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Abstract

Novel view synthesis is a long-standing problem, lying
in the intersection of computer vision and computer graph-
ics. Our project focuses on the task of novel view synthe-
sis for indoor scenes. The motivation behind this is that
if we can successfully generate novel scenes given only 2d
image inputs, we can develop applications such as virtual
house showing that only requires a few images of the house
through some easily accessible device such as a smart-
phone. Recent years, deep learning methods such as neu-
ral radiance field (or NeRF) has shown great results in
novel view synthesis for 3d objects, but the difficulty re-
mains with indoor scene inputs, where different images can
have largely varying angles. We chose a total of six indoor
scenes, with 4 scenes from the dataset Hypersim, one scene
from ScanNet and one custom scene we took with our own
iPhone. Each scene consists of 40-60 image inputs with
largely varying camera angles. We compared performance
between NeRF and NerfingMVS on all these scenes. Exper-
iment result indicates that NeRF has relatively better result
on all kinds of indoor scene dataset, including complex and
finer geometric dataset. The views generate by NeRF has
high quality and perfom better on evaluation metric, which
can further generate continous views or video to achieve
our goal of online house touring.

1. Introduction

Traditional methods in the field of novel view synthesis
can be traced back to 1990s, with early work concentrating
on interpolation either between corresponding pixels from
the input images, or between rays in space. However, they
all suffer from the loss in image quality. A recent break-
through in the area of novel view synthesis is to apply deep
learning techniques to tremendously improve the results,
thus gaining renewed popularity. NeRF (Neural Radiance
Fields)[ 18] is such a method that achieves state-of-the-art
results for synthesizing novel views of complex scenes. A
lot of recent follow-up work[22] on Nerf also extends the
usage of Nerf model.
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Although there are a variety of scenes suitable for the
view synthesis task, we are particularly interested in the in-
door scenes because considering the impact of COVID-19
and the need for a house showing before purchase, it is nec-
essary and critical to develop a technique that could syn-
thesize different views of the indoor furniture of a house
based on a few images provided by the seller. Therefore, in
this project, we are going to explore several existing ap-
proaches in novel view synthesis on the dataset(s) of in-
door scenes. We would use the traditional view morph-
ing techniques as our baseline and then use Nerf[ 18] and
NerfingMVS[29] as two other methods to generate novel
view of a indoor scene. Moreover, considering the differ-
ent use cases of house showing, we test our methods both
on synthetic datasets and real-world datasets. The synthetic
datasets include HyperSim[23]and ScanNet[7]. The real-
world dataset are the manually captured scenes in the Gates
Building. We conduct an extensive study over these mod-
els and datasets to approach our problem and analyze the
results both qualitatively and quantitatively.

2. Related Work
2.1. Multi-view reconstruction

Multi-veiw reconstruction is an interesting question orig-
inated from transitional 3D vision area. Traditional meth-
ods use view morphing[25] and stereo vision method to re-
construct images of new views between two different im-
ages. Other 3D vision methods [9, 28] focusing on using
photo-consistency constrains and optimization methods to
reconstruct from images. For example space curving[ 4]
is a widely used, volumetric approach. These methods are
based on similarity of image pixels, so they work poorly
if the texture of indoor scene are difficult to distinguish and
extract feature. Recently, there are a lot of learning and neu-
ral network based methods[ 2, 18, 30] focusing on solving
3D reconstruction task. These methods use similar ideas
from conventional method and learning-based optimization,
and get good performance on different datasets. Thus, our
project mainly want to compare these methods and system-
atically learn the generalize ability of these methods. We



also aim to find an appropriate method with high-quality
novel view synthesis and less training cost that can be ap-
plied to people’s daily life usage, for example online house
touring.

2.2. Neural Implicit Representations

An essential part of a neural network model that can pre-
dict novel views is to be able to understand geometry in 3D
using some implicit representation - this is referred to as
neural implicit representation in the NeRF [18] paper. One
line of work focuses on representing 3D geometry as level
sets [10, 13, 16, 21]. However, these models require access
to ground truth 3D geometry, which is difficult to obtain in
commercial settings. Another line of work relaxes this re-
quirement of ground truth 3D geometry, and only requires
2D image inputs [20, 27]. However, these works are lim-
ited in their capacity to model complex geometry. NeRF
proposes a representation for an input of 5D radiance fields,
made up of 3 spacial dimensions and 2 dimensions for cam-
era viewing angle. Building on top of NeRF, NeRF in the
wild [15] uses latent appearance rendering such that rep-
resentation becomes image dependent. This mitigates the
limitation of NeRF on scenes with varying lighting and pro-
vides insight for possible extensions of NeRF for various
scenes.

2.3. View Synthesis

View synthesis aims to create new views of a specific
subject starting from a number of pictures taken from given
points of views. From images, one can estimate global
scene geometry using structure from motion techniques| |,

, 1 1]. The estimated geometry can be used to render input
images into novel camera viewpoint. One popular class of
such approaches are mesh-based representations of scenes
including diffuse[5] and view-dependent[&, 2] appearance.
However, the generated results are inclined to have artifacts
because of the sparsity of the point cloud and it is difficult
to get a single consistent global model of entire scene ge-
ometry. Therefore, some methods[3, 4] switch to use per
view local geometry. Some of them use depth estimation to
assist the generation of novel views.

Apart from reconstructing the geometry, view synthe-
sis could also viewed as a problem of view interpolation.
One such technique applied to view interpolation is view
morphing[26]. We use this as one of our baselines but
generally this method fail to render the full scene from a
novel viewpoint. Volumetric representation[ | 9] is another
traditional computer vision technique that naturally deals
with view synthesis because it is able to represent com-
plex shapes and materials realistically and well-suited for
gradient-based optimization and tend to produce less vi-
sually distracting artifacts then mesh-based methods. Re-
cently, with the success of deep learning, one volumetric

approach Nerf[ 1 8] has demonstrated impressive results and
remarkable improvement in view synthesis. One extension
of Nerf[29] tries to use depth information to guide the op-
timization of the model and to improve the synthesis qual-
ity. In the following sections, we are going to study our
view synthesis problem based on both Nerf and this Nerf-
extended method.

3. Approaches
3.1. Traditional Approaches

View morphing [26] is a classical method to reconstruct
3D scene according to 2D images. In our project, we use
view morphing as a baseline method and compare other
neural network based methods with it.

View morphing contains following step:

1. Using 8 points algorithm to estimate the fundamental
matrix. In this step, we need to get at least 8 corre-
sponding point pairs in two input 2D images.

2. Pre-warp the images, which uses image rectification
method. In this step, we find homographs H; and Ho
and transform two images.

3. Morphing two images and get the interpolation of two
pre-warped images I; and I5. For some fraction s, the
interpolated image is:

I(x,y) = shi(z,y) + (1= s)a(z,y) (1)

4. Postwarp, this step will transfer the intermediate mor-
phed image back to a specific image plane. We apply
homography to intermediate image and get the final
views.

The result of traditional view morphing method is shown
as figure 1. The view morphing method have several limi-
tations. Firstly, we need to manually choose corresponding
points in our indoor scene dataset, which is not accurate
and bring a lot of error for further steps. Secondly, it can
only generate views from two images, even if other images
in dataset might also contains information of this 3D area.
Finally, the visualization result shows that the boundary of
3D objects is blur, and the visualization result is not satisfy-
ing. So we then chooses and studies neural network based
methods to get better result.

3.2. Nerf

NeRF [18] is a popular state of the art rendering tech-
nique in generating novel views. It achieves impressive
performance in rendering novel views with high resolution.
The training of a NeRF model requires a 5D input consist-
ing of 3D (z,y, z) position vector of the object, and a 2D
vector (6, ¢) representing the camera viewing angle. The



Figure 1. Traditional Method - View morphing result

2D vector represents the (6, ¢) values in a spherical coor-
dinate whose origin is at the (x,y, z) of interest. For each
viewing angle (or camera ray), 5 samples were taken, and
the model will learn a mapping from this 5D input to a color
and volume density corresponding to each camera ray. Then
using traditional rendering methods, such color and volume
density map can be rendered into a 2D image, and the loss
is calculated between the rendered image and ground truth
image.

The standard input to a NeRF model are images taken
by calibrated cameras, where entries in the extrinsic camera
matrix are known, as well as camera intrinsic parameters
such as depth of field, focal length, and near and far clipping
planes. However, these parameters might not always be ex-
plicitly given for every dataset. An alternative approach
employed by [17] is to use COLMAP [24], which is a gen-
eral purpose image based 3D reconstruction pipeline, to run
structure from motion and calculate the camera pose param-
eters required by the NeRF model input. The input to the
structure from motion pipeline can be un-calibrated cam-
era frames from different angles for the same scene. The
additional structure from motion pipeline enables NeRF to
be used on a variety of different datasets, including custom
dataset accessible by taking continuous frames of a scene
from a smart phone. In our project, because of limited cam-
era information of our dataset, we cannot calculate needed
camera information of Nerf. Thus, we adapt the method
using COLMAP to calculate necessary parameters required
by NeRF. The general framework of NeRF is shown in fig-
ure 2.

3.3. NerfingM VS

NerfingMVS [30] is a recent work that focus on re-
constructing 3D scenes and depth estimation. This work
is based on recently proposed neural radiance fields using
ScanNet dataset. In this paper, it proposes the scene-specific
prior guided adaption method, which can significantly im-
prove the depth estimation quality. It uses depth informa-
tion from monocular neural network as the prior, as figure
3 illustrates. This method can also be applied on view syn-
thesis task and the proposed guided optimization scheme is
beneficial to the view synthesis quality of NeRF. The input
of NerfingMVS is 2D images from different views and su-

pervised depth information. The main idea it to guide the
NeRF sampling process with an adapted depth priors from
the monocular depth network.

To be more specific, NerfingM VS adds a additonal scale-
invariant loss to train the depth network, which is written as
follows:

n
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This paper first indicates that the ScanNet dataset is suit-
able for view synthesis tasks, because it contains relatively
abundant views and label information. Secondly, it also in-
troduce a new Nerf-based method which improved the ef-
fectiveness of Nerf. Beside that, the paper also illustrate
that NerfingMVS training time is remarkably shorter than
NeRF. So in our project, we use NerfingMVS as an alterna-
tive method of NeRF, and also try to explore the effective-
ness of NerfingMVS on different kind of dataset.

4. Experiment
4.1. Experiment Setup

The dataset we are using consists of 40-60 2D image in-
puts from different camera angles on the same indoor scene.
We trained the model on a total of six scenes, four common
indoor from the Hypersim [23] dataset - bedroom, office,
staircase and kitchen - one bathroom scene from ScanNet,
using only the RBG image data, and one custom scene we
recorded using an iPhone in the Stanford Gates Computer
Science building. Each scene is trained by NeRF and Nerf-
ingMVS respectively, using a single Nvidia Tesla K80 GPU
over 200k iterations. Using this setup, our custom scene at
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Figure 2. Framework of Nerf, cited from [18]

adapted depth priors

rendered depths.

sparse depth

|

I
supervise
e —
—

network

rendered RGBs
J

~
Depth prior NeRF

Figure 3. Framework of NerfingM VS, cited from [30]

the Gates building - which contains larger image inputs and
is hence slower to train - can be trained after 35.8 hours
using NeRF, and only 13 hours using NerfingMVS.

We use a structure from motion (SFM) pipeline with
COLMAP to first automatically estimate the camera poses.
This pipeline enabled NeRF to obtain the 5D input with
only 2D image data. We implemented some adaptation had
to be done on the structure from motion pipeline, because
certain camera angles were far too different from the oth-
ers that SFM cannot estimate its position, and we made the
adaptation to automatically filter out these inputs instead of
having the program crash on bad inputs.

We used the default hyperparameters to train the NeRF
model as given in the configuration file for the 1lff_fern
dataset except for two arguments - 1. we changed factor
from 8 to 2 in order to get a higher resolution generation; 2.
we set no_ndc to true, signaling the model that scene is not
forward facing. For each scene, the first of every 8 image is
taken to the test set (i.e. index 0, 8, 16, ...) and the rest is
used in the training set.

4.2. Dataset
4.2.1 View Synthesis on ScanNet Dataset

The ScanNet Dataset is the dataset that the NerfingMVS
model uses to compare their performance against Nerf.
Therefore, to validate the reported performance, we test on

one scene of ScanNet (scene0000_01).

ScanNet[0]: ScanNet is an RGB-D video dataset con-
taining 2.5 million views in more than 1500 scans, anno-
tated with 3D camera poses, surface reconstructions, and
instance-level semantic segmentations. ScanNet contains a
diverse set of spaces ranging from small (e.g., bathrooms,
closets, utility rooms) to large (e.g., apartments, classrooms,
and libraries). Therefore, this dataset could be used for
depth estimation and indoor view synthesis.

4.2.2 View Synthesis on HyperSim Dataset

Artificially synthetic dataset of multi-view scenes usually
have relatively rich information and varibale views. To
make systematical test on different methods, we choose a
synthetic dataset to compare selected methods.

HyperSim[23]: the HyperSim Dataset is developed
based on a large repository of synthetic scenes created by
professional artists. It is composed of 77,400 images of 461
indoor scenes with detailed per-pixel labels and correspond-
ing ground truth geometry as well as complete camera in-
formation, material information, and lighting information
for every scene. The images in the dataset are of high qual-
ity and rich details. For example, the images from a kitchen
contains a lot of dinnerware and cooking utensils on the
table. This feature requires the method need to have the
ability of reconstructing the fine-grained details in a scene.
Beside that, the images in HyperSim dataset are from dif-
ferent views of a single indoor scene, and the camera posi-
tion changes a lot. The changing camera position requires
view-synthesis method to have robustness and high gener-
alize ability.

4.2.3 View Synthesis on Real-World Dataset

Our custom scene taken at the Gates building consists of
58 images sampled from a video of the scene taken by an
iPhone. After our automatic filtering of bad inputs in the
SFM pipeline, we are left with 57 images of large varying
camera angles. Some examples of the scene are shown in
figure 4.



Figure 4. Custom Gates sofa scene

4.3. Evaluation

4.3.1 Evaluation Metric

In the area of view synthesis, two quantitative metrics are
widely used to evaluate the model’s effectiveness: peak-
signal-to-ratio (PSNR) and structural similarity (SSIM).
The PSNR is an expression for the ratio between the maxi-
mum possible value (groud-truth value) of a signal and the
power of distorting noise (the difference between prediction
and ground-truth) that affects the quality of its representa-
tion. The SSIM index aims for measure the method’s effec-
tiveness in extracting structural information from a scene.
For these two metrics, higher value indicates better perfor-
mance.
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Besides quantitative analysis, another important evaluation
method of view synthesis tasks is visualization. By com-
paring test-set views of scenes, we can exam whether the
method is able to recover the fine detail, or whether the
method will generate imperfection like blurry, distortion, or
ghosting artifacts.

4.3.2 Quantitative Result

The result with different view synthesis method on each
dataset is shown as table 1. From the table, we can get
servel important result. Firstly, NeRF performs better at
most scene, especially on complex scene like HyperSim
dataset. For view synthesis on indoor scene, NeRF is a
greate method which can reconstruct a lot of detailed infor-
mation. Secondly, the NerfingMVS method only performs
better on ScanNet dataset. This might because this method
mainly focus on depth estimation, and its depth prior mainly
focus on optimizing depth estimation. So when the camera
position and view angle changes a lot, which also indicates
the depth in the image changes a lot, NerfingM VS performs
bad and even can not reconstruct the scene. Finally, Nerfin-
gMVS performs better on relatively simple scene and sim-
ilar camera position. The ScanNet dataset is much simpler

and focus only on a small area, very few objects and nar-
row camera range. And our customized dataset is also sim-
pler than synthetic dataset, which helps NerfingMVS per-
fom relatively well.

4.3.3 Qualitative Result

The visualization is as figure 5. We could see that among
these 6 different scenes. Nerf model generates very high-
quality synthesized view in most cases. Some artifacts we
could see are the blurriness around the boundaries and cor-
ners. It only performs slightly worse than NerfingMVS on
ScanNet scene when it generates a more vague floor. On
the other hand, NerfingMVS model fails to generate a clear
synthesized view on most scenes, especially on scenes with
multiple objects and complicated structures. For example,
all the four scenes in Hypersim Dataset have worse Nerfin-
gMVS performance than in the two real-world scenes. This
could be the reason that NerfingMVS use depth estimation
to guide the optimization and the depth estimation is not that
accurate when the scene is too complicated. This illustrates
one limitation of NerfingMVS model.

5. Conclusion

Through our experiment results, we found that NeRF
generally works very well for novel view synthesis on in-
door scenes. In particular, The scenes where the center ob-
jects are captured by a lot of input images are generally re-
constructed nicely in a new angle.

The test time performance of NerfingM VS is not compa-
rable to that of the original NeRF for the 4 Hypersim scenes.
However, performance is comparable with faster conver-
gence speed on scenes with simpler geometry, such as the
ScanNet scene and our custom scene in the Gates building.
We noticed that NerfingMVS performs much better during
training time compared to test time, where both the quali-
tative and quantitative results are better for angles that have
appeared in the training set - with the original NeRF, the
difference is not that apparent. This is a sign of poor gener-
alizability with NerfingMVS on more complex scenes.

Future work can be built on top of our findings. First,
deeper diagnosis can be done to analyse the limitations of
NerfingMVS’s generalizability on more complex indoor ge-
ometries. Second, to address the issue that the center part of



Dataset ScanNet-Scene0000 | Hypersim-bedroom | Hypersim-office
Metric PSNR1 | SSIM?T | PSNRT | SSIMT | PSNR?T | SSIM?t
NeRF[ 18] 21.78 0.862 27.38 0.950 30.10 0.956
NerfingMVS[30] | 22.60 0.856 12.98 0.674 17.64 0.752
Dataset HyperSim-stair HyperSim-kitchen Gates-sofa
Metric PSNRt | SSIM?T | PSNRT | SSIMfT | PSNR?T | SSIMt
NeRF[ 18] 23.59 0.883 26.30 0.899 28.06 0.903
NerfingMVS[30] | 13.43 0.536 17.51 0.708 22.64 0.876

GT

Nerf

NerfingMVS

Table 1. Quantitative Result on different dataset, bold number mains better result

Bedroom Kitchen

Office

ScanNet Gates Sofa

Figure 5. Qualitative Results of Ground Truth Image, Nerf and NerfingMVS on six different scenes

the scene is synthesized better than the edges, one can de-
velop a more location specific sampling method to sample
for points, so that more points on the edges can be covered
in the training set.
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