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Abstract

We propose DualNeRF, a deep learning framework that reconstructs the 3D geometry and
appearance from a single RGB image input, without requiring any ground truth 3D labels as
training data. Traditional deep learning approaches for reconstruction task usually rely on explicit
representations of the 3D world, such as point cloud, mesh and voxel grid, which contain unde-
sired properties such as discretisation. Our proposed method instead predicts an implicit neural
representation, which is a continuous and differentiable function stored in the weights of a neural
network. With this representation, our model is able to render differentiable novel views of the
target object. Compared to existing approaches, our method further removes the dependency on
the point feature input and enforces the neural network to fully condition on the input image to
predict a reliable implicit representation. We conduct extensive experiments on both synthetic
ShapeNet dataset and real-life Stanford Car Dataset to demonstrate the performance of our model
in comparison with the state-of-the-art method and also carry out a throughout ablation study to

evaluate each component of our method.
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Chapter 1

Introduction

1.1 Image-based 3D Reconstruction

Accurately capturing and reconstructing the 3D geometry of an object from 2D images is a long-
standing problem in computer vision. It is fundamental to many applications such as 3D modelling,
virtual reality (VR), 3D scene understanding, robotics and medical imaging. Without additional
information such as the materials, lighting and camera parameters, the reconstruction problem
becomes ill-posed due to lack of constraints in the images alone. While traditional multi-view
stereo (MVS) [I] approaches apply general assumptions to constrain the problem and achieve
reliable performance when a dense set of calibrated views is available, they cannot be applied to
situations where the input is limited to be a single image. To extract the correct 3D shape from a
single 2D image, the method must incorporate a good understanding of the 3D space and a strong

prior knowledge of the reconstruction target to compensate for the insufficient information.

1.2 Recent Advances in Deep Learning Based Methods

Recent advances in deep learning based methods have yielded rapid progress in 3D reconstruction.
Image inputs are typically processed with convolutional neural networks (CNN) to directly predict
a 3D model in explicit representations such as voxels [2, B, 4], point clouds [B 6] and mesh [7} [8] [@].
However, those representations come with issues including undesirable discretisation and difficulty
in computing gradient due to rasterisation. As an alternative, reconstruction via implicit neural
representation has been proposed. This class of method models the 3D geometry as an implicit
function encoded in the weights of a neural network. Due to their properties of continuous and
naturally differentiable, loss on either the 3D geometry or the rendering can be easily used to
supervise the neural network to learn the 3D shape, appearance or lighting of the target object.

However, models that directly optimise the 3D geometry loss apparently require ground truth
3D supervision, which is expensive to obtain for a realistic dataset. Therefore, synthetic dataset
such as ShapeNet [10] is widely used as training data instead, potentially causing the models to be
unreliable in practical scenarios. On the other hand, many models trained without ground truth
3D supervision either require test-time optimisation [11l [12] or are designed to work with a single
scene or object only, resulting in extremely poor performance when generalising to unseen objects
[13, 14].



1.3 Project Achievement

Through this project, we propose DualNeRF, a deep learning framework that takes as input a
single RGB image with corresponding camera parameters and produces a continuous volumetric
radiance field, which is a continuous and differentiable implicit representation of 3D geometry and
appearance. The deep learning networks are trained end-to-end using images of different objects
with camera intrinsics and extrinsics, without the need to access any ground truth 3D geometry.
The trained model is able to synthesise novel views of unseen objects under the same category
given a posed RGB image input. When an explicit representation is needed, algorithms such as
marching cubes [I5] can be applied to easily convert the continuous volumetric radiance field to

an explicit mesh representation. In particular, our approach consists of the following components:

e An CNN encoder that extracts a 3D feature volume from an input RGB image. Each pixel in
the input image corresponds to a 1D local feature vector, which is produced by up-sampling

and concatenating the outputs of several convolutional layers in the encoder.

e A multilayer perceptron (MLP) decoder with skip connections to decode the local feature
vector concatenated with a depth and view direction into the RGB value (radiance) and
density, which fully describe the geometry and appearance of the 3D space in an implicit

way.

e An additional MLP decoder that decodes the full image feature concatenated with 3D coor-
dinate and view direction into a different set of RGB and density predictions. Predictions

from two decoders are averaged to produce a final result.

e A differentiable volumetric renderer that renders samples along each ray into a pixel value.
By sampling sufficient points in the 3D space, the image from a specified viewpoint and view

direction can be rendered.
Our key contributions are:

e We propose an autoencoder framework that learns rich class-specific priors and can extract
an implicit representation of geometry and appearance from a single image input. The
framework achieves remarkable generalisation ability and can reconstruct any unseen object

under the same category at test time.

e We build on the existing continuous volumetric radiance field approach NeRF [I3] and the
subsequent work pixelNeRF [16] and further breaks the dependency between implicit function
output and the query input by replacing the 3D coordinate in the query with a single depth
value, which represents how deep the queried point is into the scene. This enforces the
implicit function to depend less on the coordinate input but more on the concatenated image

feature, therefore achieving a higher generalisation ability.

e We propose to use an additional global decoder that takes the full image feature into account.
The use of global feature may lead to coarse and blurry prediction, but it guides the framework

to produce a more globally consistent reconstruction.

e We carry out extensive experiments and evaluations to demonstrate the performance and

our methods, in comparison with existing baseline approaches.



In the rest of this paper, we first briefly discuss the recent development in the field of 3D recon-
struction and novel view synthesis to introduce the advantages of implicit neural representation
over traditional explicit representation. We then present the reader the necessary technical back-
ground to fully comprehend the challenges and our solution, including the classic pinhole camera
model, volume rendering and the existing NeRF approach, which our method builds and improves
on. We explain in details how our method works and demonstrate its performance both quanti-
tatively and qualitatively on the synthetic ShapeNet [I0] dataset and the real-life Stanford Car

dataset [17], with comparison to the state-of-the-art baseline methods.



Chapter 2

Literature Review

2.1 Classic Multi-view Stereo Reconstruction

Classic 3D reconstruction approaches usually consist of a Structure-from-Motion to Multi-view
Stereo (SIM-MVS) pipeline, where an SfM algorithm first extracts and matches visual features
from a set of unstructured images, then estimates the camera parameters for each image relying
on the feature correspondence. An MVS algorithm then takes the images and camera parameters
as input and reconstructs a dense 3D model of the underlying geometry.

Due to the rapid growth of computational complexity with the number of input views, MVS
algorithms that directly produce a global 3D geometry are unable to deal with large scale recon-
struction. Furukawa et al. [I§] overcome this difficulty and achieve city-scale 3D reconstruction by
splitting the unstructured image inputs into overlapping clusters, where existing MVS algorithms
can be run in parallel on each cluster. The reconstructions from each cluster are then merged
together to form a global geometry.

Despite the success of MVS approaches, relying on general hand-crafted prior knowledge limits
their performance under challenging scenarios. For example, MVS can only reconstruct the 3D
geometry covered by the input views, and therefore cannot produce a full reconstruction from
sparse views. This limitation of MVS leads to the development of data-driven approaches, where

either general or specific priors can be extracted automatically from the training data.

2.2 Deep Learning Based Reconstruction via Traditional

Representation

The development in deep learning has led to promising results in image-based reconstruction.
Several methods have been proposed to learn a direct mapping from one or multiple RGB images
to an explicit 3D representation, including voxels [2, 3], point clouds [5] [6] and mesh representation
[7,[§]. Due to the requirement of ground truth 3D shape as supervision, the above methods usually
rely on the synthetic dataset for training and may not work well with real-life scenes. The use of
explicit 3D representation also means that the quality of reconstruction is limited by resolution.
Using a high resolution can produce sharper and more detailed reconstruction, but would also
increase the amount of information to be learnt by the neural network, therefore requiring more
data, larger network and more storage. Because the network directly produces a discrete 3D

representation, the resolution of reconstruction is fixed and the network cannot easily scale to a



different resolution at inference time.

2.3 Learning Implicit Neural Representation with 3D Su-

pervision

Implicit neural representation has recently emerged as a novel direction for 3D shape and appear-
ance reconstruction. It is a continuous and differentiable function modelled by neural networks,
which implicitly represent the underlying scene by associating each 3D spatial location with its
geometric feature such as colour, density, reflectance or distance to the closest surface. By sam-
pling sufficient points in the continuous 3D space and querying the neural networks with those 3D
locations, an explicit representation with customisable resolution and precision can be obtained.
Compared with traditional explicit 3D representations, implicit representation only needs to
store a set of weights for neural network and thus is more memory efficient. In addition, because it
is a continuous function, it naturally avoids rasterisation and does not suffer resolution constraint,

nor does it require approximation to become differentiable [19] 20].

2.3.1 Signed Distance Function
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Figure 2.1: Illustration of an SDF implicitly representing the Stanford Bunny from
DeepSDF. [19]. (a) signs of values returned from SDF near a surface. The zero level set indicates
the surface. (b) a 2D slice of SDF values in the 3D space. Colour represents the sign and brightness

represents the magnitude. (c¢) a rendering of the surface represented by this SDF.

Signed distance function (SDF) is an implicit function that represents an arbitrary surface in a
3D space. It is a continuous and differentiable function that takes as input 3D coordinates and
outputs a real value, whose sign indicates whether the point is inside or outside the surface and
the magnitude indicates the distance to the closest surface. The 3D surface is therefore implicitly
defined by the zero level set of the function. Given an SDF, 3D shape of the underlying object can
be explicitly found via algorithms such as marching cubes [19].

The use of SDF in the 3D reconstruction task has achieved reliable results. Park et al. [19]
use an MLP with skip connection to model an SDF. In order to reconstruct unseen objects, the
network uses an auto-decoder architecture where a latent code is optimised at inference time for
each target object. The latent code is concatenated with the 3D coordinate and passed into an MLP



decoder to obtain a signed distance. This use of auto-decoder reduces computational complexity
and improves the generalisation ability. DISN proposed by Xu et al. [20] further improves the
model’s ability to capture fine details by incorporating a CNN encoder to extract a feature vector
from the input RGB image. In addition to a conventional feature vector that is extracted from the
full image, the encoder also produces a local feature pyramid, which is passed to a separate local
decoder network to produce more detailed predictions. Our method of combining local and global
features is heavily inspired by it, but we incorporate a different implicit representation that can
be naturally applied with neural rendering to allow training without ground truth 3D supervision.
Both of the above approaches can reconstruct the 3D surface based on an input image and can
generalise to unseen objects, but they cannot model complex scenes containing multiple objects.
Runz et al. [21] develop a framework that detects, segments and groups individual objects in the
images of a complex scene. Multiple sparse views of the same object are embedded into a latent
space and are fused to form one feature vector, which is then decoded into both a dense SDF
representation and a sparse point cloud representation to allow fast evaluation and training in a
coarse-to-fine approach. Nevertheless, above methods all require 3D supervision during training

and do not reconstruct object appearance.
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Figure 2.2: Illustration of DISN local feature extraction [19]. In addition to the global

feature computed from the full image, a local feature specific to the 3D point being queried is
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also extracted. This is done by first projecting the 3D point back to the image plane to find out
its coordinate on the image, then extracting the intermediate features correspond to this pixel

coordinate from the outputs of several layers and concatenating them together.

2.3.2 Structured Implicit Functions

Genova et al. [22] propose structured implicit functions (SIF) as a general 3D shape representation
with a great scalability to complex or detailed objects. It is defined as a set of parameters describing
multiple independent anisotropic 3D Gaussian models, each accounts for the geometry of a local
space. The full 3D space is therefore described by the sum of all Gaussian functions as a level
contour, where the object surface is represented by a certain level set defined by the model. While
this type of shape representation has already been introduced in traditional computer graphics,
Genova et al. incorporate a multi-view autoencoder network that infers the Gaussian parameters
directly from a set of posed depth views. This pipeline generates a strongly consistent shape
template across all shape categories, where a Gaussian model tends to describe the local area with
the same semantic meaning (e.g., chair legs). Therefore, this representation naturally includes rich

shape prior information and can be easily used to find correspondence between shapes.



a) N=10 b) N=25 c) N=100 d) Recon e) GT

Figure 2.3: An illustration of representing shapes as SIF modified from [22]. (a, b, ¢)
SIF representation of the objects, where N indicates the number of Gaussian models used in SIF.

(d) a rendering of surface reconstructed from SIF in (c). (e) the ground truth object.

Genova et al. [23] build on SIF and further propose local deep implicit functions, which are the
combination of SIF and a local point feature decoder. Given one or more posed depth image, the
SIF network is first used to learn the 3D Gaussian parameters as a coarse model. Points are then
sampled around each local area described by individual Gaussian functions and passed through a
local autoencoder network to provide a more detailed shape prediction in a coarse-to-fine manner.
By limiting the prediction target to be a small local space of the object, the local autoencoder

requires much less capacity and can be trained very efficiently.

2.4 Learning with Image Supervision via Neural Rendering

Neural rendering is a method that renders 2D images in a deep learning approach, where the
properties of rendering, such as viewpoint, illumination, geometry and appearance, can be specified
explicitly or implicitly [24]. The use of neural rendering allows the computation of gradient on the
rendered image, which is usually non-differentiable due to the rasterisation step in the traditional
rendering process. With a computable gradient, the photometric loss on the rendering can be
back-propagated to the network to supervise the learning, therefore the network can be trained
without any 3D ground truth labels. While this approach can be applied to learn a traditional 3D
representation via neural network, there also exists several implicit representation that is designed
to work with neural rendering and yield a great performance in terms of geometry and apperance

reconstruction.



2.4.1 Learning Traditional Representation with Image Supervision

Recent advance in neural rendering techniques has led to many deep learning frameworks that can
be trained without ground truth 3D supervision. To enforce the neural network to learn a correct
3D representation instead of simply memorising the 2D image, additional techniques are usually
required. Dupont et al. [4] achieve the 3D reconstruction of unseen objects in the same category
with only image and camera pose supervision. Relying on the fact that transformation should be
equivariant in both original and reconstructed 3D space, the network is trained using image pairs
of the same object and the relative rotations angle of the camera. The reconstructed voxel grid
from the first image is trained to match the second image after rotating by their relative angle and
vice versa. Guandao et al. [25] relax the supervision requirements further by developing a unified
framework that can be trained using a mixture of images with and without class label and camera
pose. In addition to applying a view-independent constraint similar to [4], they also incorporate
Generative Adversarial Networks (GANSs) to encourage realistic-looking reconstructions. Wu et al.
[26] focus on reconstruction of face and other deformable objects from in-the-wild images with-
out additional supervision. They assume that faces and common objects are highly symmetrical
and incorporate additional constraints by flipping the input image and reconstructing on both
original and flipped images. To deal with asymmetric aspects such as hair, they also predict two
confidence maps for original and flipped images to learn what parts of object are potentially asym-
metric. Without access to any 3D ground truth supervision, the above methods can still accurately
reconstruct the geometry of unseen objects. However, the use of explicit representation limits their

abilities to model fine details and unique characteristics of each object.

2.4.2 Learning SDF with Image Supervision

While the SDF solely describes geometry features and cannot be learnt directly with RGB image
supervision, it is possible to combine the SDF with a neural rendering model and learn them
together from images. Yariv et al. [I4] propose an SDF-based architecture to learn the geometry,
appearance and lighting of an object from a set of masked and posed images. They define the
pixel values from a rendering as a function of object SDF, appearance and camera parameters. By
approximating the rendering process, this function is made differentiable and thus can be trained
end-to-end in a deep learning pipeline. However, it is an optimisation-based method that only
learns the reconstruction of a single object at a time.

Lin et al. [I2] propose a method that learns in extremely general condition, where only a single
RGB image for each object is assumed to exist in the training dataset. Similar to [14], they use
separate SDF and colouring functions to render the view from a specified viewpoint and compare
it with the ground truth view to obtain a photometric loss as supervision. They additionally make
use of information from a 2D silhouette to provide a lower bound on the signed distance for 3D
points outside of the surface. Despite the limited amount of supervision, this model is able to

reconstruct the geometry of unseen objects under the same category.

2.4.3 Scene Representation Networks

Scene Representation Networks (SRNs) [I1I] mainly consist of a neural network that represents
arbitrary scenes by mapping each 3D coordinate into a feature vector, which implicitly contains all
geometric properties needed to render the local area. This feature is then decoded through a pixel

generator network into the RGB value for a pixel. SRNs also include a ray marcher with learnable



step size to allow fast tracking of the intersection point between a concrete surface and the camera
ray in the 3D space, hence the 3D coordinate that needs to be queried to get the correct pixel
value can be efficiently computed.

The SRNSs representation naturally comes with a differentiable pixel renderer and can therefore
be supervised with images and camera poses only. The framework incorporates a Hypernetwork,
which is an MLP network that decodes an object feature vector obtained using an auto-decoder
architecture from [19] into the weights of an MLP scene representation network for each target
object. This network can then be queried with 3D coordinates to return geometry features which
are then decoded into RGB values by the pixel renderer. By optimising the object feature vector,
learnable ray marcher and all decoder networks jointly, the framework is trained to achieve 3D
reconstruction of unseen objects under the same category. However, the use of object feature
vector requires test-time optimisation for each novel object being reconstructed, hence reducing

the algorithm efficiency at inference time.

2.4.4 Continuous volumetric radiance field
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Figure 2.4: A continuous volumetric radiance field representing a LEGO model and
the volume renderings from different viewpoints. (a, b) the continuous volumetric radiance
field that takes a position and a direction, and returns the RGB and density. Views of the object
from any viewpoint can be rendered by sampling this function. (c¢) the volume rendering approach,
where points along a ray are integrated into a pixel value. Points with a higher density are more
likely to stop the ray, hence their radiance would weight more in the rendering. Ilustration from
NeRF [13]

A continuous volumetric radiance field [13] is a 5D function that maps each 3D spatial location
and 2D radiance direction into an RGB colour (radiance) and a density value, which implies
the occupancy of a particle on this point. This representation can naturally model both the 3D
geometry and appearance of an arbitrary complex scene, and is able to model non-Lambertian
effects, meaning the brightness of a surface may vary with the view direction. Through querying
points in the 3D space and collecting their density values, a depth map of the object can be rendered
from any viewpoint, and the field can be easily converted to an explicit mesh representation via
marching cubes algorithm. A 2D view of the field from specified viewpoint and view direction
can also be rendered via traditional volume rendering [27], which avoids rasterisation and has a
gradient that can be easily computed.

NeRF [13] uses an MLP architecture similar to [I9] to model the continuous volumetric radiance

field. The network is supervised with the photometric loss between the volume rendered view and

10



the ground truth view. By optimising over a set of images of the same object, NeRF is able to
accurately learn the underlying 3D geometry and appearance of a very complex object or scene.
The subsequent work NSVF [28] combines the implicit continuous volumetric radiance field with
explicit voxel grid representation and further improves rendering efficiency. However, both methods
are designed to learn the reconstruction of a single scene or object at a time, and therefore lose
the ability to generalise to unseen targets. To reconstruct a different object, a new network must
be trained from scratch and a dense set of views of the target object has to be collected.
Subsequent work improve upon the implementation of NeRF and achieve reconstruction on
unseen objects. GRF [29] extracts spatiality-aware local features for each pixel of the input image
by concatenating the RGB channels with the spatial location of the input camera, then passing
them into a CNN encoder to obtain per-pixel local image features. For a 3D point being queried,
GRF retrieves local features from multiple input images of the same object and applies attention
aggregation to combine all useful information into a single feature vector, which is then concate-
nated with the view direction feature and decoded into the radiance and density values. pixelNeRF
[16] incorporate the rotational equivariant similar to [4] by requiring the network to reconstruct
a target view based on an input view from a different viewpoint. It extracts a local image fea-
ture similar to [20] and concatenates it with spatial point features transformed into an input view
camera coordinate system. This enforces the network to make predictions by conditioning on the
input image feature, and also prevents the deep learning model from overfitting to the canonical
world coordinate system. Compared to pixelNeRF, our method further reduces the dependency on
the coordinate system by providing only a depth value as spatial information, and we additionally
incorporate a decoder that conditions on the full image feature to provide predictions based on

global clues.

2.5 Novel View Synthesis

2.5.1 Traditional Novel View Synthesis

Novel view synthesis involves generating new views of a target scene or object from unseen view-
points given a set of input views. A class of approaches achieve this by compositing input views
based on their poses, without directly reconstructing the underlying geometry. Levoy et al. [30]
interpret input images as 2D slices of a 4D light field and generate novel views by interpolating
input views in this free space. This 4D light field is simplified from the 5D plenoptic function [3T]
by assuming the radiance of a point remains constant along a direction, and is possible because
only blocked points along a ray would give different radiance, but they are visually occluded and
therefore not needed for rendering views.

After the emergence of sophisticated MVS methods, some approaches incorporate off-the-shelf
MVS algorithms to obtain an explicit global geometry, then apply blending to a novel view based
on the input views. Hedman et al. [32] develop an image-based-rendering (IBR) pipeline that
achieves real-time free viewpoint rendering of complex indoor scenes from a set of RGB and RGB-
D images. To resolve the issues with misalignment in object edges and global geometry estimation,
the pipeline works by first reconstructing a coarse global mesh from RGB-D images, then refining
it using high resolution RGB images to create per-view mesh. The mesh visible from the queried
viewpoint is then blended based on the input views by optimising over an IBR cost, which involves
a relative angle term that accounts for view-dependent effects in the rendering, and a distance

term to encourage the use of input views that are close to the rendering surface, so that sharper

11



and more accurate views can be rendered.

2.5.2 Deep Learning Approaches

More recently, deep learning techniques are incorporated into the traditional novel view synthesis
pipeline. Blending is a complex step in the pipeline because it needs to deal with difficult view-
dependent effects and compensate for potential errors in the previous geometry reconstruction step.
Traditional approaches usually estimate the optimal blending weights using a set of hand-crafted
heuristics. Hedman et al. [33] improve upon this by training a CNN to predict the blending weights
for pixels from different input views in a single forward pass. To blend a novel view, the pixels
from input views are ranked by their IBR cost and organised into several mosaics, where each pixel
in the first mosaic has the lowest IBR cost to the corresponding pixel in the novel view. A CNN
takes a raw view of the unblended mesh view concatenated with the top four mosaics and extracts

the blending weights for each pixel.
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Chapter 3

Technical Background

3.1 Perspective Projection Model
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Figure 3.1: The pinhole camera model. In theory, the model uses a virtual image plane located

between the camera and object, thus the formed image is not inverted. Illustration from [34].

The pinhole camera is a widely used camera model in computer graphics and vision. The model is
fully parameterised by a 3 x 4 matrix A up to a scale factor. The matrix A is usually decomposed

into the product of a 3 x 3 matrix K representing the camera intrinsics, and a 3 x 4 matrix P
representing the extrinsics or pose.

A =KP
fr S Cy
K=10 fy, ¢
0 1 (3.1)
ri1 riz T3 | te
P=|ry 710 73 |t,|=[R|T]

31 T32 733 |t
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K contains the intrinsic parameters of the camera: f,, f, represent the focal lengths in vertical
and horizontal directions. c,, ¢, represent the coordinate of the principal point, which is defined
as the projection of the optical centre (camera origin) on the image plane. s defines the image
skewness, which is needed when the image plane is not perpendicular to the optical axis.

P contains the extrinsic parameters that describe the location and orientation of the camera.
It can be further decomposed into a 3 x 3 matrix R describing the rotation and a 1 x 3 vector
describing the translation.

Due to a large number of unknowns in the pinhole camera model, simplifications are often made
to reduce its complexity, including assumptions that focal length is the same in both directions
(fe = fy = f), no skewness is present in the image (s = 0) and the principal point is at the centre

of any un-cropped image (¢, = ¢, = 0).

3.2 Volume Rendering

For a view point with position o € R3 and view direction d € R3, every pixel with coordinate %, j on
the image has a associated ray parameterised as r; ;(t) = o+td; j, where ¢ represents the Euclidean
distance between the 3D point to the view point, d; ; € R3 represents the unit length ray direction
and can be obtained by first calculating the relative direction in the camera coordinate system,
then transforming from camera coordinate system into world coordinate system by pre-multiplying

the camera-to-world rotation matrix R .oq:

i—W/2 j—H/2
; 1]
f f (3.2)
d;; = Re2wd;

d;,j = [

where W, H are the width and height of the image.
Classic volume rendering [27] can be used to render a pixel value by integrating over the radiance

of all points on the ray, weighted by their densities and distances to the camera.

C(r) = / U W t)e(t)dt
tnear (3.3)

==

where tpeqr and tyq, are the near and far bounds, o(t) and c(¢) are the density and radiance of
the point respectively.
In practice, the integrals are approximated using numerical quadrature with points sampled

along the ray:

=1
T(ts) = eap |~ 3 olt)5() (3.9
j=1



where d¢(7) represents the distance between sample ¢ and 7 4+ 1 and is evaluated to infinity for the

last sample.

. tiv1 — ti, ifi< N
¢ (1) = (3.5)
0, ifi=N

3.3 NeRF

This section briefly reviews the work of NeRF [13], which lays the foundation for our work. NeRF
introduces a simple MLP architecture to learn the 3D geometry, appearance and lighting of a scene

from a set of images with the corresponding camera poses.

3.3.1 NeRF Model

The NeRF model is an MLP network that represents a 3D scene by encoding a continuous volu-
metric radiance field of colour and density. Given the point features, which are the 3D coordinate
x € R? and the view direction d € R?, NeRF returns the density ¢ and the RGB colour ¢ of the

point.

NeRF (L, (x),704(d)) = (0,¢) (3.6)

where 7, () is a positional encoding function that enforces the network to learn the high frequency
functions to better fit the data. It simply maps the low dimensional input z into corresponding L

dimensional Fourier feature:

v1(z) = (sin(2°7x), cos(2°7x), ..., sin(2E "1 nx), cos(2L ")) (3.7)

Through volume rendering, points are sampled along the camera rays and integrated into a

pixel value, which is then compared with the ground truth pixel value to obtain a training loss.

(3.8)

3.3.2 Hierarchical Sampling

A hierarchical sampling method is used to improve the efficiency and accuracy of rendering. This
method involves training two separate networks: one coarse network that is queried with N,
stratified samples with a fixed interval, one fine network that is queried with Ny samples determined
by the result of the coarse network and thus tend to be more informative.

Points for the coarse network are sampled with a stratified method. The distance range
[trearst far] is first partitioned into N, equal-length intervals, one sample is then drawn randomly
from each interval. The sampled N, points are used to query the coarse network and the rendering

of the ray can thus be re-written as a weighted sum:
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where the weights w(t;) = T(t;)a(t;) are then normalised to form a Probability Density Function
(PDF) of the distance t:

P(t) = Zf\[:cz_l w(t;)I[t € [t;, ti11]]

S tw(t)

By sampling under this PDF, points that are more important to the final rendering will be

(3.10)

selected more often. Ny fine points are hence sampled from this distribution. Together with
previously sampled coarse points, N, + Ny points in total are queried using the fine network to

obtain their density and radiance values and finally compute the volume rendered pixel value C(r)

3.3.3 Limitations

NeRF achieves state-of-the-art performance in image-to-3D reconstruction task with its ability
to capture extremely fine details of any complex scene and to synthesise photo-realistic novel
views. However, it comes with severe limitations as it is an optimisation-based approach that
learns and memories the geometry of a single scene. Therefore, the model does not extract any
prior knowledge about the reconstruction target and it completely loses the ability to generalise
to unseen objects. To work with a different object or scene, the model is required to be re-trained
completely. This significantly increases the time and computation requirement of NeRF and also

limits its practicability, due to the difficulty in collecting a dense set of views of the target object.
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Chapter 4

Methodology

The existing NeRF approach directly optimises an MLP with respect to a dense set of images to
learn a continuous volumetric radiance field that agrees with the images. The method is therefore
not aware of different objects and cannot generalise to unseen objects at inference time. To
overcome this issue, we propose to incorporate a CNN encoder to take RGB image input and extract
image features, which are then conditioned by an MLP decoder to produce a neural radiance field
model similar to the original NeRF model.

Our experiments revealed that extracting and conditioning on a full image feature severely
constraints the method’s ability to generalise to uncommon objects. As shown later in section
network conditioned on global feature tends to produce blurry results and perform a retrieval-
based reconstruction, where the network memorises the shape and appearance of objects in the
training dataset and simply retrieves the most similar one during inference. This behaviour has
also been noted by [I6]. Inspired by the work of DeepSDF [19] and pixelNeRF [I6], we instead
up-sample and concatenate outputs from several convolutional layers in the encoder to form a 3D
feature volume and condition our decoder on the corresponding local feature. We also perform a
coordinate system transform similar to pixelNeRF on the query coordinate and direction to allow
the decoder to work in input camera coordinate space. We further simplify the query by replacing
the coordinate with a single depth value, removing the dependency on the training data.

Unlike pixelNeRF which works only with the local image feature, We include an additional
decoder that takes the global feature, as it may contain helpful global information that can not
be well represented in the local features. The final RGB and density values passed to the volume
rendering step are the proper averages of the outputs of two decoders, taking their predicted
densities into account.

The following sections first present our DualNeRF with a local feature and depth value query
only, then show the global decoder component and how the results of two decoders are combined

together with respect to the property of volume rendering.
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4.1 Local Feature with Depth Query
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Figure 4.1: DualNeRF architecture with only local decoder. Given an input image I, a
CNN encoder is first used to extract a feature volume V. A query point with world coordinate
x and view direction d is sampled on the camera rays from a different target viewpoint. A MLP
decoder Dec; takes the corresponding local feature concatenated with Euclidean distance between
camera origin and the point ||x’|| and the ray direction transformed into input view coordinate d’,

and returns the radiance c¢; and density oj.

This section describes the main architecture of the proposed DualNeRF method, including the

multi-view training scheme, convolutional encoder component and the local decoder with depth

query.

Multi-view Training

To ensure the networks are learning the actual underlying geometry instead of memorising the
image inputs, two images of the same object from different viewpoints are used for each training
step. Two images, an input view I and a target view I;, are sampled at random during each training
iteration. The input image I which has camera pose P = [R, T| is passed to the encoder Enc, then
3D points are sampled on camera rays from a different target viewpoint with pose P; = [Ry, T].
The sampled points are used to query the decoder conditioned on the image feature to recover the
target view, which is then compared with ground truth target view I; to obtain a mean squared
error as the training loss.

To correctly account for the difference in the source and target viewpoints, we incorporate
the coordinate system transform technique from pixelNeRF [16]. Instead of directly working with
point features that consist of a 3D coordinates x and a view direction d in the world coordinate

system, they are first transformed into input view coordinate system using P:
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X
1 (4.1)
d=R"'d

The use of x” allows the model to link the point being queried with the extracted image feature
and therefore enables it to learn how to appropriately lift 2D images to 3D reconstructions. Besides,
d’ measures how closely related the two views are. If the input viewpoint is very close to the target
viewpoint, the model should be able to rely more on the extracted local feature. Otherwise, the

model is required to exploit its prior knowledge to predict sensible results [16].

Feature Volume Encoder

Inspired by DISN [20] and pixelNeRF [16], we use a convolutional encoder Enc that takes an input
RGB image I € RFXWX3 and extracts a feature volume Enc(I) = V € RE*Wx*d which consists
of outputs from multiple convolutional layers in the encoder. Those outputs are up-scaled via
bilinear interpolation to match the height and width of I and concatenated together to form a

three-dimensional feature volume with depth d.

Local Feature and Depth Query

When querying for the radiance and density of a 3D point, the positional embedded point fea-
tures are concatenated with the corresponding local feature. The local feature is identified by
re-projecting the query point x’ onto the image plane of the input image and finding the corre-
sponding pixel coordinate m(x’). To do this, the inverse of equation is carried out:

x = [x/’y/7z/]T
, x' X focal + W/2 —y' x focal + H/2 (4.2)
7T(X ) = [ _Z/ J _Z/ }

The coordinate 7(x’) can therefore be used to locate and extract a 1D local image feature from
the 3D feature volume V. As the input view is different from the target view and the near/far
boundaries of the sampling are usually rough estimations, it is possible that a sampled point locates
outside of the perspective area of the input view. When this happens, we simply replace the local

feature vector with a zero vector.
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Figure 4.2: Querying a local image feature with depth information. The depth ||x’|
specifies how deep into the local feature the target point is. If the point is very close to the visible
surface, the decoder can directly rely on the image feature. Otherwise, if the point is very deep
and far away from the input view camera, the decoder should rely more on its prior knowledge

instead.

However, unlike pixelNeRF which concatenates the local feature vector with positional embed-
ding of the full transformed coordinate 7y, (x’), we instead argue that using only the embedding of
a single depth value vz (]|x'||) is sufficient. This value represents the Euclidean distance between
the input view camera and the 3D point, or can be viewed as how deep the queried point is into the
3D space as seen from the input view camera. As shown in figure because the corresponding
local feature is found by re-projecting point x’ onto the image plane, the same feature is thus
used to query all points along the camera ray, where depth is the only degree of freedom that
distinguishes between the points.

Because we pass in only a depth value that contains very little dependency to the target
prediction, the decoder is therefore forced to rely more on the concatenated image feature, leading
to a better ability to generalise to unseen objects based on an image input.

The final decoding with the MLP decoder is thus represented as:

Dec; (fYLx(||x’||),fyLd (d’),V[ﬂ'(x’)]), if m(x") € [0, width) x [0, height)

(4.3)
Dec; (’)/Lx(||x’||)7 Vg (d), 0), otherwise

(o1,¢) =
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4.2 Global Feature Decoder

X-———- "
Input view Enc
BA- ~ |-
Target view
¢ Vir(x")] I
I 1
y,d —C—— pee. ——1—y(|I¥'l]). &’
1] g o E—
1 I
(94, €4) (a1, €1)
(,0)

Figure 4.3: DualNeRF with the both local and global decoders. In additional to Dec; that
decodes the local image feature, a global decoder Dec, is incorporated to take global output of Enc

concatenated with x’ and d’. The final output is a proper average of the results of two decoders.

An additional global decoder network Dec, with the same architecture as Dec; is added to produce
predictions based on the full input image. Instead of re-projecting points onto the image plane
and taking the local feature vector, Dec, takes the traditional encoder output ¢ € R¢, which is a
feature vector obtained as the output of the last layer in Enc after additional pooling and dense
layers. With the global feature, the queried 3D point no longer has depth as the only variable,
hence the embedding of full transformed coordinate v (x’) is used as query input. The decoding

with global decoder is represented as:

Decy (12.(). 124(d),6) = (04:¢,) (4.4)

The predictions from both decoders are combined with respect to the property of volume
rendering. As described in section [3.2] a higher density means the camera ray is more likely to
be stopped by this point, its radiance would therefore contribute more to the final rendered pixel
value. We thus define the final radiance as the weighted average of predicted radiance values,
where the weights are defined by their densities, while the final density is a simple average of the

two.
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The combination of global and local decoders allows the model to capture useful global infor-
mation, including overall lighting condition (brightness) and common shapes of objects. Therefore,

the reconstruction appears more natural even on challenging inputs.
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Chapter 5

Experiments

We demonstrate the effectiveness of our method by carrying out extensive experiments and eval-
uations on both synthetic and real-life dataset. We compare quantitatively and qualitatively with
the baseline approaches on ShapeNet [10] synthetic car dataset. We also evaluate our method on
the same ShapeNet car dataset rendered by SRN [I1] to provide more comparable results. We then
show the reconstructions of real-life cars from Stanford Car Dataset [17] to evaluate the model’s

ability to transfer to real domain.

5.1 Experiment Details

5.1.1 Metrics

Following the evaluation protocols of NeRF [I3] and pixelNeRF [16], we evaluate all methods with
standard image quality metrics PSNR and SSIM [35] as well as a deep learning based metric LPIPS
[36].

The peak signal-to-noise (PSNR) is a widely used quality measurement metric that defines
the power ratio between maximum possible signal and noise. Given the original image I and its

reconstruction I..q, PSNR is defined as follows:

max(I)?

PSNR(L Iyeq) = 10l0g10 —rommr—
S R( )P d) OOQIOMSE(I,Ipred)

(5.1)
where MSE(I,L,,.q) is the mean squared error between the two images. A higher value of PSNR
represents a stronger signal, and therefore the recovery is better.

The structural similarity index measure (SSIM) is a similarity metric that measures perception-
based similarity in structural information. Unlike PSNR, it does not measure the absolute differ-
ences between target and reconstructed images, but instead considers various local areas of the
images and thus more closely resembles the human perception. A higher value of SSIM means a
higher similarity between two images [35].

The Learned Perceptual Image Patch Similarity (LPIPS) is a recently proposed deep learning
based metric that also measures perceptual similarity. It is obtained by calibrating the outputs of
pre-trained networks, which learned to extract high level perceptual information that are useful for
classification and recognition tasks. Therefore, this metric is able to represent human perception

to a great extend. A lower value of LPIPS means a smaller difference between two images [36]. We
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use the VGG network sub-variant of LPIPS to keep consistent with the prior works. The version
of LPIPS used is 0.1.

5.1.2 Implementation Details

The network architecture used in our method is modified based on pixelNeRF implementation,
with a different pre-trained encoder and a smaller decoder.

For encoder, we use the first three convolutional blocks of a pre-trained ResNet-50 classifier
[37] to extract a feature volume. The outputs from four layers in those blocks are up-sampled with
bilinear interpolation to match the height and width of the input image, and then concatenated
together to form a H x W x 896 tensor. Each 896 feature vector is then passed through an MLP
top layer to form a compressed H x W x 512 feature volume. When a global decoder is used, the
encoder additionally applies an average pooling layer and a dense top layer on the outputs of the
last layer, conv3_blockj_out, to produce a 512 feature vector.

The exact layers used and their original output shapes are shown in table The name of

each layer comes from the pre-trained ResNet-50 model from TensorFlow [3§].

Layer Index | Layer Name Output Shape
convl_relu H/2 x W/2 x 64
pooll_pool H/4x W/4 x 64
38 conv2_block3_out | H/4 x W/4 x 256
80 conv3_blockj_out | H/8 x W/8 x 512

Table 5.1: ResNet-50 layers used to output the feature volume. The layer indices are

counted from 0.

For local decoder, we set positional embedding hyperparameters to Lx = 20 and Lgq = 0
to produce a point feature similar to the original pixelNeRF implementation. I.e., no positional
embedding is performed on the view direction. The point feature [y2o(||x’||) d’] therefore has length
41. For global decoder, we set Ly = 6 and Lg = 0 and the point feature [y(x’) d’] has length 42.

Vir(x"]

512 512 512

[ | I

H 256 256 256 H
M 256 256 256 256 256 4
s, d’ ® D, T J‘r U (0,0)

Figure 5.1: Local decoder architecture. Each yellow block represents an independent dense

I\

layer. The global decoder has the same architecture with different inputs.

The architecture of the MLP decoder is shown in figure Due to memory constraint, we use
a simplified version of the ResNet-like MLP decoder proposed by pixelNeRF. The network has four
residual blocks, each containing two dense layers of width 256. The extracted local feature vector

Vr(x')] (or the global feature vector ¢ for Decy) is passed through three independent dense layers
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to be compressed into a size of 256, and is introduced as an extra skip component to the first two
residual blocks.

Similar to NeRF, we train separate coarse and fine networks for each of the local and global
decoders. The sampling numbers for both coarse and fine networks are set to 16 (N, = Ny = 16).

For each training batch, 4 distinct objects are sampled at random and 2 images are drawn
as input view and target view for each object. Given each input view, the model predicts 128
randomly selected pixel values in the target view and the mean square error between predictions
and the ground truth for all pixels and objects is used as training loss. Adam is used to optimise
the network with learning rate 5e—5 for 200000 iterations. The first 100 iterations are trained with
pre-cropped images. Le., pixels are selected from a H/2 x W/2 sub-image located at the centre
of original image. The purpose of pre-cropped training is to prevent bad initial training batch
that consists of too many pixels of empty space, as this would kill neurons in the networks and
cause them to always predict 0 density and cannot be trained further. However, it is observed that
using too many pre-cropped training causes difficulty in convergence of global decoder, therefore
a number of 100 is selected.

For both of the following experiments, the training of our method takes roughly 3 days on a
GeForce GTX 1080 Ti GPU.

5.2 ShapeNet Benchmarks

5.2.1 Data

We first present the experiments carried out on a subset of the ShapeNet ”car” category. We
randomly sample 740 car objects and reserve 240 objects as the test dataset. The rest 500 objects
are randomly split into 490 training objects and 10 validation objects. This uneven split scheme is
mainly because of the complexity in training the networks, thus hyperparameter tuning becomes
difficult to carry out and is not included as the focus of our experiments. At test time, we fix the
input as one informative view for each test object and reconstruct the views from all 30 viewpoints.

For each object, blender [39] is used to render 30 views with resolution 64 x 64 from random
viewpoints. The azimuth and elevation are randomly sampled between [0, 360] and [15, 60] respec-
tively. The distance between camera and object centre is fixed as 1, and the ty,cqr, tfqr boundaries
for volume render are therefore set to 0, 1.5 for all models trained on this dataset. Two blender
”Sun” light sources are placed at opposite sides of the object to provide sufficient lighting. The
rendering is done with ”blender renderer” engine type.

There are several reasons why we choose not to use the ShapeNet car dataset provided by SRN
[11]: 1) SRN training dataset contains 50 views rendered with an elevation between [-90, 90] for
every object in the car category. While this provides a high coverage on all possible viewpoints,
there exists less informative views that would cause training to be inefficient. For example, views
that capture the bottom of the object. Therefore, We decide to simplify the problem and limit the
elevation to a smaller range. 2) SRN dataset renders the car objects from a relatively far distance
with a higher resolution. When the images are down-sized to 64 x 64, the objects appear sightly
blurry and contain less details. Therefore, we first render our own ShapeNet car dataset and carry

out training and evaluation on it.
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5.2.2 Baselines

We compare with baselines include NeRF [13] and pixelNeRF/, a simplified implementation of pix-
elNeRF baseline following the original paper [16], both quantitatively and qualitatively to demon-
strate the performance of our method under a constrained experiment setting, namely with less
training data, sampling rate and network capacity.

The NeRF baseline is implemented based on the original setting for the synthetic LEGO dataset
published in the code repository of [I3]. The positional embedding hyperparameters are set to
Ly = 10 and Lgq = 6, the sampling numbers for coarse and fine networks are both set to 64
(N. = Ny = 64). Each training batch contains 1024 pixels randomly sampled from a training
image. Adam is used to optimise the network with learning rate 5e—4. The network is trained
with 100000 batch iterations.

The encoder and decoder networks in pixelNeRF| have the same architecture as in our method,
with the only difference being the point feature fed into the decoder. This modification on network
architecture is due to the difference in software framework and hardware constraints. Compared to
the original implementation proposed in pixelNeRF paper, the pre-trained ResNet-34 [37] encoder
is replaced with a ResNet-50 network in pixelNeRF|, and the decoder MLP is simplified to have
only half the width (256 instead of 512 proposed in the original paper) and one less residual block
(4 instead of 5). The positional embedding hyperparameters are set according to the original
paper, where Ly = 6 and Lq = 0. The sampling numbers for both coarse and fine networks are
reduced to 16 (N, = Ny = 16). The training is the same as our method, where 4 distinct objects
are sampled for each training batch, 2 images from each object are selected as input/target view
and 128 pixel values are predicted for each object. Adam is used to optimise the network with
learning rate 5e—5 for 200000 iterations. The first 30000 iterations are trained with pre-cropped

images to speed up convergence.

5.2.3 Results

Quantitative Evaluation

We first present the quantitative metric evaluations on the reserved ShapeNet car test dataset. As

shown in table our method demonstrates a competing performance to pixelNeRF| baseline.

PSNR 1 | SSIM 1 | LPIPS |

NeRF 14.903 | 0.590 0.366
pixelNeRF 17.652 | 0.671 | 0.305
Ours 17.679 | 0.666 0.321

Ours (local only) 17.624 0.664 0.316
Ours (global only) | 17.234 0.655 0.319

Table 5.2: Evaluation on ShapeNet car dataset. We report PSNR, SSIM (higher is better)
and LPIPS (lower is better). Ours (local only) is the model with only a local decoder, while ours

(global only) only contains a global decoder that conditions on full image feature.

Ablation Study In table|5.2] we show the performance of global and local decoders respec-
tively. Although using only a global decoder that conditions on full image feature leads to retrieval-
based reconstruction and causes worse performance, combining it with a local decoder actually
improves the PSNR and SSIM.
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Qualitative Evaluation

We then present the reconstructions of several unseen objects in the test dataset. As shown in
figure and both our method and pixelNeRF/ are able to generalise to unseen car objects
and can extract correct geometry and appearance information from only a single RGB image input.
However, our method generates a more natural-looking shape, as can be seen most obviously from
the rendering of front-looking cars in figure 5.2} the front of the car generated by pixelNeRF
contains unnatural curves and incorrect shadows, while the ones generated by our method match
better with the actual geometry. Moreover, our method captures global information such as lighting

conditions more accurately, as can be seen from the reconstructions of the third object.
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Input Reconstruction
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Figure 5.2: Reconstruction of unseen ShapeNet cars. We provide a single RGB image and
its camera pose as input to the models and reconstruct the views from novel view points. The
NeRF baseline is not designed to take image input at inference time, hence it only takes the camera
pose input.
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Figure 5.3: Reconstruction of unseen ShapeNet cars. Similarly, we provide an input image

and render the object from a specified target viewpoint. The ground truth views are shown in the

right-most column.
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Ablation Study In figure we present the reconstructions of our method with only local
or global decoder. While the local decoder only model shows a similar performance to the pixel-
NeRF baseline, the global decoder only model tends to perform retrieval-based reconstruction and
synthesise blurry or incorrect views on some objects. The full method combining both decoders

mitigates those issues and produces the best reconstructions overall.

5.3 SRN ShapeNet Car Dataset

To provide comparable evaluations to the prior works, we re-train our method on the ShapeNet
car dataset rendered by SRN [I1] and evaluate both quantitatively and qualitatively on the corre-
sponding test dataset.

5.3.1 Data

The SRN training dataset contains 2458 distinct car objects, each with 50 renderings of size
128 x 128 from random viewpoints in the full sphere around the object centre. The SRN test
dataset contains 704 unseen objects, each with 251 renderings of same size. The viewpoints of
these renders are arranged in an Archimedean spiral with elevation between [0, 90]. For the near/far
boundaries, we use the same setting in pixelNeRF and set them to 0.8 and 1.8 respectively.

Due to hardware limitations, we only use 500 cars sampled from the SRN training set for

training, while the testing is done on the full test dataset to remain comparable with prior works.

5.3.2 Baseline

Instead of using modified implementation pixelNeRF|, we use the original pixelNeRF implementa-
tion and pre-trained model weights provided in the code repository [16]. The weights were originally
trained with multiple input views and hence would perform slightly worse when reconstructing from

a single view, but the difference is very small.

5.3.3 Results

Quantitative Evaluation

PSNR 1 | SSIM 1 | LPIPS |
pixelNeRF | 27.58 | 0.942 | 0.095
Ours 20.03 | 0.790 | 0.250

Table 5.3: Evaluation on SRN ShapeNet car dataset. The evaluations for pixelNeRF are
obtained from the original paper [16].
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Qualitative Evaluation
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Figure 5.4: Reconstruction of cars in SRN test dataset. The provided pixelNeRF model
works with images of size 128 x 128, while our method works with images of size 64 x 64 due to

hardware limitations.
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Figure 5.5: Reconstruction of cars in SRN test dataset.

Due to the limitations in the training dataset, model capacity and continuous volumetric radi-
ance field sampling rate, our model renders more blurry reconstruction compared to pixelNeRF.
However, our model is still able to capture the coarse geometry and appearance of a large number
of unseen cars with varying appearance. With larger network capacity and training dataset, we

expect our model to achieve a similar level of performance to pixelNeRF.
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5.4 Stanford Car Dataset
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Figure 5.6: Reconstruction of real-life cars. We apply our model trained in section to the
real car images from Stanford Car Dataset [I7]. The images are cropped and re-sized to 64 x 64,

and we manually specify a rough estimation of the camera intrinsics and extrinsics.

We present the qualitative results of our model trained in section [5.2] with real-life car images from
the Stanford Car Dataset [I7]. Several car images without background are selected and passed to
the model and novel views are synthesised from viewpoints rotating about the vertical axis. Due
to the lack of ground truth camera parameters in the dataset, we manually estimate the intrinsics
and extrinsics for each input image.

Results show that our model is able to capture the coarse shape and appearance of real-life
cars. However, the reduction in performance compared to synthetic car reconstruction is significant.
This is mainly because of: 1) The lack of accurate camera parameters. 2) Insufficient amount of
training data. Our model is trained with only 490 different synthetic car objects due to hardware
and time constraints, hence the model is limited in its generalisation ability. 3) The domain gap
between synthetic and real-life car objects. For example, the real-life car images contain complex

lighting and reflection effects, which are absent in synthetic car images.
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Chapter 6

Conclusions

6.1 Achievements

We have presented DualNeRF, a deep learning framework that utilises implicit neural representa-
tion to achieve the reconstruction of 3D geometry and appearance of unseen objects from a single
RGB image. The framework builds on the existing continuous volumetric radiance field method,
NeRF, and extends it to allow the extraction of categorical prior information by training with only
images and camera parameters, without any ground truth 3D shape labels. Our method attempts
to prevent the issue of overfitting to the canonical coordinate system by limiting the network query
information to be a depth value only, and also combines global and local image feature decoders
in an error-correcting manner. Extensive evaluations demonstrate that our method is able to pro-
duce reliable reconstruction on synthetic cars. Although the performance on real-life cars is less

satisfactory, we expect it to be mitigated by providing sufficient training data.

6.2 Future Work

The current implementation of continuous volumetric radiance field in this framework does not
strictly obey the underlying Physical principle, that is the density of a 3D point should be inde-
pendent of view direction. As shown in figure NeRF [I3] enforces this property by separating
the query inputs and passing in only the coordinate at the beginning of the network. After the
network predicts the density as an intermediate output, the view direction is then passed in to
obtain the radiance prediction. However, in our approach, to account for the difference in the
input and target viewpoints, the transformed view direction is passed to the decoder network at
the beginning to predict both density and radiance values. The density is therefore not completely
independent of the view direction input. Overcoming this issue may improve the method’s ability

to work with real objects and scenes with complex lighting conditions.
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Figure 6.1: Architecture of NeRF from the original paper [13]. The NeRF network takes
only the coordinate input 7(x) at the beginning to predict a density value o. The view direction
~v(d) is passed to the network after density has been predicted, so that density is independent of

view direction.

Another potential task is to improve model inference efficiency, which is one of the main draw-
backs of all implicit representations. Due to their implicit nature, an accurate rendering usually
requires a large number of queries at different spatial locations. Hence, converting to high quality
explicit geometry or rendering is computationally expensive and is far from being done in real-
time. The existing solution NSVF [28] combines the implicit continuous volumetric radiance field
with explicit voxel representation to allow more effective queries, but extending it to image-based
reconstruction of unseen objects is still challenging.

One exciting future direction is to extend the model even further to predict motion, i.e., a
4D video sequence. While modelling time-varying scenes via a neural network has been achieved
on 2D images [40], extending it to account for the underlying 3D geometry would be much more

difficult, but not impossible with sophisticated implicit neural representations.
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Final Year Project Plan

Degree of Program: MEng
Supervisor: Lourdes De Agapito Vicente

Project Working Title: Unsupervised Generalisable 3D Reconstruction from Images with
Neural Rendering

1. Purpose and Background

Accurately capturing the shape and texture of an object and reconstructing it as a 3D model
based on images is a challenging task in computer vision. Deep learning based methods have
achieved promising results in this area, and the most recent solution involve neural rendering,
which is a data-driven approach that renders a 2D image based on potentially incomplete scene
representation [1]. Relying on a differentiable rendering equation or a continuous 3D shape
representation, loss on the rendering can be calculated and help neural network to learn the
3D shape, appearance or lighting of the target object.

However, the lack of realistic data with ground truth 3D information severely limits the per-
formance and reliability of neural rendering, this is particularly evident for supervised and
semi-supervised deep learning methods. As a consequence, synthetic dataset like ShapeNet [2]
is widely used in the training of neural rendering models that require ground truth 3D data.
Nonetheless, these models tend to be unreliable when dealing with real data [3, 4, 5. On the
other hand, for the models that do not require ground truth 3D data, their training procedure
demands multiple views of a single object, which generally results in the loss of ability to in-
ference on unseen objects or scenes [6, 7]. To address those issues, I propose a framework that
uses neural rendering technique along with probabilistic neural network to learn the 3D shape
and texture of unknown objects using very few images of the target object.

2. Aims and Objectives

This project focuses mainly on 3D reconstruction and neural network, and I have the following
aims and objectives:

Aims:
1. To learn the fundamental knowledge and techniques behind 3D reconstruction of
objects via neural network, especially 3D reconstruction using images with and
without ground truth 3D shape as supervision.



2.

To learn the efficient and correct ways of carrying out research. To attempt to solve
one of the main challenges in this field, namely the issue with unsupervised model
not being able to generalize over different objects, and potentially publish the work.

Objectives:

1.

Reviews recent papers related to 3D reconstruction, neural rendering and neural
network. Identify the state-of-the-art approaches, set up baseline models, explore
their limitations and potential future directions.

Collect suitable dataset for the experiment, (likely to be synthetic dataset such as
ShapeNet), implement tools to render and reprocess them into a set of images of
different objects across categories, along with the corresponding camera pose.

. Develop an initial convolutional neural network model that takes an image and a

3D point coordinate as input and outputs the radiance and density of that point.
The photometric loss can be calculated by rendering the neural representation using
volume rendering techniques [6] and comparing with the input image.

Apply different priors to improve the reconstruction accuracy, for example, symme-
try assumption [8] and transformation equivariant [3].

. Try to implement different techniques including positional encoding [6, 9], local

feature [5], probabilistic neural network and confidence map [8]. Compare the per-
formance with respect to dataset collected and identify the useful ones.

. Explore the possibility of applying fine-tuning to further improve the generalisation

ability and reliability. For example, initial model can be trained using a mixture
of views of different objects across categories, then fine-tuned with category-specific
data to improve the reconstruction accuracy on that type of objects.

3. Deliverables

The deliverables of this project are:

1.

4.

A comprehensive literature review on 3D reconstruction and neural rendering, which
identifies the state-of-the-art methods and their current limitations

. Programs or functions for generating views from synthetic dataset and providing

other useful metadata, such as camera pose, field of view, near/far boundaries etc.

. A new deep learning model that relies on images without ground truth 3D shape

supervision, yet achieves inference on unseen objects of same or potentially different
categories.

A set of experiment results comparing my method and existing methods.

4. Work Plan

The plan and sub-tasks of this project are:

1.

By the end of October 2020: carry out literature review, collect dataset and setup
baseline models.



2. By the end of November 2020: fix dataset for experiment, implement a most basic
version of proposed architecture, run experiments on it as well as baseline models
to obtain baseline results.

3. By the end of January 2021: explore different techniques that can improve model
performance, including positional encoding, probabilistic neural network, class-specific
fine-tuning and GANSs.

4. By the end of March 2021: tidy up experiment results and produce documents, code
and report.

5. After March 2021: produce conference paper and submit.
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Appendix B

Code Listing

For a complete reference of the model architecture and training code, the reader is strongly advised
to visit the GitHub repository https: // github. com/ChikamaYan/nerf-to-equivariant| which

contains all the source code and documentation to get started.
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Appendix C

Video

Please refer to the attached additional files for a video demo of the reconstruction on unseen
ShapeNet cars.

All videos are generated using the full local and global decoder model trained on SRN ShapeNet
car dataset. The model takes in a single input image and reconstructs the views from 40 novel

viewpoints orbiting around the object to produce the video.
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