, and thus cannot satisfy the Eikonal property in practice.

While our ground-truth TSDFs do not fulfil the Eikonal property, the approximated
gradients in each axis can still be beneficial as an auxiliary supervisory signal. Thus, using
the computed gradients of non-truncated voxels, we define a gradient-based loss term:

1 * * *
L(lgrad = E Z L1 (axSl’, axSi ) + L1 (aysi, aySi ) + L1 (azsi, aZSi ) (43)
i

where s and s are predicted and ground-truth TSDF values at the i voxel, and n denotes the
number of all valid voxels. The loss aims to minimize the L1 distance between the ground-
truth and approximated gradients in x, vy, z axes separately. The loss is only computed in
regions of the observed target TSDF and incorporated to the total loss L!,, with weight Agrad-
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Figure 4.2.: TSDF gradient magnitude distributions of Interiornet scenes. Each row repre-
sents a single scene with three images, left one is a slice from the TSDF, middle one
is the corresponding slice giving gradient magnitudes, right one is the histogram
demonstrating the distribution of gradient magnitudes in the whole volume. It
can be observed that gradient magnitude histograms show high variances and
have the peak values around the magnitude 1. Therefore, we conclude that the
Eikonal property is not well enforced in our ground-truth TSDFs obtained from
the fusion algorithm, but the gradient magnitudes can still be exploited for a
gradient-based supervision.
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4.2.2. TSDF Generation from Meshes

Motivation
We reconsider alternatives towards generating a consistent TSDF representation that fulfils
the Eikonal property, to be used as ground-truth. Considering a SDF can be computed from a
watertight mesh by directly finding the closest triangle on the mesh for a given spatial point,
we aim to generate our ground-truth TSDFs using the ground-truth meshes.

To this end, we benefit from the successful approach of DeepSDF [62], which introduces
a SDF computation procedure from meshes, as a data pre-processing step. Ideally, in the
presence of watertight meshes, we expect to generate accurate TSDF representations which
are able to produce the same input mesh when Marching Cubes is applied. However, in
our case, we aim to reconstruct complex scenes whose meshes are not watertight owing to
involving many internal objects and sometimes holes. Also, note that, since ground-truth
meshes are not supplied within InteriorNet data, we generate them using the Marching Cubes
algorithm on the TSDFs obtained by running TSDF fusion, as described in subsection 3.4.3.
Thus, our ground-truth meshes are also inherently prone to possible errors introduced by
these two algorithms. Still, to have a better intuition towards consistent ground-truth TSDF
generation, we adopt the strategy presented in [62].

Approach

To obtain the TSDF value of each voxel, coordinates of voxels are extracted as query points.
Following [62], we then normalize each-ground truth mesh into a unit sphere while leaving
some margin. DeepSDF proposes two different approaches towards working on watertight
and non-watertight meshes. We employ both of the proposed approaches by [62] to generate
our ground-truth TSDFs.

In the absence of watertight meshes, scanning technique [62] can be used. Using equally
spaced virtual cameras located on the unit sphere, the mesh can be rendered and obtained
depth maps via rendering can be back-projected onto the surface of the mesh [62] to generate
a surface point cloud. Normals of these points are decided by the surface triangle which
they are back-projected onto. Using a KD-tree, the closest point from the surface point
cloud to each query point can be found. Later, the distance is computed, and then sign
is determined using the normals. If several closest points are used for more robust sign
determination, majority voting is applied. When watertight meshes are available with accurate
face normals, sampling technique [62] can be used to sample random points from the surface.
SDF computation is the same with the scanning method.

We set the scan resolution and scan count parameters to 640 pixels and 400 respectively.
We use 20 closest points from the surface while deciding the sign, for both scanning and
sampling methods. Considering the complexity of our scenes, we use 10M points for each
scene when sampling technique is used. As the scale of the values in the obtained SDFs
are different from the TSDFs from the fusion algorithm, the right scale factor is found and
applied on the SDFs. Then, scaled SDFs are truncated at 12cm as in NeuralRecon to obtain the
TSDFs. Central finite difference approximation is used to compute the gradients of SDFs and
valid gradients of TSDFs, as in subsection 4.2.1.
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Figure 4.3.: Gradient magnitudes and gradient magnitude distributions of SDFs & TSDFs
obtained by scanning & sampling techniques. All of the images are from the
same InteriorNet scene where gradient magnitudes are visualized with a single
slice and histograms demonstrate the distributions in the overall SDFs & TSDFs.
Although the SDFs from scanning and sampling involve some observable artifacts,
their gradients fulfil the Eikonal property for both of the techniques. TSDFs have
gradient magnitude distributions around 1, with some variance.
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For both of the techniques, Figure 4.3 presents the gradient magnitudes and gradient
magnitude distributions of SDFs and their truncated versions. Despite the minor artifacts
observed on SDF gradients, they still fulfil the Eikonal property by having unit magnitude
gradients almost all around the voxel volume, except possibly where singularities and artifacts
are observed. However, Eikonal property again is not well enforced on the TSDFs. Although,
the gradient magnitude distribution histograms of TSDFs have the peak at 1, the distributions
have a wide range of values. When compared with our default ground-truth, however, this
variance is less significant. When SDFs and TSDFs are considered directly, it is noticed that
positive values are assigned incorrectly to some voxels that represent the inside of the objects.
Considering the fact that we have more complex meshes with holes and inner structures,
meshes may include triangles with incorrectly oriented normals which causes inaccurate
results when normals are used for deciding the sign.

To investigate the effect of using TSDFs obtained from the surface meshes, we replace
the TSDFs from the fusion algorithm with the generated ones. We employ the following
individual approaches for both of the representations obtained via scanning and sampling:

¢ Approach (1) - TSDF Supervision: We employ the generated TSDFs for TSDF supervi-
sion, in order to observe the effects of using probably more faithful representations.

¢ Approach (2) - Unsigned Distance Supervision: As previously stated, both the scanning
and sampling methods sometimes incorrectly estimate the sign of the distance values.
To prevent this, only the absolute value of the estimated distances are employed and
sign information is incorporated from the default TSDF representations. Therefore, each
voxel is assigned the unsigned distance value estimated by either scanning or sampling,
and the sign of the corresponding voxel estimated via the TSDF fusion algorithm. Then
the TSDFs are supervised with these sign corrected TSDFs.

4.2.3. Simple Occupancy Probability Supervision

Motivation

By storing the signed distance to the closest surface point, TSDFs provide a straightforward
representation towards understanding the surface topology. However, reasoning about the
distance of a voxel to the zero-crossing while also deciding on which side of the zero-crossing
that it takes place, can be considered as a much more difficult task than deciding whether this
voxel is occupied or not. To this end, [61] attempts to assign occupancy probabilities to every
point in 3D space. At inference time, a voxel is considered as occupied if its predicted proba-
bility is larger than a predefined threshold. Similarly, many robotic applications successfully
employ occupancy probabilities for many tasks such as volumetric mapping [2, 3]. Motivated
by these works, we investigate whether representing a 3D scene using an occupancy grid is a
relatively easier task to accomplish for our network which results in estimating more accurate
surfaces.

Approach
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To this end, the default model is modified to remove any TSDF related components. After
each level, only the occupancy grid is upsampled to be concatenated with the extracted
features of the next level. Also, the loss function is updated to only involve the BCE loss for
occupancy supervision: Liot =L

4.3. Surface Geometry Supervision

4.3.1. Sign Enforcing Loss Term

Motivation

Although L1 loss is commonly employed for reconstruction tasks, it may be smoothening
the surface boundaries when the transition between the inside and the outside of a surface
cannot be sufficiently represented by the underlying TSDF field. A possible scenario for this
case is presented in Figure 4.4, with a ground-truth mesh and crops from the corresponding
ground-truth TSDF volume. The mesh involves visible finer details such as chair legs, flowers
in a vase etc., which are represented by small volumes with negative distance values (in
blue) in the corresponding TSDFs. These values are relatively small in magnitude as the
corresponding voxels are not far away from the zero-crossing. Hence, the supervisory signal
required for learning such kind of structures becomes insufficient, considering that a few
voxels representing these objects contribute insignificantly to the loss computation. As a
result, fine details are prone to be omitted by the network and their corresponding voxels
are mostly assigned positive values. The zero-crossing can never be predicted which hinders
preserving the local structures. To enforce the prediction of these details, we propose several
auxiliary loss functions in this section.

Approach

When fine details are ignored by the network, they are mostly predicted as empty space
or some artifacts are produced in the corresponding voxels. To reconstruct the entire zero-
crossings of the structures properly, we introduce the following five individual modifications
to the loss functions which enforce sign changes at the boundaries. As previously introduced
in section 3.3, let s; be the predicted TSDF and s be the ground-truth TSDF values at the i
voxel, with n representing the number of voxels.

* Loss modification (1): We define the first sign change enforcing auxiliary loss function
as follows:

1 ]
L. = - ) relu(—s; -s;) (4.4)
i

which penalizes if the sign of the prediction deviates from the ground-truth. If both the
ground-truth and predicted TSDF values have the same sign, the zero cost is assigned.

¢ Loss modification (2): The second auxiliary loss function forces the prediction and the
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Figure 4.4.: A sample ground-truth mesh and crops from its corresponding TSDF. While
the ground-truth surface mesh involves visible fine details such as chair legs,
flowers in a vase etc., the underlying TSDF field cannot represent these details
sufficiently as it can be observed from the TSDF crops. A few voxels enclosing
these structures contribute insignificantly to the loss computation, and therefore
fine details are prone to be omitted by the network. We address this problem
with the proposed explicit surface geometry supervision approaches.
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Figure 4.5.: Behaviors of the introduced auxiliary loss functions in modifications 1-3. The
first and second loss functions penalize the regions where the signs of target and
prediction do not match, while the third function penalizes the sign mismatches
around the zero-crossing.
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ground-truth to have the sign benefiting from Ly, and L,,;, losses:

Lyax(x) = relu(—x +¢) (4.5)
Lyin(x) = relu(x + ¢) (4.6)

Using these two loss functions, we define L, which conditionally enforces either L4y
or Ly, where ¢ is a small margin.

z . o * Linax(si) %f szi >¢
Loyx = n E Leond; (Si/Si) with Leond; (i, Si) = Lyin(s;) if s < —¢ 4.7)
i
0

else

Loss modification (3): We use pooling to find consecutive cells where the minimum
value has a negative sign and the maximum value has a positive sign. Then we label
these cells to have a sign change. We compute a loss for each cell to enforce the
prediction at the location giving the minimum value to have a negative sign while the
prediction at the location giving the maximum value to have a positive sign.

Loss modification (4): We also consider giving higher weights to hard samples, which
are the voxels that our network has difficulty in regressing the TSDF value for. Owing
to the aforementioned reasons, these voxels are mostly the ones near the zero-crossings.
Therefore, we define per-voxel weights Ayqr, = Wﬁ with e > 0, to weight each voxel
inversely proportional with its ground-truth absolute distance to the zero-crossing.

Loss modification (5): With the same motivation, we also consider assigning a higher
weight to voxels that store negative ground-truth TSDF values. Thus, we propose
using two different weights Ayr, and Agyp for voxels with positive and negative
ground-truth TSDF values respectively.

As previously stated, these are proposed as individual modifications to the default loss
function L! ;. A selected auxiliary loss L}, (loss modifications 1-3) is incorporated into the
total loss function L}, with weight A,,. Figure 4.5 presents behaviors of the introduced loss
functions, where ground-truth and predicted TSDFs values are generated for illustration
purposes.

4.3.2. Point-level Supervision using Surface Meshes

Motivation

Though TSDFs are employed as intermediate representations by most of the voxel-based
MVS approaches, the final evaluations are performed using 3D metrics on the extracted
surface mesh and 2D metrics on the rendered depth maps from this predicted mesh [11, 12].
Considering this fact, we investigate whether supervising our network using the ground-truth
surface meshes enhances the quality of the reconstructions.
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One major complication of using the ground-truth surface as a supervisory signal is to make
the whole pipeline work in an end-to-end fashion. Since Marching Cube algorithm is not
differentiable with respect to topological changes owing to the linear interpolation it involves,
it is not suitable for end-to-end training. Prior work proposes several approaches towards
obtaining a differential Marching cubes algorithm [57, 59, 58, 60]. Inspired by MeshSDF [58],
which discusses how an infinitesimal perturbation on a SDF field affects geometry of the local
surface, we follow a similar methodology to make our pipeline suitable for backpropagation.

Let M = (V, F) bet the surface mesh with vertex positions V = (v1,vy,...) in R® and F
faces, MeshSDF defines Ly, as the loss function to minimize on this mesh. Considering fy as
the MLP predicting the SDF with network parameters 6, a latent code z € R? which encodes
the surface and a 3D point are provided as inputs to fg. Then, the chain rule to be evaluated
during backpropagation becomes:

aLtusk aLtusk al %

dv dfg 0z

=)

veV

(4.8)

in which only the second term, representing the gradients of mesh vertices with respect to
the underlying SDF field, is not differentiable due to Marching Cube algorithm it involves.
However, MeshSDF approximates this term by the inverse surface normal and plugs into
Equation 4.8 directly [58].

a—fe(v) = —n(v) = Vfy(v) (4.9)

Approach

We supervise our network using the ground-truth meshes only at the finest level. All the
three levels still benefit from TSDF and occupancy supervisions. The employed forward and
backward passes are provided below.

Forward pass: We keep our architecture the same by predicting TSDFs at each level, and
then calculating occupancy and TSDF losses. From the per-fragment TSDF predicted by the
finest level, we extract the surface mesh M = (V, F) via the Marching Cubes algorithm. In
order to create sufficient surface samples for the supervision, we sample both the predicted
and ground-truth meshes densely rather than using their vertices. We employ the Chamfer
distance given in Equation 4.10 as our mesh-based loss, where P and P* are the point
clouds that consist of sampled surface points from the predicted and ground-truth meshes
respectively.

1 . 2

Lep = min |[p — p*3 + min [|p — p”|| (4.10)
|P| p;, *cp* 2 |P*\ p’;’* peP 2

As the distances are penalized quadratically by the Chamfer distance, hallucinated surface

samples or missing samples in the predictions create noise to the supervision. To alleviate

this issue, we employ the provided Cauchy function and input the distances to this function

before computing the overall Chamfer distance:
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w2 d
o(d,a) = 71og(1 + (&)2) (4.11)

where a € R is the Cauchy cut-off parameter and d represents the distance between p* € P*
and p € P. This formulation enforces a decreasing gradient distribution when the cut-off is
exceeded. Thus, when the computed distance between the sampled points is larger than the
cut-off, their contribution to the supervision decreases gradually as the computed distance
diverges from the cut-off.
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Figure 4.6.: Cauchy function and its gradient. When the computed distance between the
sampled points diverges from the Cauchy cut-off parameter «, their gradients
decrease gradually and contribute less significantly to the supervision. This way,
the outliers are avoided.

Although TSDF and occupancy losses act as regularizers that prevent predicting non-
smooth meshes when the Chamfer distance is minimized only, we still incorporate several
shape regularizers to our loss function.

* Normal consistency loss, Lyc, is employed to ensure consistency across the normals of
neighboring faces.

* Mesh edge length regularization loss, Lejg,, is employed with the purpose of minimizing
edge lengths of the predicted surface.

* Laplacian smoothing regularizer, L}y, with uniform weights is used.

The final mesh-based loss has the form given in Equation 4.12 and incorporated to L2,
with a weight Aeq.

Lyesh = AcpLep + AncLne + )\edgeLedge + +ALapLLap (4-12)
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Backward pass: The steps of the adapted backward pass from [58] are listed in the following:

1. Having calculated the loss, we compute the upstream gradients aaL—;ff for each p.

2. To compute the inverse surface normals, an additional forward pass is required using
the sampled surface points [58]. This forward pass is computed by directly inputting
the surface sample and the latent code to the MLP in MeshSDF. However, since our
architecture is different from MeshSDF, we compute the forward pass by performing a
trilinear interpolation on the predicted TSDF using the samples.

3. Surface normals n(p) are computed for each p.

4. MeshSDF aims to update the latent codes by using the gradients. Unlike MeshSDF, we
update different parameters, and thus we compute the gradients of MLP with respect
to all these parameters.

4.4. Depth-related Supervision

4.4.1. Occupancy Detection using Depth Maps

Motivation

In the base architecture, to efficiently process the TSDF volume incrementally, the volume is
sparsified after each level of the coarse-to-fine hierarchy, if the predicted occupancy probabili-
ties of voxels are not within the truncation distance p. Unfortunately, if a voxel is incorrectly
sparsified in one of the coarser levels, it is not possible to recover that voxel in the finer levels
and predict its TSDF value. This makes the architecture prone to losing details. To overcome
this problem, we propose using depth maps to avoid incorrect sparsification of voxels.

Approach

In this regard, we back-project depth maps of N frames within the local fragment window
into the voxel-volume using Equation 3.6 to obtain a 3D point cloud. If at least one of the
points within this point cloud falls into a particular voxel, we mark this voxel as occupied.
Marked voxels are not sparsified even if their predicted occupancy probabilities are not
within the truncation distance. With this approach, although we do not prevent hallucinating
structures in the voxels that are incorrectly predicted as occupied, we avoid inaccurately
sparsifying voxels where there is an actual structure. Therefore, occupancy information can
be propagated from coarser levels to finer levels accurately.

4.4.2. Point-level Supervision using Depth Maps

Motivation

As previously stated, real-world datasets are prone to errors caused by sensors and also
human interference to the process, thus they are limited in terms of quality when compared
to synthetic ones. In this work, the reason behind using a synthetic dataset, InteriorNet, is
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having a mostly perfect ground-truth data which already presents a great amount of details
and thus can be used for the task of detailed 3D reconstruction. When real-world data is
used, it may be difficult to assess the reconstruction performance as their ground-truth may
be already lack of details.

Nevertheless, since we extract the ground-truth surface meshes via the Marching Cubes
algorithm and obtain the resolution-limited ground-truth TSDFs from the TSDF fusion, our
ground-truth meshes are prone to possible errors caused by the approximations within these
algorithms. This situation mitigates the benefits of employing a highly accurate ground-truth
data from InteriorNet. Therefore, target meshes used for Chamfer distance calculation in
subsection 4.3.2 may be also introducing noise to the supervision. To avoid these problems,
we propose removing the need for ground-truth meshes by directly using depth maps for
point-level surface geometry supervision.

Approach

We employ the same approach used in subsection 4.3.2 with the introduced forward and back
passes. However, instead of using the surface points densely sampled from the target mesh
for supervision, we employ the point clouds obtained from the back-projection of depth maps
as our ground-truth points. During point cloud generation, we back-project the depth maps
of N views within the local fragment window into the 3D volume.

4.4.3. TSDF Supervision using Depth Maps

Motivation

Although we propose improving the accuracy of point-level supervision using the ground-
truth depth maps in subsection 4.4.2, TSDF supervision is still prone to errors due to
ground-truth TSDFs obtained from the fusion algorithm. Therefore, we propose eliminating
the TSDF fusion completely from the pipeline and supervising the TSDF values in image
space using depth maps. By employing this approach, the training can be started immediately
without the need of an additional ground-truth generation step.

Approach

In the base architecture, voxels of the 3D TSDF grid are represented using voxel coordinates.
These voxel coordinates can be first transformed to real-world coordinates, and then can
be transformed to coordinates in the camera coordinate system using Equation 3.6. Also,
these real-world coordinates can be projected onto our depth maps. Considering that the
distance between a depth value and a z-coordinate in the camera coordinate system gives the
signed distance value for that voxel, we can compute this value on-the-fly for each voxel as
the ground-truth TSDF value. With this approach TSDFs can be supervised without the need
of an actual TSDF fusion algorithm. In the following, we introduce the steps of the proposed
approach:

1. We convert voxel coordinates to real-world coordinates in the world coordinate system.
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2. We transform center real-world coordinates of each voxel to the coordinates within
the camera coordinate system using the extrinsic parameters. We store the obtained
z-coordinates for each voxel.

3. We project center real-world coordinates of each voxel onto the N depth maps within
the current local fragment window using Equation 3.6.

4. For each voxel, we first compute N TSDF values, and then we calculate the mean L1
loss for that voxel using the N values. The steps are as follows:

a) For each of the N image coordinates obtained by projecting the voxel onto the
depth maps, we use nearest-neighbor interpolation to obtain the corresponding
depth value. Therefore, we obtain N depth values per-voxel.

b) For each of the N depth values, we compute the distance between the depth
value and the previously stored z-coordinate in the camera coordinate system. If
the distance is larger than the truncation distance p, we do not use it for TSDF
supervision. We accept the M valid values within the truncation distance, as the
ground-truth TSDF values for this voxel. If M > 0, we represent the ground-truth
occupancy of that voxel with a probability value of 1 and if otherwise, we use the
probability value of 0.

c) For each of the M ground-truth TSDF values, we compute the L1 distance to the
predicted TSDF value for that voxel. Then, we estimate the mean of L1 distances.
This averaged L1 distance becomes the final TSDF loss from that voxel. We also
calculate the BCE loss between the predicted and ground-truth occupancy value
for occupancy supervision.

5. We assign different weights to each voxel for TSDF supervision, considering from how
many views this voxel can be seen. We use all the views available for a scene rather
than using only the N views within the local window. Then, we compute the final TSDF
loss by summing up the L1 losses from each voxel and normalizing with the weights.
We also compute the mean BCE loss.

4.5. Resolution

4.5.1. 4-Level Architecture

Motivation

Using finer resolutions is a significant factor towards preserving high-level details, and thus
faithfully representing the scene. We investigate, to what extent, increasing the resolution of
the finest level affects the quality of our reconstructions in terms of preserving the details.
To this end, we insert a final fourth level with a voxel size of 2cm to the existing 3-level
coarse-to-fine hierarchy.

Approach
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The extended architecture has a 2cm resolution at the finest level and 16cm resolution at the
coarsest level. The architecture of the first three levels are kept the same and only additional
layers are added to support the fourth level. The following modifications are applied to the
default configuration:

¢ To represent the same region with a voxel size of 2cm that is previously represented
with a voxel size of 4cm and grid dimensions of (96 x 96 x 96), we increase the grid
dimensions to (192 x 192 x 192).

¢ Additional layers are added to both the 2D image backbone and 3D sparse convolu-
tional module. After the modifications, image feature maps of the finest level has the
dimension of (320 x 240 x 16). MLP channels are modified to [96,48,24,12], to support
the fourth level.

4.5.2. Neural Upsampling

Motivation

Inserting a fourth level with a finer resolution requires additional compute power together
with a longer training time owing to the increased grid dimensions and inserted convolutional
layers. To have a better intuition regarding the processing time of each level, we first
benchmark individual operations of the default 3-level coarse-to-fine hierarchy using a single
NVIDIA RTX A6000 GPU and provide the results in Table 4.2. As expected, coarsest level
requires a longer processing time owing to its dense structure which is also densely processed,
while processing time is reduced in the finer levels via sparse convolutions. Among the
operations, GRU fusion dominates the other steps of the pipeline.

Operation Processing Time (ms)
Levell - Overall: 649.51
Levell - Back-projection: 162.11
Levell - Sparse convolutions: 105.50
Levell - GRU fusion: 357.36
Level2 - Overall: 195.06
Level2 - Back-projection: 35.52
Level2 - Sparse convolutions:  63.08
Level2 - GRU fusion: 76.46
Level3 - Overall: 164.61
Level3 - Back-projection: 16.67
Level3 - Sparse convolutions: 70.49
Level3 - GRU fusion: 73.27

Table 4.2.: Processing time of each level.
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To alleviate any compute problems that are intensified with the insertion of an additional
level, we consider neural upsampling after the third level. This way, we can eliminate some
of the compute demanding steps while increasing the final voxel resolution to 2cm.

Approach

To this end, after obtaining the sparsified TSDF volume from the third level, the upsampling
via nearest-neighbor interpolation and back-projection steps are skipped. The sparsified
volume is directly processed by a 3D convolutional network with fewer layers to obtain
the required resolution. Then, the volume can be used as an input to the Marching Cubes
algorithm to extract the 2cm resolution mesh. With this approach, back-projection and GRU
fusion are completely eliminated from the fourth level and only the 3D convolutions are
employed which take 59.12ms.
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In this chapter, we introduce our experiments and deliver their results in order to perform
an extensive evaluation of our methods. First, we explain the experimental methodology
followed, and then we continue with presenting our results.

5.1. Experimental Methodology

In this work, we conduct two sets of experiments. First, we individually evaluate the
performances of the proposed methods and selectively combine these methods into a final
approach considering their validation set accuracy. Then, we perform experiments for
comparing our final approach with the state-of-the-art. We present our results in this order,
however the interested reader in our comparison with the state-of-the-art can skip to the
section 5.4. Below, we delineate the experimental methodology followed:

1. Experiments on Individual Methods: The main goal of this first set of experiments,
is to observe whether the proposed approaches individually contribute towards recon-
structing detailed surfaces. We employ a single proposed method at a time, perform
our training based on the introduced method, evaluate the obtained model and com-
pare with the baseline. Therefore, this set of experiments can be also considered as
controlled experiments. Considering the evaluation results of the individual methods on
the validation set, we combine a few of them into a single final approach with the aim
of observing to what extent we can improve the 3D reconstruction performance.

Data: Considering the time required for training, we employ InteriorNet-200 data,
previously introduced in subsection 3.4.1. This smaller subset consists of 200
training and 50 validation scenes which are sampled from the corresponding splits
of the main data. We train our models on the training set and evaluate our methods
on the validation set.

Resolution: Unless otherwise stated, we use ground-truth TSDFs with a 4cm voxel size
at the last level for the training. Again, we employ ground-truth meshes extracted
from a TSDF with a 4cm voxel size at the finest level for the metric evaluation on
the validation set.

Pre-trained model: Networks for 3D reconstruction tasks require longer training times
owing to the amount of data, 2D & 3D convolution operations, cubic representa-
tions, convergence requirements etc. As it is not possible to train our network for
each of the experiments from scratch, we employ a pre-trained model considering
the time constraints. Unless otherwise stated in the related experiment sections,
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the pre-trained model is the base architecture from NeuralRecon with the default
configuration introduced in Table 4.1. It was trained on InteriorNet-full data with
500 training scenes and has a voxel size of 4cm at the last level. We used Adam
optimizer with f; = 0.9 and B; = 0.999, and an initial learning rate of 1e-3 with a
0.5 decay at the epochs 12, 24, 48. We performed the training for 60 epochs. We
refer to this model as PreTrainedInt_4.

General training details: For further training our models on PreTrainedInt_4 using the
proposed methods, we employed a learning rate of 1.25e-4 with a 0.5 decay at
every 12 epochs. We used early stopping in our trainings and we employed the
previously mentioned InteriorNet-200 data for this part of the training.

Baseline: To evaluate whether the proposed methods contribute towards our final goal,
we need a baseline that does not involve any modifications. With that purpose, we
employed the introduced PreTrainedInt_4, trained it further on InteriorNet-200 data
without applying any modifications and used it as our baseline model. The reason
for further training on a smaller subset of data, is to provide a fair comparison
with the models employing one of the proposed methods. We refer to this baseline
model as baselinelnt-4.

General evaluation details: From the predicted TSDFs, we extract the surface meshes
via the Marching Cubes (MC) algorithm and then compute the previously intro-
duced metrics on the meshes. However, owing to the TSDF fusion implementation
of NeuralRecon [12], the unobserved voxel space is filled with the positive truncation
value 1. Therefore, MC algorithm considers this sudden transition from negative
sign to positive sign as an implicit surface and produces double-layered meshes.
However, other state-of-the-art approaches generate single-layered meshes and
perform comparison on them. To make a fair comparison, we also report the results
on single-layered meshes.

For this purpose, we first render depth maps from the double-layered predicted
meshes. Then, we re-fuse these rendered depth maps into a TSDF volume using
the TSDF fusion implementation from Open3D [76]. Re-fusing is also beneficial for
removing filled holes as they are also penalized by 3D geometry metrics. Final
single-layered predicted meshes are obtained by using Open3D version of MC. This
approach is also used on ground-truth depth maps to obtain single-layered ground-
truth surface meshes. 3D metrics, then, can be used to evaluate the predicted 3D
geometry.

2. Comparison with State-of-the-art: After selecting the best performing approaches to be
combined, we perform trainings on the full data to obtain our final models. We employ
two datasets, namely InteriorNet and ScanNet, for the training and evaluation of our
models. These, final models are used in comparison with state-of-the-art. We describe
the experimentation and evaluation details in section 5.4.

We specifically highlight if our experiments require deviations from the introduced experi-
mental methodology.
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5.2. Evaluation Metrics

In order to evaluate 3D reconstruction quality, we use two sets of metrics: 1) standard 2D
depth metrics defined in [79] and 2) 3D geometry metrics presented in [11].

5.2.1. 2D Depth Metrics

For a ground-truth depth map D*(u,v) and depth map D(u, v) rendered from the predicted
3D mesh, we apply a depth threshold on both D*(u,v) and D(u,v) to remove noise. Then,
we define 7 as the number of pixels with both valid ground truth and predictions. d, ) is the
depth value at the pixel (u,v) in the predicted depth map D(u,v), while d7,  is the depth
value at the pixel (#,v) in the ground-truth depth map D*(u, v).

We calculate the following error metrics:

Absolute Relative Difference

1 * *
AbSRel = E Z ‘d(u’v) - d(u,v)‘/d(u,v) (51)
(u,0)
Absolute Difference ]
AbsDiff = - Yo ldge) — )] (5.2)
(u)

Squared Relative Difference

1 . .
SqRel = - Y ) —d(ulv)]z/d(ulv) (5.3)
(u,0)

Linear Root Mean Square Error (RMSE)

1
RMSE = |-} |0 = {0 (5.4)
(0)

2D Completeness Returns the percentage of valid predictions.

5.2.2. 3D Geometry Metrics

We evaluate the 3D geometry of predicted meshes using accuracy, 3D completeness, precision,
recall, F-score and Chamfer distance. As stated previously, we re-fuse predicted (rendered
from the extracted mesh) & ground-truth depth maps using Open3D into a TSDF volume
and extract the surface meshes. We convert the single-layered meshes to point clouds for
computing our metrics. Let P and P* are the predicted and ground-truth point clouds, p € P
and p* € P*, we employ the following error metrics:
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Accuracy We calculate the point cloud accuracy as the minimum distance from predicted
points to the ground-truth points, as in

Acc = meany,cp(min [p —p*|) (5.5)

Completeness It is calculated as the minimum distance from the ground-truth points to
the predicted points:

Comp = mean+ep+(min [|p — p*||) (5.6)
peP
Precision
Prec = mean,cp( rlrulg p—p*| <.05) (5.7)
p*e
Recall
Recall = mean,«.p+(min ||p — p*|| < .05) (5.8)
peP
F-score o Recall
X Prec x Reca
F = score = Prec + Recall &)

which gives the harmonic mean of the precision and recall.

Chamfer Distance

2
" min (5.10)
|P|,,Z€1:: nin 7~ "2+ 5 |p§” min [lp ~ p*Il;

5.3. Performance of Individual Methods

We study the effects of the proposed methods on detailed 3D scene reconstruction in this
section. We follow the same ordering from subsection 4.1.2, and therefore we also organize
the experiments presented in this section as follows: 1) TSDF & occupancy supervision, 2)
surface geometry supervision, 3) depth-based supervision and 4) resolution. Please note that,
although we follow this ordering to present our experiments, our methods are independent
from each other and experiments were performed for each method individually.

For each of the methods, we first mention the additional experimentation and evaluation
details, if required. Then, we discuss the quantitative evaluation results obtained, while
providing a comparison with the baseline. At the end of the section, we provide a brief
summary of the findings and introduce our final combined approach.
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5.3.1. TSDF & Occupancy Supervision

In this section, we present the experimental results of our methods proposed to improve
the TSDF & occupancy supervision. Therefore, we deliver the results for: 1) gradient-
based supervision from subsection 4.2.1, 2) TSDF generation from meshes introduced in
subsection 4.2.2, and 3) simple occupancy probability prediction from subsection 4.2.3.

Experimentation & Evaluation Details

All of the experiments presented in this section follow the experimental methodology intro-
duced in section 5.1. As the proposed gradient-based supervision and TSDF generation from
meshes are more related than the other approaches, we deliver their quantitative results in a
single table.

Gradient-based Supervision: The introduced gradient-based loss term is incorporated to
the default loss function with weight A4 and we selected the weight via a grid search.

TSDF Generation from Meshes: We present the results for both scanning & sampling
techniques. For each technique, we consider two models where each model corresponds to
one of the introduced two approaches:

¢ Approach (1): TSDF supervision using the generated TSDFs as the ground-truth.

¢ Approach (2): Unsigned distance supervision, using distances from the generated
TSDFs and signs from the default ground-truth TSDFs, as the ground-truth.

Simple Occupancy Probability Supervision: To convert the occupancy grid into a mesh,
we mark the voxels as occupied if their occupancy probabilities are larger than a pre-defined
threshold, then we extract the surface mesh using these occupied voxels. We set this occupancy
threshold to 0.5 in our evaluations.

Evaluation Results

The evaluation results for gradient-based supervision and TSDF generation from meshes
are provided in Table 5.1. The sampling based approaches outperform the ones based on
scanning, in almost all of the metrics. Although sampling works better on watertight meshes
and our meshes are not watertight, this result is expected when the gradient magnitude
visualizations of SDFs generated via scanning technique are considered (see Figure 4.3). While
SDFs from scanning involve a high number of artifacts which are due to the inaccurately
oriented normals causing incorrectly estimated signs, we reduce the tendency to create
inconsistencies in both distance and sign estimations by using 10M sampled points in the
sampling technique. This situation is better observed when Approach (2) is employed, where
the scanning technique almost achieves at par performance with the sampling technique,
when reasoning about the sign of a voxel is not required.

Approaches using generated TSDFs from the meshes mostly provide improvements in
2D metrics considering that they generate more consistent TSDFs which is proved by the
gradient distributions in Figure 4.3. However, the improvement is remained limited to depth
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metrics. Similarly, the method using a gradient-based loss term surpasses the baseline in 2D
metrics, while the baseline shows a better performance in geometry prediction. This limited
improvement in metrics can be explained by the fact that both methods employ derived
representations. For instance, ground-truth gradients are derived from the underlying
ground-truth TSDF field. Therefore, they also tend to inherit any inconsistencies within the
ground-truth TSDFs or inaccuracies within the TSDF fusion implementation of NeuralRecon.
Similarly, the generated TSDFs from meshes inherit the inaccuracies within the ground-truth
meshes and the MC algorithm employed.

Method ‘ 2D Depth Metrics
‘ AbsRel |  AbsDiff | SqRel | RMSE | 2D Comp 1
Gradient-based supr. | 0.707 0.213 2.129 0.444 0.864
Approach (1) smpl 0.647 0.203 2.118 0.422 0.854
Approach (1) scan 0.937 0.237 3.318 0.489 0.781
Approach (2) smpl 0.760 0.213 2.503 0.439 0.838
Approach (2) scan 0.782 0.228 2.592 0.462 0.839
baselinelnt-4 0.914 0.228 2.970 0.457 0.858
Method ‘ 3D Geometry Metrics
‘ Recall T Prec 1 F-score + 3D Comp | CD|
Gradient-based supr. | 0.572 0.839 0.673 0.200 0.191
Approach (1) smpl 0.564 0.862 0.672 0.214 0.204
Approach (1) scan 0.485 0.885 0.613 0.302 0.321
Approach (2) smpl 0.540 0.859 0.653 0.230 0.209
Approach (2) scan 0.536 0.851 0.648 0.225 0.203
baselinelnt-4 0.580 0.850 0.682 0.197 0.184

Table 5.1.: Quantitative evaluation results of the introduced gradient-based supervision
and supervision using generated TSDFs from meshes. (See section 5.2 for metric
definitions). The upper first model in the top and bottom blocks, was trained on
the default ground-truth TSDFs by using a gradient-based loss term in addition
to TSDF & occupancy losses. For other models, TSDF supervision was performed
by using the generated TSDFs from meshes via either employing sampling (smpl)
or scanning (scan) techniques, as the ground-truth. BCE loss was also employed
while gradient-based loss was not used. By the usage of generated TSDFs via
sampling, 2D metrics are dominated as the generated TSDFs are more consistent.
The improvements obtained by employing the proposed methods are limited to
2D metrics, as the baseline still shows a superior performance on 3D metrics.

Using only the occupancy probabilities as a supervisory signal provides incomplete meshes
which can be observed from Figure 5.1. We concluded that supervising with only occupancy
values is not suitable to our current architecture, and thus we did not perform any further
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quantitative evaluations.

Figure 5.1.: Qualitative evaluation results of using only occupancy values for supervision.
Considering the incompleteness of the meshes, we concluded that supervising
with only occupancy values is not suitable to our current architecture.

5.3.2. Surface Geometry Supervision

In this section, we evaluate the performance of our models trained using explicit surface
geometry supervision. More specifically, we deliver the results for: 1) employing a sign
enforcing loss term introduced in subsection 4.3.1 and 2) point-level supervision using surface
meshes from subsection 4.3.2.

Experimentation & Evaluation Details

All of the experiments presented in this section follow the experimental methodology intro-
duced in section 5.1.

Sign Enforcing Loss Term: We present the evaluation results of the five loss modifications
proposed, where we denote each of the proposed modification as Loss modification (X). The
proposed first three approaches require incorporating an auxiliary sign enforcing loss term
to the default loss function with weight A,,,. Also, the fifth modification introduces two
weights, Ayqr1 and Aggyr—, for positive and negative distances respectively. We selected these
weights using a grid search.

Point-level Supervision using Surface Meshes: In this approach, we propose to addi-
tionally supervise our network using the ground-truth surface mesh samples. Other than
employing Chamfer distance as our loss function, we also propose using the Cauchy function,
shape regularizers and a densely sampling strategy. To study the effects of these components,
we trained and evaluated the following models, where PLM refers to point-level supervision
using meshes.

¢ PLM only: Only Chamfer distance is used for surface supervision. It can be considered
as the simplest model.
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¢ PLM & Cauchy: Cauchy function is used additionally to mitigate the effect of outliers
which introduces noise to the supervision.

¢ PLM & Cauchy & Smpl: Both the predicted and ground-truth meshes are densely
sampled to create adequate points for the supervision.

¢ PLM & Cauchy & Smpl & SReg: Shape regularizers are employed to prevent predicting
non-smooth surfaces when Chamfer distance is minimized only.

Weight A, of this mesh-based loss and Cauchy cut-off parameter a were selected via a
grid search. We used the publicly available implementations of the shape regularizers from
PyTorch3D [80].

Evaluation Results

Table 5.2 shows how the proposed sign enforcing loss terms affect the metrics. When the
proposed loss functions are employed, we generally outperform the introduced baseline in all
of the metrics. Among all, Loss Modification (3) enhances the predicted 3D geometry most,
which is expected given that it directly acts on the boundary voxels where there is a sign
change while Loss Modification (1) and Loss Modification (2) penalize a whole voxel region
if voxel signs are incorrectly predicted. Loss Modification (4), that assigns higher weights
to voxels near the zero-crossing, improves the 2D metrics significantly while achieving the
second best performance in 3D metrics among other loss modifications. This is also expected
considering that it encourages the network to learn the zero-crossing transitions by explicitly
giving more importance to these boundaries, and therefore can be considered as a good
modification to the default loss function.

The results for point-level supervision using surface meshes are shown in Table 5.3. The
proposed surface mesh supervision method outperforms the baseline easily when Cauchy
function is used together with the densely sampling strategy. With the Cauchy-based loss
function, we explicitly enforce the network to consider surface points within a predefined
range which are also the points that can provide an accurate supervisory signal. Therefore,
the noise generated by outliers are mostly removed from the supervision, which is reflected
as a major improvement in 2D metrics when compared to the only Chamfer distance used
version. By additionally sampling the surface meshes densely, we achieve a substantial
improvement in 3D completeness and Chamfer distance, which is expected given that we
introduce more surface samples to estimate the 3D geometry. We observe that, though shape
regularizers mitigate the surface artifacts, they also tend to remove the fine-scale details
within the surface. They can be still exploited for reconstructing scenes consisting of mostly
larger coarse structures, however they are not suitable for complex scenes with higher-level
details. Therefore, 2D and 3D metrics drop slightly in the utilization of shape regularizers.

When the quantitative evaluation results of surface geometry supervision are considered,
both the proposed loss modifications and the point-level surface mesh supervision contribute
significantly towards bringing back higher-level details and enhancing the predicted 3D
geometry as a whole. While a major improvement on the accuracy of rendered depth maps is
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Method ‘ 2D Depth Metrics
| AbsRel | AbsDiff | SqRel | RMSE | 2D Comp
Loss modification (1) | 0.824 0.238 2.672 0.482 0.839
Loss modification (2) | 0.743 0.225 2.515 0.460 0.848
Loss modification (3) | 0.843 0.220 2.717 0.457 0.862
Loss modification (4) | 0.783 0.223 2.357 0.449 0.859
Loss modification (5) | 1.020 0.255 3.063 0.492 0.863
baselinelnt-4 0.914 0.228 2.970 0.457 0.858
Method ‘ 3D Geometry Metrics
‘ Recall ¥  Prec 1 F-scoret 3D Comp | CD|
Loss modification (1) | 0.557 0.863 0.667 0.224 0.211
Loss modification (2) | 0.570 0.864 0.678 0.216 0.203
Loss modification (3) | 0.593 0.843 0.690 0.193 0.179
Loss modification (4) | 0.578 0.857 0.682 0.203 0.193
Loss modification (5) | 0.572 0.843 0.674 0.209 0.193
baselinelnt-4 0.580 0.850 0.682 0.197 0.184

Table 5.2.: Quantitative evaluation results of the introduced loss modifications. (See sec-
tion 5.2 for metric definitions). Loss Modification (3) enhances the predicted 3D
geometry most, which is expected given that it directly acts on the boundary voxels
where there is a sign change. Loss Modification (4), that assigns higher weights to
voxels near the zero-crossing, improves the 2D metrics significantly while achieving
the second best performance in 3D metrics among other loss modifications. From
the comparison with the baseline, we concluded that utilizing an auxiliary loss
term to encourage a correct TSDF sign prediction is advantageous.
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Method ‘ 2D Depth Metrics
| AbsRel | AbsDiff | SqRel | RMSE | 2D Comp
PLM only 0.842 0.228 2.564 0.464 0.854
PLM & Cauchy 0.594 0.191 1.880 0.421 0.858
PLM & Cauchy & Smpl 0.657 0.198 2.035 0.431 0.876
PLM & Cauchy & Smpl & SReg | 0.625 0.209 2.018 0.443 0.859
baselinelnt-4 0.914 0.228 2.970 0.457 0.858
Method ‘ 3D Geometry Metrics
‘ Recall T Prec © F-score ¥ 3D Comp | CD |
PLM only 0.588 0.842 0.686 0.193 0.187
PLM & Cauchy 0.558 0.845 0.662 0.225 0.224
PLM & Cauchy & Smpl 0.598 0.822 0.686 0.184 0.182
PLM & Cauchy & Smpl & SReg | 0.580 0.842 0.679 0.204 0.196
baselinelnt-4 0.580 0.850 0.682 0.197 0.184

Table 5.3.: Quantitative evaluation results of the introduced point-level supervision using
surface meshes. (See section 5.2 for metric definitions). The surface mesh super-
vision approach combined with the Cauchy function and the densely sampling
strategy, improves both the 2D and 3D metrics considerably, while shape regulariz-
ers also smoothen the fine-scale details causing a slight drop in the metrics. The
employed Cauchy function (PLM & Cauchy) succeeds in mitigating the effects of
outliers and enhances the metrics significantly when compared to only Chamfer
distance used version (PLM only). With sampling (PLM & Cauchy & Smpl), a
substantial improvement is achieved in 3D completeness and Chamfer distance as
we provide more surface samples to estimate the 3D geometry.
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observed with the use of surface mesh supervision, this improvement is relatively limited for
the proposed loss modifications.

5.3.3. Depth-based Supervision

Within this section, we study the effects of using depth maps in supervision rather than
relying on processed representations such as TSDFs from the TSDF fusion algorithm and
surface meshes extracted via the MC algorithm. We present the results for three depth-based
proposed methods: 1) occupancy detection using depth maps from subsection 4.4.1, 2) point-
level supervision using depth maps introduced in subsection 4.4.2 and 3) TSDF supervision
using depth maps from subsection 4.4.3.

Experimentation & Evaluation Details

All of the experiments presented in this section follow the experimental methodology intro-
duced in section 5.1.

Point-level Supervision using Depth Maps: Weight of the introduced loss term and
Cauchy cut-off parameter « were selected by performing a grid search. Having found out,
shape regularizers do not contribute as expected to the supervision, we did not use them in
this experiment. We denote this model as PLD & Cauchy & Smpl. Please recall that, this
approach is introduced as an alternative to the point-level supervision using surface meshes.
Therefore, we compare these two approaches whenever required.

TSDF Supervision using Depth Maps: We selected the truncation distance p as 12cm,
similar to [12].

Evaluation Results

The results for occupancy detection using depth maps are provided in Table 5.4. The proposed
approach surpasses the baseline in almost all of the 2D metrics and achieves comparable
results in 3D metrics. Specifically, we observe improvements in 3D completeness and Chamfer
distance which are due to the accurate propagation of occupancy information to the finer
levels. By also keeping the voxels in which a back-projected depth pixel falls into, we remove
the possibility of a voxel being sparsified when an incorrectly lower occupancy probability
is predicted for that voxel. However, as occupancy predictions are still used together with
the back-projected depth maps, our approach do not prevent hallucinating structures in the
voxels that are incorrectly predicted as occupied.

We present the results of point-level supervision using depth maps in Table 5.5. Similar
to the point-level supervision using surface meshes, using back-projected depth maps for
this purpose improves both the 2D and 3D metrics considerably. As this approach relies
on actual sensor measurements for supervision, it can be also considered as a more robust
alternative for surface geometry supervision when compared to using surface meshes for the
same purpose.
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Method ‘ 2D Depth Metrics
| AbsRel | AbsDiff | SqRel |  RMSE | 2D Comp 1
Occupancy det. w. depth | 0.747 0.210 2.440 0.435 0.855
baselinelnt-4 0.914 0.228 2.970 0.457 0.858
Method ‘ 3D Geometry Metrics
‘ Recall Prec 1 F-score t 3D Comp | CD|
Occupancy det. w. depth | 0.562 0.864 0.671 0.194 0.181
baselinelnt-4 0.580 0.850 0.682 0.197 0.184

Table 5.4.: Quantitative evaluation results of the introduced occupancy detection technique.
(See section 5.2 for metric definitions). The proposed approach surpasses the
baseline in almost all of the 2D metrics and achieves comparable results in 3D
metrics. Specifically, the 3D completeness and Chamfer distance are improved by
enabling an accurate propagation of the occupancy information to the finer levels.

Method ‘ 2D Depth Metrics
| AbsRel | AbsDiff | SqRel | RMSE | 2D Comp 1
PLD & Cauchy & Smpl | 0.790 0.200 2.527 0.432 0.874
baselinelnt-4 0.914 0.228 2.970 0.457 0.858
Method ‘ 3D Geometry Metrics
‘ Recall +  Prec 1 F-score t 3D Comp | CD|
PLD & Cauchy & Smpl | 0.595 0.836 0.688 0.185 0.178
baselinelnt-4 0.580 0.850 0.682 0.197 0.184

Table 5.5.: Quantitative evaluation results of the introduced point-level supervision using
depth maps. (See section 5.2 for metric definitions). The proposed approach using
back-projected depth maps for surface geometry supervision improves both the 2D
& 3D metrics substantially. We consider this approach as a more robust alternative
for surface geometry supervision, when compared to point-level supervision
approach that uses surface meshes for the same purpose.
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Table 5.6 shows the results of TSDF supervision using depth maps. The proposed approach
exhibits at par or slightly worse performance in both 2D & 3D metrics when compared to
the baseline. This is because the TSDF fusion algorithm [15] uses all the frames available,
while our approach uses only use N views within the local fragment window to estimate the
ground-truth TSDF values. However, it is promising to see that the proposed approach shows
a close-by performance to the baseline with a limited amount of views, since the accuracy of
our method can be further improved by increasing the number of frames used. Additionally,
the proposed approach removes the dependency to an off-the-shelf TSDF fusion algorithm.
This way, the pipeline can be cleared from the additional pre-proccesing step and training can
be started directly. Also, by reducing the gap between the ground-truth data and the scene
representation, we provide robustness to the overall TSDF supervision and avoid possible
inaccuracies within the implementation of the employed TSDF fusion algorithm.

Method ‘ 2D Depth Metrics
| AbsRel | AbsDiff | SqRel | RMSE | 2D Comp
DepthTSDFSupr | 0.944 0.237 2.852 0.474 0.848
baselinelnt-4 0.914 0.228 2.970 0.457 0.858
Method ‘ 3D Geometry Metrics
‘ Recall ¥  Prec 1 F-score t 3D Comp | CD|
DepthTSDFSupr | 0.572 0.847 0.674 0.212 0.210
baselinelnt-4 0.580 0.850 0.682 0.197 0.184

Table 5.6.: Quantitative evaluation results of the introduced TSDF supervision approach
using depth maps. (See section 5.2 for metric definitions). The proposed ap-
proach provides at par or slightly worse results in the metrics. Please note that,
while TSDF fusion [15] uses all the frames available, we only use N views within
the local fragment window to generate the ground-truth TSDF values on-the-fly.
Considering the accuracy of our method can be further improved by increasing
the number of frames used, it is promising that the proposed approach shows a
close-by performance to the baseline with a limited number of views.

5.3.4. Resolution

We study the effects of increasing the resolution of the finest level in this section, by focusing
on the proposed 4-level architecture and neural upsampling from subsection 4.5.1 and
subsection 4.5.2 respectively.

Experimentation & Evaluation Details

Our experimentation and evaluation details deviate from the introduced experimental method-
ology owing to the change in resolution. We cannot employ a pre-trained model this time
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due to the architectural changes proposed, therefore we performed all of our trainings from
scratch. We employed early stopping during training. We used the training set of InteriorNet-
full dataset in our from-scratch trainings and again evaluated our models on the validation
set of InteriorNet-200 dataset.

It is not fair to compare an architecture that has a voxel size of 2cm at the finest level, with
an architecture that uses 4cm at its last level. Therefore, we employ a 3-level baseline that is
trained from scratch by using a voxel size of 2cm at its last level on the InteriorNet-full dataset.
We refer to this baseline as baselinelntScratch-2. We compute the 3D geometry metrics for each
model on the ground-truth meshes with 2cm resolution, considering that the improvements
can be much more easily observed when higher resolution meshes are employed.

Evaluation Results

Table 5.7 demonstrates the quantitative evaluation results of resolution related experiments.
Inserting a fourth layer with a voxel resolution of 2cm achieves better results in both 2D &
3D metric evaluations when compared to baseline, while the model using neural upsam-
pling falls behind both the other models. Since neural upsampling eliminates several steps
including back-projection and GRU fusion, it cannot benefit from the multi-level information
incorporated from these stages. This shows the contribution of these steps to the base archi-
tecture while also revealing that a direct neural upsampling is not suitable for increasing the
resolution in our network.

We relate the minor improvement in the performance of the 4-level architecture when
compared to 3-level one with the increased capacity of the network. However, the difference
in metrics between these two architectures, is not significant. Therefore, considering the
trade-off between accuracy and efficiency, either 4-level or 3-level architecture with a voxel
size of 2cm at the finest level can be selected.

5.3.5. Combined Approach

In this section, we briefly summarize our findings and introduce our final approach that
is a combination of the individually proposed approaches. We select the approaches to be
combined, considering the quantitative results presented in the previous sections.

From the experiments on individual methods, we observed that surface geometry supervi-
sion using either back-projected depth maps (PLD) or sampled surface points from the target
mesh (PLM), improves the accuracy of the reconstructions significantly. We further compare
these two surface geometry supervision approaches using a cumulative distribution plot for
the distances between the predicted vertices and the target vertices. As it can be observed
from Figure 5.2, PLD exhibits better accuracy, which is an expected behavior as it relies on
actual sensor measurements for supervision rather than samples of the approximated 3D
meshes. In addition to that, considering the robustness of using depth maps as the source
of supervision and possible inaccuracies in the target meshes, we select PLD as our main
surface geometry supervision approach.
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Method ‘ 2D Depth Metrics
‘ AbsRel |  AbsDiff | SqRel | RMSE | 2D Comp 1
4-level arch. 1.181 0.261 3.569 0.494 0.848
Neural upsampling 1.480 0.366 4.427 0.609 0.798
baselinelntFull-2 1.266 0.272 3.950 0.510 0.849
Method ‘ 3D Geometry Metrics
‘ Recall +  Prec 1 F-score t 3D Comp | CD|
4-layer Architecture (2cm) | 0.552 0.855 0.661 0.213 0.210
Neural upsampling (2cm) | 0.462 0.816 0.578 0.317 0.360
baselinelntFull-2 (2cm) 0.544 0.844 0.652 0.220 0.219

Table 5.7.: Quantitative evaluation results of the introduced 4-level architecture and neural
upsampling technique. (See section 5.2 for metric definitions). 4-level architecture
achieves better results in both 2D & 3D metric evaluations when compared to
baseline. However, neural upsampling falls behind the other models owing to not
exploiting the multi-level information incorporated from steps like back-projection
and GRU fusion.
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Figure 5.2.: Cumulative error distributions of PLM and PLD approaches. Using back-
projected depth maps for surface geometry prediction yields superior accuracy
when compared using target surface samples for the same purpose.
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By using a sign enforcing loss term, we specifically encouraged the network to predict
the signs of the distances correctly, and therefore we obtained more accurate zero-crossing
predictions.

We avoided the loss of details at the earlier levels caused by an incorrect sparsification of
voxels, via exploiting depth maps as an auxiliary tool. This is also reflected to evaluations with
a considerable increase in 2D & 3D metrics. By eliminating the TSDF fusion algorithm from
the pipeline and employing an on-the-fly ground-truth TSDF value estimation procedure, we
could achieve on par or slightly worse performance to the baseline approach using TSDF
fusion in most of the metrics. Although our approach does not use all of the available frames,
we consider obtaining a close-by performance with only N frames within the local window
as a promising achievement. Considering that the accuracy of our method can be further
improved by increasing the number of views used, we decided to include this method to our
final approach.

By benefiting from a mesh to SDF conversion algorithm, we showed that more consistent
SDF representations can be obtained that satisfy the Eikonal property. However, while
approaches using TSDFs generated from the meshes or a gradient-based loss term contributed
to some of the metrics, improvements were limited to 2D metrics only. We concluded that,
as both the TSDFs generated from meshes and gradients are derived from the ground-truth
meshes or ground-truth TSDFs respectively, these are inherently prone to inaccuracies within
them. In addition to that, they also provide limited additional information to the supervision
owing to being derived representations.

Considering that the state-of-the-art employs a voxel resolution of 4cm and using a finer
resolution can be always employed to improve the accuracy in the presence of sufficient
compute power and memory, we do not include 4-level architecture to our combined approach.
This way, we can obtain a fair final model to be compared with state-of-the-art.

Considering the quantitative evaluation results of the proposed methods and these obser-
vations, we choose the approaches to be combined as follows:

¢ Sign enforcing loss term, Loss Modification (3)
¢ Point-level supervision using depth maps
¢ Occupancy detection using depth maps

¢ TSDF supervision using depth maps

5.4. Comparison with State-of-the-art

In this section, we present quantitative and qualitative evaluation results of our final combined
approach introduced in the previous section. We perform our experiments on both InteriorNet
[16] & ScanNet [17] datasets and provide a detailed comparison with state-of-the-art. The
descriptions of the datasets are available in Table 3.1.
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5.4.1. Evaluations on InteriorNet
Experimentation & Evaluation Details

Since these are the experiments for evaluating the performance of the final combined approach,
we use the whole data that is readily available instead of using smaller subsets. Therefore, we
employ the previously introduced InteriorNet-full for both training and evaluation. We use
ground-truth TSDFs at 4cm resolution in our training and adopt ground-truth meshes at 2cm
resolution for the metric evaluation on the test set.

We again employ a pre-trained model and further train it using our final combined approach.
The pre-trained model is the base architecture from NeuralRecon with the default configuration
introduced in Table 4.1. It was trained on InteriorNet-full data with 500 training scenes at a
voxel-grid resolution of 4cm. We used Adam optimizer with 1 = 0.9 and B; = 0.999, and
an initial learning rate of 1e-3 with a 0.5 decay at the epochs 12, 24, 48. We performed the
training for 60 epochs. For further training our model on the pre-trained model, we employed
a learning rate of 1.25e-4 with a 0.5 decay at every 12 epochs. During training, we did not
apply early stopping and we waited until convergence.

For comparison purposes, we trained a model from scratch on InteriorNet-full data without
any modifications. We used the aforementioned training details used for the pre-trained
model. However, to provide a fair comparison with our final approach, we employed a
learning rate of 1.25e-4 with a 0.5 decay at every 12 epochs, after training this model for 60
epochs. During training, we did not apply early stopping and we waited until convergence.
We use this model as our baseline from NeuralRecon and denote it as NeuralRecon [12].
Following the evaluation procedure of individual approaches described in section 5.1, we
generate single-layered meshes from our double-layered predicted meshes using the TSDF
fusion and MC implementations of Open3D. We also use the same approach to generate
single-layered ground-truth meshes at 2cm resolution and perform our evaluations on them.

Evaluation Results

Table 5.8 shows how our method performs when compared to NeuralRecon [12] on InteriorNet
data. Our method outperforms NeuralRecon in 3D metrics by improving the metrics consis-
tently. Specifically, in 3D completeness and Chamfer distance, we achieve approximately a
15% decrease with respect to NeuralRecon. We also achieve a considerable improvement in
F-score, which reflects the accuracy and again completeness of our reconstructions. For 2D
metrics, we have comparable performance to [12].

Additionally, we would like to highlight that we mostly improve in fine-scale geometric
details which are usually not visible in these average-based metrics. Therefore, to better
exhibit the performance of our approach, we provide the cumulative distribution plot in
Figure 5.3, for distances between the vertices of the predicted surface meshes and the target
surface meshes. Our method outperforms NeuralRecon with a significant margin by having
more than 85% of the vertices in the first 0.05 meters, where the same number is 76% for
NeuralRecon. In the first 0.5 meters, we still deliver superior performance. This result proves
that our method can successfully preserve fine-scale details while reconstructing the overall
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Method ‘ 2D Depth Metrics
| AbsRel | AbsDiff | SqRel |  RMSE | 2D Comp 1
NeuralRecon [12] | 0.583 0.169 1.823 0.384 0.875
Ours 0.584 0.174 1.687 0.397 0.890
Method ‘ 3D Geometry Metrics
‘ Recall ¥  Prec 7 F-score ¥ 3D Comp | CD |
NeuralRecon [12] | 0.556 0.878 0.672 0.240 0.246
Ours 0.600 0.854 0.698 0.206 0.205

Table 5.8.: Comparison in 2D depth metrics & 3D geometry metrics between our method
and NeuralRecon [12] on InteriorNet dataset. Our method exhibits superior
performance in 3D metrics when compared to NeuralRecon, by improving the
metrics consistently. Especially in 3D completeness and Chamfer distance, we
achieve more than a 15% decrease with respect to [12]. In 2D metrics, our method
shows a similar performance to [12]. We would like the recall that we mostly
improve in fine-scale geometric details which are usually not visible in these
average-based metrics. Please see Figure 5.3 which addresses this issue and
provides a more suitable quantitative comparison for our task. Qualitative results
are presented in Figure 5.5 and Figure 5.6.
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Figure 5.3.: Cumulative distribution of the distances between the vertices of the predicted
surface meshes and the target surface meshes. Our method performs better
when compared to NeuralRecon by predicting more than 85% of the vertices in
the first 0.05 meters, while the same number is 76% for NeuralRecon. This result
shows that we can reconstruct fine-scale details while reconstructing the overall
scene accurately.
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scene accurately. We additionally provide Figure 5.4 to represent the amount of predicted
closest vertices within the first 0.05 meters to the corresponding vertices of the target mesh.
The green areas represent where we can predict vertices within the 0.05 meters to the target,
while the red areas represent the vertices that we cannot predict in this range. It can be
observed that our method is able to reconstruct many fine-scale details such as the chair
legs, flowers in the vase, sharp edges as well as corners, by predicting the vertex locations
accurately within the first 0.05 meters. Our method also performs better on coarser structures,
e.g. reconstructs the wall more straight in this example. However, NeuralRecon predicts less
vertices within the first 0.05 meters.

Within 0.05 meters
@ oOther

NeuralRecon

Figure 5.4.: Qualitative representation of the amount of predicted closest vertices within the
first 0.05 meters to the corresponding vertices of the target mesh. The upper row
represents the predictions from our method and NeuralRecon. Closest predicted
vertices within the 0.05 to target vertices are represented in green, while the others
are represented in red. Our method is able to predict more vertices within this
range when compared to NeuralRecon. It can be observed that we reconstruct
many fine-scale details such as the chair legs, flowers in the vase, sharp edges as
well as corners.

62



5. Experiments and Results

Unfortunately, the widely employed average-based 2D & 3D metrics tend to overlook such
improvements in detailed objects, owing to the relatively smaller magnitude of contributions
of these details to the metrics when compared to the contributions of larger structures. Also,
these metrics are prone to be dominated by the outliers. Therefore, more suitable quantitative
evaluations such as the one illustrated in Figure 5.3 and qualitative results provide a better
intuition towards the performance on detailed 3D reconstruction. With this purpose, we
present the qualitative comparison of rendered depth maps in Figure 5.5 and 3D surface
meshes in Figure 5.6. Our results reveal that we can successfully reconstruct more challenging
structures in many cases and produce a sharper geometry when compared to [12]. Even
on high-frequency objects such as trees, our method is able to deliver a relatively good
performance.

5.4.2. Evaluations on ScanNet
Experimentation & Evaluation Details

For experiments on ScanNet, we use the readily available train/validation/test splits with the
given descriptions in Table 3.1. We use ground-truth TSDFs generated at 4cm resolution in
our training.

We employ the model provided by the authors of NeuralRecon [12] as our pre-trained model
and further train it based on the final combined approach. For further training our model, we
employed a learning rate of 1.25e-4 with a 0.5 decay at every 12 epochs. During training, we
did not apply early stopping and we waited until convergence.

We consider the model provided by the authors of NeuralRecon as our state-of-the-art
baseline and compare our final model using the reported numbers in [12]. As the state-of-the-
art also employs the same train/validation/test splits on ScanNet, this direct comparison is
fair. We again obtain single-layered predicted meshes from the double-layered ones. Then,
we perform our evaluations on the provided ground-truth meshes by ScanNet.

Evaluation Results

In Table 5.8, we report the results of our method and NeuralRecon on ScanNet dataset.
Our method shows comparable performance to NeuralRecon in 2D metrics and achieves
similar or slightly worse results in 3D metrics. We present the qualitative results for the
extracted 3D surface meshes in Figure 5.7. Although it is not directly reflected to quantitative
evaluations, the qualitative results show that our method is able to preserve local structures
while reconstructing the overall 3D scene geometry accurately.

Referring back to the main reason of employing a synthetic dataset, we consider employing
high quality data, for both training and evaluation purposes, more suitable for our task
as it is able to represent fine-scale details. Employing almost perfect ground-truth data
provides us with an ideal setting that is cleared from the inaccuracies of real-world datasets.
However, as ScanNet is a real-world dataset, the provided ground-truth color images, depth
maps, 3D surface meshes involve inaccuracies and noise. This can be better observed from
Figure 3.4 which provides sample RGB images and their corresponding color coded depth
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Figure 5.5.:

NeuralRecon Ours Ground-truth

Qualitative comparison of rendered depth maps. Our method is able to produce
much more detailed reconstructions with sharper geometry. Notice that we
recover fine-scale details such as chair legs, table lamp, the structure of the vase
etc. when compared to NeuralRecon, which exhibits the effectiveness of our
approach. Please see Table 5.8 for metric evaluation results.
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NeuralRecon Ours Ground-truth

Figure 5.6.: Qualitative comparison of extracted surface meshes. Our method delivers a
superior performance to NeuralRecon by preserving details from many challenging
structures. Please see Table 5.8 for metric evaluation results.
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Method ‘ 2D Depth Metrics
| AbsRel | AbsDiff | SqRel |  RMSE | 2D Comp
NeuralRecon [12] | 0.065 0.106 0.031 0.195 0.909
Ours 0.064 0.100 0.034 0.195 0.901
Method ‘ 3D Geometry Metrics
‘ Recall ¥  Prec 7 F-score ¥ 3D Comp | CD |
NeuralRecon [12] | 0.479 0.684 0.562 0.128 0.080
Ours 0.474 0.654 0.548 0.134 0.079

Table 5.9.: Comparison in 2D depth metrics & 3D geometry metrics between our method
and NeuralRecon [12] on ScanNet dataset. Our method exhibits a comparable
performance to [12] in 2D metrics and presents similar or slightly worse results in
3D metrics. Please see Figure 5.7 for the qualitative results.

maps. Therefore, since the ground-truth is already limited at representing high-level details,
it is reflected negatively to both supervision and evaluation of our model.

5.5. Discussion

The presented qualitative results and cumulative distribution plot for distances between
the target & predicted vertices given in Figure 5.3 show that, our method is able to accu-
rately preserve high-level details while producing a sharper geometry when compared to
NeuralRecon. Although this achieved reconstruction accuracy is reflected to 3D metrics, the
improvements observed on both the depth and 3D geometry metrics remained limited than
the expected amounts. This is because the widely employed average-based 2D & 3D metrics
used for evaluating the performance of 3D reconstructions, tend to unfortunately overlook
improvements in detailed objects.

A major reason of this issue is the surfaces representing these details occupy only a small
portion of the whole 3D surface mesh representing the overall scene. Therefore, fine-scale
details contribute in small amounts to metrics when compared to larger structures. After the
averaging is applied, the metrics are mostly dominated by the costs from larger objects. This
makes the reliability of these metrics limited for tasks such as detailed 3D reconstruction since
the improved accuracy cannot be directly reported as the reconstructions get more detailed.

Another issue is that these metrics are prone to be dominated by the outliers. Even if a
majority of the vertices are predicted within a very close distance to the target vertices, a
single outlier point that is extremely far away from the closest target surface sample may
cause a jump in the metrics such as the Chamfer distance. This mitigates all the positive
contributions of correctly predicted vertices and makes the metric dominated by the outlier
point.

Considering that recovering fine-scale details while reconstructing complex scenes is crucial

66



5. Experiments and Results

NeuralRecon Ours Ground-truth

Figure 5.7.: Qualitative comparison of extracted surface meshes. Our method better pre-
serves the details from high-frequency objects when compared to NeuralRecon.
Please see Table 5.9 for metric evaluation results.
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for many applications ranging from robotic navigation to augmented reality, more reliable
metrics are required to accurately assess the detailed 3D reconstruction performance. We
suggest employing a cumulative distribution of distances between the target and predicted
vertices within a specified range as an additional evaluation tool. Such a quantitative
comparison given in Figure 5.3 provides, observing the reconstruction behavior especially on
fine-scale structures much more easily. Additionally, the percentage of vertices at a particular
distance, e.g. 0.05 meters, can be reported and this number can be used as a metric for
evaluating fine-scale 3D geometry.
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The task of 3D scene reconstruction from multi-view images has crucial importance for many
applications including autonomous driving, augmented reality and motion planning. How-
ever, preserving finer-scaled details while reconstructing the overall scene has a challenging
nature. In this work, we investigated the factors affecting the quality of reconstructions by
exploiting the mathematical along with structural properties of the employed scene repre-
sentations, and proposed approaches addressing each of the factors. We then selectively
combined the presented methods into a single approach and introduced our final voxel-based
neural detailed 3D scene reconstruction method. We extensively evaluated our approach on
the widely employed InteriorNet and ScanNet datasets using the common 2D & 3D metrics.

One of the main contributions of this thesis is the proof that, surface geometry supervision
either by using target surface samples or back-projected depth maps, is extremely beneficial
for the recovery of fine-scale details. We further boost the performance of the proposed surface
geometry supervision approaches by densely sampling the meshes rather than using only the
vertices to provide adequate data for the supervision. The employed Cauchy function mitigate
the effects of outliers to the supervision by enforcing a decreasing gradient distribution when
the cut-off is exceeded. We observe that the employed shape regularizers smoothen also the
fine-scale details, and therefore they are not suitable for complex scenes like ours.

We show that the target TSDF values required for TSDF supervision can be estimated on-
the-fly using depth-maps, removing the dependency to the TSDF fusion algorithm. This way,
the pipeline can be cleared from the additional pre-proccesing step and training can be started
directly. Additionally, by reducing the gap between the ground-truth sensor measurements
and the scene representation, we provide robustness to the overall TSDF supervision and
avoid any kind of inaccuracies within the implementation of the employed fusion algorithm.
Please recall that, our approach uses only N views within a local window, unlike the TSDF
fusion algorithm which uses all the available views. Therefore, our current metric results
provided in subsection 5.3.3 can be further improved by increasing the number of views used.

The experimental results of using a sign enforcing auxiliary loss term presented in sub-
section 5.3.2 demonstrate that the network can be explicitly enforced to output the correct
sign for the distance values. This brings a substantial boost to the performance of the regular
TSDF supervision and provides an accurate zero-crossing prediction. Modifying the existing
TSDF loss function by assigning weights to voxels that are inversely proportional with their
corresponding ground-truth absolute distance to the zero-crossing, has also exhibited a
notable performance.

Using back-projected depth maps to detect the occupied voxels proves to be advantageous,
when the improvements in metrics, especially in 3D completeness and Chamfer distance are
considered. As the possibility of a voxel being sparsified in the case of an incorrect lower
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occupancy probability prediction is avoided, information can be propagated to the finer levels
accurately.

Gradient magnitude distributions provided in subsection 4.2.1 show that the Eikonal
property cannot be exploited to produce valid signed distance fields in our case. This is
because this property is not well enforced in the ground-truth TSDFs obtained from the
TSDF fusion implementation of NeuralRecon. From these findings, we conclude that the
ground-truth TSDFs from the fusion algorithm may not be sufficiently consistent and accurate.
The experiments in subsection 5.3.1 reveal that the alternatively proposed gradient-based
loss term provides limited advantage. Considering gradients are derived quantities and they
inherit the inaccuracies within the ground-truth TSDFs they are derived from, we conclude
that employing gradients is also not suitable to our setup.

Although the employed mesh to TSDF generation procedure proposed to obtain more
consistent TSDF representations shows promising results in some metrics, the improvement
remained limited to depth metrics only. We again relate this finding to several approximations
involved in this TSDF to mesh and then mesh to TSDF conversion process, which makes the
whole procedure error prone.

In our experiments, we did not observe a major difference between using a 4-level or
a 3-level architecture as long as the resolution of the finest level is the same. Therefore,
considering the trade-off between accuracy and efficiency, either 4-level or 3-level architecture
with a finer voxel size at the last level can be selected.

The experimental evaluations on both InteriorNet and ScanNet datasets show that the
performance of the proposed approach in detailed 3D scene reconstruction depends directly
on the quality of the data. In the presence of high quality data, the ground-truth used for
supervision and evaluation also represent fine-scale details. In this case, our method shows a
superior performance to state-of-the-art. However, if the data is noisy, it is directly reflected
to ground-truth TSDFs and meshes. Therefore, the learning task for reconstructing fine-scale
details becomes much more challenging, which negatively affects the performance of our
method. Other than learning, noisy data also affects the evaluation procedure negatively as
the details are not visible also in the target.

As a future work, the effect of the number of views on the TSDF supervision using
depth maps can be further explored, to find the adequate number of frames required to
provide a more accurate supervision. With the employment of additional views, the accuracy
and robustness gained by relying on actual sensor measurements can be better observed.
Furthermore, for the point-level supervision approach using surface meshes, higher-quality
meshes than the current ones can be employed. This will bring a substantial boost to the
performance of the current approach, while enabling producing much more detailed surfaces.
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A. Appendix

A.1. Data Pre-processing

For ScanNet dataset, we resize the images to 640 x 480. We apply random rotation and
translation as well as padding to the ground-truth TSDF fragments for training.

The images from InteriorNet already have the size of 640 x 480, therefore they are not
resized prior to training. Random rotation and translation are applied to the ground-truth
TSDF fragments, together with the padding.

71



List of Figures

1.1.

3.1.
3.2.
3.3.

3.4.

4.1.

4.2.

3D scene reconstruction task. In this work, we intend to reconstruct 3D scenes
from multi-view images, while preserving both fine-scale details and coarse
structures simultaneously. . . . .. ... ... .. o o o Lo

Pinhole camera model, figure from [68]. . . . ... ... ... ... ... ... ..
NeuralRecon architecture, figure from [12]. . . ... ... ... .. ... .. ..
Sample images and corresponding color coded ground-truth depth maps
from InteriorNet dataset [16].. . . . . . . ... ... ... ... ... ... .
Sample images and corresponding color coded ground-truth depth maps
from ScanNet dataset [17] . . . . . . ... ... ... .. ... .. ... .

Overview of the mesh-based and depth-based point-level approaches. By
minimizing the distance between surface samples of the predicted mesh and
either back-projected ground-truth depth maps or surface samples of the
ground-truth mesh, we explicitly supervise the surface geometry to preserve
fine-scale details. PLM: The predicted TSDF from the finest level is passed to
Marching Cubes algorithm to extract the surface mesh. Both the target and pre-
dicted meshes are densely sampled to provide adequate surface samples for the
Chamfer distance (CD) minimization. PLD: Ground-truth depth maps within
a local window are back-projected onto the 3D TSDF grid to minimize the CD
between the back-projected depth maps and densely sampled surface points.
Distances are fed into the Cauchy function prior to overall CD computation to
mitigate the effect of outlier points to the supervision. . ... ... .. ... ..
TSDF gradient magnitude distributions of Interiornet scenes. Each row
represents a single scene with three images, left one is a slice from the TSDF,
middle one is the corresponding slice giving gradient magnitudes, right one is
the histogram demonstrating the distribution of gradient magnitudes in the
whole volume. It can be observed that gradient magnitude histograms show
high variances and have the peak values around the magnitude 1. Therefore,
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