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Abstract

This research aims to advance multi-view scene interpretation by addressing key chal-
lenges in image processing, 3D reconstruction, and burst image denoising. We leverage
deep learning techniques to enhance input image quality and develop innovative method-
ologies for these computer vision tasks. Furthermore, our approach focuses on overcom-
ing limitations in existing classical and learning-based methods. We introduce a novel
view interpolation technique that generates intermediate frames accurately without re-
quiring additional geometric input. This method lays the foundation for our subsequent
work on multi-view 3D reconstruction. To address the lack of ground truth depth infor-
mation in 3D reconstruction, we propose a meta-learning and unsupervised approach to
tackle the classic problem of multi-view stereo. We also tackle the issue of low-resolution
depth maps by introducing a depth-enhancing transformer-CNN hybrid module. Further-
more, we delve into burst image denoising by proposing a model that leverages multiple
image alignment and feature volume merging, achieving state-of-the-art performance.
Finally, we explore burst image denoising, proposing a model that utilizes multiple im-
age alignment and feature volume merging to achieve state-of-the-art performance. Our
research contributes significantly to the field of computer vision and has potential appli-
cations in various domains.






Kurzfassung

Diese Forschung zielt darauf ab, die Interpretation von Multi-View-Szenen voranzutreiben,
indem zentrale Herausforderungen in der Bildverarbeitung, 3D-Rekonstruktion und Burst
Image Denoising angegangen werden. Wir nutzen Deep Learning-Techniken, um die
Qualitit der Eingabebilder zu verbessern und innovative Methoden fiir diese Computer
Vision-Aufgaben zu entwickeln. Dariiber hinaus konzentriert sich unser Ansatz darauf,
die Einschridnkungen bestehender klassischer und lernbasierter Methoden zu iiberwinden.
Wir fiihren eine neuartige View Interpolation-Technik ein, die Zwischenbilder genau
generiert, ohne zusitzliche geometrische Eingaben zu bendtigen. Diese Methode bildet
die Grundlage fiir unsere nachfolgende Arbeit zur Multi-View-3D-Rekonstruktion. Um
den Mangel an Ground Truth-Tiefeninformationen in der 3D-Rekonstruktion zu adressieren,
schlagen wir einen Meta-Learning- und uniiberwachten Ansatz vor, um das klassische
Problem des Multi-View-Stereo zu 16sen. Wir gehen auch das Problem der niedri-
gauflosenden Tiefenkarten an, indem wir ein Depth-Enhancing Transformer-CNN Hy-
bridmodul einfiihren. SchlieBlich befassen wir uns mit Burst Image Denoising, indem
wir ein Modell vorschlagen, das mehrere Bildausrichtungen und Feature Volume Merg-
ing nutzt, um eine state-of-the-art Leistung zu erzielen. Unsere Forschung leistet einen
bedeutenden Beitrag zum Bereich der Computer Vision und hat potenzielle Anwendun-
gen in verschiedenen Doménen.
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Chapter 1
Introduction

Visual perception modeling, a cornerstone of scene understanding, has witnessed sub-
stantial progress in recent years. Central to this endeavor is the acquisition and analysis
of meaningful visual data. Robust image-processing models, often augmented by com-
plementary sensor data such as camera position, play a pivotal role in extracting valuable
information. While data quantity can certainly enhance computer vision tasks like multi-
view stereo, burst-image denoising, and view interpolation, it is the strategic acquisition
of high-quality data that truly underpins accurate scene understanding. Moreover, vision-
guided scene modeling can be further refined by integrating data from multiple sensory
modalities.Hence, in order to achieve superior scene reconstruction performance, it is
essential to find an optimal setup that depends on the particular source of incoming sen-
sory data. In order to understand these nuances, it is important that we initialize with
a solid introduction to the exact computer vision tasks covered in this work. This will
also serve as the motivation behind writing this thesis. Multiple view sensor image input
has been utilized in various applications, such as multi-view stereo for 3D reconstruc-
tion (Schonberger et al., 2016; Yao et al., 2018a; Ji et al., 2017a; Khot et al., 2019;
Mallick et al., 2020a), multi-view classification (Kan et al., 2016; Chen et al., 2022; Han
et al., 2021), and image registration for denoising (Tico, 2008a; Mildenhall ez al., 2018;
Mallick et al., 2023a). All of these applications primarily showcase the superior scenario
modelling capability than its single view counterpart’s performance (e.g monodepth es-
timation in comparison to depth estimation from stereo (Smolyanskiy et al., 2018), or
guided depth upsampling using additional RGB image in comparison to conventional up-
sampling, etc.). We briefly introduce some of the important problem statements that we
specifically tackled, which contributed to the completion of this thesis work. To summa-
rize it, the overall goal of this report is to highlight the importance of multi-view models
in understanding scene representation for all possible computer vision tasks. Once the
reader has been properly introduced to the specific problem statements, we discuss each
of the problems in detail, summarize our solutions, and subsequently suggest possible
directions for future improvement in the following chapters. We will sequentially move
from one problem to another, addressing the motivation behind a given task and simul-
taneously proposing solutions to the overall multiple view input based reconstruction
problem on a broader perspective.



Chapter 1 Introduction

1.1 Multiple view tasks in computer vision

We will concentrate on a variety of traditional computer vision tasks that utilize multiple-
view input. These include 3D reconstruction based on multiple-view stereo, view in-
terpolation tasks performed between consecutive frames, burst-image registration and
feature aggregation for the purpose of denoising, and guided depth super-resolution to
enhance scene reconstruction analysis. Each of these tasks plays a crucial role in our
research and will be thoroughly explored. Furthermore, we will wrap up our discussion
with an ongoing research project. This project is centered around the development of
a cost-effective iterative neural correspondence computation model which serves as the
fundamental structure for a lightweight depth estimation module. Its design and func-
tionality are critical to the overall success of our research. These problem statements are
at the forefront of recent advances in machine learning algorithms.

1.1.1 High quality frame interpolation

Image frame interpolation is a fundamental computer vision problem that involves syn-
thesizing of new frames between existing ones, such as in a video. In our case, rather
than utilizing a stream of video with temporal properties, we obtain a camera setup with
geometric or positional inconstancy. With the help of multiple incoming images from
different camera positions, we propose a learning module which can directly reproduce
the view frame from that missing camera position.This has wide usages in applications
such as image stitching, panoramic image viewing, tourism photography, mobile pho-
tography, terrain mapping and robot navigation to name a few. Existing methods usually
involve estimating an optical flow between subsequent frames, followed by warping to
obtain an intermediate frame. Such methods suffer from parallax error and can cause
noisy artifacts during final image reconstruction. Instead of estimating the homography
matrix directly, we propose learning the stitching process to directly predict the missing
pixels. The frame interpolation problem involves a warping stage to align the multiple
source images based on estimated camera motion. This suggests that we can leverage
multiple view image inputs to estimate depth images, which can improve our understand-
ing of the surroundings and eventually solve complex vision problem such as multiple
view stereo.

1.1.2 Multi-view stereo with semi-supervision

Multiple view image input along with camera geometry information has been widely
used to reconstruct 3D surroundings, using both classical and learning approaches. This
is widely known as the multiple-view stereo (MVS) problem. Classical approaches lag
behind in reconstructing homogeneous surfaces, while learning methods require expen-
sive ground truth data, such as depth maps. Additionally, learning methods are tradi-
tionally expensive, as most successful methods use volumetric cost computation by dis-
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cretizing the depth space. We address some basic problems of the MVS task in the light
of current learning approaches. These are insufficient ground truth training data (such
as depth maps, precise camera geometry information etc.) and the adaptive capability of
a trained model in case of environmental changes (such as indoor to outdoor). We pro-
pose a meta-learning powered training method by utilizing an established extension of
the unsupervised multi-view stereo (MVS) approach. Our method estimates depths with
combined photometric projection losses of the neighboring frames, guided externally by
another supervised pre-trained network. This network ensures that the supervision sig-
nals are propagating the correct values. After certain iterations, our method performs
a correction step to check the unsupervised learning. We evaluate our meta-learning
powered pre-trained model by fine-tuning it on another well-established dataset.

1.1.3 Guided depth upsampling with transformers

Multi-view stereo learning approaches that use volumetric methods are computationally
expensive and often reduce the output depth map resolution due to downsampling. This
can lead to decreased accuracy in depth fusion to obtain point clouds. Additionally,
photometric losses can further introduce inaccuracies. To address this, we propose a
guided depth upsampling mechanism inspired by popular super-resolution approaches.
One challenge of single image direct upsampling is that depth maps are single-channel
raw information with limited contextual knowledge of surrounding objects or surfaces.
This can make it difficult to upsample depth maps without introducing artifacts. We
propose to solve this problem by leveraging additional information, such as the high-
resolution RGB color map (hence called guided upsampling). Additionally, we employ
the combined power of vision transformers and CNNs. Vision transformers compute
local and global attention of the given scene, while CNNs learn upsampling weights
from these contextual features.

1.1.4 Burst image denoising

Another aspect of estimating 3D motion from multiple view inputs is its use in realign-
ing and combining burst images from digital and mobile phone photography to obtain
high-resolution denoised images. Burst imaging or burst image photography involves
capturing multiple snapshots of a scene in quick succession. This can introduce motion
blur and jittery noise, especially in handheld devices. Therefore, there is a need for a
fast and accurate method to re-align and denoise burst images. We propose a method
that uses multiple view learning to estimate the re-alignment factor and compensate for
noise in burst images by efficiently aggregating corresponding incoming image feature
volume. This is achieved by generating pseudo-bursts from a pre-trained single image
denoising model to provide additional information to the network.
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1.1.5 Further directions on correspondence localisation

Multiple view learning has the potential to revolutionize our understanding of the world
around us. Additionally, our ongoing work proposes a lightweight multiple view corre-
spondence localization network that extracts features from multiple images to be used in
heavyweight reconstruction tasks (disparity, depth estimation). Our preliminary results
are promising and suggest a new approach to multiple view understanding. We delve
into a more comprehensive overview of the details in the following sections.



Chapter 2

Literature review

The literature review covers the research background of the fundamental conceptual de-
velopment of computer vision in the light of machine learning, and gradually progresses
to seminal works on their applications that made this thesis possible. We begin our dis-
cussion with convolutional neural networks (CNNs) and their role in advancing classical
computer vision problems. Next, we review view interpolation with CNNs and gradually
progress to the more complex task of multi-view stereo and how comprehensive CNN
models with meta-learning have been used to tackle it. Next, we provide a background
research on the problem of depth upsampling. This is due to the fact that contemporary
MVS models produce low resolution depths which needs enhancement for better recon-
struction. For this task, we have used a combined CNN-Transformer model. Finally,
we discuss the classical multi-image input problem of burst-image denoising and image
enhancement, and review how classical methods and CNNs have performed over time.
To establish a foundation for our discussion of current learning-based image process-
ing models, we commence with a review of their building blocks: convolutional neural
networks (CNNSs).

2.1 Convolutional Neural Networks (CNNs)

The primary component of any computer vision problem is an image or a multiple
sources of images with some peripheral camera data, if available. In order to have a
robust understanding of the given image, one needs to accurately analyze and inter-
pret the corresponding features in the context of the given task. This stage is known
as a feature extraction, which looks into the overall local as well as global contextual
meanings and patterns within the image. Prominent among them is SIFT (Lowe, 1999),
which estimates points of interest called keypoints in an image. This is followed by key-
point localization, orientation and eventually description. The phenomenal success of
this algorithm in object detection (Sirmacek and Unsalan, 2009), reconstruction (Fab-
bri et al., 2012), action recognition (Niebles et al., 2006) paved the way for tackling
higher level computer vision tasks in a new light. This was followed by much faster
and robust SURF, (Bay et al., 2008) which used multi-resolution pyramid technique to
ensure that the points of interests in the image are scale invariant. This was followed
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by GLOH (Mikolajczyk and Schmid, 2005)descriptor which considered more spatial re-
gions for computing histograms and HOG (Dalal and Triggs, 2005) which took into ac-
count the number of occurrences of gradient orientation in localized portions of an image.
Parallelly, the advent of neural networks (Amari, 1967; Fukushima, 1980; Linnainmaa,
1970) revolutionized the field of computer vision. The initial backpropagation algorithm
applied to a CNN was implemented in 1988 (Zhang, 1988) which was a simplified ver-
sion of Neocognitron with a primitive convolutional layer for image feature extraction
for alphabet recognition (Zhang et al., 1990). We et al. in this seminal work coined the
term Shift invariant artificial neural network, which became the precursor to modern day
CNNs. Furthermore, an advanced version of this model was used to solve higher level
medical image processing such as medical image segmentation (Zhang, 1991) and breast
cancer detection (Zhang, 1994). This would become a classic template in future learning
based computer vision tasks.

On the other hand, (Waibel, 1987) introduced Time Delay Neural Networks, and it
was among the first convolutional neural networks which would perform shift invari-
ance. The model showed the weight sharing and backpropagating properties (Waibel
et al., 1989) alongside global optimization of the weights. TDNNs were the first of
its kind to share weights in the temporal axis (LeCun and Bengio, 1995). These were
primarily designed for time invariant signals such as speech. This was further devel-
oped into a two-dimensional version by Hampshire and Waibel (Hampshire and Waibel,
1990). These two-dimensional convolutional networks successfully performed phenom
recognition, and this model was invariant to both time and frequency. This is consid-
ered a landmark achievement, as it paved the way for translational invariance in future
computer vision tasks (Waibel et al., 1989). Another important milestone was achieved
in 1990 when (Yamaguchi et al., 1990) presented max pooling. In this constant filter-
ing operation, their kernel architecture calculated the maximum value of the particular
region and propagated it. A powerful combination of TDNNs and maxpooling resulted
in modelling a word recognition system. They implemented a complicated model where
several TDNNs were combined in order to map a larger group of syllables. The resultant
TDNN responses of the large syllable inputs were combined with the help of maxpooling
layers and subsequently propagated to the network to perform word recognition.

Furthermore, true image recognition performing model was developed by (LeCun
et al., 1989) which used backpropagation to handwritten digit dataset. Although being
the first fully functional visual recognition model, it had a very high training time. This
was followed by the successful LeNet-5 in 1998 (LeCun et al., 1998) that classified
digit. The robustness of this algorithm was reflected in its applicability where financial
institutions used this for handwriting recognition on low-resolution images. Although
proven to be a breakthrough, the model training would be extensively time and memory
consuming when applied to higher resolution images.

The massive development in machine learning was achieved due to introduction of
Graphical Processing Units (GPUs). In early 2000s, breakthroughs were made when it
was shown that training in GPUs are at least 20 times faster than training the same neural
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network models in traditional CPUs (Oh and Jung, 2004; Steinkraus et al., 2005). Cire-
san et al. showed that multi-layered standard neural network can perform with state-of-
the-art precision on GPUs on previous MNIST handwritten digits (Ciresan et al., 2010)
related image processing tasks. This was further extended successfully to CNNs by com-
pleting multiple benchmark challenges (Benchmark, 2023; Schmidhuber, 2017, 2015;
Ciresan et al., 2011).This also included now famous CIFAR10 dataset (Ciresan et al.,
2012). A heavyweight CNN model by (Krizhevsky er al., 2012) (AlexNet) won the
ImageNet Large Scale Visual Recognition Challenge. This was further followed by 100
layers deep CNN model which won the ImageNet 2015 contest (He et al., 2016). These
developments eventually set a standard for CNN based image processing task handling.
Taking a cue from these standard CNN implementations, we extend our application to
one such task, called view interpolation for high-resolution image stitching.

2.2 Frame interpolation with CNNs

Frame or view interpolation is a technique used to improve the quality of an image by
interpolating pixels to missing positions. This can be achieved with the help of classical
nearest-neighbor or bicubic interpolation techniques. We focus on multiple-view image
input consisting of different camera positions. Hence, the first step is to correct the
camera jitter with the help of optical flow estimation or camera intrinsic estimation and
use that information to obtain a high quality image.

Frame / view interpolation. Previous works on optical flow based method (D. Maha-
jan and Belhumeur, 2009) and the Eulerian phase-based approach has shown promising
results (S. Meyer and SorkineHornung, 2015). Existing methods usually estimate dense
motion between consecutive frames and corresponding interpolation is done based on
the dense correspondence estimates (S. Baker and Szeliski, 2011), (M. Werlberger and
Bischof, 2011), (Z. Yu and Chen, 2013). In addition to this, classical flow-based (Brox
et al.,2004) and multiscale phase/interpolation-based (Didyk et al., 2013), (Meyer et al.,
2015)methods have already shown promising results and paved the way for implementa-
tion in future learning models.

CNN:s for disparity estimation and view interpolation. Recent success of deep learn-
ing in almost all aspects of computer vision has been the prime inspiration for frame
interpolation in our current work. Evaluating optical flow through deep learning-based
methods (A. Dosovitskiy and Brox., 2015), (G uney and Geiger, 2016), (Teney and
Hebert, 2016) is not an exception as well. Rendering unseen images from neighboring
frames is also a conventional approach (A. Dosovitskiy and Brox, 2015), (T. D. Kulka-
rni and Tenenbaum, 2015), (J. Yang and Lee, 2015). Briefly speaking, extensive research
has been done on view synthesis with the help of deep learning methods (J. Flynn and
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Snavely, 2016) and is still an active research problem due to frame generation constraints
which includes generation of high-quality artifact-free frames.

Deep Voxel Flow (DVF) (Liu et al., 2017) has shown a simple self supervised method
for video frame synthesis with the help of training only triplets of consecutive video
frame data. This has been our inspiration for producing intermediate frames for our
pipeline. It employs a simple autoencoder model which estimates voxel flow and pro-
vides a map which is then utilized for a trilinear interpolation from two given frames to
produce the corresponding output. One of the major problems of both supervised and
self-supervised learning approaches is that they typically do not generalize well to novel
domains.

Meta-Learning for Self-supervision Recent developments in meta learning (Finn
et al., 2017) have demonstrated methods that efficiently adapt to novel tasks for super-
vised regression and reinforcement learning. The main idea behind model agnostic meta
learning (MAML) is to train the model parameters in such a way that the network can
better generalize to a new task through fine-tuning. MAML (Finn et al., 2017) learns a
feature representation which is suitable for a variety of tasks. It maximizes the sensitivity
of the loss functions of the new task, and this inherent property facilitates generalization
when continuing training in a different domain. Previous work on adaptive learning of
stereo disparity estimation (Tonioni et al., 2019) has utilized this meta-learning and
have shown how feature representations can be learned for self-supervised learning and
improved generalization on new datasets. From a multi-view stereo standpoint, the self-
supervised losses tend to add more error as the number of neighboring frames increases
because of unpredictable occlusion, out of bound pixel projections and variable camera
baseline. Hence, it is very important to adapt to these variable conditions. We propose
(Mallick et al., 2020b) to learn adaptive feature representations for self-supervised multi-
view stereo reconstruction through meta-learning. We develop extensions to a network
architecture based on MVSNet (Yao et al., 2018b) with which the model learns to mask
uncertain predictions due to outliers such as occlusions. This assists the self-supervised
fine-tuning on new domain data. One drawback of the volumetric based learning models
are that they produce low resolution depth maps. Hence, our next work deals with guided
depth map upsampling for high quality reconstruction applications.

2.3 Guided Joint Depth Upsampling

Classical methods The classical joint depth super resolution literature can be divided
into filter-based methods and optimization-based approaches. In filter-based approaches,
texture and edge features are extracted from the given guide RGB image to inform hand-
crafted filters that try to estimate the weights for spatially-varying filter masks that are
convolved with the lower resolution target image.
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Joint bilateral upsampling (Kopf et al., 2007) extends the single image bilateral fil-
ter (Tomasi and Manduchi, 1998) to steer the filter with a guide image. The bilateral
weights are obtained by converting the local guide RGB image pixel values to bilateral
weights, which are then applied cross-modal to the low resolution input. This concept
was also extended to a faster foreground-background task understanding by an adap-
tive joint-bilateral filter. More precise upsampling is achieved by adaptive joint-bilateral
filtering based on an edge-uncertainty map which combines the guide and target images
(Camplani et al., 2014). Guided filters (He et al., 2013; Wu et al., 2018) provide a similar
idea of considering a filtered output factor from the guidance image. Aforesaid methods
are based on filter kernels where strong local guide features are utilized to enhance a low
resolution depth map. The upsampling task has also been addressed as a global energy
minimization problem, such as the Markov random field based technique in (Diebel and
Thrun, 2006). Non-local means filtering with extended regularization for additional edge
weighting has further improved joint depth upsampling (Park et al., 2011). These meth-
ods all employ a regularization term which guides the target towards a structurally sim-
ilar texture of the high resolution guide image. The fast bilateral solver combines these
simple filtering methods and approaches this problem as a domain-specific optimization
algorithm (Barron and Poole, 2016). Additionally, in (Ham et al., 2018) static-dynamic
filter combinations have shown significant improvements on the joint upsampling task
with the help of better structural prior extraction. Other global optimization approaches
with similar techniques involve an adaptive autoregressive model (Yang et al., 2014), a
co-sparse analysis model (Kiechle ez al., 2013)and a sparse-coding algorithm with re-
construction constraint (Li et al., 2012).

Learning-based methods Contrary to classical techniques which do not rely on su-
pervision, data-driven learning approaches are becoming significantly popular because
of their generalization capability on upsampling tasks. Early learning-based methods
utilized a dictionary in order to express structural similarity within paired guide and
target images. (Kwon et al., 2015) utilize a sparse representation learning of dictio-
naries on the geometric correlation between high-quality mesh data, ground truth target
and guide images. (Yang et al., 2010) presented a sparse representation of the target
map, and corresponding coefficients were used to predict a high resolution depth output.
Lately, CNN-based techniques have shown significant improvements on the task of joint
depth super resolution. Multiscale guidance networks with an encoder-decoder architec-
ture (Hui et al., 2016) got rid of depth boundary artifacts. Moreover, in (Li ef al., 2019),
salient structures that are consistent in both guidance and target images are selectively
leveraged. The deep primal-dual network (Riegler et al., 2016) with iterative optimiza-
tion has shown better noise removal along with good super-resolution results. Apart
from these direct encoder-decoder approaches, The Deformable Kernel Network(DKN)
(Kim et al., 2020) learns a sparse and spatially-variant kernel which stretches a kernel
non-linearly along the given pixel neighborhood. The method in turn extracts a resid-
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ual offset from the combined image features. Apart from showing better performance, a
faster extension was also shown with almost similar metrics by (Kim et al., 2020). (Su
et al., 2019) learn to predict the filter weights of a spatially-varying kernel as a function
of the local pixel features. A cross-task interaction module is introduced by (Sun et al.,
2021) to realize bilateral cross-modality knowledge transfer to solve uncertainty depth
estimation guided super resolution. In (He ez al., 2021), high-frequency components de-
composed from the RGB image subsequently guide the super resolution task. Apart from
fully CNN-powered architectures, densely connected networks have also been proposed.
(Lutio et al., 2019) employ an MLP for pixel to pixel mapping of the guide information
to the target. Similarly, (Tang ef al., 2021) utilize a deep implicit neural representation
based technique. It is essentially an MLP which efficiently extracts latent codes from the
input and appends it to the coordinates, eventually providing a depth correction residual.
They achieve state-of-the-art results on noisy joint depth super resolution tasks. Or-
thogonal work by (de Lutio et al., 2022) directly optimizes an explicit affinity graph to
regularize the reconstruction. Overall, learning-based guided joint upsampling methods
usually leverage monocular depth-like datasets (Silberman et al., 2012; Lu et al., 2014;
Scharstein and Pal, 2007; Hirschmuller and Scharstein, 2007; He et al., 2021). Learned
joint bilateral upsampling has been integrated into the multi-view stereo task (Yu and
Gao, 2020) where the bilateral weights are selected as a function of the given reference
image for sparse-to-dense depth approximation, which significantly reduces the compu-
tation effort and provides a faster reconstruction. Contrary to the existing networks, we
(Mallick et al., 2022) contribute additional refinement to the low resolution guided depth
map inputs with the help of transformer encoded attention weights. Additionally, our
residual network contributes stronger edge aware features.

Transformers and local attention Transformers (Vaswani et al., 2017) have become
a widely used architecture, especially in Natural Language Processing(NLP) tasks (De-
vlin et al., 2019; Brown et al., 2020). Transformers primarily operate with the concept
of self-attention, which explores the relation between all tokens in a sequence to capture
contextual information. The base transformer encoder models have been successfully ap-
plied to low-level computer vision tasks such as classification (Dosovitskiy et al., 2020).
Recently, the Texture Transformer Network for image super resolution (Yang et al.,
2020) uses low resolution and reference RGB images as queries and keys in a trans-
former. They essentially transfer the high resolution texture to a low resolution image
for a super resolution task. In the context of guided depth super resolution, self-attention
has just started to be explored as a part of larger architectures (Xing et al., 2021; Yang
et al., 2022; Ariav and Cohen, 2022). The Discrete Cosine Transform module in (Zhao
et al., 2022) employs an edge attention mechanism to highlight the contours, which pro-
vides useful information for guided upsampling. As basic self-attention has quadratic
complexity in the number of tokens, Longformer (Beltagy er al., 2020) introduces a
number of different sampling approaches that improve the efficiency of attention evalua-
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tions. In particular, the local sliding window attention mechanism scales linearly with the
sequence length, allowing it to process even very large token sets. This idea can also be
found in (Zhao et al., 2022), where grouped convolutions are used to compute attention
maps to weight edge information. In our scenario, we apply local sliding-window atten-
tion to a 2d patch around a pixel. Local attention provides a weighting of the spatially
combined guide and target feature tensors, which helps in extracting rich contextual in-
formation. A separate merge network further enhances the correlation between them,
leveraging both the power of CNNs and transformers for an efficient depth residual com-
putation. Local image attention has been explored before (Hu et al., 2018b,a; Cao et al.,
2019) in different forms such as spatial, channel-wise scenarios, or as a mixture of global
and local attention mechanisms, primarily for image retrieval tasks (Song et al., 2022).
After addressing the depth resolution issue, we revisit the problem of image registra-
tion due to camera movement and propose an image enhancement model which not only
compensates for these movements but performs denoising as well.

2.4 Burst image denoising

We discuss related works pertaining to burst image denoising and begin with single im-
age denoising, followed by homography-based and optical flow-based alignment pow-
ered multiple image or video related tasks, and finally contemporary progress on deep-
burst imaging.

Single image denoising Image denoising is a classical computer vision problem and
is still one of the most sought after deep learning based low-level image processing re-
search topics. Due to the increasing popularity of low-cost mobile photography, effective
denoising and enhancement is well sought after. Most photography hardware companies
take advantage of the recently developed lightweight neural network denoising models;
exploiting the significant increase in mobile computation power. In the early days of
CNNs, models such as (Gu et al., 2019) improved performance compared to classical
image denoising models based on Markov random fields, but they could not compete
with BM3D (Dabov et al., 2007a) which introduced a new denoising paradigm by com-
bining 3D block matching and domain transform. They are later surpassed by a sparse
denoising autoencoder models (Xie et al., 2012; Aharon et al., 2006). Simple multi-layer
perceptron-based models (Schmidt and Roth, 2014) and later deeper residual networks
(Mao et al., 2016) have shown superior performance due to enhanced receptive fields.
All these models have the advantage of being trainable end-to-end, exploiting simple to
generate training data. For a multitude of image processing tasks, training can be accel-
erated using pre-trained models and transfer learning (Chen et al., 2020). In this spirit,
we incorporate the pre-trained self-guided network (SGN) (Gu et al., 2019) to enrich
the burst input with smooth priors. SGN extracts large-scale contextual information and
gradually propagates it to the higher resolution subnetworks for feature self-guidance and
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denoising at multiple scales. This efficient multiscale local features extraction property
allows it to efficiently recover denoised images.

Deep-burst Denoising While single image denoising relies on learned image priors,
deep-burst denoising assimilates features from multiple noisy frames to predict a better
image. A similar idea is used in burst motion deblurring (Wieschollek et al., 2017) where
a sharp image is recurrently extracted from a burst of blurry ones. Similarly, recurrent
neural networks have also been used for burst denoising. Multiple frame denoising usu-
ally involves some sort of alignment (Bhat et al., 2021a) of the frames in the burst for
superior feature assimilation. (Tico, 2008b) demonstrates a block matching approach
within the reference and the neighboring frames to support multiple frame denoising.
VBM4D (Maggioni et al., 2012) and VBM3D (Dabov et al., 2007b) take the BM3D
algorithm further to video denoising with faster homography flow-based alignment. We
instead estimate per pixel correspondences for a more fine-grained alignment. When
capturing a burst of images of a potentially dynamic scene with a handheld camera, each
image will show slightly different content. In order to effectively utilize information
from those multiple frames for denoising, the frames need to be aligned (Bhat et al.,
2021a).

For that purpose, we propose (Mallick er al., 2023b) a novel alignment module
with the help of pixel-wise iterative dense correspondence matching. (Tico, 2008b)
demonstrates a block matching approach within the reference and the neighboring frames
to support multiple frame denoising. VBM4D (Maggioni et al., 2012) and VBM3D
(Dabov et al., 2007b) take the BM3D algorithm further to video denoising with block
matching for alignment.

Handcrafted keypoints detectors are generally robust to domain changes, but are more
time-consuming to craft than their learnable counterparts. Additionally, Strong scene
changes, however, severely affect the performance of the handcrafted methods, while
Neural network optical flow models can leverage information beyond patch-level cor-
respondence information to predict dense correspondences, i.e. estimating pixel motion
between consecutive frames of a video (Bruhn ez al., 2005) . Some of the first learning
based optical flow methods used simple CNN architectures (Dosovitskiy et al., 2015; Ilg
et al.,2017) . Recently, they were superseded by recurrent techniques like RAFT (Teed
and Deng, 2020) or transformer-based architectures like FlowFormer (Huang et al.,
2022). This current state-of-the-art techniques are very good and very close to ground
truth (Butler ef al., 2012) . In our approach, we utilize the success in the optical flow
field by using a pretrained RAFT implementation provided in torchvision (Paszke et al.,
2019).RAFT provides the high-quality pixel-wise correspondence alignment that we rely
on for our denoising approach. We further tackle the problem of neural correspondence
localization in our next work.
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2.5 Neural correspondence learning

Finally, as an ongoing work we reflect on the problems faced while matching corre-
spondences, and we propose a novel feature-based correspondence localization network.
Inspired by the clear patterns observable in the transition of slices in cost volumes, we
try to change the inner working of our correspondence matching approach. In the light
of MVS depth estimation, the problem would translate to regress the depth iteratively.
Instead of searching for a corresponding point, we specifically encode the local 2D neigh-
borhood into a per-pixel feature vector and train an evaluating network to directly predict
the relative localization of two features. Further down the line, we obtain precise corre-
spondences by iterative refinement.

Neural correspondence matching Correspondence matching has been a classical com-
puter vision problem (Lowe, 2004) , and has been widely used in many applications such
as robust image editing (Barnes et al., 2009) , stereo correspondences (Michael Bleyer
and Rother, 2011) , etc. Recent advances in deep learning has also paved the way for
learning correspondences with the help of convolutional neural networks (CNNs). Fully
convolutional architecture with pair wise image correspondence estimation (Choy et al.,
2016) have been proven to show efficient preservation of geometric or semantic simi-
larity. Dynamic Context Correspondence Network (Huang et al., 2019) has shown to
overcome repetitive patterns and local ambiguities while performing semantic matching
in multiple scales. Additionally, 3D generative model has been proposed which produce
viewpoint and lighting invariant descriptors with self-supervision capabilities (Schmidt
et al., 2017) . Additionally, efficient correspondence matching have been utilized in
aligning 3D surface data (Steinke et al., 2007) . Dense correspondence matches have
also been utilized for wide-baseline stereo, along with context normalization technique
(Yi et al., 2018) to process each data point separately and produce order invariant cor-
respondences. Although these models have been proven to be efficient in certain tasks,
we aim to develop a disparity estimation module which finds correspondences in a lo-
cal neighborhood and directly predicts updates on the disparity. This pixel-wise method
can process significantly larger number of pixels in comparison to previously proposed
correspondence architectures.

Stereo and Correspondence Features for Similarity Measures. In order to estimate
depth or disparity with the help of reference and source views, it is very important that
a geometric and semantic correspondence matching is established. Previous works ex-
plore spatial transformer to mimic patch normalization, which in turn boost accuracy of
correspondence matching (Jiang et al., 2021) . One of the major problems with this
method is that it is not sensitive to heavy camera motions like multi-view stereo setup,
since traditional CNNs are by design equivariant to translations of their input. We lever-
age steerable CNNs (Weiler and Cesa, 2019) which are equivariant under all isometries
of the image plane. The resultant feature learning network is designed similar to U-net
(Ronneberger et al., 2015) except the underlying blocks are replaced by the steerable
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CNNs which makes the feature network sensitive to translations, rotations and reflec-
tions.

Iterative refinement Iterative information propagation has been proposed by (Donné
and Geiger, 2019) where output depth error has been taken as input for the subsequent it-
eration steps. Drawbacks include lack of completeness in quantitative results as this kind
of method solely focuses on structure. Additionally, conventional plane sweep based
methods solely rely on fixed depth intervals. A possible workaround to compensate for
this is to estimate the fractional disparities and take the distribution error rather than
evaluating on final output softmax depth (Mohamed et al., 2019) . This method only
provides a marginal improvement over the conventional methods, and the aforesaid prob-
lems remain for any volumetric plane sweep based methods. One can think of getting
rid of these problems by proposing a single view depth estimation, which has been in
literature for quite a while (Eigen et al., 2014; Alhashim and Torr, 2018; Laina ef al.,
2016; Godard et al., 2017a; Carion et al., 2021) . A major drawback for this kind of
approach is that in a multi-view scenario, one cannot remove the neighboring view fea-
ture contribution. Additionally, experiments have been shown to prove that multi-view
based depth estimation has always produced better depth estimation than their single-
view or stereo counterpart. Pixel flow estimation powered disparity estimation (Wang
et al., 2019; Ranjan et al., 2019) has been proposed where optical flow information has
been leveraged for assisted accurate disparity measurement. Aforesaid methods provide
an accurate depth prediction, but they are computationally expensive in comparison to
our proposal and are not always reliable for accurate depth prediction. Taking cues from
these abundant research background, we proceed further to the details of our work.
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High quality frame interpolation

Frame interpolation is the task of generating intermediate frames between existing ones.
It is a fundamental problem in computer vision with applications ranging from video
editing to virtual reality. Traditional methods often rely on flow-based techniques, which
can be computationally expensive and susceptible to errors in motion estimation. In the
context of stereo vision, frame interpolation becomes even more challenging due to the
inherent disparity between the left and right views. This disparity can introduce addi-
tional complexities in motion estimation and pixel synthesis, given the fact that most of
the setups lack geometric input such as camera positions as well. This chapter addresses
the problem of efficient and accurate frame interpolation for stereo views. Specifically,
we aim to develop a method that can generate high-quality intermediate frames while
minimizing computational overhead and overcoming the challenges posed by stereo dis-
parity. We begin our initial study by proposing a method to generate intermediate frames
between stereo views by training a self-supervised network called Interponet. We have
used a prototype small-scale camera rig to capture multiple images per frame from hor-
izontally displaced perspectives. From three of such images, we used the left and right
one as input, while the middle frame has been taken as a ground truth that needs to
be reproduced. We solve the problem of view interpolation with supervised training of
our CNN powered architecture called InterpoNet which directly generates the refined,
predicted intermediate perspective image from the input images. Our network performs
very well compared to the classical flow-based approaches and other CNN approaches,
as further elucidated in the evaluation section.

3.1 Introduction

This research addresses the challenge of efficient and accurate frame interpolation for
stereo views, particularly in scenarios where geometric information, such as camera po-
sitions, is unavailable. Traditional flow-based methods often struggle with the inherent
disparity between stereo images, leading to suboptimal results. To overcome these lim-
itations, we propose a novel self-supervised approach that leverages deep learning to
directly predict intermediate frames from a pair of stereo images. Our work draws in-
spiration from previous research on video frame synthesis, which has seen significant
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advancements through the use of convolutional neural networks (CNNs). Flow-based
approaches have been commonly exploited in DVF (Liu et al., 2017) where video frame
synthesis has been done by flowing pixel values from existing ones, rather than hal-
lucinating pixels from scratch. Adding to this, CNNs have also been used to produce
multiple intermediate frames with the help of approximating intermediate bidirectional
flow for producing very high quality resulting video (Jiang et al., 2017). In addition to
this, (Niklaus et al., 2017) also presented a robust end-to-end adaptive CNN that merged
motion estimation and pixel synthesis as a single task and interpolated pixels through
convolution.

Motivation View interpolation as discussed in this chapter can be used for different
applications: On currently emerging hybrid zoom systems in smartphones, which con-
sist of two cameras with different Fields of View (FoV), view interpolation could be
used to transition smoothly from one perspective to the other perspective as soon as the
captured FoV is smaller than the one of the larger focal length camera. It can also be
used to reduce the baseline of stereoscopic 3D movies for viewers with smaller pupillary
distances, like children. Beside stereo setups, high quality view interpolation is also de-
manded in multiview environments, e.g. on light field camera arrays to predict images
from positions between cameras to increase the spatial resolution. Another application is
panorama stitching, where parallax effects from pictures taken from slightly different lo-
cations lead to stitching artifacts. Duplicating the rig and capturing every direction twice,
an image from the same location can be interpolated for each direction, which can then
be stitched without parallax errors. This approach is realized with the Fraunhofer facetvi-
sion camera setup module, which aims at reducing the thickness of smartphone cameras
by stitching a usual FoV image from smaller images from multiple thinner cameras.

Contribution In this work, our contributions primarily include the proposal of a novel
view frame interpolator network called InterpoNet. Additionally, we have prepared a
quadruple view stereo in different possible diverse scenarios.

3.2 Theoretical background

It is crucial to establish a theoretical foundation for the modules that are used as the
backbone of our model. We will also revisit some of this knowledge in subsequent
sections of this thesis. We will begin with a review of convolutional neural networks
(CNNs) and then provide a detailed definition of the interpolation problem.

Convolutional neural networks (CNNs). In order to understand CNNs, we need to
understand the feed forward architecture of the very basic artificial neural networks
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(ANNSs). ANNS laid the foundation of distinguishing data which were not linearly sep-
arable. Feed Forward ANNs or multilayer perceptrons (MLPs) consists of at least three
distinct layers (Input layer, a hidden layer and an output layer). The output of each layer
after a designated operation is fed into the next layer forward, giving the network its
name. A forward prediction is called a forward pass. Once the output from the forward
pass is obtained, a loss is calculated and the corresponding gradient is backpropagated.
The network updates the weights assigned to the layers, and another forward pass is
generated until the optimizer reaches and saturates at a global minimum. We will subse-
quently dive deeper into details in the light of CNNs. One major drawback of this kind
of learning is that MLPs lack the spatial context of an input image, as it can only take
a 1-dimensional array as an input. This is where CNN comes in handy, as it maintains
the spatial integrity of the input images. A CNN usually takes an order 3 matrix as an
input which corresponds to the height (H), width(W) and channel(C) dimensions of an
image. Each processing module is called a layer as mentioned above and can be made
of a convolution layer, activation layer, normalization layer or a pooling layer. Mathe-
matically, a simple neural network can be described as a nonlinearity applied to an affine
function. For a given input feature x = {x1,xy, ....,X, }, passed through an affine function
with given non-linearity ¢ , we have the following:

T(x)=0() Wixi+b) =c(W-x+b) (3.1

where W and b correspond to given weights and biases. The convolutional layers con-
sist of layers of a rectangular grid of neurons called filter kernels. These filter kernels
with certain fixed dimensions have the same weights for the given convolution layer. In
short, the image is convolved and passes through the layers of filter kernels, where the
weights of the kernels specify the particular layer. It is noteworthy that there may be
multiple layers of these convolutions per layer, which in turn utilizes different filters.
Each convolutional layer is usually complimented with a pooling layer (There are sev-
eral types of pooling in literature such as average pooling, max pooling etc.). Given the
subsampling factor, blocks from the convolution layers are downsampled with the help
of assigning a value, depending on the operation, as mentioned before. For example, the
maxpooling operation takes the maximum value among the selected rectangular block
of the convolutional layer output. This is usually done to reduce the dimension and later
utilize this for fully connected layers for classification tasks. After several convolutional
and pooling layers, the image eventually is decimated to a low-dimensional array. De-
convolution(upsampling) blocks can be further added to obtain the original dimension
of the input image, or one can add fully connected layers to obtain a final representation
for the classification task. For better retention of feature and avoid gradient explosion,
one can also complement this with batchnorm layers (Ioffe and Szegedy, 2015) or skip
convolutions (He er al., 2016).

In conclusion, for a given image input(/) and a filter kernel (K), the convolutional
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Figure 3.1: InterpoNet network architecture

operation can be summarized as :

IK(i,j) =Y. Y I(m.n)K(i—m, j—n) (3.2)

m n

where m, n are the dimensions of the given Kernel space (J Teuwena, 2023).

View interpolation problem formulation To summarize, our goal is to generate new
intermediate frames that seamlessly bridge the gap between existing frames, resulting in
a smoother transition between the images. Given a set of images (I,;), we want to obtain
an interpolated target frame 7" with the help of a learning frame interpolator model f.

T = f(I) 3.3)

3.3 Our method

The problems faced by conventional methods to evaluate the intermediate frames given
such diverse cases, including extremely varying disparities, are considered. Additionally,
indoor-outdoor scenarios in different lightning conditions, which also include reflections
from semitransparent surfaces and translucent materials, create a huge obstacle in re-
constructing the intermediate frame with the help of disparity map analysis. One of the
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major advantages in our CNN based model is that it can handle multiple disparities in
some special cases as well. We propose InterpoNet, which exploits a global, semi-global
and local flow estimation of the multiple stereo frames in order to evaluate the interme-
diate frame.

Apart from the network which specifically handles intermediate frame generation prob-
lem for multiview stereo vision, the dataset used consists of quadruple views and the
training strategy includes the usage of only three frames out of the four frames and uses
the middle frame as the ground truth and the left and right frames with respect to the
middle frame as input to the network.

3.3.1 InterpoNet

Our network has been partially inspired from the Deep Voxel Flow (DVF) (Liu et al.,
2017) network, which is an end-to-end fully differentiable network for intermediate
video frame synthesis. It uses triplets of consecutive video frames, where the middle
frame is used for ground truth for synthesizing interpolated frames. The basic idea is to
use a self-supervised network, which helps to borrow voxels from nearby frames, and
this is why the network does not have to hallucinate pixels from scratch. It is basically
an encoder-decoder which predicts the 3D voxel flow and a subsequent volume sampling
layer predicts the target frame. The output 3D voxel flow field consists of a temporal and
a spatial component, where the spatial component only denotes the flow from the tar-
get frame to previous and next frame. A closer look at the architecture also reveals that
there are convolutional subnetworks which predict 3D voxel flow at reduced resolutions,
which compensates for smaller to larger motions.

InterpoNet is an end to end network which directly interpolates the target frame without
using any temporal flow component, and a network used here has been solely used for
interpolating the intermediate frame. DVF uses a trilinear upsampling module which
is required to reproduce the target voxel from the flow components, but InterpoNet di-
rectly uses the output from the fused multiscale convolutional channels to produce the
3-channel target output. Since the sole purpose of the network is to interpolate a high-
quality intermediate camera frame rather than a temporally dependent video frame, only
the spatial flow information is utilized, which enforces the necessity to make subsequent
changes in approach to the designing of the corresponding network. This is where Inter-
poNet has been proposed and comes in handy when it comes to reproducing high-quality
intermediate target camera frame. As mentioned before, since we are not considering
a temporal component, there is no question of a trilinear interpolation in 3D voxel flow
field space. Interponet directly produces a three channel interpolated target output frame
via simple spatial convolution. Apart from this, few major changes has been made which
makes the network unique when it comes to producing interpolating camera frame rather
than generating video frames.
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Network Architecture InterpoNet is made comparatively deeper than its state-of-the-
art competitors (e.g. DVF) for better spatial flow-based reconstruction improvements. A
direct comparison is not feasible due to the fact that we are not computing 3D voxel flow
field comprising temporal flow component and prompts us to remove the trilinear voxel
interpolation step. InterpoNet (Figure 3.1) consists of 7 layers of convolution, 7 layers
of deconvolution and 1 bottleneck layer. 3 maxpooling layers are situated in the initial
convolution layers, while 4 skip connections have been added for better recovery of the
target frame information.

In addition to this, the network consists of additional multiscale flow detection layers in
order to capture better global, semi-global and local motion estimations, which is similar
to the reasoning employed for DVF (Liu ef al., 2017). We have introduced additional
convolution layers for compensating minute local movements in high-resolution images.
The output from the auto-encoder is taken into consideration and a convolutional down-
scaling has been done in 4 different harmonic scales. The first scaling consists of the
original resolution (256 x 256), the second scaling consists of half of each pair of res-
olution (128 x 128) and so on, i.e (64 x 64) and (32 x 32). The subsequent stages of
the network consist of a convolution stage, bilinear upsampling to original resolution,
and another stage of convolution. It is followed by a concatenation of all the upsampled
layers with two final convolution layers, the last layer providing the 3 - channel target
output. 3 x 3 kernels have been used for the entire autoencoder except for the last decon-
volution step, which uses a 4 x 4 kernel. The multiscaling operation uses 5 x 5 kernels
for the down-sampling stage and up-sampling. Down-sampling has been performed by
increasing the strides in harmonic order, and upsampling to original dimension has been
achieved from bilinear upsampling. ReLU activation has been employed for the autoen-
coder stage and Tanh activation function has been used during multiscale fusion stage.

Loss function The loss function used here consists of reconstruction loss L1, L2 and
SSIM (Wang et al., 2003) functions. The total cost function generated is the weighted
summation of the reduced mean values of the individual loss function components gen-
erated. Let G'/ indicates a ground truth pixel and 7%/ indicates the corresponding re-
constructed pixel where G and 7" denotes the entire ground truth frame and target frame
respectively (ith, jth pixel of the corresponding frame).

1 ij i
IJ:NZ(J T (3.4)

_ Ui _ iy
L2_N2K ) (3.5)

The total corresponding cost function O is as follows:

0 = a(L1)+ B(L2) + y(SSIM) (3.6)
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Figure 3.2: Integrated camera rig prototype that was used for capturing the training and
evaluation datasets.

The respective parameters have been discussed in the hyperparameter segment in the
next section.

3.3.2 Dataset

To train and evaluate our approach effectively, we constructed a unique dataset by cap-
turing realistic scenes with the help of the camera prototype (see Figure 3.2).

Capturing hardware. We used an integrated camera rig prototype (Figure 3.2) which
features four 13 MPixel sensors, that are placed behind an array of four lenses with 1 1mm
baseline in-between. Every sensor captures approximately the same Field of View, which
is about 65° wide. We captured video sequences with, 2104x1560 pixel resolution and 15
fps. The focus of all lenses, the exposure and gain were controlled manually to guarantee
a fixed and common image appearance over each captured video sequence. Intrinsic
calibration parameters (focal length, principal point, 2 parameters for each radial and
tangential distortion) were obtained individually per sensor according to (Zhang, 2000),
followed by one pass of bundle adjustment that recovered an additional 4 degrees of
freedom per camera pose relative to the rig (we enforced all focal points of the camera
rig to be placed on a straight line). Based on the calibration parameters, we pre-rectified
the captured images to be distortion free and have common FoV and principal point
as well as identical image plane axes and stored them in 1024x768 pixel resolution for
training and inference.

Training dataset. We captured 21 video sequences with a wide variety of content such
as indoor and outdoor scenes, different weather conditions and seasons, close- and far-
range settings, lab and natural setups that contain portraits; moving objects and people;
glossy, semitransparent and refractive objects; repetitive patterns and different focus and
exposure settings that lead to different motion and focal blur characteristics. From this
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Figure 3.3: Different scenes from our dataset. The first scene was rendered, while the
others were captured with our camera rig prototype. The scenes shown here were used
for evaluation in Section 3.3.4.

dataset we used 17,240 frames (= 68,960 images) for training. 11 of the captured se-
quences plus one rendered sequence (Figure 3.3) were used for evaluation.

3.3.3 Training

In order to maintain the high resolution characteristics of the given image datasets, rescal-
ing has been avoided and instead, a patch based approach is employed in order to main-
tain the detailed spatial variation of the image frames. In the current approach, training
has been done on 256 x 256 patches extracted from 1k resolution image. 16 frames per
batch has been fed to the network from a dataset containing 15000(x 3) images. The
network has been run approximately 182 epochs (170,534 global iteration steps) with for
approximately 48 hours deploying 3 TITAN X NVIDIA GPU.

Hyper parameters ¢ , f and y have been set empirically and their corresponding
values are ¢ = 1, B = 1 and y = 0.5, to ensure a smooth fall-off in the loss function
vs. iteration curve. Adam’s optimizer has been used to minimize the objective function
using a learning rate of 2 x 107>, Batch size used here 16.

3.3.4 Results

We first focused on a direct comparison with DVF, a related method that shares sim-
ilarities with our approach. However, due to its resolution limitations, this evaluation
was restricted to a 256px dimension.This comparison was crucial to understanding our
method’s performance relative to a state-of-the-art CNN-based approach that was widely
recognized at the time of experimentation (see Figure 3.4).
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Figure 3.4: The first two rows of figures show the classroom scene evaluation between
DVF and InterpoNet. The first row shows the results obtained from DVF while the
second row shows the results obtained from Interponet. On closer observation of the
VDP2 maps, one can notice the considerable reduction of reconstruction error in the
case of InterpoNet.
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Quantitative evaluation A statistical metric analysis has been done to provide a score
for reconstruction accuracy for comparing DVF and InterpoNet. It can be easily observed
that InterpoNet produces superior frame reconstruction. 3.1

Scene | PSNR (DVF) PSNR (Int) | SNR(DVF) SNR(Int) | LI(DVF) LI(Int)

Classroom 21.55 22.46 14.7 15.67 49.45 74.32

Lab 23.64 39.10 12.02 27.48 153.67 5.85

Table 3.1: Statistical analysis of the DVF vs InterpoNet results from different scenarios.
It should be noted that the higher the PSNR or SNR, the higher is the reconstruction
accuracy; while the lower the L1 parameters, the higher is the reconstruction accuracy.
It can be easily seen that InterpoNet beats DVF in almost all statistical parameters in
different scenarios.

3.4 Conclusion

Our contribution includes a unique 4 frame multi-stereo image dataset in diverse sce-
narios. Additionally, this particular dataset is recorded in both high quality 1k and 2k
resolution containing more than 15000(X4) frames. Apart from this, our proposed self-
supervised InterpoNet reconstructs high-quality 1k images. It has a very high perfor-
mance when it comes to dealing with very high-disparity cases. It is temporally consis-
tent and contains very few artifacts. It has also shown very nice performance in semi-
transparent and reflective surfaces in dark indoor scenarios. In summary, this work is
focused on the reconstruction of high-quality images. The network is capable of recon-
structing images with a resolution of 2k, provided it contains deeper layers. Although
it is comparatively faster than its competitors, real-time implementation remains a chal-
lenge for the current model. Looking ahead, we plan to enhance real-time usability by
making efficient use of GPUs with the help of TensorRT. We have also noticed that ex-
treme disparity cases sometimes result in spatial inconsistency during reconstruction. To
address this, we intend to collect more frames with extreme disparity for our dataset and
retrain the network. Moreover, we believe that the implementations for extreme dispar-
ity can be leveraged to solve more complex vision problems, such as 3D reconstruction
from multiple view images. This will be the focus of our next project.
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Multiple view stereo with
semi-supervision

The classical problem of 3D scene reconstruction from multiple views is of significant
importance in the field of computer vision. Recent advances in deep learning have led
to remarkable results in reconstruction. The training of such models often favors self-
supervised methods, as they eliminate the need for hard-to-obtain ground truth data re-
quired for supervised training. However, learned multi-view stereo reconstruction is
susceptible to environmental changes and must be robust enough to generalize across
different domains.

To address this challenge, we propose an adaptive learning approach tailored for multi-
view stereo. Our method involves training a deep neural network to be more adaptable to
diverse target domains, ensuring its robustness in real-world applications. In this work,
our objective is to develop a multi-view stereo reconstruction method that can effectively
adapt to new environments without requiring extensive retraining.

Our method employs Model-Agnostic Meta-Learning (MAML) to train base parame-
ters. These parameters are then adapted for multi-view stereo on new domains through
self-supervised training. Our evaluations underscore the effectiveness of the proposed
adaptation method in learning self-supervised multi-view stereo reconstruction in new
domains. This thesis chapter will dive deeper into the details of our approach and its
implications.

4.1 Introduction

Dense 3D scene reconstruction based on images from multiple view points is a classical
computer vision problem. It has widespread applications in areas such as computer aided
design (CAD), virtual tours, augmented reality, cultural heritage preservation, construc-
tion maintenance and inspection, or robotics. Given the known view poses and camera in-
trinsic, multi-view geometry is typically used to find correspondences between pixels of
reference along epipolar lines. Early approaches use handcrafted similarity measures for
pixels or patches such as photometric similarity or normalized cross correlation. From
engineering domains like computer-aided design (CAD) and construction maintenance
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Buddha scan Ours

Fine tuning

Figure 4.1: Example result for adaptive meta-learning for self-supervised domain trans-
fer. a) 3D scan (from DTU dataset), b) Reconstruction result for pre-training on Blend-
edMVS dataset without meta-learning and fine-tuning on DTU training set. c) Recon-
struction result for our approach with meta-learning on BlendedM VS and self-supervised
fine-tuning on DTU. Note the depth artifacts in the red box by the naive fine-tuning ap-
proach, which do not occur in our meta-learning approach.

to captivating experiences like virtual tours and augmented reality, the potential impact
of multi-view stereo applications are enormous. Traditional multi-view geometry algo-
rithms tackled this challenge by finding correspondences between pixels across images
based on known camera poses and intrinsic. Handcrafted similarity measures such as
photometric similarity or normalized cross correlation, analyzing patches or individual
pixels for matches etc. were utilized for these earlier methods to be effective. Needless
to say, these methods were effective in simple scenarios, but these early approaches also
had their limitations. Handcrafted features struggled to capture complex scene details,
limiting accuracy and robustness. Additionally, they often required manual parameter
tuning, making them less adaptable to diverse scenarios. The emergence of deep learn-
ing has revolutionized multi-view 3D scene reconstruction. Neural networks can learn
powerful feature representations by analyzing large datasets, surpassing the limitations
of handcrafted features. This has led to significant advancements in accuracy, scalability,
and robustness. Despite the progress, challenges still exist. Deep learning models often
require large amounts of labeled data for training, which can be expensive and time-
consuming to acquire. Additionally, they can be prone to overfitting on the training data,
hindering their performance on unseen scenarios.Addressing these challenges is crucial
for the continued advancement of the field. Research is actively exploring techniques
like self-supervised learning, which learns from unlabeled data, and domain adaptation,
which improves model generalizability in different environments. Deep learning has re-
cently been demonstrated as a capable alternative for learning image features from data,
which can excel handcrafted measures (Paschalidou ef al., 2018; Yao et al., 2018b; Im
et al., 2018; Huang et al., 2018; Ji et al., 2017b; Ummenhofer et al., 2017).
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Motivation. State-of-the-art methods for multi-view stereo reconstruction, which are
based on deep learning, predominantly use supervised learning approaches. These ap-
proaches necessitate vast quantities of ground-truth 3D reconstruction data. However,
acquiring such data is not only tedious but also challenging. Existing datasets such as
(Jensen et al., 2014; Aans et al., 2016; Song et al., 2015) lack data diversity, come with
calibration artifacts between the camera and the depth measuring device, or are synthetic.
Hence, self-supervised learning methods which can leverage large collections of camera
images without the need of ground-truth 3D annotations are preferable. In addition to
the aforementioned points, it’s crucial for the algorithm to exhibit robustness against en-
vironmental or domain changes. This is because it’s impractical to train a network with
all possible environments included in the training data. Therefore, a learning mecha-
nism is necessary that can offset environmental changes and swiftly adapt to different
domains, such as indoor versus outdoor, low light versus bright light, and building ar-
chitecture scans versus object scans. Furthermore, multi-view stereo presents challenges
like the variable baseline between consecutive frames, leading to occlusion uncertain-
ties. This, in turn, compromises the accuracy of depth inference. A motivating example
in our context is highlighted in Figure 4.1. Recent developments in meta learning (Finn
et al., 2017) demonstrated online adaptation to new tasks of supervised regression mod-
els which have been trained on a different set of tasks. In our approach, we propose
a variant of model-agnostic meta-learning (MAML (Finn et al., 2017)) for training a
multi-view stereo reconstruction network which facilitates self-supervised adaptation to
new domains. Our method is grounded in the classical concepts of multi-view stereo
(MVS) reconstruction, and it focuses on estimating dense depth in a reference view. Our
model extends the network architecture of MVSNet (Yao et al., 2018b) which has been
demonstrated to yield state-of-the-art performance for supervised and self-supervised
learning. In the initial training stage, we employ our meta-learning approach to train a
network on an extensive dataset across multiple domains, all of which have ground-truth
depth annotations. The network is trained to enhance its adaptability to new domains via
self-supervised training on data lacking ground-truth depth. In the subsequent stage, we
carry out self-supervised fine-tuning using data from the new domain. Like MVSNet,
our multi-view stereo reconstruction network compares image features in cost volumes.
Since our method is model agnostic, we utilize a modified version of the supervised
MVSNet (Yao et al., 2018b), which uses discretized depth based probability cost vol-
ume computation of neighboring warped frames to the reference frames. This volume is
refined with a set of 3D convolutions, and we infer a preliminary depth map by neural
regression from this refined volume. Different to the probability map for the depth as
in MVSNet, we learn a confidence mask which is utilized to weight pixels for the self-
supervised loss in order to compensate for outliers such as occlusions. During testing,
the forward pass generates the corresponding set of masks for the different neighboring
frames and efficiently computes the self-supervised loss.

27



Chapter 4 Multiple view stereo with semi-supervision

Contribution. We demonstrate our adaptive learning approach by training on the Blend-
edMVS (Yao et al., 2020) dataset which contains a large collection of outdoor scenes
(e.g. views of buildings, architecture etc.) and indoor scenes. We fine-tune our pre-
trained model using self-supervised training on the DTU dataset (Jensen et al., 2014)
which consists of high resolution close scans of objects with different environment and
lighting conditions. Our method, evaluated on the DTU evaluation split, is compared to
state-of-the-art MVS approaches and variants of our own method, including fine-tuning
without meta-learning. The results demonstrate that meta-learning significantly enhances
the accuracy of MVS beyond what naive fine-tuning can achieve. Furthermore, our ap-
proach outperforms a self-supervised baseline method in terms of reconstruction results.
In fact, our experiments reveal that it holds up well against several previous supervised
and classical methods across certain metrics. The efficacy of our adaptive learning tech-
nique for multi-view stereo is further validated by point cloud reconstruction results.
These results show that our adaptive learning method achieves a state-of-the-art overall
f-score metric, thereby confirming its effectiveness.

* We propose a novel meta-learning scheme for adaptive learning of multi-view
stereo reconstruction, which improves self-supervised domain adaptation.

* We extend MVSNet to learn a confidence mask for per-pixel weighting for self-
supervised learning, which handles outliers such as occlusions.

* We demonstrate that our meta-learning approach can improve self-supervised do-
main adaptation performance over naive pre-training in a supervised way. Our
domain-adapted self-supervised multi-view stereo reconstruction achieves improved
performance over a self-supervised MVS baseline.

4.2 Methodology

Meta-learning empowers learning models to rapidly acclimate to novel tasks, akin to hu-
man learning that effortlessly adapts to new challenges. To achieve this, the given model
undergoes training across a diverse set of tasks during the meta-learning phase. In our
context, tasks correspond to self-supervised learning in different environments and con-
ditions or domains. Our training data consists of multi-view image collections spanning
various environments, which encompasses indoor and outdoor scenarios. The model is
adapted over several iterations on a set of training domains, utilizing a self-supervised
loss. Following this, the model parameters are optimized using additional training sam-
ples. This optimization process facilitates updates that enhance accuracy, which is as-
sessed through supervision using ground truth depth information. The methodology can
be summarized in two stages. The model is trained on a larger dataset with ground-truth
depth in the first stage using meta-learning. In our experiments, we use the BlendedM VS
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Figure 4.2: Meta-learning for self-supervised multi-view stereo. During a meta-learning
iteration, adaptation is performed on k multi-view stereo reconstruction tasks with a self-
supervised loss (Lsef). The adapted parameters 6, are evaluated and the base model
parameters 6, are optimized on a validation set using a supervised loss Lg,, to learn a
better starting point for self-supervised parameter adaptation. For the new domain, the
resulting base model trained through meta-learning is fine-tuned with self-supervised
training.

dataset (Yao et al., 2020) which consists of indoor and outdoor scenes with varying en-
vironment conditions - making it ideal for domain adaptation. The model is trained on
the training split by first updating cloned model parameters using the self-supervised
photometric losses for k ’tasks’, where a task refers to multi-view reconstruction of one
of the k different scenes. The actual model parameters are then in turn updated using
the supervised loss in Equation (4.2) on the validation split, which involves the cloned
and updated parameters from the previous step. The model trains network parameters to
adapt well by self-supervised training. This is guided through the outer-loop supervised
training (see Algorithm 1). The second stage involves fine-tuning the model obtained
in the first stage using self-supervised learning on the training data of the target domain
dataset (DTU (Jensen et al., 2014) in our experiments). Thereafter, the fine-tuned model
is evaluated on the DTU test split. We provide detailed explanation of the methodology
in the following subsections.

4.2.1 Meta Learning for Self-supervised Multi-View Stereo

Our meta-learning algorithm for self-supervised multi-view stereo is summarized in Al-
gorithm 1 and illustrated in Fig. 4.2. We split the training dataset D into a training and
a validation split Dy, and D,y, the latter with m multi-view examples. Each example
consists of a reference view (image with camera pose) and N neighboring views.

We adapt the base model parameters 6 for k multi-view examples, Birini C Dirain
each consisting of one reference view and N neighboring views of a scene using a self-
supervised loss (Lge . Eq. ((4.3))). Starting from the base parameters 96 = 0, for each
multi-view example i we perform the gradient update steps

91', = 91',_1 - OCVBLlLSelf(ei/—lvBtrain,i)v “.1

where o is a learning rate.
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Chapter 4 Multiple view stereo with semi-supervision

The base model parameters are optimized to improve the quality of the updated model
parameters 6, with a supervised loss Ly, (Eq. ((4.6))) on a sampled multi-view example
B, C D, consisting of one reference view and N neighboring views from the validation
split,

ming (Lsup (04 Byat))- (4.2)

Note that Glg is a function of 6 through the updates in Eq. ((4.1)). The supervised loss
measures the discrepancy between the predicted depth and the ground truth depth.

The intuition behind this two-step update scheme is that the base model parameters
are changed to a better starting point for learning model parameters on different domains
with the self-supervised loss. For a new dataset, we use the base parameters 6 for fine-
tuning to the new domain (i.e an entirely unseen dataset with different conditions and
environment) using self-supervised training.

Algorithm 1  Adaptive learning for self-supervised multi-view stereo.
Data: Dataset split D;yqain, Dyai, hyperparameters k, o, 3
Initialize base model parameters 6

while not converged do
Sample k multi-view examples Byqini C Dirain
Initialize model parameters 6y = 0
foric{l,...,k} do
‘ Compute adapted model parameters 6] = 0! | — Vg Ly #(6/_\,Biain,i) ; // Adaptation
end
Sample batch B,,; C D,y
Perform gradient descent step on base model parameters 0 to minimize Lsu,,(e,g, Bya)
with learning rate B ; // Optimization
end

4.2.2 Network Architecture

While our adaptation module is model-agnostic, we base our network architecture on
the MVSNet (Yao et al., 2018b) model. MVSNet has demonstrated state-of-the-art per-
formance for both supervised and self-supervised (Khot et al., 2019) training. Besides
changing the training schemes with our meta-learning approach, we also augment the
network with predicting confidence masks which are in turn used for self-supervised
fine-tuning on novel domains (additional details can be found in the supplementary ma-
terial). We base our network architecture on MVSNet (Yao et al., 2018a). We do not
use the depth refinement module, but extend the network with a subnetwork which pre-
dicts a confidence mask for the self-supervised loss. We provide a comparison of the
two architectures in Fig. 4.3. The confidence mask subnetwork is a 4-layer CNN with

30



4.2 Methodology

a sigmoid activation unit at the end to generate values between O to 1. The confidence
mask prediction network consists of a combination of two basic sub-blocks. The first
sub-block consists of a 2D convolutional layer (kernel size=3, stride=1) followed by a
BatchNorm layer and ReLU as its activation function. This sub-block layer is used 3
times successively and then is followed by a final sub-block which consists of a 2D con-
volutional layer (kernel size=3, stride=1) followed by sigmoid activation function. The
subnetwork receives as input the out-of-image projection masks and a photometric error
maps for each neighboring view. The photometric error maps are determined by warping
the neighboring views to the reference view and taking the difference.

4.2.3 Learning Confidence Masks for Self-supervised Domain
Adaptation

A major problem in learning multi-view stereo is to handle occlusions and out-of-image
projections correctly when quantifying the loss on the predicted depth maps. We take
inspiration from (Tonioni et al., 2019) to learn a confidence mask during meta-learning,
which is used to improve the fine-tuning of the network on the new domain. While the
approach in (Tonioni et al., 2019) has been proposed for learning dense reconstruction
from stereo images of a constant-baseline stereo rig, multi-view stereo poses additional
challenges due to the varying baselines between reference image and neighboring frames.

Our network learns a confidence mask for each pair of reference image and neigh-
boring frame in a multi-view training set. Fig. 4.4 provides an example of the confi-
dence masks learned by our approach for different neighboring views. The out-of-image
projection mask Cpj : & — [0,1] can be directly determined from the relative camera
pose between the views and the predicted depth map. We train an additional compo-
nent of our network architecture during meta-learning, which predicts a confidence mask
Cr: Q — [0, 1] with learnable parameters 7 for learning to down weight pixels in the loss
of occlusions and other outliers. The final per-pixel mask is obtained by the product of
the two masks at each pixel. The masks are used for the self-supervised loss to compen-
sate for occlusions due to view pose changes. Note that the parameters 7T are included
into 0 and updated during the meta-learning stage. They are held fixed when fine-tuning
on a new domain dataset in the second stage.

The confidence mask network is a 4-layer CNN with sigmoid activation at the end to
generate values between 0 and 1. The photometric warping error between reference I, ¢
and neighboring image I’, and the out-of-image projection mask are concatenated and
used as an input to the network that predicts the confidence mask.

4.2.4 Training Losses

Self-supervised Losses. Self-supervised losses are used for adaptation during meta-
learning and for fine-tuning on the new domain. The self-supervised loss comprises two
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Figure 4.3: Network architecture difference between MVSNet (top) and our model (bot-
tom). Our model builds on the initial stages of MVSNet: Deep features are extracted
from the reference frame and the neighboring frames. A plane-sweep cost volume is
determined by homographic warping of the neighboring feature maps to the reference
view in a set of depth planes. This cost volume is refined in an encoder-decoder archi-
tecture and a depth map is obtained using a soft argmin operation. In case of MVSNet,
this initial depth map is further improved by a refinement network. Supervised losses are
determined that compare the refined depth with ground truth. In our model, we do not
use the refinement branch. Instead, we determine photometric error maps by warping the
neighboring frames to the reference view and comparing them with the reference image.
These photometric error maps are input to a confidence mask prediction network, which
also receives out-of-image projection masks. Finally, a self-supervised loss is computed
by utilizing the confidence mask on the photometric error maps.
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-

Figure 4.4: From left to right: reference image frame, first neighboring frame, predicted
confidence mask for first frame, second neighboring frame and predicted confidence
mask for second view. Different pairs of reference and neighboring frames have different
outliers such as occlusions, reflections, etc. We learn a confidence mask during meta-
learning to downweight uncertain pixels for the self-supervised training and fine-tuning
on new domains (darker color correspond to lower confidence in the visualization).

components,
Lself(e ) B) = Lrecon(e ’ B) + Ysmootthmooth(e ’ B) ) (4.3)

a reconstruction 10ss Lyecon and a smoothness 10ss Lgmooth, Where 0 are network parame-
ters and B is a data example consisting of a reference frame and N neighboring frames.

The reconstruction loss measures the image-based consistency between the reference
and the N neighboring views given their relative camera pose and the predicted depth
map.

Lrecon 9 B Z Vphoto

9 B) ®C;7r0]® < ref — arped 9 B )H
Yo | 1= SSIM(Chry © Loy Cos © Brarpea(8.B))|| - (44)

where Ynoto and Yssim are weighting factors and  denotes pixel-wise multiplication.
We use a combination of a photoconsistency measure and the structural similarity index
(SSIM (Wang et al., 2004)). The reference image is Lref, 1,4, 4(0,B) is the i"" neighbor-
ing frame warped to the reference frame given the depth predlcted by the network and
the known camera parameters. C;,m] is the out-of-image projection mask which excludes
the out of bound pixels while warping and C%(8, B) is the predicted confidence mask for
the i/ frame. The structural similarity index (Wang et al., 2004) quantifies the similarity
between I, ¢ and I,,4peq in patches centered on the pixels and has been used in the liter-
ature (Khot et al., 2019; Godard et al., 2017b) since it measures texture similarity while
being more robust to lighting changes than the photometric L1 loss.

An edge-dependent smoothness prior on the predicted depth maps with respect to the
reference image is applied in order to encourage smoothness of the depth map. The
smoothness loss for the predicted depth map D(6, B) is

Lanoon(6,8) = Y [0.D.,(0,B)| e 1701l 1 |9,p, (0,B)| e 195012, (4.5)
()
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where x,y range over the pixels in the reference frame.

Supervised Loss. For evaluation during meta-training, we use an L1 supervised loss
on the depth map D(6,B) predicted by the network to compare it with the ground truth
Dy,

Lyup(6.B) = ||D(6,B) — Dy, - (4.6)

4.3 Experiments

We evaluate our approach on a large-scale MVS dataset with ground-truth for the meta-
learning stage and demonstrate domain adaptation on a smaller-scale MV S dataset from a
different domain. For meta-learning, we use the BlendedMVS dataset (Yao et al., 2020)
which has a mix of outdoor and indoor scenes. The dataset contains over 17k high-
resolution images covering a variety of scenes, including cities, architectures, sculptures
and small objects. The dataset is divided into training and validation sets, which we use
for the meta-learning. Domain adaptation is tested on the DTU (Jensen et al., 2014)
dataset, where we fine-tune the model on the training split and evaluate its final perfor-
mance on the test split.The DTU scans consist of different objects in a different indoor
environment with varied lighting conditions.

4.3.1 Training Details

The number of neighboring frames N is 2 for meta-learning and fine-tuning. The model
is tested with N = 4 frames. The number of depths (d = 256), input resolution (H =
512,W = 640) and output depth resolution (H = 128, W = 160) are initialized as in the
original MVSNet setup for fair comparison (Yao et al., 2018b). Learning rates are se-
lected as o = 10~* and B = 10~%. The model is fine-tuned with a learning rate of
10~7 and a batch size of 4 multi-view examples with one reference frame and N neigh-
boring frames each. The self-supervised loss weights are set to Yphoto = 5, %sim = 1
and Ysmooth = 0.01. For meta-learning we use k = 3 multi-view examples in each up-
date cycle. The total number of batched data chunk during meta-training consists of
((k4+1) x 4 =) 16 datapoints. The meta-training and testing have been performed on the
same hardware configuration (4 NVIDIA Titan RTX GPUs) using a PyTorch implemen-
tation. We used the Learnable (Arnold et al., 2019) library for implementing first-order
MAML.

4.3.2 Depth Map Fusion

Similar to MVSNet (Yao et al., 2018b), we fuse the predicted depth maps into point
cloud reconstructions using (Merrell et al., 2007)". The method determines a subset of

"We use the open-source implementation at https: //github. com/xy-guo/MVSNet_pytorch with its
default parameter setting
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the images using the view selection score of COLMAP (Schonberger and Frahm, 2016).
Their depth maps are projected to 3D points in a common coordinate frame. Matches
of points in neighboring views are found through reprojection into the images. Points
with reprojection distance error with threshold < 1 and relative depth difference with
threshold < 0.01 are averaged to obtain the final point cloud. We reconstruct point clouds
by fusing the generated depth maps for those pixels with confidence above threshold
> 0.8.

4.3.3 Quantitative Results

The fine-tuned model is evaluated on the DTU test split (Yao et al., 2018b; Ji et al.,
2017b). We use the evaluation metrics as in (Aanas et al., 2016). The accuracy distance
metric is measured as the distance from the estimated reconstruction to the ground-truth,
encapsulating the accuracy of the estimated points. The completeness is measured as
the distance from the ground-truth reconstruction points to the estimated reconstruction,
encapsulating how much of the surface is captured by the MVS reconstruction.Overall
is the mean of accuracy and completion (see Table 4.2). Additionally, we report the
overall F-score metric (Knapitsch et al., 2017) at inlier thresholds of 1 mm and 2 mm.
We utilize (Zhou et al., 2018) for calculating the precision and recall (see Table 4.2: %-
age (percentage) columns ). The F-score is the harmonic mean of precision and recall.

The results in Table 4.2 demonstrate that our method can improve results over its self-
supervised baseline MVSNet in (Khot ef al., 2019). It is second to (Dai et al., 2019) in
terms of overall metric among self-supervised methods. Filtering with the confidence
mask can lead to higher accuracy in favor of lower completeness. Note that our method
achieves state-of-the-art results in the overall F-score measures at | mm and 2 mm inlier
threshold compared to self-supervised and classical methods. Remarkably, it fares sim-
ilar to one of the supervised methods (SurfaceNet) in several metrics. We also provide
evaluation results on the DTU Buddha scan (see Table 4.1).Results of several classical
and supervised methods are taken from (Paschalidou et al., 2018). Supervised MVS-
Net (Yao et al., 2018a) fares best, while our self-supervised method ranks second and
outperforms supervised and classical methods, highlighting the efficacy of our meta-
learning approach. All the aforesaid results are in comparison to the state-of-the-art
work at the time when this work was done.

4.3.4 Qualitative Results

Figure 4.6 display the qualitative evaluation of our proposed method with respect to su-
pervised methods ( (Yao et al., 2018b; Ji et al., 2017b)). Our method provides a superior
completeness and as it can be observed from the reconstruction, some surrounding struc-
tures are also reconstructed which are not present in the ground truth.
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method accuracy completeness overall
MVSNet (Yao et al., 2018a) (Sup DTU) 0.234 0.278 0.257
Ours best (Meta PT bMVS, Sup FT DTU ) 0.455 0.335 0.395
Ours (no mask) (Meta PT bMVS, Sup FT DTU ) 0.483 0.339 0.412
SurfaceNet (Ji er al., 2017a) (Sup DTU, from (Paschalidou ez al., 2018)) 0.738 0.677 0.707
Hartmann et al. (Hartmann et al., 2017)(Sup DTU, from (Paschalidou ef al., 2018))  0.637 1.057 0.847
RayNet (Paschalidou et al., 2018) (Sup DTU, from (Paschalidou et al., 2018)) 1.993 0.481 1.237
Ulusoy et al. (Ulusoy et al., 2015) (C, from (Paschalidou et al., 2018)) 4.784 0.953 2.868
7ZNCC (Hine et al., 2014)(C, from (Paschalidou et al., 2018)) 6.107 0.646 3.376
SAD (Hine et al., 2014)(C, from (Paschalidou et al., 2018)) 6.683 0.753 3.718

Table 4.1: Ranking of several methods by overall metric on the DTU Buddha dataset.
Lower is better (best as bold). C: classical, Sup: supervised, Self: self-supervised, Meta:
meta-learning. Our self-supervised meta-learning approach performs better than several
supervised and classical methods. PT bMVS, FT DTU denotes pre-trained with Blended
MYVS dataset and fine-tuned with DTU dataset. DTU denotes trained on DTU dataset.

Ground truth MVSNet (Yao et al., 2018a) SurfaceNet(Ji et al., 2017a)

Ours (Meta, Self)

Figure 4.5: Point-cloud reconstruction results on the DTU Buddha dataset. The qualita-
tive results of our meta-learning approach appear superior to supervised SurfaceNet (Ji

et al., 2017a) and fairly close to MVSNet (Yao et al., 2018a).
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method acc. comp. oOver.  prec. rec. over. F prec. rec. over. F
(1 mm) in % (2mm) in %

Camp (Campbell et al., 2008) (C) 0.835 0554 0.695 71.75 64.94 66.31 84.93 69.93 74.36

Furu (Furukawa and Ponce, 2010)(C) 0.612 0939 0.775 69.55 61.52 63.26 773 64.06 70.06

Tola (Tola et al., 2012)(C) 0.343 1.19  0.766 90.49 57.83 68.07 9235 60.01 72.75

MVSNet (Yao et al., 2018b)(Sup DTU)  0.396  0.527 0.462 86.46 71.13 75.69 91.06 75.70 80.25

Ours (Sup PT bMVS, Sup FT DTU) 0.441 0387 0.414 8355 74.25 76.93  88.56 77.63 81.09

Surfacenet (Ji et al., 2017b)(Sup DTU) 0450 1.043 0.746  83.8 63.38 69.95 87.44 67.87 74.81

MVSNet (Khot et al., 2019) (Self DTU)  0.881  1.073  0.977 61.54 44.98 51.98 85.15 61.08 71.13
MVS2 (Dai et al., 2019)(Self DTU) 0.760  0.515  0.633 70.56 66.12 68.27 - - -

Ours (Meta PTbMVS, Self FTDTU) 05942 07787 0.6865 80.18  63.58  68.67 90.95  69.08  76.22
Table 4.2: Evaluation scores for reconstruction metrics (C: classical, Sup: supervised,
Self: self-supervised, Meta: meta-learning). PT: pre-trained, FT: fine-tuned. bMVS:
trained on Blended MVS. DTU: trained on DTU. Lower score is better for accuracy
(acc.), completeness (comp.) and overall (over.) metrics. Higher score is better for
precision (prec.), recall (rec.) and overall F-score (over. F) metric. Blue indicates best
among all methods. Best results among methods trained self-supervised on DTU are
shown in bold. Our approach demonstrates improved results over its self-supervised
baseline MVSNet (Khot et al., 2019). Our method achieves state-of-the-art results in the
overall F-score measures at | mm and 2 mm inlier threshold compared to self-supervised
and classical methods. We even fare similar to a supervised approach (SurfaceNet) in
several metrics.

tb
method acc. comp. over. F prec. rec. over. F
(1 mm) in %

Self DTU(d=128) 0.881 1.073 0977 61.54 44.98 51.98

Self DTU (d=256) 1.159  0.6083 0.8837 64.85 64.68 63.57

Self PT bMVS, Self FT DTU 0.9448 0.6345 0.7896 68.43 63.38 64.42

Sup PT bMVS, Sclf FT DTU 0.7808 0.6769 0.7288 74.54 64.35 67.49

Ours (Meta PT bMVS, Self FT DTU, no conf. mask) 0.7242 0.8422 0.7832 75.22 60.25 65.31
Ours (Meta PT bMVS, Self FT DTU) 0.5942 0.7787 0.6865 80.18 63.58 68.67

Table 4.3: Ablation study (bold shows best results). Acronyms follow Table 4.2. Our
meta learning approach achieves better overall scores than the other training variants.
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Ground Truth MVSNet (Sup) SurfaceNet (Sup) Ours (Meta, Self)

Figure 4.6: Point cloud reconstructions. From left to right: ground truth, MVSNet, Sur-
faceNet and ours. Our reconstruction results provide a better completeness than Sur-
faceNet and appear similar to the supervised MVSNet results.
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Lake-side | Sandbox

Figure 4.7: Point-cloud reconstruction results of our meta-learning approach on ETH3D
low resolution multiview dataset reconstruction.

ETH3D. Further reconstruction evaluation was performed on the ETH3D test dataset
for low-resolution multiview stereo. The model was meta-trained on BlendedMVS and
fine-tuned on ETH3D low resolution training dataset. The test point-clouds show clear
reconstruction results (see Fig. 4.7).

DTU. We provide additional point-cloud reconstruction results on the DTU dataset in
Fig. 4.9. We also show depth maps predicted by our approach in Fig. 4.9).

4.3.5 Ablation Studies

We perform ablation studies on the following training conditions:

* Self-supervised MVSNet setup (Self DTU (d=256)) similar to (Khot et al., 2019),
with twice the depth discretization level (d=256). It was trained on DTU train
split, and has different loss hyperparameters (such as reprojection loss weights as
proposed in (Khot et al., 2019)).

» Similar as the previous setup, but pre-trained (PT) on BlendedMVS using self-
supervised learning ((Self PT bMVS, Self FT DTU)) and supervised learning (Sup
PTbMVS, Self FT DTU)). The model is fine-tuned (FT) on DTU using self-supervised
learning.

* Our meta-training setup without the confidence mask training (Ours (Meta PT
bMVS, Self FT DTU, no conf. mask)).

* Our proposed meta-training setup with the confidence mask training (Ours (Meta
PT DMVS, Self FT DTU)).
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Figure 4.8: Point-cloud reconstruction of DTU evaluation scans using our approach.
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reference frame Self DTU Self PT bMVS, Self FT DTU Ours (Meta, Self)

Figure 4.9: Depth maps predicted on the DTU test set. From left to right: reference
frame, depth maps predicted by our network trained self-supervised on DTU only, depth
maps predicted by our network pretrained self-supervised on BlendedMVS and fine-
tuned self-supervised on DTU, our meta-learning approach pretrained on BlendedMVS
and fine-tuned on DTU. Our approach predicts smoother depth maps at homogeneous
surfaces and provides better completeness.

N

1



Chapter 4 Multiple view stereo with semi-supervision

Table 4.3 shows the results for these variations of our model. The overall scores high-
light that meta learning outperforms the straightforward fine-tuning strategy (PT bMVS)
with the same sequence of datasets, even if it is pre-trained supervised. Confidence
weight masks are effective for decreasing the effect of outliers during learning which
improves performance.

4.4 Conclusions

Adaptability to new domains through self-supervision is a powerful property, especially
for a multi-view stereo learning module where dense ground-truth depth data is tedious
and difficult to obtain. We propose a meta learning approach which trains a network
for self-supervised adaptation to a novel data domain with changes in environment and
conditions. Our approach learns a loss confidence mask for self-supervised learning.
In our experiments, we demonstrate that our meta-learning helps to train the network
for adapting to new domains using self-supervision. Our approach can improve self-
supervised domain adaptation performance over naive pre-training using depth supervi-
sion. It achieves reconstruction results which well compare with a previous supervised
method and classical methods, and can improve performance over a self-supervised base-
line.

Meta learning and multi-view stereo learning is a popular topic in the field of machine
learning and computer vision. In the future, we will investigate architectures for high res-
olution images for an improved and more detailed reconstruction. Apart from this, plane
sweep cost volume based learning depth maps generates inaccuracies due to discretiza-
tion limitations. Pruning methods could reduce memory consumption and improve the
results of our meta-learning MVS approach.

One of the significant challenges we encountered while training a model based on
volumetric feature correspondence was the requirement for substantial computational
power. To mitigate this, we had to limit the resolution of the depth map to a quarter of its
original resolution derived from the multi-view image input. This limitation inevitably
led to a loss of many reconstruction details during the process of depth downsampling
and subsequent depth fusion to create a point cloud.

However, simply upsampling a depth map does not always guarantee an increase in
reconstruction precision. In fact, it might introduce additional noisy artifacts, thereby
deteriorating the quality of the reconstruction.

To address this issue, our next work will delve deeper into the exploration of effec-
tive depth upsampling methodologies. We aim to leverage a guided reference image to
enhance the upsampling process and preserve the intricate details of the reconstruction.

In addition, we will also focus on developing computationally efficient solutions for
the correspondence matching problem. This is a critical aspect of this research, as it
directly impacts the effectiveness and efficiency of our model. We will provide a brief
overview of our approach to this problem in the concluding sections of this thesis. This
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will offer insights into our strategies for tackling this complex issue and improving the
overall performance of our model.
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Chapter 5

Joint depth upsampling with vision
transformers

Image super resolution (SR) is a classical computer vision problem. A branch of super
resolution tasks deals with guided depth super resolution as objective. Here, the goal
is to accurately upsample a given low resolution depth map with the help of features
aggregated from the high resolution color image of that particular scene. Recently, the
development of transformers has improved performance for the traditional image pro-
cessing tasks, credited to self-attention. Unlike previous methods for guided joint depth
upsampling which rely mostly on CNNs, we efficiently compute self-attention with the
help of local image attention, which avoids the quadratic growth typically found in self-
attention layers. Our work combines CNNs and transformers to analyze the two input
modalities and employs a cross-modal fusion network in order to predict both a weighted
per-pixel filter kernel and a residual for the depth estimation. To further enhance the final
output, we integrate a differentiable and a trainable deep guided filtering network, which
provides an additional depth prior. to further establish the robustness of our model, we
have performed ablation study and the overall empirical trials demonstrate the impor-

tance of each proposed module.

Output Output (cropped) Target (cropped) und Truth (cropped)

Figure 5.1: Our proposed image local attention guided joint depth upsampling network
takes the high resolution guide image and the low resolution bicubic upsampled target
image as input. Note the upsampling enhancement in the marked patch generated by
our network compared to the 8x upsampled input next to it, as well as the corresponding
ground truth patch.

45



Chapter 5 Joint depth upsampling with vision transformers

5.1 Introduction

Given a low resolution input, the algorithm tries to compute a corresponding high res-
olution image. Recent advancements in smartphone photography to satellite imagery
employ super resolution for improved image quality and visual clarity. One major ap-
plication of image SR is joint depth map super resolution, which is applied in robot
vision (Islam et al., 2020) and multi-view 3D reconstruction enhancement (Yu and Gao,
2020). Until now, these methods have been computationally expensive and generally
produce low resolution depth maps whose clarity, however, can be increased with RGB
image guided depth super resolution. In this chapter, we deal with the classic joint depth
super resolution (SR) problem. Given a low resolution depth map (target) and a corre-
sponding high resolution RGB image (guide), our task is to compute the corresponding
high resolution depth map. Classical depth super resolution methods usually rely on a
spatial filtering technique (Kopf et al., 2007) where the input is upsampled by filtering
the local neighborhood with weights directly based on the corresponding patch in the
guide image which utilizes a spatial representation of the target low resolution depth im-
age and a patch-based guided image extraction method to infer the weights for a kernel
to estimate the final depth as a weighted sum of the neighboring pixels. One of the down-
sides of this kind of method is that it can be time and memory consuming for very high
resolution images. Additionally, it can miss homogeneous background information.

Recent developments in machine learning for computer vision applications have also
paved the way for guided depth super resolution methods. In general, these applications
try to infer the filter kernel weights for each target pixel with the help of a guide RGB
input image to perform an adaptive, spatially-varying convolution on the target image.
Inspired by the classical joint depth upsampling task, spatial filter weights for the joint
bilateral filter have been replaced by a learnable variant for the multi-view stereo task (Yu
and Gao, 2020) in the past. We take inspiration from this application and try to infer the
neighborhood pixel weights based on an additional local image attention block to extract
detailed neighborhood features. Local image attention (Yang et al., 2020) has made it
possible to cheaply extract expressive image features for this super-resolution tasks.

Our architecture in Figure 5.2 combines two main ideas. First, we generate an en-
hanced target input by deep guided filtering networks (Wu et al., 2018) and in parallel
estimate per-pixel adaptive filter-kernels for upsampling the target images by fusing the
features of both the guide and the target. Second, we estimate corresponding residuals,
which are added onto the guided filtered results to refine the depth-map. Both approaches
rely on features which are first extracted separately from the guide and target images,
then merged for each task employing local attention. The last module of the network
incorporates the original low resolution bicubic upsampled target image, guided filtered
(GF) target depth and deep guided filtered (DGF) target depth which subsequently pro-
poses the final output from a trainable, weighted per-pixel prediction module.

Features are extracted by a U-Net followed by a self-attention-based transformer en-
coder to extract local neighborhood information for improved edge-aware guidance. A
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Figure 5.2: Attention Guided Upsampling: Extracted features of the guide and the target
are fused by a local transformer to predict filter weights as well as an additional residual.
This information is used in the decoder block (shared weights) to predict an upsampled
version of T, and 7y separately. A final prediction layer combines all target predictions.
Error(0) and Error(T) visualize the difference to the original and the target input image.

deep merge network (Mergenet) performs efficient cross-modal fusion of local neigh-
borhood features. By combining the RGB and the depth domain, we produce a repre-
sentation which includes the high-frequency detail from the guide image as well as the
coarse depth information from the target image. We use those results twice: As input for
the filter-kernels estimation and as input for constructing the residuals from the GF as
well as the DGF target map, both of which are a function of the RGB guide image and
original bicubic upsampled target image.

Our filter pathway can be interpreted as a generalized adaptive filter with trainable
pixel similarity measure. We demonstrate the validity and importance of each module in
our ablation study. Our contributions are as follows:

* Local attention and merge block for fusing spatial information from both the guide
RGB image and the target depth to provide better super resolution guidance

* Performance comparable to state-of-the-art methods and superior performance in
some cases
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Figure 5.3: Guide RGB Figure 5.4: Target patch Figure 5.5: GF patch
image

Figure 5.6: DGF patch Figure 5.7: Output patch Figure 5.8: Ground truth

Table 5.1: We demonstrate the contribution of the guided filter blocks. While the target
patch is clearly affected by the upsampling artifacts, guided filter map post residual re-
finement clearly shows remarkable improvements wrt. feature sharpness. Deep guided
filtering contributes additional edge aware features. Finally, the weighted pixel predic-
tion module provides additional improvements in the output patch and when compared
to ground truth, the overall upsampling artifacts are hardly noticeable.

5.2 Method

The goal in joint depth upsampling is to use a high resolution guide image for adding
missing detail in an aligned low resolution farget image. Our network solves this task
in four major steps: Guided depth proposals, feature extraction, cross-modality merging
and final guided filtering. In addition to the low resolution target image, we obtain a
guided filtered target and a deep guided filtered target (Wu et al., 2018). During feature
extraction, the guide image and target image are processed independently to generate
feature vectors for each pixel. In the merging stage, the features from the guide image
are combined with the target features to produce the inputs to the filter section. The GF
target and the DGF target are filtered with adaptive kernels and augmented with a residual
estimate to the detailed output depth map. The final output is a pixel-wise weighted
combination of the original target, filtered GF target and the filtered DGF target. In this
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section, we describe our architecture from Figure 5.2 in detail.

We propose a combination of image local attention guided depth super resolution
which leverages the power of both CNNs and transformer encoders for refinement and
residual prediction for the joint depth super resolution task. We discuss the functionali-
ties of our modules in details in the following section.

Our network consists of several subnets(see Figure 5.2). The first block consists of a
U-net-based (Ronneberger et al., 2015) feature extractor which generates guide and im-
age features. It is followed by Mergenet for comparing guide and target features to gen-
erate guide and target weights. Subsequently, a depth prediction block is implemented to
derive two outputs: a filter mask and a fine-grained residual prediction.

Depth guided filters

Direct bicubic upsampling of low-resolution images produces significant artifacts as it
does not consider the spatial context. In order to provide better input, we utilize two
simple guided filter modules. The first block is a differentiable Guided Filter (GF) layer
which takes the low resolution target image I; and high resolution image I, to generate a
high resolution proposal Ty = GF (I;,1,) by a linear transformation (He et al., 2013). The
second block consists of a Deep Guided Filter network which integrates the previous
guided transformation layers into CNNs and generates corresponding guidance maps
T; = DGF (1,,1;). See (Wu et al., 2018) for further details on the gradient propagation
through guided filtering and convolutional guided filtering layers.

Feature extraction

Upsampling an image is inherently a local operation, however in order to fill in local de-
tails it can help to consider the global context, such as reoccurring patterns or regularities
in the occurrence of depth discontinuities. We use U-Nets (Ronneberger er al., 2015) f,
and f; to extract primary features F, = f,(I,) and F; = f;(I;), with separate weights for
the guide image I, and the target image I;. I; has been upsampled with a bicubic filter to
the same resolution. Those features are based on the local neighborhood of each pixel in
different scales. It should be noted that we do not extract features for 7;; and Ty, as they
are already jointly encoded with vital guide and target image information and Fy, F; have
sufficient information for further operations in the rest of the architecture.

Next, spatial self-attention compares and relates each stacked pixel feature (Fy,F)
against its neighbors to better judge its relative importance and to localize important
information for the final task of edge-aware upsampling. The self-attention is only com-
puted locally over a sliding window similar to 2D-convolutions (Child et al., 2019; Belt-
agy et al., 2020; Rae and Razavi, 2020) but with content dependent filter weights. The
query, key and value for the attention mechanism are extracted using a linear trans-
formation across the channel dimension which is implemented as 1 x 1 convolutions.
With a quadratic window of side-length p (here p = 5) the memory requirement of lo-
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cal self-attention is limited to O(n * p?) = O(n), where n is the number of pixels in the
input. Since the patch-size is a constraint for varying and higher resolution cases, a
combined feature map would provide richer edge-aware pixel neighborhood information
during attention computation in the following stage. Hence, we use a transformer en-
coder (Vaswani et al., 2017) .7t block built with the aforementioned local attention to
enrich our spatially combined target and guide features with detailed local information.
The final features &/ = .7 (F, + F;) are computed by applying the transformer to the com-
bined U-Net-feature-maps. We train a variant of the U-net (denoted by f) to aggregate
information about the spatial arrangement of the larger local 2D neighborhood of the
target I; and the guide image I,. The feature extractors use separate weights, as the tasks
and the image detail are different for the target and guide image. This module provides us
with high dimensional guide image features F, and target image features F;. For a given
set of queries (Q) and a collection of key-value (K, V) pairs, attention is computed as the
weighted sum of all values (Vaswani ef al., 2017). The weights are obtained based on the
similarities between the query and keys which are usually measured by the dot products
of the query with all keys, and divide it with the numeric value of the dimension of keys
dy (see Eq.(5.1)).
, _ 0.KT

Attention(Q,K,V) = s0jtmax(ﬁ)V (5.1)
It is noteworthy that unlike pure convolution based networks which computes the dot
product with a set of static kernels, the additional Q,K,V matrices compute dynamic
kernels for the given position. Hence, local attention provides additional context based
information and tries to figure out which input regions are important. Meanwhile, it is
expensive to implement such a module while dealing with a large number of keys, such
as ours.We generate our Q,K,V with convolutions and represent them as C x H x W
(channel, height, width respectively) dimensional tensors. Hence, the term “’local” in our
context is a region around a pixel with patch size p. The corresponding patch p will
have a tensor dimension C X p X p.On an implementation basis, we divide the feature
into C x H x W x p x p dimension sequence and compute self-attention. It is worth
mentioning that in our context of self-attention, they Q, K,V are generated from the same
sequence. We utilize this aforesaid self-attention module as a transformer encoder .7
block. To summarize, this module takes into account a local region or patch around a
given pixel and performs self attention operation over the given keys and values. We
perform this separately on the features (F;, Fy).

o =T (F) where i =1,g

Mergenet

During feature extraction, there is no cross-talk between the information extracted from
the guide image I, and the target image I;. Although the transformer encoder block
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enhances the combined features for depth guidance, only self-attention is not sufficient.
The Mergenet is responsible to not only combine both modalities, but provides further
enhanced guidance cues. The Mergenet consists of 8 2D convolution layers with ReLU
blocks as activations. It consists of two separate blocks (F and R), both working on
the same input, that produce the weights Wr and Wx needed for the Filter and Residual
steps to create the final depth prediction. Once we have obtained separate attention-
based target <7 and guide feature 7, embeddings, our task is to find a proper correlation
between these attention embeddings. We propose a Mergenet Merge, which is basically a
set of 3D convolution blocks. The guide and the target attention embeddings are channel-
wise concatenated and used as input to this block. We use two separate sub-nets to obtain
guide weights W, and target weights W;.

Depth decoder

The decoder module combines the result of a Filter module .%# with a separately com-
puted depth Residual %. The adaptive filter module converts Wy into a per-pixel filter
kernel which is convolved with the guided target images 7, and 7;;. As the adaptive fil-
ter can only produce a weighted average of already existing depth values, the residual
module estimates a depth-correction from Wg and Wr. Here, Wy can potentially infuse
some additional information from the guide image features estimated in the Mergenet.
We utilize two depth decoder blocks with shared weights for refining, We apply the same
operation with shared weights to T, and T, separately.

Tg7dd = yg,d(ng)WF) +%g,d(WF7WR) (5.2)

This final module is a combination of depth residual & and depth filter module .%. It
predicts the final upsampled depth map D,y based on the original bicubic upsampled
target image I; and the merged weight tensors (W, W;).

Dfinal - %(W&VVI) "’_‘gZ.(IHWg)

Depth filter module .% The joint bilateral upsampler (Kopf et al., 2007) has been em-
ployed as a classical solution for guided depth upsampling. This method uses a range
filter and a spatial filter for predicting the filtered depth output. We take inspiration from
its learned counterpart in FastMVSNET (Yu and Gao, 2020) who implicitly try to en-
code the spatial information with the help of a simple CNN. We utilize a learned version
to filter the low resolution target with kernels constructed from W, rather than directly
using image features. This can be viewed as a generalized adaptive upsampler with an
estimated kernel for every pixel coordinate.

To predict the adaptive per-pixel filter mask, we reduce the dimensionality of Wy with
the help of a simple 1 x 1 convolutional network f,.q.c. and utilize it to convolve the
target image and obtain W,egyuce = S0 ftmax(frequce(Wr))-
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Note that W,,g,c. has k? channels, where k is the chosen kernel-size in the filter module.
Let Ni(x) be the list of indices in the pixel neighborhood centered at x, then the filter
operation can be written as:

k2
tg?g,d(Tg,da WF) [X] = Z Wreduce [xa l] : Tg,d [Nk<x) [l]] (53)
i—1

Depth residual module % The depth values produced by the filter are formed by build-
ing kernels which are convolved with the low-detail target images. However, the fea-
tures produced in the Mergenet module already contain the detailed information from
the guide image as well as the depth information from the target image. We therefore
use Wr and Wr directly to compute an additional residual, which is added to the fil-
ter result as indicated in Equation (5.2). With W and Wg having the same spatial and
channel dimensions we can combine them in an element-wise multiplication and sum
up the channels to produce a one-channel residual map. This module can be interpreted
as a simple pixel-wise weighted residual prediction from the filter and residual weights
(Wg,Wr). We will take cues from the original aligned feature maps in order to provide
proper weights for the different target proposals. We interpret W as a confidence score
for the residual contribution Wy and hence compute the overall weighted residual as :

C
Roa(Wp,Wg) = Y softmax(Wr) - Wg (5.4)
i=1

where C is the feature channel dimension of W and Wg.

The depth residual module & computes an edge-aware depth residual with the help of
a probabilistic summation approach. For each pixel values in the low resolution target
image, the Mergenet evaluates values W; for possible edge compensation. Our network
learns to properly weight these values along the channel dimension. We utilize the guide
weight tensor W, as the texture probability matrix. Hence, the overall residual depth D,
is the element-wise multiplication of the weighted probability and W;.

c
D5 = Z so ftmax(Wy) - W; where C is feature channel dimension
i1

Depth prediction

The final module is a simple pixel-wise weighted depth prediction (pred) module that
estimates the final output from the three proposed depth maps (I,,ng T4, We will
take cues from the original guide feature map and just computed Wg and Wy in order
to provide proper weights for the different target proposals. This block consists of 4
convolution layers which estimate the final weights W,,,.q = so ftmax(pred(F,,Wr,Wg)).
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i
-

Input HR Bicubic DKN JIIF Ours

Figure 5.9: Qualitative analysis of joint depth upsampling with the help of our network.
We demonstrate (5x) upscaled absolute error maps with respect to the ground truth for
the patches marked in green in the input HR (High Resolution) images. We compare
our network output with DKN (Kim et al., 2020) and JIIF (Tang et al., 2021) on the
NYUv2 (Silberman et al., 2012) test dataset. Brighter regions indicate higher error.

Thus, the final upsampled depth prediction is given as:

D finar = Y softmax(Wyyeq) - (I, T, T,) (5.5)

Loss function

Given the ground truth high resolution target image Dy, and the network output as D £,
we train our network with a L1 loss.

Np

1
Loss = N |(D finat — Dg1)| (5-6)
P y=1

Here, N, is the total number of pixels in the target image.

5.3 Experiments and Results

Datasets and training setup

Our network is trained on NYUv2 (Silberman et al., 2012) training dataset which consists
of 1000 images. We test our trained network on the test split of NYUv2 consisting of
449 images, following the established split protocol of (Kim ef al., 2020). Additionally,
we also test our network on (Lu ef al., 2014) test split and (Scharstein and Pal, 2007)
test split, following the test convention of (Lu ef al., 2014; Kim et al., 2020). It is to be
noted that the network is trained separately with 4x, 8x, and 16x downsampling as input
following the mentioned conventions. The downsampled target image is upsampled with
the help of bicubic upsampling and is used as an input along with the high resolution
RGB guide image. We use an NVIDIA RTX3090 to train our network for approximately
14 hours. Keeping in mind the massive self-attention computation cost which involves
memory cost proportional to p X p per pixel, we use an efficient implementation without
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rearranging keys and values in memory with custom CUDA kernels for the attention
computations (Zhang, 2019).

Hyperparameters

For the experiments presented in the following sections, our feature channel dimension is
set to 128. The NYUv2 training dataset is trained on its full resolution of 480x640 pixels
at a batch size of 1. We use 1e-3 as the learning rate for the Adam optimizer. We further
decay our learning rate by a factor of 0.2 every 22 epochs. We use a patch size of 5 for
the image local attention in all scale scenarios. Our number of heads for the transformer
encoder block is set to 1 and the dimension of the feedforward channels is 128. The filter
kernel size is set at 7 for all upscale factors. The network is trained end-to-end for 50
epochs.

Quantitative results

We compare our method with other learnable joint upsampling algorithms on multiple
test datasets (NYUv2, Lu, Middlebury) as shown in Table 5.4. Our algorithm’s perfor-
mance is comparable and near superior to state-of-the art (during the time of this work)
methods with regard to Root Mean Square Error (RMSE). Our network achieves state of
the art on the 4x upsampling task of the NYUv2 dataset, Middlebury dataset; and on 8x
upsampling task of NYUv2 and Lu dataset. It demonstrates near state-of-the-art perfor-
mance for 16x upsampling task with respect to the leading methods, which proves our
method’s generalization capabilities. Although we outperform JIIF (Tang et al., 2021)
on multiple test sets for 4x, 8x upsampling, performance drops slightly behind JIIF in
16x upsampling test scenarios. With the increased upsampling factor (16x) the neigh-
borhood context of a fixed-sized local attention encoder is decreased relative to the target
image size. We identify this as the main cause for the limited performance. JIIF uses
joint implicit function to predict weighted average from the four nearest coordinates in
the LR domain for interpolation but learn the interpolation weights and values through
a deep implicit representation, which presumably has stronger responses with respect
to neighborhood context and eventually has a better generalizable performance. In our
test scenario (Lu, Middlebury) we believe that training on a fixed resolution scale is not
sufficient for the attention module to be able to gather information on differently scaled
structures in the downgraded target images. Still, we are runner-up to JIIF (Tang et al.,
2021) for the Middlebury and the Lu dataset. Similarly, as the upsampling factor in-
creases (8x,16x), the neighborhood context interpretation power of a fixed-sized local
attention transformer encoder decreases. Nevertheless, our network performs effectively
well in comparison to leading methods within a reasonable training period. Neverthe-
less, our network performs effectively well in comparison to leading methods within a
reasonable training period, as we are runner-up to JIIF (Tang et al., 2021) for Middlebury
and Lu test datasets.
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Qualitative results

We provide a qualitative comparison of the visual clarity of our results with exam-
ples from different datasets. In addition, tabulated Figure 5.2 shows a comprehen-
sive comparison with DKN (Kim et al., 2020). Additionally, one can also visualize the
NYUv2 (Silberman et al., 2012) test image input along with the 8x upsampled bicubic
target input. Overall, one can notice that our network provides a sharper depth output
compared to the naive upsampling as well as to the advanced DKN (Kim et al., 2020)
approach. For a more comprehensive insight on the generalization, we have also pro-
vided the results on the Middlebury test set (Scharstein and Pal, 2007). Compared to the
degraded (8x bicubic upsampled) input and the corresponding ground truth, the network
output is able to preserve sharp details and only introduced very few interpolation arti-
facts. Visually, the network recovers a substantial amount of depth data in all settings
and displays low absolute error along edges of image structures.

Ablation study

To investigate the importance of individual components in our network, we performed
an ablation study by removing each of the six primary training modules from our overall
architecture. As presented in Table 5.3, removing the transformer or depth filter hinders
the performance of our network. Additionally, one can also observe that the absence of
the residual module significantly deteriorates the performance, as the enhanced cross-
model transfer from the target embedding during the final depth computation at the end
of the pipeline is missing. Additionally, if we do not enhance the transformer fused
target and the guide embedding with the help of our proposed Mergenet, the network
struggles to transfer the high-resolution texture features to the final depth. Additionally,
absence of the depth prediction module also highlights the need of careful pixel selection
provided by the fused guidance weights. Introducing GF and DGF provides a much-
needed prediction prior, which again infuses the guide RGB features from the beginning
and helps the network to predict the final depth from a better target standpoint. This
underlines the effect and importance of all the proposed modules in our pipeline.

5.4 Conclusion

We propose a novel architecture to combine the power of CNNs and transformer-based
encoders to solve the guided depth upsampling task with efficient local image attention.
Our network consists of a local attention block for extracting edge-aware features from
both input modalities, followed by merge networks for cross-modal fusion. Eventually,
we obtain a depth map with the help of an adaptive depth filter followed by residual
prediction computation with corresponding subnetworks. To predict the final depth map,
we extend a set of learned adaptive filters by adding a novel depth residual computa-
tion. This increases the sharpness of the upsampled depth map.To predict the final depth
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map, we extend a set of learned adaptive filters setup by adding a novel depth resid-
ual computation to increase the sharpness of the upsampled depth map. The approach
yields state-of-the-art results in smaller upsampling cases and performs well on larger
upsampling tasks when compared to leading methods. We tune the local attention patch
size for the optimal trade-off between compute time and performance. An ablation study
demonstrates how each submodule of our network architecture plays an important role in
understanding, gathering, and subsequently merging the image features. In future work,
we would like to improve performance on a wider range of upscaling factors, minimizing
the effort for retraining. For example, certain parts of the network can be fine-tuned to
accommodate for different input scales, while the large U-nets stay fixed. Also, a train-
ing scheme that trains on multiple datasets and upsampling factors at the same time can
improve the generality of the model.

In the previous chapter, we discussed the fundamental building blocks required for the
proper reconstruction of learning environments using multi-view images. One of the key
tasks in this process is the estimation of depth maps from multiple view inputs. This is
further enhanced by the use of a guided image, as demonstrated in this chapter. The pri-
mary task, however, is to estimate accurate correspondences between multiple view im-
age inputs. Accurate correspondence alignment is crucial as it provides a comprehensive
overview of the homography and motion estimation of the source images. This informa-
tion can then be utilized to estimate disparities, thereby enriching our understanding of
the scene.

With this in mind, we revisit the task of correspondence alignment-based applications.
We explore how these applications can be leveraged to enhance our knowledge of the
given scene. Specifically, we delve into the role of correspondence alignment in tasks
such as burst image denoising and image enhancement. In the upcoming chapter, we will
dive deeper into one such application. We will explore how correspondence alignment
can be used for burst image denoising and image enhancement. This will involve a
detailed discussion on the techniques involved, their implementation, and the impact
they have on the overall quality of the reconstructed scene.
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Figure 5.10: Guide RGB image I Figure 5.11: Bicubic upsampled target in-
put [,

Figure 5.12: Network output D fin Figure 5.13: Ground truth depth map Dy,

Table 5.2: Qualitative analysis of joint depth upsampling with the help of our network.
We demonstrate (5x) upscaled absolute error maps with respect to the ground truth for
the patches marked in green in the input HR (High Resolution) images. We compare
our network output with DKN (Kim et al., 2020) and JIIF (Tang et al., 2021) on the
NYUv2 (Silberman et al., 2012) test dataset. Brighter regions indicate higher error.
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Table 5.3: Ablation study for 8x resolution on NYUv2: Numbers indicate RMSE (lower
the better) for the case of 8x bicubic upsampling.

Method RMSE
Without transformer 2.80
Without Mergenet 2.95
Without prediction block (mean)  2.79
Without dgf 2.81
Without cdgf 2.73
Without filters 2.84
Without residuals 2.85
Ours 2.71

Table 5.4: Quantitative evaluation (lower is better) for different methods. The evaluation
is done in accordance with conventional evaluation metric protocols (Kim et al., 2020;
Tang et al., 2021). Here, the RMSE is taken in units of centimeter. Best results are in
blue, and second-best results are highlighted in pink.

Method NYUv2 Middlebury Lu

4x 8x 16x 4x 8x 16x | 4x 8x  16x
Bicubic 428 7.14 11.58 | 2.28 3.98 6.37 | 242 454 17.38
DMSG((Hui et al., 2016), from (Kim et al., 2020)) | 3.02 5.38 9.17 | 1.88 345 6.28 | 230 4.17 7.22
DIJF((Li et al., 2016), from (Kim et al., 2020)) 2.80 5.33 943 | 1.68 3.24 5.62 | 1.65 396 6.75

DJFR((Li et al., 2019), from (Kim et al., 2020)) 238 494 9.18 | 1.32 3.19 557 | 1.15 3.57 6.77
PAC((Hui et al., 2016), from (Kim et al., 2020)) 1.89 333 6.78 | 1.32 2.62 458|120 233 5.19

DKN(Kim et al., 2020) 1.62  3.26 6.51 | 1.23 2.12 4241096 216 5.11
FDSR(He et al., 2021) 1.61 3.18 586 | 1.13 2.08 439 1129 219 5.00
CTKT(Sun et al., 2021) 149 273 5.11 - - - - - -

DCTNet(Zhao et al., 2022) 1.59  3.16 5.84 | 1.10 2.05 4.19 | 0.88 1.85 4.39
JIIF(Tang et al., 2021) 1.37 276 5.27 | 1.09 1.82 331|085 1.73 4.16
Ours 1.34 271 5.39 | 1.07 1.86 3.57 | 0.89 1.73 4.25
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Chapter 6

Burst image denoising

In the era of mobile phone photography and point-and-shoot cameras, the technique
of deep-burst imaging has gained significant popularity. This method is extensively
employed to achieve a variety of photographic effects, including depth of field, super-
resolution, motion deblurring, and image denoising, to name a few. In this study, we aim
to address the challenge of deep-burst image denoising. Our proposed solution incorpo-
rates a pre-trained optical flow-based correspondence estimation module. This module
aligns all the input burst images in relation to a chosen reference frame. To effectively
handle the issue of fluctuating noise levels, each of the burst images undergoes a pre-
filtering process. This process is tailored with different settings for each image, ensuring
optimal noise reduction. Exploiting the established correspondences, one network block
predicts a pixel-wise spatially varying filter kernel to smooth each image in the original
and prefiltered bursts before fusing all images to generate the final denoised output. The
resulting pipeline achieves state-of-the-art results by combining all available information
provided by the burst.

6.1 Introduction

The field of burst photography has experienced a significant surge in popularity. This can
be attributed to the recent advancements in the development of portable CPUs. These
CPUs are not only faster but also lightweight, making them particularly suitable for
mobile devices and point-and-shoot cameras. The enhanced processing power of these
CPUs allows for rapid-fire sequences of photos, a feature central to burst photography.
Moreover, these technological improvements have led to notable enhancements in image
quality, specifically in terms of noise reduction and motion blur removal. As a result, the
images produced are sharper and clearer, further contributing to the growing prominence
of burst photography. Burst photography (Molini et al., 2020; Kawulok et al., 2020) can
also be understood as the multi-frame image restoration task (Liba et al., 2019; Hasinoff
et al., 2016; Bhat et al., 2021a; Wronski et al., 2019) that has a wider range of appli-
cations, even in satellite photography (Valsesia and Magli, 2022; Deudon et al., 2020)
for remote sensing. The sensors and lenses in smartphones are much smaller and more
lightweight than those of professional cameras, but they collect less light per pixel, which
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leads to noisier images. Compensating this by longer exposures could introduce motion
blur. As an alternative, a burst of many short and noisy images could be computation-
ally combined into one sharp image. Camera phone APIs already provide denoising
algorithms, but they are not optimized for burst denoising.

Current burst denoising methods perform the alignment simply based on the estimated
homographies between the burst images (Godard et al., 2018; Bhat et al., 2021b), fol-
lowed by some pixel denoising. Our proposed pixel-wise alignment based on optical
flow is significantly more powerful in compensating for scenes with complex depth and
camera or object motion. We still expect the motion between the burst images to be
rather small. Our overall architecture is depicted in Figure 6.1. First, we generate en-
hanced burst inputs by applying the pre-trained self-guided filtering network (SGN) (Gu
et al., 2019) for each image to generate pre-denoised bursts. Both, the original and the
denoised images are aligned with respect to the reference frame using the RAFT (Teed
and Deng, 2020) optical flow network. Based on the aligned images and extracted fea-
tures, a network block predicts a per-pixel adaptive filter kernel to denoise every pixel
in every image. A final fusion block merges all predictions across all bursts into a sin-
gle output. Secondly, we estimate pixel adaptive filter-kernels, which per pixel describe
where to collect color information from the aligned input bursts. The decoder then only
applies those kernels, thus produces weighted averages over neighboring pixels from all
aligned images. We demonstrate the importance of each module in an ablation study.
Our contributions are as follows:

* Optical flow-based alignment of multiple pre-denoised burst images
* Adaptive per-pixel filtering of aligned burst images followed by cross-burst fusion

* Improved denoising performance, especially in low-noise scenarios

1 pred

Result

Figure 6.1: Method overview. The input image burst is pre-filtered twice using SGN
(Gu et al., 2019) with different filter strengths. For each stack we extract features, align
both features and images and then apply a content-adaptive spatial filter with weights
derived from the aligned features. The results from all three bursts are fused to predict
the denoised output.
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Reference before alignment after alignment

Figure 6.6: Alignment error between the reference and the last burst image scaled 5
times. Note, how after alignment, differences in the silhouette are no longer present.

6.2 Method

The core idea of our burst denoising method is to first spatially align the pixels in the
burst stack. Afterward, each aligned image is denoised by a content-adaptive spatially-
varying filter step followed by an adaptive fusion of all processed images (see Figure 6.1,
left).

6.2.1 Pre-filtering with SGN

Our approach initiates with the filtration of burst images. The amount of noise in input
bursts can vary significantly, even within the same burst. Due to varying degrees of
noise and blur due to abrupt camera motion, precise alignment might be difficult. We,
therefore, duplicate the input burst into three processing streams. The first stream B uses
the original burst, the second stream By (6 = 10) a mildly pre-denoised version of the
burst and the last one B3g (0 = 30) a strongly denoised version (see Figure 6.1). For this
task, any single-frame denoising algorithm could be applied to each individual frame.
We apply the pretrained SGN (Gu et al., 2019) to each individual frame, but any single-
frame denoising algorithm could be used.The effect of both denoising levels is shown in
Figure 6.1. The intermediate results from the different streams will be fused in the last
step of our pipeline.

6.2.2 Feature Extraction

To add local context to each pixel, we enrich each image by processing it with a simple
CNN. In addition, the estimated noise level of the image is concatenated as the fourth
channel before processing.In each processing stream, we produce corresponding feature
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Figure 6.2: Input Figure 6.3: Ground truth

Figure 6.4: SGN o = 10 Figure 6.5: SGN o = 30

Table 6.1: Prefiltering with SGN
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stacks. The same shared weights are used for each image in each stream. Both the image
stack and the feature stack are used as inputs for the alignment module.

6.2.3 Alignment

The central property that is exploited with burst denoising is that the content captured
in the individual frames of the burst is very similar. In the original images, the scene
content however might be shifting due to camera shake or scene dynamics. We use the
pre-trained RAFT (Teed and Deng, 2020) model that is shipped with torchvision (Paszke
et al., 2019) to estimate the optical flow between the reference image frame and any
other image frame in the burst. The estimated flow computed from the reference and
secondary images is used to warp the secondary image frames and their corresponding
feature maps with respect to the reference image frame and the reference feature frame
respectively. The effectiveness of the RAFT-based alignment is visualized in Figure 6.6.

6.2.4 Collaborative Content-adaptive Spatial Filtering

At this point, the images and features in the bursts are all aligned with respect to the refer-
ence frame. The next step is to filter the images spatially and combine the results pixel-
wise for the final result. The spatial filtering is implemented with content-dependent
per-pixel kernels. Those kernels are estimated by a CNN from the aligned feature stack,
i.e. collaboratively considering all feature maps at the same time. The output activations
of this CNN are reshaped into 3 x 3 and 5 x 5 filter kernels for all images and all pixels.
The result is two kernels of shape [N,H,W,3,3] and [N,H,W,5,5] with the number of
images N, height H and width W. The kernels are normalized via softmax and applied
to each image in the burst individually, effectively computing a weighted average color
over the 3 x 3 and 5 x 5 neighborhood of each pixel as shown in Figure 6.7.

aligned images

=
lﬂﬂﬂﬂﬂﬂl .

1 |
3 A - d - ¥y
aligned featurey filter kernel for every pixel

Figure 6.7: The spatial content-adaptive filter kernels for every pixel are estimated by a
CNN based on all aligned features. They are applied individually to the aligned images
to produce the spatially filtered burst.
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6.2.5 Burst Fusion

Readers are reminded that in Section 6.2.1 the burst was split into three processing
streams B, B and B3, which are all processed individually in the same way so far. This
means at this stage we have aligned and spatially filtered images and the corresponding
aligned image features for each stream. The final step is to fuse all information from the
different bursts into a single denoised image I,req. This denoised result is computed as a
weighted average over the spatially filtered images from all three processing streams. As
indicated in Figure 6.8, we concatenate the aligned features of the streams with the spa-
tially filtered images and process them together in a 4-layer CNN. This CNN produces
the weight volume. This volume contains a weight for every pixel and color of every im-
age. A softmax over the image dimension is applied to the weights in order to ensure that
summing up the weights over this dimension yields 1 for every color channel. The result
Ipreq 1s finally computed as a weighted sum per pixel. This is implemented as element-
wise multiplication between weight volume and spatially filtered images, followed by a
sum over the burst dimension. Every channel for every input image is therefore weighted
individually, which is more powerful than just mixing the existing colors of the spatially
filtered images.

aligned features weight volume
: Ji0D
Bio ftmax
B3o
+

Ipred
spatially filtered images

Figure 6.8: Fusion Network. The aligned features from all three bursts are concatenated
with the spatially filtered images and processed by a CNN to obtain a weight volume.
The weights are used to compute the denoised result as a weighted per-pixel sum over
the spatially filtered images.

6.2.6 Training

Some components of the denoising pipeline like the SGN and the alignment module
are pretrained. We stopped the gradients from going through the SGN networks, which
effectively turns the three burst streams B, By and B3 into separate inputs. The RAFT
network in the alignment module was frozen and used as fixed differentiable operation.
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The remaining trainable weights are in the CNNs for the feature extractor, the content-
adaptive cooperative spatial filter, and the burst fusion module. We train end-to-end with
ADAM (Kingma and Ba, 2014) from a simple L1-loss £ = Hlpred — IgtH1 on the ground
truth Igl'

6.3 Experiments

We evaluate our method by comparing to state of the art and validate our architecture
choices with an ablation study (Mallick et al., 2023b). During the experimentation phase,
the results were benchmarked against the contemporary state-of-the-art method.

6.3.1 Training and experimental setup

For the pre-denoising we use the SGN pre-trained with o = 10,30 (ZHAO, 2019). For
the burst denoising training, both the SGN pre-denoising and the RAFT alignment model
are frozen. We trained on the Openlmages (Krasin ef al., 2017) dataset and evaluated on
the grayscale burst benchmark (Mildenhall et al., 2018) and RGB burst benchmark, fol-
lowing the usual conventions (Cho et al., 2021; Bhat et al., 2021b; Dudhane et al., 2022).
The ground truth images are shifted and corrupted by adding heteroscedastic Gaussian
noise (Healey and Kondepudy, 1994) with variance c? + Gszx. Here x is the clean pixel
value, while o, and o, denote the readout and shot noise parameters, respectively. Those
noise parameters are assumed to be known both during training and testing, and are used
in the feature extractor. During training, they are sampled uniformly in the log-domain
from the range log(o,) € [—3,—1.5] and log(o;) € [—4,—2]. The comparisons are eval-
uated with 2 different noise 1vl.1 and 1v1.2, corresponding to noise parameters (-2.2, -2.6)
and (-1.8, -2.2) respectively. Training was done on 2 TITAN Xp GPUs and took about
96 hours to converge.

6.3.2 Results

The quantitative comparison with other methods shows that our model delivers over-
all state-of-the-art performance, the aforementioned benchmark in the evaluation of the
model-unseen dataset.On deep introspection, we can say that due to SGN and further
multiple kernel-based filtering, the model successfully recovers the image even from the
heavy noise scenarios. In the future, one could add additional SGN-based denoising
stages with different pre-trained noises to analyze whether further boosting of /vl.1 and
Ilvl.2 would be possible. Additionally, larger filter kernels can be added to the model in
order to enhance the results for higher noise scenarios.

Exemplar qualitative results on individual images are shown in Figure 6.9
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| Color Grayscale
model Ivi. 1 IvL.2 | IvL. 1 1vl. 2
KPN (Mildenhall et al., 2018) | 38.38 35.96 | 36.47 33.93
BPN (Xia et al., 2020) 40.16 37.08 | 38.18 3542

MFIR-1 (Bhat et al., 2021b) | 40.16 37.08 | 39.37 36.51
MFIR-2 (Bhat et al., 2021b) | 42.21 39.13 | 39.37 36.51
BIPNET (Dudhane et al., 2022) | 42.28 40.20 | 41.26 38.74
Ours 4249 39.18 | 41.35 36.61

Table 6.2: PSNR values of the evaluation grayscale burst dataset. Blue shows the best
results, while green shows the second best results. /v/. indicates the level of Gaussian
noise added according to evaluation convention.

6.3.3 Ablation Study

Model L1 gray
without SGN pre-denoising 40.81
without RAFT alignment 38.54
without content-adaptive filtering ~ 41.27
Ours — complete pipeline 41.35

Table 6.3: Ablation study. Removing the individual parts of the pipeline and training
the model from scratch reveals the importance of each component. Only by combin-
ing SGN-based pre-denosing, flow-based alignment and content-adaptive filtering, good
performance in high noise levels can be achieved.

Since our module consists of several pretrained blocks and trainable submodules, we
analyze the effectiveness of each of the components with the corresponding ablation in
Table 6.3. Here, we removed individual parts of the pipeline and trained the network from
scratch. Removing all SGN blocks effectively suppresses pre-denoising of the input. Al-
though the low-noise evaluation performs comparatively well, image quality deteriorates
as the noise increases due to the lack of cleaner proposals at the initial stages. Without
the alignment module, the final fusion step is impaired, and we see lower performance on
all noise levels. Particularly, /vi.1 is impacted. Finally, the cooperative content-adaptive
filtering adds almost equally to the reconstruction quality of all noise levels.
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Figure 6.9: Qualitative performance of our algorithm with respect to BIPNET (Dudhane
et al., 2022) on the evaluation color dataset. Notice the excessive smoothing by BIPNET
which removes the sharper features in comparison to the ground truth. Our network
retains the details and removes the noise as well. The darker region corresponds to lesser
error, which indicates better denoising. It is to be noted that the error maps have been
scaled 5 times for better visual understanding.
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)

Noisy input Region of interest ~ Inputerror ~ BIPNET error Our error

)

Figure 6.10: Worst performing images in the test set. The excessive noise in the input
combined with strong camera motion deteriorates the denoising performance. It is to be
noted that the error maps have been scaled 2 times for better visual understanding.

6.3.4 Qualitative Results

In Figure 6.9 we demonstrate the improved performance of our pipeline on a number
of example images. Even for drastically different amount of noise our approach outper-
forms BIPNET (Dudhane et al., 2022) on every image. The denoised image is signifi-
cantly closer to the ground truth result, as is evident from the error maps.

A failure case is shown in Figure 6.10. In this example, apart from the high motion, the
image consists of sharp features which is preserved by our network which is not detected
as noise.

6.4 Conclusions

We propose a deep-burst denoising model based on optical flow guided alignment and
cooperative filtering. A well-established single image denoising module generates pre-
denoised burst input images for two different assumed noise levels. Alignment to the
reference frame is performed using a state of the art optical flow network. Providing the
original input burst and the pre-denoised stacks ensures the good performance of the op-
tical flow alignment. Based on the aligned features and images, a set of content-adaptive
spatially-varying filter kernel is predicted to smooth each input image individually. A
fusion block finally combines all intermediate results to the final denoised output. In the
future, one can also compare the effect of state of the art optical flow based correspon-
dence alignment on the quality of the burst image denosing.

Our approach yields state-of-the-art results across low noise levels on the standard
benchmark data sets. Higher noise scenarios working on different pre-denoised images
shows a comparable benefit.

With this, we draw to a close the primary research objectives of this thesis, which
focused on understanding scenes using multiple view image inputs. We have underscored
the significance of correspondence alignment in image enhancement, demonstrating its
crucial role in our study.

Our research has shown that correspondence alignment is not just a theoretical con-
cept, but a practical tool that can significantly improve the quality of image enhance-
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ment. By aligning multiple views accurately, we can achieve a more comprehensive and
detailed understanding of the scene, leading to more accurate reconstructions.
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Chapter 7

Prospects in Correspondence
Localization

In multi-view stereo applications, the primary challenge of identifying correspondences
between reference and source images is typically addressed through neural feature en-
coding or a quality metric for depth proposals. This is usually followed by an explicit
search, often employing brute-force methods, to optimize the matching cost. To stream-
line the process of determining the optimal depth, we try to propose a simplified network
for correspondence localization. A feature network is trained to encode the vicinity of
a point in a highly specific manner. When this encoding is combined with the feature
vector of a reference sample, the output directly indicates the location of the correspond-
ing point. Instead of conducting an explicit search for the optimal point, it is directly
predicted or at least estimated. This correspondence localization network is integrated
into an MVS setting, where the predictions from multiple input views are fused using
multi-head attention. An outer loop will refine the initial depth prediction. Typically,
the evaluation of only three depth proposals is necessary for precise convergence. Our
approach attempts to shift the algorithmic complexity of the correspondence search into
training the feature encoding, thereby drastically simplifying the search process. This
increases both the efficiency and memory requirements for MVS depth regression while
maintaining high quality.

7.1 Learning correspondence localization for depth
Regression

The common procedure for depth estimation in multi-view and stereo approaches is to
compare the pixel neighborhood between a reference view pixel and possible correspond-
ing points in secondary views, often using neural feature encoding to establish a similar-
ity measure that is robust against changes of view or of illumination.

The best matching depth values are often estimated by searching along the epipolar
line (Sormann et al., 2023), by plane sweeping (Yao et al., 2018b; Xue et al., 2019)
or the calculation and evaluation of 3D cost volumes (Dai ef al., 2019), to name a few.
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750 1000 1250 1500

Figure 7.1: Training samples for correspondence localization shown on a multi-view
dataset.Overlaid are two different views. Given the two points ¢* (blue) and the corre-
sponding point p? (green), samples slB (orange) are spawned around p. Given the features
f(q*) and f(s?), the network tries to predict the location of p for each sample. Most of-
ten the correct direction and distance is predicted, overdrawing the green ground truth
edge.

In all of these approaches, there is a more or less dense sampling of the potential depth
candidates, in some cases with an adaptive refinement of the search window to reduce
the number of steps necessary to find the optimum depth.

Discrete sampling of depth values however will limit the resulting resolution, particu-
larly in the case of 3D cost volumes due to the significant amount of memory required. In
addition, dense sampling is cost-intensive as it requires performing numerous projections
or neural network-based matching cost evaluations.

In contrast, we introduce a novel feature-based correspondence localization network.
Inspired by the clear patterns observable in the transition of slices in cost volumes, we
change the inner working of our MVS approach. Rather than just measuring how well
the current depth matches across the different views, the novel task of our system is
to tell where to find the correct depth or at least in which direction to find it from a
single depth sample. Instead of searching for a corresponding point, we specifically
encode the local 2D neighborhood into a per-pixel feature vector and train an evaluating
network to directly predict the relative localization of two features. Based on this feature-
based localization, an efficient MVS approach is easily set up. Given a depth proposal
along a reference ray, the lookup and localization in all secondary views jointly predicts
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Figure 7.2: Convergence field map displayed by the direction of arrows in the pixel
patches. Beginning from any point in the spatial neighborhood, the direction towards
the true corresponding point in the center consistently determined. The arrow lengths in
the quiver plots are scaled to avoid visual clutter.

the estimated true surface depth, using multi-head attention to carefully weight each
contribution according to its reliability. This process is repeated alternating with spatial
propagation in order to properly converge to the optimal depth in just a few iterations
with high precision. Compared to traditional MVS networks, our approach drastically
reduced the number of probed depth samples. At the same time it is more memory
efficient, highly accurate and can easily deal with arbitrary many high-resolution input
images.

7.2 Possible model architecture

The key to our approach is the correspondence localization network that directly de-
termines where the correspondence point will be, rather than searching for it. In more
detail, we train a variant of the U-net (Ronneberger et al., 2015) extended with rotation
equivariance (Jenner and Weiler, 2022; Weiler and Cesa, 2019) to aggregate information
about the spatial arrangement of the larger local 2D neighborhood. The network pro-
duces a feature vector f (/) for every pixel j and for every view I. Assume a query point
g in image A with feature f(q"), the task is to find the location p of the corresponding
point in image B. The exact location p is initially unknown. Instead, one might take a
point s, potentially in the vicinity of p and its feature f (sb ) to predict where p is located:

Nioc(f(q"), f(5%)) = As, with s +As = p ~ p, (7.1)

with N, representing the actual localization network, a two layer MLP to extract the
location given the two features. Note, that the same feature f(g%) with any other feature
f (vf’ ) for another point s; should produce the same prediction, while for another query,
point ¢; with £(g?) the result of Nj,.(f(q?), f(s®)) should reveal a different correspond-
ing point p;. This should even hold for another view.

The prediction will not necessarily always be exact, but it will typically be more pre-
cise the lower the distance between s and the true correspondence p. As the process al-
most always predicts a point that is closer to p (|| Ne(f(g), f(s5)) — plI* < |ls — p||*).
a few iterative steps will regress to the true point.
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7.3 Conclusion

With the network presented in the previous section, the 2D location of corresponding fea-
ture points is efficiently and precisely determined in pixel coordinates for an image pair.
In a multi-view setting, correspondence localization needs to be performed in multiple
images at the same time for one reference ray and its feature. Fusing the individual dis-
parity predictions requires transforming the localization information into the space along
the reference ray. For a fixed number of views, the fusion is carried out using multi-head
attention, followed by spatial convolution to quickly propagate and regularize depth pre-
diction with neighboring rays. An outer loop iterates over randomly selected neighboring
views to update and refine the per-pixel depth prediction. In conclusion, we propose a
streamlined approach to model a Multi-View Stereo (MVS) learning model using inher-
ently simpler and cost-effective submodules. Our method involves pre-training a U-net
for feature localization, which is a well-established architecture known for its efficiency
in dealing with image segmentation tasks.

Once the U-net is trained, we enhance its functionality by estimating disparities be-
tween reference and source images. This is achieved through an iterative process of
pixelwise correspondence matching. The process of correspondence matching is crucial
as it helps in identifying the similarities and differences between the reference and source
images at a pixel level. This, in turn, aids in improving the depth estimation, a critical
aspect of any MVS system.

It’s important to note that this is an ongoing research work. While we have made sig-
nificant strides, there is still much to explore and understand. However, we are optimistic
that our initial findings will serve as a valuable guide for others venturing in this direc-
tion. We believe that our approach, with its focus on simplicity and cost-effectiveness,
has the potential to contribute significantly to the field of MVS learning models. We look
forward to sharing more of our findings as our research progresses.
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Chapter 8

Final remarks

This thesis presents a comprehensive study on advanced multi-view image processing
techniques. By enhancing the quality and interpretability of input images, we have made
significant strides towards leveraging multiple views for more accurate scene understand-
ing. The primary objective was to address several computer vision problem statements
in this direction and propose robust and efficient learning models to solve the same. This
work has been done to encapsulate the key findings, their implications, and to suggest
potential directions for future research.

Key findings

We discuss the key findings, beginning with proposing an end-to-end learning module for
multiple view frame interpolation with the help of CNNs as building blocks. We find out
with the help of our module by directly proposing a new frame instead of learning trilin-
ear upsampling weights proposed by the state-of-the art method. Our supervised model
also achieves improved image view reconstruction. As we advance, the complexity of our
target task increases, particularly in the context of reconstruction powered by multiple
source images. Our next challenge is multi-view stereo reconstruction. In tackling this
problem, we also address issues of adaptability and the scarcity of abundant ground truth
data. We have sought to enhance the performance of an unsupervised MVS model by
integrating a meta-learning module, thereby boosting the model’s adaptive capabilities.
Our meta-learning training proposal enhances the 3D reconstruction capabilities of the
given unsupervised model. This method is model agnostic, and it can be extended to any
upcoming state-of-the-art training module. In addition, we have addressed an inherent
issue in this method where the resultant depth images were downsampled due to model
complexity and constraints in computation power to train such expensive models. This
would pave the way for our next task. For this, we propose a robust vision transform-
ers and CNN combination module to tackle the problem of guided depth upsampling.
We find out that the RGB reference image finds better geometric correspondences with
the help of attention aggregation via our mergenet and hence, obtain state-of-the-art per-
formance in depth upsampling and enhancement task. Recognizing that the backbone
of any multiple-view scene understanding task is an efficient and accurate correspon-
dence matching block, we subsequently draw inspiration from this and delved deeper
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into correspondence alignment related tasks. The penultimate work deals with the clas-
sic burst image denoising problem. We fuse several pre-trained module such as initial
denoising and subsequent proposal of intermediate pseudo-burst images and efficiently
fuse them to obtain denoised results. We obtain state-of-the-art results in low noise re-
gions. Ultimately, we address the correspondence localization problem. While we leave
this problem open-ended for now, we provide valuable insights derived from empirical
methodology.

Implications

While the primary focus of this thesis has been on fundamental multi-view vision and
image processing tasks, our research lays a strong foundation for advancing scene un-
derstanding. By improving the efficiency and accuracy of core tasks like frame inter-
polation, multi-view stereo reconstruction, guided depth upsampling, and burst-image
denoising, we have made significant strides towards enabling more sophisticated scene
understanding applications. A central theme that emerged across these tasks is the crit-
ical need for lightweight and highly accurate correspondence matching methods. Such
algorithms would serve as the backbone for various scene understanding applications,
enabling more efficient and computationally inexpensive depth regression. Our research
highlights the potential of such methods to significantly impact the field and encourages
future research to address this challenge.

In conclusion, the research provided in this thesis is focused on fundamental multi-
view vision and image processing tasks, which lays a valuable foundation for higher-
level scene understanding, by improving the processing of the raw input. By delving
into these fundamental tasks and laying the groundwork for efficient correspondence
matching, our work offers a stepping stone towards achieving more comprehensive and
robust scene understanding capabilities.

Future Directions

Scene understanding guided by multiple view images is a vast and complex task. We
trust that this thesis has adequately covered some of its crucial aspects and will serve as
a valuable resource for advancing research in this direction. In conclusion, we believe
that the insights and methodologies presented in this thesis will inspire and guide future
research in this field. We look forward to seeing how our work will contribute to the
ongoing evolution of scene understanding techniques with the help of multiple view
fusion models. We are excited about the potential impact of our research and eager to
see how it will shape the future of this fascinating field. We hope that our work will serve
as a stepping stone for future researchers, providing them with the tools and insights they
need to push the boundaries of what is currently possible. On a final remark, while we
have achieved significant milestones in our research, the journey is far from over. We are
excited about the possibilities that lie ahead and look forward to continuing our work in

76



this fascinating, yet challenging field of learning multiple view features for robust scene
understanding.
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