<]
TUDelft

Delft University of Technology

PriNeRF

Prior constrained Neural Radiance Field for robust novel view synthesis of urban scenes
with fewer views

Chen, Kaigiang; Dong, Bo; Wang, Zhirui; Cheng, Peirui; Yan, Menglong; Sun, Xian; Weinmann, Michael,
Weinmann, Martin

DOI
10.1016/j.isprsjprs.2024.07.015

Publication date
2024

Document Version
Final published version

Published in
ISPRS Journal of Photogrammetry and Remote Sensing

Citation (APA)

Chen, K., Dong, B., Wang, Z., Cheng, P., Yan, M., Sun, X., Weinmann, M., & Weinmann, M. (2024).
PriNeRF: Prior constrained Neural Radiance Field for robust novel view synthesis of urban scenes with
fewer views. ISPRS Journal of Photogrammetry and Remote Sensing, 215, 383-399.
https://doi.org/10.1016/].isprsjprs.2024.07.015

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.1016/j.isprsjprs.2024.07.015
https://doi.org/10.1016/j.isprsjprs.2024.07.015

Green Open Access added to TU Delft Institutional Repository

'You share, we take care!’ - Taverne project

https://www.openaccess.nl/en/you-share-we-take-care

Otherwise as indicated in the copyright section: the publisher
is the copyright holder of this work and the author uses the
Dutch legislation to make this work public.



ISPRS Journal of Photogrammetry and Remote Sensing 215 (2024) 383-399

Contents lists available at ScienceDirect

ISPRS Journal of Photogrammetry and Remote Sensing

journal homepage: www.elsevier.com/locate/isprsjprs

Check for

PriNeRF: Prior constrained Neural Radiance Field for robust novel view | updates
synthesis of urban scenes with fewer views

Kaigiang Chen *°, Bo Dong ®>%¢, Zhirui Wang ", Peirui Cheng **, Menglong Yan >/,
Xian Sun »>%4 Michael Weinmann &, Martin Weinmann "

a Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing, 100190, China

b University of Chinese Academy of Sciences, Beijing, 100190, China

¢ School of Electronic, Electrical and Communication Engineering, University of Chinese Academy of Sciences, Beijing, 100190, China
d Key Laboratory of Network Information System Technology (NIST), Aerospace Information Research Institute, Chinese Academy of
Sciences, Beijing, 100190, China

¢ Jigang Defence Technology Company, Ltd., Jinan, 250132, China

f Cyber Intelligent Technology (Shandong) Co., Ltd, Jinan, 250132, China

8 Intelligent Systems Department, Delft University of Technology, Delft, The Netherlands

h Institute of Photogrammetry and Remote Sensing, Karlsruhe Institute of Technology, Karlsruhe, Germany

ARTICLE INFO ABSTRACT

Keywords: Novel view synthesis (NVS) of urban scenes enables the exploration of cities virtually and interactively, which
Novel view synthesis can further be used for urban planning, navigation, digital tourism, etc. However, many current NVS methods
Neural radiance fields require a large amount of images from known views as input and are sensitive to intrinsic and extrinsic

Urban scenes
Multi-view urban priors
Camera parameter optimization

camera parameters. In this paper, we propose a new unified framework for NVS of urban scenes with fewer
required views via the integration of scene priors and the joint optimization of camera parameters under an
geometric constraint along with NeRF weights. The integration of scene priors makes full use of the priors
from the neighbor reference views to reduce the number of required known views. The joint optimization can
correct the errors in camera parameters, which are usually derived from algorithms like Structure-from-Motion
(SfM), and then further improves the quality of the generated novel views. Experiments show that our method
achieves about 25.375 dB and 25.512 dB in average in terms of peak signal-to-noise (PSNR) on synthetic and
real data, respectively. It outperforms popular state-of-the-art methods (i.e., BungeeNeRF and MegaNeRF ) by
about 24 dB in PSNR. Notably, our method achieves better or competitive results than the baseline method
with only one third of the known view images required for the baseline. The code and dataset are available
at https://github.com/Dongber/PriNeRF.

1. Introduction not contained in the set of the input images, bringing a novel solution
to NVS, which has been extensively studied by researchers in various

Novel View Synthesis (NVS) refers to the process of generating new indoor (Haitz et al., 2023) and outdoor (Kniaz et al., 2023) scenes, and
and unseen views of a scene or object that were not captured during remote sensing (Derksen and Izzo, 2021; Mari et al., 2022; Semeraro

the initial data acquisition (Debevec et al., 1998; Kang, 1998; Cooke et al., 2023). It represents a 3D scene with a Multilayer Perceptron
et al., 2006; Bach et al., 2022; Fiilop-Balogh et al., 2022). When applied

to urban scenes, NVS allows users to explore the city from different
viewpoints, enhancing user experience in industries such as property
marketing, navigation and wayfinding, gamified entertainment, cul-
tural relics protection and more (Meshry et al., 2019; Li et al., 2023;
Rematas et al., 2022; Martin-Brualla et al., 2018; Condorelli et al.,
2021; Qi et al., 2009). 15 ¢ + models L :

As the pioneer, Neural Radiance Fields (NeRF) (Mildenhall et al., 2021; Barron et al., 2021) lie in a very high-dimensional space, while
2021) have been proposed to synthesize photo-realistic novel views the inputs and outputs are only low-dimensional vectors. Furthermore,

(MLP), which is optimized based on the supervision solely from 2D
images. The MLP takes as input the coordinates of in-scene 3D points
and a certain viewing direction vector, and outputs the color and
density of the points. Then, Volume Rendering (Kajiya and Von Herzen,
1984) is applied to synthesize the pixels required for the 2D image of
the new view. The solutions of the NeRF models (Mildenhall et al.,
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Camera parameters with different multiples of Gaussian noise added
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Fig. 1. The impact of noise in camera parameters. We add Gaussian noises to camera parameters in increments of 5, where the mean equals to 0, and the variance equals to
10, 0.1 and 0.05 for intrinsic parameters in K, rotation matrix R and translation vector t, respectively. It reveals that noise leads to inferior results of synthesized views and

demonstrates the importance of accurate camera parameters.

the solution spaces are highly free since the views are regarded as
independent of each other, which means that two image pixels corre-
sponding to a specific scene position are not constrained by photometric
consistency. Therefore, the optimization of such NeRF models in their
basic form (Mildenhall et al., 2021; Turki et al., 2022) requires a
large number of views as the supervision to achieve decent results. For
instance, the vanilla NeRF (Mildenhall et al., 2021) uses 100 views for
the reconstruction of small toys like Lego, and MegaNeRF (Turki et al.,
2022) uses 2k-5k views to reconstruct a complex scene of 0.1 km?.

To reduce the number of views required for NVS, PixelNeRF (Yu
et al., 2021) has been proposed to extract view features with a pre-
trained ResNet (He et al., 2016) as prior constraints to NeRF. It achieves
NVS with only one or few images on the popular ShapeNet (Chang
et al., 2015) and DTU (Jensen et al., 2014) benchmarks. However,
PixelNeRF only focuses on models such as chairs or cars in con-
trolled laboratory environments and has not been generalized to urban
scenes. Alternatively, some NeRF methods proposed for urban-scale
scenes (Turki et al., 2022; Tancik et al., 2022; Xiangli et al., 2022;
Rematas et al., 2022) still depend heavily on a large amount of views.
If the PixelNeRF model is naively applied to a large scene, due to the
downsampling process of ResNet, the feature map extracted by the
network is inconsistent in size with the input view, failing to learn
a high-dimensional feature for each pixel, resulting in pixel locations
within a small area sharing the same feature. Correspondingly, the 3D
points of a spatial cluster share the same features, which is obviously
inconsistent with the complex situation of large scenes. Therefore,
we argue that the coarse features derived from interpolation cannot
accurately represent the 2D features of 3D points, resulting in inferior
NVS performance. In our paper, we adopt a new structure to extend
the idea of a prior constraints for multiple views to urban scenes. And
experiments demonstrate the importance of setting an accurate and
more refined per-pixel representation for NVS.

In addition, accurate camera parameters (including intrinsics and
extrinsics) are essential for the NeRF. Most NeRF methods use Structure
from Motion (SfM) (Schonberger and Frahm, 2016) to estimate camera
parameters for 2D images and fix them during the training process
of NeRF models (Mildenhall et al., 2021; Turki et al., 2022; Tancik
et al., 2022; Xiangli et al., 2022; Yu et al., 2021). SfM also relies
on plenty of views, but it is impossible to obtain dense views from
any angle as small-sized items when collecting views of a large-scale
scene. Therefore, the limited view of a large-scale scene will cause
errors in SfM. The error accumulates during the forward propagation
process, causing the network to learn an inaccurate 3D-2D mapping
relationship. The impact of different levels of error is shown in Fig. 1,
revealing the importance of accurate camera parameters.

Some studies (Wang et al., 2021b; Yen-Chen et al., 2021; Lin et al.,
2021; Chen et al., 2022c) have suggested treating camera parameters
as learnable variables and incorporating them into NeRF MLP training.
However, these studies only utilize the photometric loss of NeRF to
calculate the gradient for camera parameters, without using spatial
geometric constraints. Jeong et al. (2021) improves upon this by intro-
ducing additional geometric consistency constraints. Nevertheless, they
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are only confined to small objects and have not been applied to large
urban scenes. In this work, we address the challenges in NVS involving
sparser views, camera pose refinement and large scenes by solving
them within a unified, end-to-end trainable network. Subsequent ex-
periments revealed the effectiveness of our algorithm qualitatively and
quantitatively.

In general, we propose a new unified framework to address the
challenges of training NeRF for large-scale scenes with a fewer required
view number and a joint camera parameter refinement. Specifically,
we build the implementation upon BungeeNeRF (Xiangli et al., 2022),
which achieves descent NVS performance on large urban scenes. How-
ever, BungeeNeRF requires dense views. Furthermore, the experiments
are on Google Earth Studio with ideal camera parameters, which is im-
possible in real applications. We additionally integrate scene priors and
jointly optimize camera parameters under spatial geometric constraints
along with NeRF MLP weights. Firstly, a feature network is employed
to extract features from the adjacent reference views of the target view.
the sampled points are projected along rays onto these feature maps,
obtaining 2D features of points from different perspectives as scene
priors. The prior features, along with the coordinates of the sampled
points and viewing directions, are fed into the NeRF pipeline. Then,
we introduce a learnable camera module, in which the intrinsic and
extrinsic camera parameters are initialized based on SfM, which are
jointly optimized with the NeRF MLP weights under the photometric
supervision and geometric constraint.

The main contributions of this paper can be summarized as follows:

» We propose a unified framework involving the prior and geomet-
ric constraints that jointly optimize the NeRF model and camera
parameters. Our method achieves competitive or better results
than the baseline with only one third of the original number of
views on both real and synthetic scenes.

We introduce prior constraints of multiple views to the NVS for
urban scenes, and extract finer and accurate image features of
the 3D points as the scene priors. Further experiments reveal that
our method can generate superior novel views with fewer known
views.

We propose a new camera parameter optimization method build-
ing upon the view-prior NeRF framework with introducing spatial
geometric constraints. It effectively addresses the issue of im-
perfect estimation of camera parameters for large-scale scenes
with sparse views. Both qualitative and quantitative experiments
demonstrate the benefits of the algorithm.

The rest of the paper is organized as follows. We first introduce
related work in Section 2. Subsequently, we explain the overall and
details of our method in Section 3. For the validation of our method, we
describe the used datasets, evaluation metrics, qualitative and quanti-
tative results and ablation studies in Section 4. Finally, the conclusions
are drawn in Section 5.
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2. Related work

In this section, we firstly review the popular Neural Radiance Fields
(NeRF) methods for Novel View Synthesis (NVS) in Section 2.1. Then
we focus on the research on leveraging scene priors and the optimiza-
tion of camera parameters in Section 2.2 and Section 2.3, respectively.

2.1. Neural radiance fields

Compared with traditional 3D reconstruction (Yang et al., 2011;
Huang et al., 2020), NeRF does not generate an explicit 3D model,
but synthesizes new views from any angle. The success of the NeRF
methods originates from the many advantages that are inherent to
the underlying principle. Firstly, it achieves high-quality visual effects,
i.e., NeRF can generate realistic images and capture details in the scene.
Secondly, it leverages self-supervised learning, which means that NeRF
learns 3D scene representations directly from only image data, without
knowledge regarding depth, illumination or occlusion information.

However, the vanilla NeRF (Mildenhall et al., 2021) can produce
excessively blurry close-up views and aliasing artifacts in distant view
when the images used for training or testing contain multiple resolu-
tions with varying distances. This is a result of the limited information
provided by the finite sampling points. However, increasing the num-
ber of sampling points is costly for NeRF as it involves performing
hundreds of additional MLP queries to render each ray. Furthermore,
NeRF (Mildenhall et al.,, 2021) was initially developed to synthesize
novel views of controlled, bounded small-scale scenes.

Some subsequent works (Barron et al., 2021; Martin-Brualla et al.,
2021) attempted to overcome limitations of NeRF. Specifically, Mip-
NeRF (Barron et al., 2021) introduced the use of cone sampling instead
of the ray sampling in NeRF and furthermore integrated position encod-
ing (IPE) to address the blurriness issue. NeRF-W (Martin-Brualla et al.,
2021) extends NeRF to outdoor scenes, and addresses the challenges
of complex outdoor lighting and transient occlusion by learning the
appearance variation of each view in a low-dimensional latent space.
These two works have fundamentally improved NeRF, but the model
capacity prevents them from extending to large-scale urban scenes.

Recently, grid-based methods have gained popularity as a solution
to the challenge that NeRF requires numerous MLP forward calcula-
tions, resulting in very low efficiency. Instant-ngp (Miiller et al., 2022)
introduces a hash-searching strategy for 3D mesh features and connects
the NeRF pipeline to achieve rendering output. Plenoxels (Fridovich-
Keil et al., 2022) and DVGO (Sun et al., 2022) directly replace the MLP
with a dense voxel grid, performing volume rendering on the interpo-
lated 3D features. However, as the scene size increases, using voxel grid
representation will lead to an exponential increase in memory.

There are two ways of applying NeRF for large urban scenes.
One (Tancik et al., 2022; Turki et al., 2022) is to partition the scene
into multiple smaller blocks, with each block being modeled by a
separate NeRF network. Another way (Xiangli et al., 2022) involves
using a scalable model that gradually increases in size during training
to achieve multi-scale supervision from drone to satellite perspectives,
enabling the synthesis of new views for large scenes in a unified model.

However, these methods require a large amount of view data for
training. In addition, the camera parameters used by these methods
are computed in advance, which usually contain noise and hence cause
the networks to fail to learn the 3D information of the scene correctly.
To improve the synthesis quality and increase the robustness, these
methods increase the number of views to ensure sufficient information
for fine-grained synthesis of new views and reduce the impact of the
noise in the camera parameters.

In this paper, we propose a novel pipeline for NVS in urban scenes
that exploits adjacent views to obtain scene priors to reduce the number
of views required. At the same time, we jointly optimize the camera
parameters and the NeRF network, which effectively reduces the impact
of inaccurate camera parameters. The related work on scene priors
utilization and the camera parameter optimization are reviewed in
Sections 2.2 and 2.3, respectively.
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2.2. Scene priors utilization

When it comes to 3D reconstruction and NVS, scene priors are
crucial for scene understanding and representation, especially for ill-
posed scenes. For example, photometric stereo (Ju et al., 2023, 2021)
uses images of objects taken from different directions of light to infer
the geometric information of the object’s surface. Some works used
depth-guided image interpolation to synthesize new views (Zhou et al.,
2016; Flynn et al., 2016; Riegler and Koltun, 2020). Other works (Xu
et al., 2019; Saito et al., 2019) demonstrated that detailed synthesis can
be achieved using spatially aligned local image features.

More recently, adding priors to NeRF has been explored (Yu et al.,
2021; Wang et al., 2021a), but these methods study the generalization
problem by making the network a universal view interpolation func-
tion, allowing for fine-tuning in new scenes without requiring extensive
retraining from different viewpoints. PixelNeRF (Yu et al., 2021) was
the first work to combine CNN with NeRF, utilizing ResNet (He et al.,
2016) to extract scene features as prior inputs to the NeRF network.
IBRNet (Wang et al., 2021a) and GARF (Shi et al., 2022) followed
a similar method and introduce the Transformer component. These
methods employ down-sampling feature extraction networks, resulting
in lower-resolution feature maps. Fine-grained details are lost when
projected onto feature maps to obtain prior features, especially at the
edges or intricate parts of the image.

To mitigate the need for densely captured images, additional fea-
tures are incorporated into the NeRF structure. ViTNeRF (Lin et al.,
2023) uses the Transformer encoder to obtain 1D latent features to
represent global information, and then combines 2D CNN features
to improve the local representation. MVSNeRF (Chen et al., 2021)
constructs a 3D cost volume based on the 2D features extracted from
each image and is applied to the 3D CNN. The MLP is responsible
for predicting the volume density and RGB from the 3D interpolated
features. GeoNeRF (Johari et al., 2022) extends MVSNeRF by using
cascaded cost volumes trained in a semi-supervised manner to obtain
high-resolution priors for tuning the renderer.

Further methods towards dealing scenes with sparsely sampled RGB
input views rely on the incorporation of priors on the structure of
the scene into the optimization process, including paired view fea-
tures (Chibane et al., 2021), visibility prior (Somraj and Soundararajan,
2023a), depth smoothness (Niemeyer et al., 2022), surface smooth-
ness (Oechsle et al., 2021; Zhang et al., 2021), semantic similarity (Jain
et al., 2021), Manhattan world assumptions (Guo et al., 2022), monoc-
ular geometric priors in terms of supervising inferred depth and sur-
face normal information together with the RGB image reconstruction
loss (Yu et al., 2022), or visibility priors (Somraj and Soundararajan,
2023b).

Our proposed method differs from previous works (Yu et al., 2021;
Wang et al., 2021a) in the underlying motivation and technical method.
Firstly, our goal is to reduce the number of views needed in large-
scale scenes, rather than focusing on generalization. Secondly, we use
a tiny U-shaped network to learn the upsampling process instead of
using fixed interpolation to generate multi-channel feature maps that
align with the input views’ pixels, providing more precise features for
projection. We demonstrate this in the scope of our experiments.

2.3. Camera parameter optimization

The estimation and optimization of camera parameters play a crit-
ical role for NVS that have received extensive research attention. A
commonly used method is Structure-from-Motion (SfM) (Schonberger
and Frahm, 2016), which can simultaneously recover the 3D structure
of the scene and camera poses from sparse 2D feature correspondences
matched across different images. Relevant works (Schonberger and
Frahm, 2016; Chen et al., 2022b; Wilson and Snavely, 2014) involve
extracting feature points from each image, performing matching, and
inferring camera poses using either the five-point algorithm (Nistér,
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Fig. 2. Method Overview. Our method involves three parts. (a) The camera model is used to generate rays from the target and reference views and to calculate the distance
between corresponding rays from different views. (b) The feature extraction module extracts the deep features of the reference view image and aggregates the features under
different reference views as priors. (c) The NeRF takes as input the scene priors along with position and orientation encodings to generate color and opacity, which are rendered

into a novel view. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

2004) or the eight-point algorithm (Hartley, 1997). Subsequently, Bun-
dle Adjustment (BA) is employed to refine the camera poses. There are
also deep learning-based methods (Kendall et al., 2015; Sundermeyer
et al., 2018) that attempt to directly recover camera poses from 2D
images.

Meanwhile, camera pose optimization is also extensively studied in
field of Simultaneous Localization and Mapping (SLAM). iMap (Sucar
et al., 2021) and NICE-SLAM (Zhu et al., 2022) have demonstrated the
utilization of SLAM for camera pose estimation, followed by scene rep-
resentation using NeRF. However, their methods relies on RGB-D input
data. Several works (Rosinol et al., 2022; Chung et al., 2022; Zhu et al.,
2023; Maggio et al., 2022) have showed robust performance with only
RGB input. Nonetheless, these SLAM-based methods excel primarily
within indoor settings and fall short when applied to expansive outdoor
environments.

As NeRF gains popularity, researchers are increasingly exploring
possibilities of reconstructing scenes without explicit knowledge about
camera poses. NeRF- (Wang et al., 2021b) is the first to attempt
reconstruction for unknown camera parameters by jointly optimizing
the NeRF model and camera parameters of input images based on the
minimization of photometric reconstruction errors. iNeRF (Yen-Chen
et al., 2021) applied a pre-trained NeRF model to render images under
known intrinsic camera parameters and continuously optimized the ex-
trinsic parameters by minimizing photometric errors with respect to the
real images. These methods do not consider exploiting 3D constraints,
but crudely incorporate camera parameters into the NeRF architecture.
Subsequently, some works (Lin et al., 2021; Chng et al., 2022; Chen
et al., 2022a) established a theoretical connection between classic
bundle adjustment and NeRF by optimizing the camera parameters
through minimizing reprojection errors. Chen et al. (2022c) introduced
epipolar constraints from SfM using an additional CNN network to learn
the camera parameters. However, the above-mentioned and some other
methods (Truong et al., 2022; Heo et al., 2023) optimize each camera
parameter independently without considering the interdependencies
among them (such as the orthogonality of the rotation matrix in the
extrinsic parameters). As a result, the obtained parameters are aimed
at achieving optimal network performance, disregarding their inherent
mathematical or physical meaning.

Our proposed method differs from previous work (Wang et al.,
2021b; Yen-Chen et al., 2021; Lin et al., 2021; Chen et al., 2022c) in
that we focus on maintaining the orthogonality constraint of the camera
extrinsic rotation matrix. In addition, we introduce the geometric loss
to our framework to help better optimize the camera parameters and
improve the synthesis effect for new views.
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3. Methodology

We start this section by providing an overview of our proposed
method (Section 3.1) and then provide details on the extraction of
scene priors (Section 3.2), the optimization of camera parameters (Sec-
tion 3.3) and the training process (Section 3.4). The pipeline of our
method is presented in Fig. 2. The extraction of scene priors enables the
NeRF to synthesize new views with fewer known images, and the joint
optimization of camera parameters further improves the performance
of NVS.

3.1. Overview

The framework of our method consists of three parts, a camera
model, a feature extraction module and a NeRF, as presented in Fig. 2.

The camera model plays an essential role in the optimization of
camera parameters via the minimization of the distance between a pair
of rays through corresponding points in the reference and target view
images. The respective camera calibration procedures firstly derive the
corresponding points using descriptors like SIFT (Lowe, 1999, 2004) in
the reference and target view images. A pair of corresponding points
represents a same spatial point in a scene, and the corresponding rays
should intersect in an ideal and perfect condition, which rarely happens
in a real situation due to the noise in the camera parameters and
measurement. In this regard, we minimize the distance between the
corresponding rays to consistently update the camera parameters.

The feature extraction module extracts the deep features for the
reference view images and then derives scene priors for the target
view. We extract deep feature maps of the reference views with a
tiny U-shaped network, which is jointly optimized with NeRF. Then
the sampling points in a ray of the target view are projected onto
the feature maps of the reference views to obtain the corresponding
features of the 3D points. The features of the 3D points are aggregated
and then fed into the NeRF model as scene priors.

We use the scalable BungeeNeRF (Xiangli et al., 2022) with scene
priors as additional input. The training of our NeRF model is similar
to other classical NeRF methods (Mildenhall et al., 2021; Barron et al.,
2021), including sampling along rays and 3D position encoding of the
sampling points. We use the cone sampling and integrated position
encoding (IPE) strategy proposed by Barron et al. (2021).



K. Chen et al.

Projector

Fig. 3. Scene priors. We project the sampling points on the ray emitted from the target
view into the reference views, and then obtain the features in the reference views by
interpolation, which are fed into the NeRF as scene priors along with the coordinate
and view direction codes of sampling points.

3.2. Scene priors

In this section, we introduce a projection method for obtaining
view-dependent scene priors. Our method employs a brief and
lightweight U-shaped network to extract features from the reference
view. Then, the spatial sampling points of the target view are projected
onto the feature map of the nearest reference views, and then we obtain
pixel-aligned scene prior information via interpolation. These prior
features describe the local geometric and photometric characteristics
of the scene. By using a feature map of the same size as the original
view, our method learns a feature vector representation for each pixel
coordinate of the reference view, which can provide finer and more
accurate information during interpolation.

3.2.1. Reference view selection

To obtain valid reference views, we select the views closest to the
target view. Specifically, we calculate the angles between the target
view and the reference views. Let R, € R>3 denotes the camera
rotation matrix of the ith known view. The angle (in degrees) between
the views i and j is then computed as
r(R;R71)-1
+)~ 180

@

T

arccos(

0,
where r represents the trace of the matrix.

We then obtain a candidate set of reference views by choosing
those that fall within a certain angular threshold. From this set, we
select the top N views with the smallest angular difference, which are
most similar to the target view, to form the input set for the feature
extraction network. The choice of the N depends on the specific scene
and the view sparsity.

The feature extraction network is a lightweight U-shaped structure
that generates feature maps of the same size as the input views. We
represent each view in a working set using its feature map F; €
[0, 11H>WX8 and camera projection matrix P; € R>* for the ith
reference view, where P is composed of a rotation matrix R € R¥3
and a translation vector t € R¥*!. We input the set of tuples (F;, Pl-)l.’i |
into the projector, a component responsible for projecting points in 3D
space onto the feature map F;.

3.2.2. Feature mapping

Given a collection of feature maps of the reference views (F;, P,-)i'i "
we project a sampling point X on a ray onto the feature maps of each
reference view using the projector, which shares intrinsic and extrinsic
parameters with the camera model. This derives the pixel coordinates
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(u,v) of X on the image plane at each view, which can be expressed as

u
R t X
a0

where K refers to the intrinsic parameters of the camera, R refers to
the rotation matrix in the camera’s extrinsic parameters, and ¢ refers to
the translation vector.

Then bilinear interpolation is performed according to pixel coordi-
nate to obtain an aggregated representation of the 3D points in different
reference views as PixelNeRF (Yu et al., 2021). It is then fed into the
NeRF network along with the encoded ray origin and direction vectors
as shown in Fig. 3.

3.3. Camera model and pose optimization

In this section, we introduce a learnable rotation orthogonality
invariant camera model based on the pinhole camera. In 3D rendering,
the camera model maps a 3D point X in space to a 2D coordinate p in
the image plane, where p = F(X). However, the main focus of NeRF
is the inverse of this process, using the camera model to generate rays
from the imaging plane into the 3D scene and infer the respectively
observed pixel color values. Each ray is represented by a pair of 3D
vectors r, and r,, representing the origin and direction of the ray,
respectively.

3.3.1. Camera model

Our camera model is derived from the pinhole camera model, which
consists of intrinsic parameters K and extrinsic parameters E = [R|t].
The camera model can establish the mapping relationship between the
3D coordinates in space and the 2D coordinates in the image plane.

Our method relies on an initial coarse camera pose, which can be
obtained through SfM methods. We use COLMAP (Schonberger and
Frahm, 2016) for the initialization of camera parameters. The intrinsic
parameters in K include four unknown variables related to the con-
struction of the camera. f,, f, represent the focal length of the camera
along the x-axis and y-axis, and define the magnification or zoom factor
in the horizontal and vertical directions. c,, c, are the coordinates of
the principal point, i.e. the point where the optical axis intersects the
image plane. They represent the offset from the origin of the image
plane to the principal point along the x, y axes. Optimizing K involves
optimizing these four variables. In our method, instead of optimizing
them directly, we optimize a residual value based on the initial value
fx = fo T ASx The other three variables f,, c,, ¢, are manipulated
in the same way. We also constrain the norm of 4¢ = (4ey., Ac)) and
Af = (Afy,Af,) to be bounded to be two percent and one percent of
the focal length f, respectively. Similarly, we optimize the translation
vector ¢ in the extrinsic parameters using the same way: t = 1, + 4t,
where ¢ is the initial value, and At = (4t, At,, At3) is the residual term
of the optimization.

Frg T AT 0 Cyy + Ay
K= 0 fy, HAfy ¢y +A4c, 3
0 0 1
1 + At
t=ty+At=| t, + 4t 4)
13+ Aty

For the rotation matrix R in the extrinsic parameters, which belongs
to a special orthogonal group SO(3) = {Re R¥3|R-RT = I, det(R) = 1}
Optimizing each single element in the matrix independently destroys
the inherent properties of the matrix. Therefore, we use Rodrigues
formula in rigid body motion to optimize the rotation matrix. The
formula can convert the rotation represented by the rotation matrix
into the axis angle representation. Specifically, using a normalized unit
vector ¢ = [ o, &, ¢, ]T represents the axis of rotation, and using
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Fig. 4. Computation graph of the ray parameters. We optimize the intrinsic parameters
and translation vectors by optimizing the residual term. The orthogonal rotation matrix
is generated by two unit vectors as the optimization term, which are optimized jointly
with the NeRF weights. The final outputs are the origin r, and direction r, of the rays.

an angle a represents the magnitude of the rotation. The mathematical
expression of Rodrigues formula is

1 — cos(a)

AR=T+ S
Sy

sin(a) S¢ + )
a

where S, denotes the skew-symmetric matrix of ¢, and « can be
calculated the second norm of S.

0 - o
Sy=| ¢. 0 —¢, 6
_¢y ¢x 0

The optimization of the rotation matrix is obtained by multiplying
the AR with the initial rotation matrix R, ensuring optimization in the
SO(3) space. Consequently, by training learnable parameters ¢; and 4t;,
the extrinsics for each input image I; are optimized.

The next step involves mapping a pixel p in the image plane to
the ray parameters (r,,r;) in world coordinates using the optimized
intrinsic and extrinsic parameters, which can be formulated according
to

ry= RK™! P
r,=t

)

Since the ray parameters (r,, r,) are functions of the optimized vari-
ables (Af, Ac, ¢, At) of the intrinsic and extrinsic camera parameters,
they are optimized using gradient descent. It is worth mentioning that
we do not directly optimize K, R, or t,. The computation graph
for generating ray origin and ray direction using the camera model is
summarized in Fig. 4.

3.3.2. Pose optimization

To jointly optimize the camera parameters, we introduce the widely-
used reprojection error as the geometric constraint via applying the
visual consistency of observations at the same spatial location in mul-
tiple views, as conducted by Jeong et al. (2021). Assume that the pixel
coordinates of a spatial point in the target view I* and the reference
view I'? are pA and pB respectively. Let the rays emitted from pixels
p”, p? be r* and r®. Ideally these two rays should intersect, but in
practice there will be deviations. So geometric loss can be constructed
based on this. Let a point on r4 be X* = r4 + tAr4 and a point on r?
be X® = rB 4+ 18rB, where 14 and ¢® represent the distances from the
3D point to the principal point.

The distance d of X* and X? in space is not directly used as the
optimization term since the corresponding points far away from the
camera have large deviation values, while the corresponding points
closer to the camera have small deviation values. So in order to

388

ISPRS Journal of Photogrammetry and Remote Sensing 215 (2024) 383-399

Fig. 5. Illustration of the geometric loss. It measures the reprojection error of 3D points
in the target view and the reference view.

E!I
N
> E(u,v) base block
i=0
E‘( ZD

Fig. 6. The scalable NeRF structure. It consists of a base block and several res blocks.
The position encoding results are injected into each residual block via skip connections.
The outputs of each block are the opacity and color information at different scales. (For
interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)

normalize the scale of distances, we project point X“ onto image plane
I8 and X B onto I* to compute the reprojection error.

s =]+ fracx -]
2 = 2
Finally, the loss function is constructed by minimizing the sum of
the reprojection errors for each target-reference views pair.

N
Lg=) di
i=0

We present the computation process of the geometric loss in Fig. 5.

®

€©)

3.4. Neural radiance fields training

In this section, we offer details of the model structure (including
the model structure, the sampling and encoding strategy of rays) in
Section 3.4.1 and optimization objectives in Section 3.4.2.

3.4.1. Model structure and sampling, encoding strategy

We use the BungeeNeRF (Xiangli et al., 2022) as the baseline. The
training data and model grow in a synchronized multi-stage manner,
building a scalable structure by continuously adding residual blocks
as shown in Fig. 6. The output of each block is used to predict the
color and opacity residuals of the scene content viewed at progressively
closer scales, corresponding to different levels of detail. Positional
encodings are injected into each block via skip connections, which
helps to maintain the integrity of information and the efficient transfer
of gradients.

For the sampling and encoding strategy, we adopt cone sampling
and integrated positional encoding (IDE) proposed by Barron et al.
(2021). Cone Sampling extends NeRF’s point-based sampling input to
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Algorithm 1 The joint optimization of photometric and geometric
consistency.

Input: multi-view images {I;} l’i 1 corresponding camera poses { P;} fi
system initialization parameters S

Parameter: number of sampling points N, max frequency for po-
sitional encoding M, angle threshold of the reference view
(4

1°

1: for iter=1,2,... do

2 {(Ij,Pj)/I_(:]}N = GetRefViews ({I,}Y, (P}, 6)
3 rg, T, t = CameraModel({ P, }Y )

4: F, = GetScenePrior(ry, r,, , {(I/’Pj),l;l )

5: E,, E; = Encoder(ry, r,, 1)

6 C, o = ScalableNeRF(E,, E,, F,)

7 (r ,-}fl , = VolumetricRendering(C, o)

8 Lp= PhotometricLoss({Ii}i’L, {I’I.}’,’il)

9: C = SIFT(, 1) > Get correspondence
10:  Lg = GeometricLoss({1;}" , {(I,,Pj)J’F:l}’V )

111 L=Cp+Lg

12: S« S+VeL

13: end for
Output: S

volume frustums, reducing the blurring and aliasing artifacts that NeRF
produces when rendering at different resolutions (Barron et al., 2021).
Cone sampling uses a multivariate Gaussian to approximate a frustum.
For each interval T = [t,1,,) along the ray, the frustum is represented
by its mean and covariance (y, X) = r(T,), and further converted to
Fourier features using IPE:

M-1

rwn={| |}

The encoding results are fed into NeRF together with the prior
features obtained in Section 3.2.2 to predict view-dependent colors and
opacities.

sin (2" ) exp (—22"~! diag(X))

cos (zm”) exp (_22m—1 dlag(E)) (10)

3.4.2. Optimization of the model

The supervision of our method comes from the geometric consis-
tency presented in Section 3.3.2 and photometric consistency.

Photometric consistency considers the color difference between the
rendered view and the real view. The rendered view can be obtained
using the color and opacity of the NeRF output, rendered by classical
volume rendering (Kajiya and Von Herzen, 1984). In our scalable NeRF
architecture, the output of the base-block is

(Co""o’ Zo) =fo (Ex’Ed) 1)
the output of each residual block is
(¢ .07, ZL) = f1° (Z1-1, Ex. Eq) 12)

where E, and E, are the encoding results of the spatial position and
viewing direction; ¢; and o, are the predicted color and opacity; Z;
is the feature that each block passes to the next block.

The aggregated output of the Lth layer of the model is

L L
cL:cO+Zcfes , 0L260+261res 13)
1=2 1=2

We approximate volume rendering integrals using numerical quadra-
ture:

C(r =Y T (1-exp (=op (tr41 = 12))) €k
k

T = exp (— Z Oyt (tkr_H —tkr)>

14)

k' <k

389

ISPRS Journal of Photogrammetry and Remote Sensing 215 (2024) 383-399

where C(r) is the predicted color of the pixel, and 7 represents the
distance from sampling points on the ray to the starting point of the
ray. The final photometric consistency loss consists of the total squared
error between the RGB values of rendering results and ground truth at
each hierarchical scale from the nearest scale to the farthest:

L

Lp =Y (Icm-Cml)

I=1

(15)

where C(r), C,(r) is the ground truth and RGB results rendered at
different levels. The design of this multi-level supervision uses a level
of details to unify different levels of details into a single model, with
deeper output heads providing more complex details in the rendered
view.

For the MLP, we utilize photometric loss to calculate the gradient.
For the camera model, we use geometric loss and photometric loss
to calculate the gradient with a weight of 6:4 (both loss terms are
scaled to the same order of magnitude). In the initial phase, the camera
model and NeRF MLP weights are iteratively optimized. Specifically,
the camera model weights are frozen while the MLP weights undergo
the optimization, and vice versa. the camera parameters are updated
once for every 10 iterations of the MLP parameters, which last for 5000
iterations. Subsequently, the update frequency is increased, with the
camera parameters being updated once every 5 iterations of the MLP
parameters for XX epochs. Finally, both the MLP model weights and the
camera model weights are unfrozen and iterated simultaneously for the
last 5000 iterations The final learning algorithm is shown in Algorithm
1.

4. Experiments and analysis

Our experiments are validated on two datasets, using three evalu-
ation metrics to compare the performance of our method with that of
other methods. We introduce the used datasets in Section 4.1, the eval-
uation metrics in Section 4.2, the experimental results in Section 4.3,
and the ablation analysis in Section 4.4.

4.1. Data

We validate our method using synthetic data (Xiangli et al., 2022)
and our own collected data. In addition, to demonstrate that our
method can reduce the number of required views for NVS, we select
various percentages of images for training by uniformly sampling from
the initial dataset.

4.1.1. Synthetic scenes data from google earth studio

We use same synthetic scene data from Google Earth Studio as (Xi-
angli et al., 2022). By capturing multi-scale city images with specified
camera positions, the data quality is sufficient to simulate real-world
challenges. We tested our model on the two scenes and compared it
with other methods. The information about the captured scenes is listed
in Table 1. We note that only one third of the images per scene is used
for training.

4.1.2. Real scenes data collected by drones

In order to further demonstrate the performance of our method,
we conduct extensive experiments on real scenes. Due to the lack of
publicly available data for NVS of urban scenes, we create a multi-view
dataset of real scenes collected by drones or from the Internet, on which
we train the model and evaluate the performance. The dataset includes
four buildings with multiple views, each taken at different heights. The
preliminary camera poses are obtained using COLMAP (Schonberger
and Frahm, 2016). The details of the real scenes are given in Table 2.
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Table 1
Details of the synthetic scene data (Xiangli et al., 2022).
City scene Number of images Height (m)
total stagel stage2 stage3 stage4
56Leonard, New York 463 188 313 393 463 290-3,389
Transamerica, San Francisco 455 130 260 390 455 326-2,962
Table 2
Details of the real scene data we collected via drones or from the Internet.
City Scene Building height (m) Flight altitude (m)
Aerospace Information Museum, Jinan 21 25-30
Yellow River Tower, Binzhou 55.6 10-80
Meixihu Arts Center, Changsha 46.8 60-80
Greenland Xindu Mall, Hefei 188 100-200
Table 3

Quantitative results of averaged metrics across multiple scales for 56Leonard and Transamerica scenes in peak signal-to-noise ratio (PSNR) in dB, structural
similarity (SSIM), and perceptual similarity (LPIPS). 1 indicates the higher the better and | is vice versa.

56Leonard (Avg.)

Transamerica (Avg.)

PSNR 1 LPIPS | SSIM t PSNR 1 LPIPS | SSIM 1
NeRF (Mildenhall et al., 21.107 0.335 0.611 21.420 0.344 0.625
2021)
Mip-NeRF (Barron et al., 21.642 0.299 0.695 21.820 0.331 0.687
2021)
BungeeNeRF (Xiangli 23.058 0.245 0.736 23.232 0.232 0.721
et al., 2022)
MegaNeRF (Turki et al., 22.425 0.372 0.680 22.546 0.283 0.707
2022)
PriNeRF (Ours) 25.591 0.147 0.871 25.158 0.168 0.835

Table 4

Quantitative comparison with other methods on 56Leonard and Transamerica scenes at different scales, in peak signal-to-noise ratio (PSNR) in d B as the evaluation

metric.

56Leonard (PSNR 1)

Transamerica (PSNR 1)

Scale 1. Scale II. Scale III. Scale 1V. Scale 1. Scale 1I. Scale III. Scale IV.

NeRF (Mildenhall et al., 21.209 20.972 21.373 20.872 21.123 21.565 21.733 21.261
2021)

Mip-NeRF (Barron et al., 21.879 21.927 21.720 21.040 22.142 22.016 21.939 21.182
2021)

BungeeNeRF (Xiangli 22.972 23.364 23.719 22.177 23.539 23.026 23.769 22.595
et al., 2022)

MegaNeRF (Turki et al., 22.414 22.338 22.540 22.272 22.389 22.332 22.597 22.579
2022)

PriNeRF (Ours) 26.247 25.277 25.583 25.257 25.481 24.932 25.207 25.010

Table 5

Quantitative comparison with other methods on four real-world scenes in peak signal-to-noise ratio (PSNR) in dB, structural similarity (SSIM), and perceptual similarity (LPIPS).

1 indicates the higher the better and | is vice versa.

Aerospace Information Museum (avg)

Yellow River Tower (avg)

Meixihu Arts Center (avg) Greenland Xindu Mall (avg)

PSNR 1 LPIPS | SSIM 1t PSNR 1 LPIPS | SSIM 1 PSNR t LPIPS | SSIM 1 PSNR t LPIPS | SSIM 1
NeRF (Mildenhall et al., 21.390 0.259 0.666 21.577 0.223 0.603 22.580 0.193 0.701 20976  0.279 0.523
2021)
Mip-NeRF (Barron et al.,,  22.257 0.202 0.696 21.624 0.241 0.650 22,518 0.199 0.710 22976  0.183 0.714
2021)
BungeeNeRF (Xiangli 22.955 0.185 0.716 23.525 0.147 0.774 23.465 0.167 0.742 24.119 0.161 0.814
et al., 2022)
MegaNeRF (Turki et al., 22.557 0.212 0.706 22.456  0.209 0.724 23.065 0.187 0.727 23.119 0.181 0.754
2022)
PriNeRF (Ours) 25.618 0.142 0.850 26.132 0.158 0.835 24.522  0.153 0.774 25.775 0.127 0.879

4.2. Evaluation metrics

We use three metrics to evaluate the performance of methods
for NVS task. including peak signal-to-noise ratio (PSNR), structural
similarity (SSIM) (Sitzmann et al., 2019), and perceptual similarity
(LPIPS) (Zhang et al., 2018) using a pre-trained VGG (Simonyan and
Zisserman, 2014) encoder. LPIPS is more consistent with human per-
ceptual situations than traditional metrics. A lower value of LPIPS
means that the two images are more similar. Conversely, the greater
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the difference, the larger the deviation of the compared images. Con-
sidering the great discrepancy across different scales on the synthetic
dataset, averaging the results under all scales does not fairly reflect
the rendering quality. Therefore, we additionally report the average
performance metrics at each scale for the synthetic dataset. For the
real dataset, since the images are all collected by drones and the scale
variation is not so large as that of the synthetic dataset, we only report
the average metrics.
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Fig. 7. Qualitative results on 56Leonard. Our method consistently outperforms the baseline method in robustly capturing the finer details at all scales.
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Table 6
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The results of camera parameters optimization on the 56Leonard and Transamerica scenes are compared with other methods, using rotation radian and Euclidean distance as

evaluation metrics (R represents Radian, ED represents Euclidean Distance).

56 Leonard (Avg.)

Transamerica (Avg.)

Rotation (R) Translation (ED) Focal Length (ED)

Principal Points (ED)

Rotation (R) Translation (ED) Focal Length (ED) Principal Points (ED)

NeRF- (Wang et al., 2021b) 0.259 0.120 16.198
BARF (Lin et al., 2021) 0.233 0.107 14.459
PriNeRF (Ours) 0.195 0.102 10.752

11.045
10.109
9.537

0.214 0.107 15.425 9.992
0.215 0.113 13.884 9.637
0.191 0.086 10.343 8.308

4.3. Experimental results

4.3.1. Implementation details

We gradually add residual blocks to the basic block, up to four, as
the scale changes. The base-block has 5 layers with 256 hidden units
in each layer except the input and output layers, and residual inputs in
layers 2 and 6. The residual block is similar to base-block, but has no
prior input layer. We present the network structure in Fig. 6. For fair
comparison, we also implemented the baseline model with the similar
configuration. For IPE, we set the highest frequency setting to M = 10
with 65 sample sampling points per ray. Each scene is trained until the
model converges. All models are optimized using Adam (Kingma and
Ba, 2014), and the learning rate decays exponentially from 5e™*.

4.3.2. Synthetic scenes

Quantitative results on synthetic scenes are presented in Table 3
and demonstrate that our method outperforms the baseline method
BungeeNeRF (Xiangli et al., 2022), the vanilla NeRF (Mildenhall et al.,
2021), and Mip-NeRF (Barron et al., 2021) in terms of PSNR, LPIPS
and SSIM. Specifically, our method achieves 25.591 dB and 25.158 dB
in PSNR on 56Leonard and Transamerica, and 25.375 dB in average. It
improves by 2.533 dB and 1.926 dB over BungeeNeRF (Xiangli et al.,
2022) on the two scenes. We further present the PSNR metrics for
each scale in Table 4. The numerical results show that our method
significantly outperforms other methods at all scales and achieves a
PSNR gain of about 2-4 dB over BungeeNeRF.

The qualitative results presented in Figs. 7 and 8 reveal that our
method is able to synthesize finer details for the novel views than the
baseline BungeeNeRF (Xiangli et al., 2022). Especially for distant and
large urban scenes when the camera is far away from the surface (scale
= 1 and scale = 2 in Fig. 7 and Fig. 8), the BungeeNeRF generates
noisy images while our method provides clearer and finer results. As
the camera moves forward, the BungeeNeRF generates clearer and less
noisy images, but our method is still superior both in general quality
and details.

4.3.3. Real scenes

To further demonstrate the generality and the performance of our
method on real scenes, we conduct experiments on the data captured
by unmanned aerial vehicles and on data collected from the Internet.
Fig. 9 shows pictures of these scenes.

Quantitative results presented in Table 5 demonstrate the consistent
conclusion as on the synthetic scenes, i.e., our method outperforms
other methods (Mildenhall et al., 2021; Barron et al., 2021; Xiangli
et al., 2022) by a large margin in terms of PSNR and SSIM. Specifically,
the PSNR of our method achieves 25.512 dB in average. It improves by
2.663 dB, 2.607 dB, 1.057 dB and 1.656 dB over BungeeNeRF (Xiangli
et al., 2022) on the four real scenes, respectively.

We present the qualitative results on the real scenes in Fig. 10,
which reveals that our method is able to synthesize photo-realistic
novel views and applicable to real scenes. Particularly, our method
dramatically outperforms the baseline BungeeNeRF (Xiangli et al.,
2022) in terms of details. As can be seen from Fig. 10, BungeeNeRF
generates blurry textures and smooth boundaries. Instead, our method
can synthesize novel views with finer textures and sharp boundaries,
which are very close to the ground truth. We attribute the superiority
of our method to the joint optimization of the camera parameters and
the NeRF weights as well as the usage of scene priors.
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4.3.4. Camera parameter optimization

To effectively validate our proposed camera parameter optimization
method, we manually add noise to the camera intrinsics and extrinsics
of the synthetic scene and input them into NeRF, without utilizing
multi-view priors. We adopt different evaluation metrics for differ-
ent parts of camera parameters. For the intrinsics, we evaluate it by
comparing the Euclidean Distance (ED) before and after optimizing
the focal length and principal point coordinates. For the extrinsics,
we evaluate it by computing the average difference in rotation (in
Radians) and the average ED in translation. We conduct comparisons
with BARF (Lin et al., 2021) and NeRF- (Wang et al., 2021b), which
concurrently optimize NeRF and camera parameters. The results are
detailed in Table 6. From the table, our method performs better in
the extrinsics optimization with smaller rotation and translation errors,
and the intrinsics is closer to the ground truth than other methods.
Fig. 13 visualizes the extrinsics (pose) optimized by different methods,
where red denotes the ground truth, and blue denotes the noisy input
or optimized poses. Compared with other methods, the camera poses
optimized by ours are closer to the ground truth.

4.4. Ablation analysis

In this section, we present ablation studies in terms of scene priors
(Section 4.4.1), the joint optimization of camera parameters with NeRF
weights (Section 4.4.2), and model scales (Section 4.4.3).

4.4.1. Analysis of scene priors

Scene priors significantly improve the performance of the model
in NVS. As presented in Table 6, it shows that the PSNR improves
by 1.926 dB and 1.19 dB with the benefit of scene priors on synthetic
and real scenes, respectively. We conduct further experiments to verify
the robustness of scene priors under various conditions of using the
increasing number of views for training, as presented in Fig. 11. It
demonstrates that the scene priors consistently improve the PSNR
metric with different view numbers both on real and synthetic scenes.

The further analysis from Fig. 11 reveals that scene priors reduce
the number of views required for NVS. Our method achieves com-
petitive or even better performance compared to the baseline method
BungeeNeRF (Xiangli et al., 2022) with only one third of the view
numbers required for BungeeNeRF. Specifically, BungeeNeRF achieves
an average PSNR of 23.145 dB using all images (195, 266, 119, and 238
views for the four scenes, respectively) on real scenes. In contrast, our
method achieves a similar average PSNR of 23.135 dB with just one-
third of the images. On synthetic scenes, the comparison is 23.916 dB
(BungeeNeRF with 463 and 455 view images for the two scenes,
respectively) versus 24.157 dB (our method with one third of the views)
as presented in Fig. 11. This underscores the efficacy of scene priors in
extracting more information from fewer views with greater efficiency.

Deriving pixel-wisely aligned and accurate features as scene priors
is indeed important in improving the performance of the model. We
replace our tiny U-shaped network for extracting features of view
images with a ResNet and present the results in Fig. 12. The U-shaped
network can upsample the downsampled features in a learning way
(lines in blue) instead of a fixed mode as interpolation for ResNet
(lines in red). It shows that using the learning mode for upsampling
consistently outperforms the fixed mode by an average of 0.5 dB in
PSNR.
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Fig. 8. Qualitative results on Transamerica. Our method consistently outperforms the baseline method in robustly capturing the finer details at all scales.
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(c) Meixihu Arts Center, Changsha.
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)
.

(d) Greenland Xindu Mall, Hefei.

Fig. 9. The visualization of real scenes captured by drone or collected from the Internet.

4.4.2. Analysis of pose optimization

The joint optimization of camera parameters improves the results
of NVS. The numerical results presented in Table 6 show that the
PSNR improves by 0.304 dB and 0.812 dB with camera parameter
optimization on synthetic and real scenes, respectively. It can be found
that the camera parameter optimization is more important for real
scenes than synthetic scenes. That is because for synthetic scenes,
camera parameters are directly derived from Google Earth studio, and
there is little room for further improvement. However, in real scenes,
there are errors in estimating the initial camera parameters via the SfM
methods (Schonberger and Frahm, 2016). Therefore, jointly optimizing
camera parameters can effectively minimize errors and improve the
synthesized views. The qualitative results in Fig. 14 as well demonstrate
it, and image artifacts and blurring problems caused by inaccurate
camera poses are significantly reduced.

4.4.3. Analysis of model scale

Increasing the model scale, i.e., adding more residual blocks to the
NeRF in Fig. 6, improves the quality of view synthesis. As shown in
Fig. 15, the PSNR also increases with more residual blocks. However,
adding more residual blocks cannot improve the PSNR infinitely. The
performance converges to 25.35 dB and 25.44 dB on real and synthetic
scenes respectively as the number of residual blocks reaches 4.

4.5. Limitations

Although our method achieves impressive NVS results, it shares a
same challenge as other NeRF-based methods, which is the high compu-
tational cost for rendering images. Since rendering a single image pixel
requires hundreds of neural network calls, rendering an image takes
many seconds even on advanced GPUs. Specifically, our method takes
about 7 s to render a 1080p resolution image on a single NVIDIA RTX
3090 GPU. The training time takes an average of 28 h per scene on a
single NVIDIA RTX 3090 GPU. There is currently some work dedicated
to NeRF acceleration (both for training (Sun et al., 2022; Miiller et al.,
2022) and inference (Garbin et al., 2021; Hu et al., 2022; Wadhwani
and Kojima, 2022)), but this is beyond the focus of our work in this
paper, and we will follow up with efforts on this limitation as well.
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5. Conclusion

In this work, we propose a new unified framework for Novel View
Synthesis (NVS) of urban scenes, which integrates together the scene
priors and the joint optimization of camera parameters under the
proposed orthogonality constraint. Experiments on the two synthetic
scenes and four real scenes show that our method outperforms other
popular methods (Mildenhall et al., 2021; Barron et al., 2021; Xiangli
et al., 2022) by about 2-5 dB in PSNR. Our method shows superior
results on both synthetic and real scenes, with PSNR reaching 25.375 dB
and 25.512 dB in average, respectively. The integration of the scene
priors effectively reduces the number of views required for NVS and
achieves better or competitive performance with only one third of the
views for the baseline. The ablation study reveals that extracting finer
and more accurate scene features can further improve the results with
only a tiny U-shaped network. The addition of the joint optimization of
camera parameters can further improve the NVS performance in terms
of numerical PSNR metric and visualization.
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BungeeNeRF MegaNeRF

(a) Aerospace Information Museum, Jinan.

BungeeNeRF

(b) Yellow River Tower, Binzhou.

BungeeNeRF MegaNeRF

(¢) Meixihu Arts Center, Changsha.

BungeeNeRF MegaNeRF

¥

(d) Greenland Xindu Mall, Hefei.

Fig. 10. A qualitative comparison of four real scenes. Our method consistently outperforms the baseline method in capturing fine details and color fidelity of the scene. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 11. The PSNR metrics derived from different models under various conditions. The vertical axis represents the PSNR and the horizontal axis represents the training set scale
from 20% of the complete training images in the datasets to 100%. It is noted that samples are drawn uniformly across the entire image sequence with the same starting and
ending viewing directions at varying sparsity degrees of views in between. The solid and dashed lines correspond to results on synthetic and real scenes, respectively. Specifically,
lines in blue represent the performance of our method on synthetic scenes and real scenes respectively; lines in yellow represent the performance of the baseline BungeeNeRF,
that means without any prior. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 12. PSNR of training with 20% to 100% view images on synthetic scenes. The blue line represents pixel-aligned features extracted using U-Net (ours), and the red line
represents downsampled features extracted using ResNet. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 13. Visualizations of optimizing camera extrinsics (poses) using different methods, where the red represents the ground truth, and the blue represents the pose after adding
noise or optimization. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 15. The impact of adding more residual blocks. O represents only the base block
used.

with camera parameters optimization

Fig. 14. The impact of the joint optimization of camera parameters initialized with
the SfM (Schonberger and Frahm, 2016). It demonstrates that the joint optimization of
camera parameters can reduce image blurring and artifacts, and improve the quality
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