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Abstract

Novel view synthesis involves generating novel views of a scene when seen from different
viewpoints. It offers numerous applications in computer vision domains such as telepres-
ence, virtual reality, re-cinematography, etc. Recent literature work in the field successfully
achieved remarkable photo-realistic synthesis results, however, they require per-scene op-
timization settings and densely sampled input views which is not easily attainable in prac-
tice. Developing lightweight generalizable view synthesis systems with sparse input views
would make them more applicable for direct consumer usage. Novel view synthesis poses
several difficulties, such as addressing obscured regions, broadening the range of viewing
directions, sidestepping suboptimal per-scene optimization configurations, and depicting
intricate multi-human scenarios. Tackling those challenges depends on the representation
used to model the 3D structure of the scenes. Explicit 3D representations utilize different
techniques to explicitly model the scene structure. One example is multi-plane images
(MPIs) that segment the scene into a set of parallel planes giving it the ability to effec-
tively handle occlusions. Implicit neural representations, such as Neural Radiance Fields,
enable the encapsulation of 3D scene structure within the weights of a neural network,
thereby facilitating a 360-degree range of viewing directions and photorealistic synthesis
results. However, a promising avenue of research would be to explore the combination of
implicit and explicit representations in order to harness their advantages and address more
challenging scenarios.

In this thesis, we focus on layered scene representations that blend explicit and implicit
properties at either the pixel or object level in a generalizable manner. One example
of the pixel-level representation is Multi-plane Neural Radiance Fields (MINE), which
combines multi-plane images with Neural Radiance Fields for efficient and generalizable
novel view synthesis. However, current literature only examines single-view settings for
MINE, which limits its viewing range. Our work conducts a thorough technical analysis of
the capabilities of single-view MINE and proposes a new Multi-plane NeRF architecture
that accepts multiple views to improve synthesis results and expand the viewing range.
Additionally, existing methods for handling complex multi-human scenes rely on per-scene
optimization settings, making them impractical for real-world use. To address this, we
propose a novel object-level layered scene representation named GenLayNeRF that can
generate novel views of scenes with close human interactions while generalizing to new
human subjects and poses. Furthermore, there is a scarcity of open-source datasets for
multi-human view synthesis. To fill this gap, we create two new datasets, ZJU-MultiHuman
and DeepMultiSyn, which contain scenes with close human interactions. These datasets
are used to evaluate our performance against generalizable and per-scene baselines. The
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results indicate that our proposed approach outperforms generalizable and non-human per-
scene NeRF methods while performing at par with layered per-scene methods without test
time optimization.
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Chapter 1

Introduction

1.1 Preface

Photography has evolved in recent years and most consumer phones contain high-quality
cameras allowing any user to be a photographer. Every second, a vast amount of photos are
recorded. When confronted with an intriguing situation, a user would typically document
it by utilizing a camera to snap as many photographs from as many di�erent perspectives
as possible. The more perspectives and photographs gathered, the greater the story and
experience. Novel view synthesis algorithms strive to improve a user's experience even
further by allowing him or her to reproduce the imaging by synthesizing a novel picture
from a di�erent viewpoint at the scene. Novel view synthesis o�ers a wide range of appli-
cations, including re-cinematography [25], producing material for virtual reality [7], and
synthesizing scenes to improve computer vision algorithms [63]. It is also used to enable
very high frame-rate movies in multi-lens camera array systems [74].

1.2 Motivations

The research community has developed methods that achieve photo-realistic view synthesis
results on a variety of synthetic and real-world scenes [42, 45, 47, 55, 1]. However, most
of the methods are constrained to per-scene optimization settings [42, 45]. In other words,
models are trained once per scene and need to be re-trained from scratch for each novel
scene at inference time. In real-world applications, it would be highly ine�ective to retrain
models for every new scene. In addition, some of the methods require a densely sampled set
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of input views to generate plausible novel views [10, 15, 23]. This requires a combination of
synchronized camera rig systems which is not easily achievable or cost-e�ective in practice.
In recent years, few methods started presenting generalizable view synthesis approaches
that require sparse input view to increase the applicability to real-world scenarios [72,
80, 34]. We believe that creating light view synthesis systems that generalize to unseen
scenarios while requiring a small number of views will highly impact many real-world
applications. It can enable consumers to participate in immersive reality experiences using
their handheld consumer phone cameras without requiring expensive setups. As more
multi-view photos and videos are captured, the generalization capabilities of the view
synthesis systems will eventually grow and elevate the realistic properties of the virtual
experiences.

1.3 Problems And Challenges

Our target in this thesis is to explore novel view synthesis approaches that generalize
to new scenes at test time while requiring a small number of input views. The main
challenge to be tackled is how to e�ectively model the 3D structure of the scene. The
di�culty lies in the ability to infer accurate geometric structures and texture details from
sparse 2D input images. This is particularly evident in complex scenes with occluded areas,
lighting e�ects, non-smooth surfaces, etc. View synthesis systems need to generate 3D scene
representations that can model occlusions and predict the content of the hidden regions,
while also taking into consideration the e�ect of lighting on the object colors when seen from
novel views. The synthesis task becomes even more challenging when the target viewpoints
are considered signi�cantly far away from the input views which means researchers need to
consider the viewing range capability when creating their systems. Another main challenge
is handling scenes with human subjects. Such scenes are characterized by containing
non-static subjects with complex deformations for the di�erent body parts, �ne-grained
texture and body geometry details, and self-occlusions that occur during the motion of
the subject. The di�culty of the problem increases when multiple human subjects are
interacting together which introduces additional inter-human occlusions. In general, it
remains a challenge to develop systems that are also both memory and computation e�cient
to enable e�ective real-world deployment.
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1.4 Proposed Solutions

Di�erent 3D scene representations were proposed in the literature to tackle the challenges
mentioned for novel view synthesis. Explicit 3D approaches aim to portray the scene struc-
ture using volumetric representations [57, 1, 65]. Those types of representations help in
explicitly modeling occluded areas and lighting e�ects making them optimal for scenes with
many complex overlapping objects. Multi-plane Images (MPI) are an example of volumet-
ric representations that divide the scene into a set of parallel planes with pixels containing
color and transparency values. On the other hand, implicit neural representations [80, 47]
such as Neural Radiance Fields (NeRF) [42], tend to encapsulate the 3D scene structure
within neural network weights enabling a 360� viewing direction range and photo-realistic
synthesis results. A promising direction would be to study the combination of implicit and
explicit representations to make use of their advantages and handle challenging scenarios.

In this thesis, we focus on layered scene representations that combine the explicit and
implicit properties either at the pixel level or object level in a generalizable manner. Multi-
plane neural radiance �elds (MINE) [34] was proposed as a pixel-level layered represen-
tation that combines multi-plane images with neural radiance �elds for generalizable and
e�cient novel view synthesis. However, the current literature work only studies single-
view settings for MINE which limits the viewing range capability of the method. In our
work, we carry out an in-depth technical analysis of the capabilities of single-view MINE
in terms of performance, generalization, and e�ciency. We then propose a novel multi-
plane NeRF architecture that accepts arbitrary multi-view input to enhance the synthesis
results and the viewing range. Regarding complex multi-human scenes, the existing work
[55] only handles per-scene optimization settings making them ine�cient to use in practice.
For that reason, we additionally propose a novel object-level layered scene representation,
GenLayNeRF, that can generate novel views of scenes with close inter-human interactions
while generalizing to unseen human subjects and poses at inference time. There is a lack of
open-source multi-human view synthesis datasets. For that reason, we also create two new
datasets, ZJU-MultiHuman and DeepMultiSyn, which contain scenes with close human
interactions. We used the two datasets to compare our performance against generalizable
and per-scene baselines.

1.5 Contributions

The main contributions of this thesis are summarized as follows:
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ˆ We provide in-depth technical analysis on the performance, generalization, and e�-
ciency of single-view multi-plane neural radiance �elds for novel view synthesis.

ˆ We propose, MV-MINE, an architecture merging generalizable neural radiance �elds
and multi-plane images with a multi-view input setting.

ˆ We propose an attention-based feature fusion module for e�ectively aggregating
multi-view input for multi-plane neural radiance �elds.

ˆ We propose a generalizable object-level layered scene representation, GenLayNeRF,
with attention-aware feature fusion for the free-viewpoint rendering of real-world
multi-human scenes from sparse input views while operating on novel human subjects
and poses.

ˆ We construct multi-human view synthesis datasets that are used for evaluation. The
datasets can be considered as a benchmark for any comparison between the relevant
multi-human methods.

ˆ Our approach, GenLayNeRF, surpasses state-of-the-art generalizable and non-human
per-scene NeRF methods while performing at par with the multi-human per-scene
methods without requiring long per-scene training procedures.

1.6 Organization Of Thesis

The rest of the thesis will be organized as follows. Chapter 2 will present the background
and literature review regarding the relevant novel view synthesis approaches. In Chapter 3,
we present the proposed methodology of the technical analysis of single-view MINE along
with the architecture of proposed architecture MV-MINE and GenLayNeRF. Chapter 4
will discuss the experimental setup and results for assessing the proposed approaches and
analysis points, which is followed by a discussion in Chapter??. Lastly, in Chapter 5, we
present the summary of this thesis and discuss its related future research directions.
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Chapter 2

Background And Literature Review

In this chapter, we will discuss the classical (Section 2.1) and learning-based approaches
(Section 2.2) for view synthesis, based on explicit and implicit utilization of scene geome-
try. Explicit 3D approaches, presented in Section 2.2.1, model the camera frustum directly
through di�erent representations to better model occluded areas. Multi-plane explicit rep-
resentations (MPI) project parallel RGB-� planes that can be warped and used to generate
new views, but su�er from incomplete 3D scene representation due to depth discretization.
Layered Depth Images (LDI) o�er a more memory and space-e�cient approach by allowing
each pixel to have arbitrary layers at di�erent depths. Implicit 3D representations, dis-
cussed in Section 2.2.2, model the 3D scene structure within neural network weights and
can be per-scene optimization methods or generalizable approaches that handle unseen
scenes at inference time. We also go over the human-based approaches that can handle
complex subjects with deformations and self-occlusions. Recent approaches that combine
implicit and explicit representations on a pixel or object level are mentioned in Section
2.2.3. Finally, we will also explore di�erent attention mechanisms available in computer
vision tasks in Section 2.3.

2.1 Classical View Synthesis Approaches

It can be helpful to categorize traditional novel view synthesis algorithms based on how
much they utilize explicit scene geometry [56]. Initial work for novel view synthesis utilized
the concept of light �elds [33, 21] which require a dense sample of input frames that are
organized on a regular grid, and novel views are sampled by slicing the sampled light
�eld from existing views. Such methods lie at one extreme of the spectrum by completely
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not exploiting the scene geometry. Other approaches tend to explicitly predict a global
mesh representation of the scene which is then reprojected and blended with input views
to generate novel views [12]. In between the two extremes, several more recent methods
[5, 27] aim to predict the local geometry of each input view which are then projected and
blended to generate the novel views, however, they still rely on interpolation and fail to
render occluded areas leading to implausible synthesis results in those areas.

2.2 Learning-based View Synthesis Approaches

Recent progress has been made in utilizing end-to-end learning approaches for predicting
novel views. We categorize the approaches based on the 3D scene representation which
can be explicit, implicit, or a combination of both.

2.2.1 Explicit 3D Representations

Volumetric approaches aim towards learning explicit representations of the camera frustum,
which opens the door for modeling occluded regions and non-Lambertian e�ects. The
representations include 3D voxel grids [57, 77], textured meshes [1, 75], point clouds [65] ,
layered depth images (LDI) [68, 53] and MPI [64, 87, 41]. In this section, we focus on the
layer-based approaches which are LDI and MPI.

Multi-plane Images (MPI)

MPI approaches represent the scene as a set of discretized RGB-� front-parallel planes
representing the elements of the scene at di�erent depths, as shown in Figure 2.1. One
way to generate MPIs from input images would be to use a gradient-based approach to
optimize its parameters with the target of re-creating the input images after projecting
the predicted MPI. This requires a large number of input views or the addition of regular-
ization terms to reach the optimal parameters and avoid over�tting making it ine�ective
in practice. Zhou et al. [87] utilized a feed-forward neural network to directly predict the
MPI from input images. They rendered novel views of scenes through forward projecting
and alpha compositing of the planes. However, the method su�ers from the inability to in-
trinsically model the geometric visibility between input images and predicted MPI as they
are implicitly learned within the network weights. This issue presents itself evidently when
distant scene elements occlude each other, which requires extremely large network weights
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Figure 2.1: Visualization of the concept of multi-plane images [87].

to be e�ectively represented. Flynn et al. [16] proposed a solution by combining direct
parameter optimization with network learning. They use an iterative algorithm where the
current MPI is improved by computing gradients with respect to the input images and
processing these gradients using a convolutional neural network ( CNN) to compute an en-
hanced MPI. This allows for avoiding over�tting while modeling occlusions without dense
network connections. Srinivasan et al. [59] enhances the MPI prediction results by allow-
ing an increase in the number of planes at test-time using 3D CNN. They also introduce a
two-step MPI prediction approach to enforce the plausibility of the textures and structure
of disoccluded regions.

Most of the MPI approaches mentioned previously rely on multi-view input for novel
view prediction. A recent approach [67] proves the potential of utilizing MPI in the single-
view setting for high-quality view synthesis. They estimate the planes using a deep CNN
and introduce a scale-invariant synthesis approach to solve the scale ambiguity problem
for single-view settings. The main drawback is that the planes are predicted at discrete
depths which constrains the ability to model the 3D space at any depth value continuously.
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Figure 2.2: Visualization of the concept of layered depth images [79].

Layered Depth Images (LDI)

LDI [52] are sparse 3D representations of the scene modeled as a pixel lattice where each
pixel location contains a set of pixels. Each pixel is represented with a color and a depth
value. A visualization is shown in Figure 2.2. In smooth regions, all pixels are directly
connected to their 4 neighboring pixels. One line of approach [13, 68] uses a variant of
the LDI which has �xed layers (depths) for all pixels. Speci�cally, layers in every pixel are
sorted from nearest to farthest. This leads to problems around areas with discontinuous
depths due to abrupt changes in depth which lead to poor locality representation. Other
approaches [25, 26] explicitly store the connectivity information within each pixel to allow
for the arbitrary number of layers and they possess no connections in areas of depth
discontinuities. Those representations have grabbed the attention of researchers due to
their adaptability to scenes with complex depths with the help of the arbitrary number of
layers per pixel and their memory and space-e�cient properties compared to MPI. Quite
recently, [53] proposed an LDI-based approach with explicit connectivity storage along with
a novel learning-based in-painting approach that predicts the color and depth of occluded
regions to synthesize texture and structures. Their algorithm is recursive in nature as it
carries out local in-painting on spatial contexts with standard CNN until all depth edges
are traversed. Even though the results were impressive, the algorithm's recursive nature
makes it ine�cient for real-world applications.
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Figure 2.3: Visualization of the neural radiance �elds (NeRF) architecture [42].

2.2.2 Implicit Neural Representations

Recent work has been made in implicitly modeling the geometry, structure, and texture of
the 3D scene within neural network weights. We categorize the approaches into per-scene
optimization methods, generalizable approaches, and human-based approaches.

Per-Scene Optimization Approaches

NeRF [42] revolutionized the concept of novel view synthesis by encapsulating the full
continuous 5D radiance �eld of scenes inside a Multi-Layer Perceptron (MLP). This enables
the representation of the whole continuous 3D space of a scene inside the MLP weights. For
each pixel in the input view images, a ray is transmitted across the 3D space with respect to
the camera, and 3D points are sampled. Each 3D point along with the ray viewing direction
passes through an MLP to produce the radiance and density of the point. The predicted
radiance �elds are aggregated across all points on the ray using volumetric rendering to
produce the �nal pixel color per ray. This operation is repeated for all pixels in the target
image until the image is fully rendered.

The method achieved photo-realistic results but failed to work on highly deformable
scenes with non-static subjects. Deformable NeRF methods [43, 47] modeled the dynamic
subjects by training a deformation network that transforms 3D points to a canonical space
before querying the MLP. However, one of the main drawbacks is being con�ned to per-
scene optimization and lacking any generalization capabilities to novel scenes.
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Generalizable Approaches

Per-scene optimization NeRF methods [45, 42, 47, 55] need to be trained from scratch on
each scene with a moderately high number of source views which is often impractical due to
the large time and computational costs. Generalizable NeRF methods [66, 80, 72] o�ered
a possible solution by conditioning NeRF on image features. Speci�cally, the network
architecture consists of a feature encoder CNN for generating feature planes from input
images and a NeRF network for predicting novel views from the target viewpoints. For each
3D point, the methods extract pixel-aligned features for each input view and aggregate the
multi-view feature vectors with pooling operations. pixelNeRF [80] used a simple averaging
strategy, while IBRNet [72] carried out globally and locally conditioned weighted pooling
operations. Those approaches have the ability to generate novel views of scenes not seen
during training while only relying on sparse views as input. Utilization of image features
opened the door for implicitly learning strong priors from the diverse training scenes.
Despite the promising generalization capabilities, the methods su�ered from blur artifacts
with human subjects due to the large degree of self-occlusions and complex motions.

Human-based Approaches

Handling scenes with human subjects that have relatively complex deformations is a chal-
lenging task. NeuralBody [45] o�ered a solution by anchoring NeRF with a deformable
human model [38] to provide a prior over the human body shape and correctly render self-
occluded regions. This resulted in high-quality synthesis output for single-human scenes
but was constrained to the per-scene optimization setting. Recently, NHP [32] combined
the 3D human mesh with image features to accurately represent complex body dynamics
and generalize to novel human subjects and poses. They carried out feature aggregation
across multiple views and timesteps using cross-attention. The work in HumanNeRF [85]
enhanced the quality of the results by incorporating e�cient �ne-tuning procedures and
neural appearance blending techniques. However, the blending module only operates on
pre-scanned synthetic data with accurate depth maps and cannot be extended to real-
world data. The limitation of state-of-the-art generalizable human view synthesis methods
[32, 85] lies in the inability to be directly extended to multi-human scenes which impose
extra challenges due to the inter-human occlusions and the complex human interactions.
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Figure 2.4: Full architecture of the single-view multi-plane neural radiance �eld [34] archi-
tecture.

2.2.3 Combination of Implicit And Explicit Representations

There are a few approaches in the literature that o�er a combination of both implicit and
explicit 3D representations to make use of their advantages. We divide them into pixel-level
representations and object-level representations.

Pixel-level Representations

MINE [34] was proposed as a pixel-level combination of implicit and explicit representa-
tions for novel view synthesis with single-view input. They utilized an encoder-decoder
architecture, shown in Figure 2.4, to predict front-parallel planes consisting of 4D radiance
�elds (RGB and volume density) [42] for each pixel. They sample the planes at arbitrary
depth values throughout the training allowing the method to possess continuous representa-
tions of the depth dimension. This is followed by homography warping [67] and volumetric
rendering [42] to render the target frame. MINE [34] proves the promising capability of
marrying the concepts of NeRF with multi-plane images for high-quality synthesis results.
However, being limited to a single-view setting, the method is constrained to a narrow
viewing direction angle range.

Object-level Representations

Object-level layered scene representations were proposed to handle complex scenes with
multiple subjects. Each layer represents a single entity in the scene which can be a human,
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object, or background. [39] manipulated the timing of the subjects' motions in a video by
decomposing each frame into a set of RGBA layers. ST-NeRF [83] modeled each dynamic
human layer using a deformable model similar to D-NeRF [47] to achieve editable free-
viewpoint rendering. Recently, [55] extended ST-NeRF by modeling the human subjects
using NeuralBody [45] and predicted human segmentation masks as part of the network
training. They were able to rely on more sparse input views by using 8 viewpoints instead
of 16 and achieved a wider view range by covering a 360� range instead of 180� . The
restriction of both methods is requiring lengthy per-scene training procedures for learning,
yielding them ine�cient to use.

2.3 Attention Mechanisms

The attention mechanism has gained signi�cant focus in recent years for its impressive
performance in natural language processing [69]. It has also proved to have a great impact
on computer vision tasks like image classi�cation [71], segmentation [81, 82], multi-view
stereo [40], and hand-pose estimation [29]. Generally, the mechanism aims to explore de-
pendencies and similarities between input and query vectors and then carries out weighted
averaging to generate a contextual feature representation. In particular, AttsMVS [40]
uses an attention-aware network embedded with a regularization module to robustly fuse
multi-view information. In the object detection task, the DETR [2] framework combines
a 2D CNN with an attention module to detect objects in parallel as a sequence of output
tokens. In image classi�cation, the ViT [14] model demonstrates the ability of the atten-
tion mechanism to learn global contexts without relying on CNN features, which are more
suited to local concepts.

2.4 Summary

In this chapter, we discussed the classical view synthesis approaches based on the extent of
explicit utilization of the scene geometry. We then presented the learning-based approaches
according to the 3D scene representations. Explicit 3D approaches tend to directly model
the camera frustum through di�erent representations which enable better modeling of oc-
cluded areas. MPIs consist of parallel RGB-� planes that can be warped and projected
to render novel views. The problem lies in the discretization of the depth of the planes
leading to an incomplete 3D scene representation. LDIs are a more general representation
that allows each pixel to have an arbitrary number of layers at di�erent depths which is
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more memory and space e�cient. Implicit 3D representations model the 3D scene struc-
ture within the weights of neural networks. They are divided into per-scene optimization
methods which require re-training for novel scenes and generalizable approaches that han-
dle unseen scenes at inference time. There are also human-based approaches that handle
the complexity of human subjects in terms of deformations and self-occlusions. Recent
methods propose a combination of implicit and explicit representations either on a pixel
or object level. The pixel-level combination takes the form of multi-plane neural radiance
�elds (MINE), while the object-level combination revolves around representing each ob-
ject in the scene with an independent neural radiance �eld. Lastly, we go through the
di�erent attention mechanisms available in computer vision tasks. In the next chapter,
we will discuss our proposed methodology which includes a detailed analysis of single-view
MINE in terms of performance, generalization, and e�ciency. In addition, we present a
detailed overview of our newly proposed multi-view MINE architecture for elevating the
performance of MINE through the utilization of multi-view information. With regard to
the object-level representations, we present the details of our proposed approach, Gen-
LayNeRF, which utilizes generalizable layered scene representations for multi-human novel
view synthesis from sparse input views.
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Chapter 3

Proposed Methodology

Layered scene representations o�er a promising combination of explicit and implicit prop-
erties to achieve high-quality novel view synthesis. Such a layered combination exists at
a pixel level or object level. MINE o�er a pixel-level blend of multi-plane images [67] (
MPI) and neural radiance �elds (NeRF) [42] to achieve generalizable novel view synthesis.
Existing literature work [34] in the domain is constrained to a narrow viewing direction
range due to the single-input view setting. This chapter presents our proposed methodol-
ogy for analyzing the capabilities of single-view MINE and enhancing its representational
capacity by allowing multi-view input settings. In addition, object-level layered scene rep-
resentations o�er an e�ective solution to model scenes with complex multi-human subjects.
However, existing literature work [55, 83] in the �eld is constrained to per-scene optimiza-
tion settings making them ine�cient for practical usage. In this chapter, we address the
current research gap by proposing an object-level layered representation, GenLayNeRF,
for achieving generalizable novel view synthesis for multi-human scenes using sparse input
views while operating on novel subjects and poses at test time.

3.1 Multi-plane Neural Radiance Fields (MINE)

In this section, we carry out an in-depth technical analysis of single-view MINE [34] for
novel view synthesis. We additionally explain the proposed architecture, MV-MINE, to
utilize multi-view information for enhancing multi-plane radiance �elds.
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3.1.1 Analysis of Single-view MINE

We aim to assess three main aspects of the single-view MINE [34] architecture which is
grouped into the following categories: Performance, Generalization, and E�ciency.

Regarding performance, we train the network on the ShapeNet dataset [4] which is a
challenging dataset used by various state-of-the-art generalizable NeRF methods [66, 80]
to assess their degree of generalization through various distribution of objects in training
and testing. Additionally, we carry out ablation studies to test the impact of some NeRF
[42] concepts on the results of MINE. As mentioned in Section 2.2.2, for each pixel in the
target image, a 3D rayr is projected into the scene. 3D points are then sampled across the
ray using a speci�c sampling technique. Fixed-depth sampling involves sampling points at
rigid depth values across all training runs which limits the representational capacity of the
depth dimension. Strati�ed sampling involves randomly sampling points at di�erent depth
locations across the projected rays. As points are sampled in random depth locations in
every training run, the method achieves a continuous depth representation by the end of all
training runs. In our ablation studies, we test the performance of MINE with �xed-depth
sampling and strati�ed sampling. To produce the �nal colorĈ(r ) per ray r , two methods
exist in the literature to fuse the predicted colors of all pointsi sampled on the ray. Alpha
compositing involves carrying out anover operation [46] to aggregate the colorsci for each
point i based on their alpha value� i , such that,

Ĉ(r ) =
NX

i =1

(ci � i

NY

j = i +1

(1 � � j )) ; (3.1)

On the other hand, volumetric rendering involves weighing all the RGB colorsci by the
density � i and the depth di�erence � i of each pointi 2 [1; N ], such that,

Ĉ(r ) =
NX

i =1

(Ti (1 � exp(� � i � i ))ci ); where,Ti = exp
�

�
i � 1X

j =1

� j � j

�
(3.2)

This formulation enables a more intuitive representation of occlusions in the scene. In
other words, if a 3D point i is occluded by points appearing before it across the ray the
transmittance Ti will be low and the point will contribute less to the �nal color Ĉ(r ) of
the pixel. We carry out an ablation study to compare the e�ects of alpha compositing and
volumetric rendering on the results of MINE.

With reference to generalization, we aim to validate the degree of generalization of
single-view MINE [34] to new scenes that were not seen during training. The network uses
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an encoder-decoder network allowing the decoder to be locally conditioned on the image
features extracted per pixel from the encoder. The network learns features about the scene
that serves as a strong prior when presented with frames from novel scenes leading to the
generalization ability. To validate this ability, we feed the model with new scenes that were
not seen during training and qualitatively judge the quality of the novel views produced
by the model.

In terms of e�ciency, MINE [34] is characterized to be more e�cient than some of the
implicit neural representation counterparts [80, 66] as it models only the frustum of the
source camera, while the other synthesis methods represent the whole 3D space. During
inference, MINE only producesN planes corresponding toN depth values from the source
view to render a new view which is one single forward pass through the network. On the
other hand, [80] needs to query a multi-layer perceptron for each point across a ray per
pixel leading to D � H � W forward passes through the network, whereH and W are
the height and width of the images respectively andD is the number of points sampled
per ray. We aim to quantify such speed-up to verify the e�ciency hypothesis, while also
contributing a quantitative baseline time to compare with other NeRF-variants that o�er
an increase in speed just like MINE.

3.1.2 Proposed Multi-view MINE Architecture

Reliance on single-view input hinders the ability of MINE [34] to render target views that
are far from the source view. We explored the extension of the architecture to a multi-
view input setting to leverage the rich information seen from di�erent views for better
performance on more challenging datasets, while also opening the doors to comparing with
state-of-the-art multi-view synthesis methods. The following section gives an overview of
the proposed architecture, MV-MINE, along with the modules used for multi-view feature
fusion.

Problem Formulation

Given a synchronized set 
 of framesI taken from B sparse input viewpoints of a scene
such that 
 = f I 1; ::; I B g, our target is to synthesize a novel view framef I qg of the
scene from a query viewing directionq with respect to a source views . Each input
viewpoint b is represented by the corresponding camera intrinsicsK , and camera rotation
R and translation t, where b = f K b; [Rbjtb]g. For each input frameI w 2 R H � W � 3 with
height H and width W, we extract a multi-scale feature pyramid using a ResNet50 [24]

16



Figure 3.1: Full architecture of the proposed post-decoder fusion architecture design.

encoder network, pre-trained on ImageNet. The operation is carried out for all input
views b in f 1; ::; Bg to produce the multi-scale feature planes for each view, de�ned as
f I

0

b 2 R H b� Wb� Cbg.

Similar to MINE [34], a decoder network with Monodepth2 [20] architecture takes the
encoded feature maps and a disparity valuedi = 1=zi to produce the radiance �eld plane
(czi ; � zi ), whereczi ; � zi represent the color and volume density at depthzi , respectively. Ho-
mography warping is then utilized to retrieve the radiance �eld plane (c0

zi
; � 0

zi
) at the target

cameraq. Lastly, volumetric rendering uses the predicted volume densities to aggregate
the colors at di�erent depth values producing the �nal target imageI q .

We experiment with di�erent architecture designs to fuse the multi-view image feature
planesI 0

1::B . The designs include doing the fusion before or after the decoder network. We
discuss both designs in the following sections.

Post-Decoder Fusion

Figure 3.2 shows the full post-decoder fusion architecture design. For each viewb, the
multi-scale feature planesf I 0

bg are passed along withN disparity values retrieved with
strati�ed sampling [42] to produce N radiance �eld planes (cb

zi
; � b

zi
) at di�erent depth

values. We then warp the radiance �eld planes from each source view to the target view
using homography warping producing a set of planes (c01:B

zi
; � 01:B

zi
) aligned with the target

camera frustum. To compose the radiance �eld planes, we can carry out basic averaging
across all views such that (c0

zi
; � 0

zi
) = 1

B

P
b (c0b

zi
; � 0b

zi
). However, such formulation could

lead to hallucinations as equal weight is given to all input views. To overcome this, we
experiment with doing weighted averaging based on the distance between the source view
b and the target viewq giving higher weight to views that are closer to the target view.
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