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Fig. 1. Real-world large-scale scene rendering is improved. In the Park scene, both the reflecting pool and the distant city are more accurately reproduced
than in current methods for deep texture IBR (SVS [Riegler and Koltun 2021]), single hash grid (Instant-NGP [Müller et al. 2022]), or large-scale scenes
(Block-NeRF [Tancik et al. 2022], Mega-NeRF [Turki et al. 2022]). As these methods model static scenes, dynamic elements like trees remain a challenge.
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High-quality large-scale scene rendering requires a scalable representa-
tion and accurate camera poses. This research combines tile-based hybrid
neural fields with parallel distributive optimization to improve bundle-
adjusting neural radiance fields. The proposed method scales with a divide-
and-conquer strategy. We partition scenes into tiles, each with a multi-
resolution hash feature grid and shallow chained diffuse and specular multi-
layer perceptrons (MLPs). Tiles unify foreground and background via a
spatial contraction function that allows both distant objects in outdoor
scenes and planar reflections as virtual images outside the tile. Decomposing
appearance with the specular MLP allows a specular-aware warping loss to
provide a second optimization path for camera poses. We apply the alternat-
ing direction method of multipliers (ADMM) to achieve consensus among
camera poses while maintaining parallel tile optimization. Experimental
results show that our method outperforms state-of-the-art neural scene
rendering method quality by 5%–10% in PSNR, maintaining sharp distant
objects and view-dependent reflections across six indoor and outdoor scenes.

CCS Concepts: • Computing methodologies → Image-based rendering.
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1 INTRODUCTION
Recent advancements in real-world scene reconstruction from pho-
tographs use neural radiance �elds (NeRFs) to compactly encode
3D geometry and appearance into neural networks [Barron et al.
2021; Mildenhall et al. 2020; Verbin et al. 2022; Xie et al. 2022; Yu
et al. 2021b; Zhang et al. 2020]. This is accomplished by optimizing
network weights to minimize a photometric loss that penalizes the
di�erence between a set of real-world images with known camera
poses and the reproduction of those images through volumetric
rendering. Camera poses are typically obtained from visual feature-
point correspondences via structure from motion (SfM; [Schon-
berger and Frahm 2016]) or through simultaneous localization and
mapping (SLAM; [Cadena et al. 2016; Zhu et al. 2022]). As the scene
size increases, especially to include outdoor scenes, optimization
requires a scalable representation to achieve high quality and prac-
tical compute times. These often use parallel processing and space
tiling schemes [Tancik et al. 2022; Turki et al. 2022; Wu et al. 2022].

Within this setting, camera poses may be inaccurate since view-
dependent e�ects, repeated structures, and occlusions between
objects inevitably create imprecision and outliers in the required
feature-point correspondences. Precise camera poses are required
to reproduce �ne details in indoor scenes, like the thin grout lines
between repeating kitchen tiles, and in outdoor scenes, where im-
precise poses will blur distant objects like the structured facades
of buildings. To re�ne camera poses, recent research has jointly
optimized poses and network weights based on a photometric loss�
so-calledphotometric bundle adjustment[Delaunoy and Pollefeys
2014]�to improve view synthesis quality [Chng et al. 2022; Clark
2022a; Lin et al. 2021]. However, current bundle-adjusting NeRF
methods cannot directly apply to large-scale scenes due to compu-
tational and memory costs because they assume access to the entire
representation of space at once. Further, appearance is not always
enough: classical bundle adjustment jointly optimizes 3D points
and poses, but photometric bundle adjustment does not explicitly
account for shape-radiance ambiguities [Zhang et al. 2020] and so
can falsely explain appearance with pose errors.

We address the bundle-adjusting NeRF problem for large-scale
3D scenes by combining a tile-based hybrid neural �eld scene
representation with parallel distributive training via the alternat-
ing direction method of multipliers (ADMM [Boyd et al. 2011]).
The representation stores per-tile features in multi-resolution hash
grids to accelerate optimization [Clark 2022a; Müller et al. 2022].
Rather than decode hash features into appearance only by a sin-
gle MLP [Müller et al. 2022], they are decoded by two chained
MLPs into di�use appearance and specular appearance [Verbin
et al. 2022], but critically we represent specular appearance at
re�ection distances as virtual images. This helps cope with sparse
camera inputs while maintaining render quality. We also develop

an IBR-inspired specular-aware warping loss to assist multi-view
consistency using predicted appearance and surface depth (akin
to 3D points). Estimating specular appearance lets us reduce the
in�uence of view-dependent e�ects on this loss, mitigating the
shape-radiance ambiguity. Tiles contain both bound foreground
space and unbound background space accessed via a contraction
function. Post-optimization rendering traces rays through multiple
tile foregrounds to sample the farthest tile background regions
for sharpness. Multi-tile foreground rendering uses point-based
blending to reduce artifacts in tile overlap regions.

This approach has three bene�ts over existing work:

� The representation is uni�ed for indoor and outdoor scenes.
Representing tile background lets us capture both the far back-
ground in outdoor scenes and re�ections on planar surfaces in
indoor scenes, such as in a mirror, as virtual images outside the
foreground of a tile. The specular MLP models glossy re�ections
that cannot be handled using virtual images.

� Distributed parallel optimization of camera poses and network
weights via the ADMM scheme provides bounded memory cost
per GPU and accelerated training to cope with large scenes.

� The PSNR of rendered images increases by 5%�10% on two indoor
and four outdoor scenes, with sharp objects close-up and in
the distance, high-quality planar re�ections, and reduced tile
boundary artifacts (Fig. 1).

2 RELATED WORK

2.1 Neural Radiance Fields
NeRF [Mildenhall et al. 2020] emerged as a powerful scene recon-
structor and led to fast progress in view synthesis. Given camera rays
as input, NeRF uses MLPs to predict continuous volume density and
view-dependent color �elds. Many follow-up methods improve �nal
rendering speed by baking color and opacity �elds into discretized
voxel grids [Garbin et al. 2021; Hedman et al. 2021; Wizadwongsa
et al. 2021; Yu et al. 2021a], or distilling the radiance �eld into a
set of small MLPs [Reiser et al. 2021]. Other methods improve the
optimization speed by removing redundant sample points [Hu et al.
2022; Liu et al. 2019b; Sun et al. 2022a], or using priors such as upon
monocular depths or normals [Roessle et al. 2022; Wang et al. 2022;
Yu et al. 2022], input from sparse point clouds [Deng et al. 2022],
semantics [Jain et al. 2021], appearance priors [Niemeyer et al. 2022],
and Manhattan-world assumptions [Guo et al. 2022]. Local feature
grid representations, such as voxel grids [Fridovich-Keil et al. 2022;
Karnewar et al. 2022; Sun et al. 2022b], tri-planes [Chan et al. 2022;
Chen et al.2022b; Reiser et al.2023], and point clouds [Xu et al.2022],
can also accelerate optimization. Our method uses multi-resolution
hash grids to accelerate optimization [Müller et al. 2022].

NeRF can also be applied to the rendering of large-scale scenes [Re-
matas et al. 2022; Xiangli et al. 2022]. To reduce the memory cost
of feature-grid-based representation, Zhang et al. [2023] combine a
hash grid with a multi-resolution feature plane, while Xu et al. [2023]
use multi-resolution vertical feature planes for UAV data. Another
approach is to partition scenes into blocks or tiles and optimize local
radiance �elds [Tancik et al. 2022; Wu et al. 2022]. Similar e�orts on
breaking the scene into components have also been embraced in the

ACM Trans. Graph., Vol. 42, No. 6, Article 260. Publication date: December 2023.

https://doi.org/10.1145/3618369


ScaNeRF: Scalable Bundle-Adjusting Neural Radiance Fieldsˆ 260:3

Fig. 2. Our proposed scene representation. Top Right:An example of scene partition. The dashed lines indicate an unbounded background region of the tile
(FG: Foreground, BG; Background). The per-tile neural scene representation consists of a multi-resolution hash feature grid, a di�use decoder, and a specular
decoder. The tile-based local features, network weights, and camera poses are optimized in parallel and distributively using ADMM.

realm of precomputed radiance transfer [Sloan et al. 2003] and light
transport acquisition [Nayar et al. 2004]. Mega-NeRF [Turki et al.
2022] and SUDS [Turki et al.2023] extend scene partitions by parallel
optimization from thousands of drone images or by reconstructing
large-scale urban scenes. We also use tile partitions, and focus on
their joint optimization with camera poses.

To help in this task, our method separates scene appearance
into di�use and specular components [Bi et al. 2020; Boss et al.
2021; Srinivasan et al. 2021]. Ref-NeRF [Verbin et al. 2022] trains
a spatial MLP to predict di�use colors and surface normals and
then produces specular re�ections via normal-re�ected rays and
a directional MLP. Inverse rendering representations with surface,
normal, lighting, albedo, and bidirectional re�ectance distribution
functions (BRDFs) are also possible, but cannot yet apply to large-
scale scenes [Hasselgren et al. 2022; Laine et al. 2020; Liu et al.
2019a; Munkberg et al. 2022; Yao et al. 2022; Zhang et al. 2021a,b].
We represent re�ections using both di�use virtual image elements
via background contraction and via a specular MLP. The specular
MLP also lets us de-emphasize di�cult regions in our warping loss.

2.2 Bundle Adjustment
Bundle adjustment (BA) [Agarwal et al. 2010; Triggs et al. 2000]
is a key component of structure from motion (SfM). Given an ini-
tial estimate, BA jointly optimize 3D scene structure and camera
poses by minimizing the geometric re-projection error (geometric
BA [Engel et al. 2017, 2014]) or photometric error (photometric
BA [Delaunoy and Pollefeys 2014]). Geometric BA relies on key-
points or line correspondences, and can support the distributed and
scalable 3D reconstruction of large-scale scenes [Eriksson et al. 2016;
Jung and Weiss 2021; Peng et al. 2016; Zhu et al. 2021]. Zhang et
al. [2017] proposed a distributed geometric-BA algorithm based on
alternating direction method of multipliers (ADMM; [Boyd et al.
2011]) to achieve global camera consensus. However, geometric
BA produces inaccurate camera poses when keypoints cannot be
reliably detected. On the other hand, photometric BA exploits dense

photometric consistency across images and is usually applied to the
local re�nement of camera poses. Both geometric and photometric
BA can be naturally integrated into deep learning frameworks
through feature-space alignment [Lindenberger et al. 2021; Sarlin
et al. 2021; Tang and Tan 2018].

2.3 Bundle-Adjusting NeRF
NeRF quality relies on accurate camera poses, leading to research
in joint optimization of NeRF models and camera poses. Such tech-
niques are extensions of photometric BA due to the photometric
loss used in optimization. These includes pose re�nement [Lin et al.
2021], pose estimation with no initialization but for limited scenes
like forward-facing settings [Bian et al. 2023; Wang et al. 2021], and
for video sequences [Meuleman et al. 2023]. However, all photo-
metric optimizations su�ers from the shape-radiance ambiguity,
which is exacerbated by inaccurate camera poses. Incorporating
monocular depth priors may reduce ambiguity [Bian et al. 2023].
Yen-Chen et al. [2021] and Lin et al. [2023] estimate the pose of an
RGB image using a NeRF as a target object. Most methods rely on
re�ning a good camera initialization to mitigate ambiguity [Chng
et al. 2022; Clark 2022b; Jeong et al. 2021; Lin et al. 2021], as we
do. Our method adds scalable distributive optimization for large-
scale scenes based on ADMM, helping to achieve higher-quality
rendering of �ne details.

3 METHOD OVERVIEW
For easier reading, we defer less important details and parameters to
Appendix A and focus on higher-level aspects and their e�ects. We
denote input variables,�̂, as distinct from optimized ones.Our goals
are threefold. We wish to design a representation and optimization
scheme that can:

(1) Scale to large indoor & outdoor scenes with complex re�ections,
(2) Operate in parallel with limited inter-process data transfer, and
(3) Re�ne camera poses to preserve �ne details up close and afar.
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Fig. 3. Assigning rays to tiles. We select rays without red crosses to
optimize the tile. Red cross rays either do not intersect the tile or are
occluded by earlier proxy geometry.

As input, the proposed method takes a set of posed RGB images

�̂8•)̂ 8

�
2 T̂ of a real-world static 3D scene.̂�8 denotes the captured

8-th image, and) 8 = f o8•R8g denotes the corresponding camera
extrinsic parameters of positiono8 and orientationR8. The pixels of
each posed camera de�nes a set of raysr̂ 2 R̂ each with a color̂c
that we can use as an optimization objective. As output, the method
produces re�ned camera poses and a hybrid tile-based neural �eld
scene representation: This contain the scene geometry and di�use
and specular appearance of both foreground regions and background
regions beyond the tile (Fig. 2).

We optimize the representation's latent features, network weights,
tile voxel occupancy, and camera poses to minimize the visual dif-
ference between the input RGB images and renderings of the scene
representation (Sec. 5). To make this scalable, we use the alternating
direction method of multipliers (ADMM) to optimize these features
in tiles with consistent camera poses (Sec. 7). After completing
optimization, we render novel views by blending samples across
tiles in a background-aware way (Sec. 8).

4 PREPROCESSING
De�ning and partitioning space.First, the method reconstructs

initial camera parameters and proxy geometry� using existing non-
neural multi-view stereo methods [CapturingReality 2016; Schon-
berger and Frahm 2016]. Camera intrinsic parameters are �xed and
not optimized; only extrinsic parameters are optimized. The proxy
geometry facilitates tile partitioning and provides rough visibility
since the geometric information lets us judge whether a pixel in a
image is visible or not in other viewpoints.

Next, to partition the scene space into tiles: 2 K according to
the proxy geometry, we uniformly divide the bounding box of the
reconstructed proxy mesh� into axis-aligned cube tiles, numbering
! � , � � . Tiles are of equal size with 20% overlap along each axis.
Our scenes show indoor or low-height nearby outdoor scenes, so
practically height� = 1.

Assigning rays to tiles.Per tile: , we assign subsets of rayŝR:
based on the occlusion relationships between rays, tiles, and the
proxy mesh. As illustrated in Figure 3, Raŷr will be added toR̂: if
the following two conditions are satis�ed:

(1) The �rst point of intersection between the ray origin and the
proxy mesh lies within a tile. The ray could originate from a

camera inside the tile, or from a camera outside the tile either
within another tile or within space that no tile covers.

(2) The ray intersects any tile face and does not meet condition
(1). This includes rays that originate from a camera within a
tile, rays that pass through a tile and do not intersect the proxy
geometry (such as in sky regions), and rays that �rst intersect
the proxy geometry outside the tile.

One might think that the rays that meet condition 1 are approx-
imately `tile foreground rays' and the rays that meet condition
2 are approximately `tile background rays', but practically points
along both sets are used to train both foreground and background
tile regions of the representation. Finally, for stable camera pose
optimization, only cameras with at least10%of their rays assigned
to a tile are used to optimize that tile.

5 TILE-BASED HYBRID NEURAL FIELDS

5.1 Representation
Our scene representation is optimized by the di�erentiable volume
rendering approach of Mildenhall et al. [2020] that requires density
f and view-dependent appearancec �elds. Given a ray origino
and its direction8 , we sample# 3D pointsx along a ray, withx
de�ned by the distance along the rayC: r = o ¸ C8 . Integrating
density and color at points along the ray and weighting them by
the transmission densityUat each point produces a �nal pixel color
c. The integral can be solved discretely with numerical quadrature:

U= = exp

 

�
Õ

< Ÿ=
f < X<

!

¹1 � exp¹� f =X=ºº • (1)

c =
Õ

=
U=c=• (2)

where= is the index of the sampled point, andX= = C=¸ 1 � C= is the
distance between adjacent samples. Ray depth follows similarly:

3 =
Õ

=
U=C=” (3)

Di�use and specular appearance.Rather than directly optimize
MLPs to produce density and view-dependent appearance �elds
from a sampled pointGand direction8 , and similar to Verbin et
al. [2022], we use two chained MLPs per tile: a density and di�use
appearance MLP� \ and a specular appearance MLP( \ (Fig. 2). We
compute the densityf G, di�use color c3 , and specular colorcB:

� \ ¹fGº = ¹f G•c3•B•hGº• (4)

( \ ¹sh¹8 º •hGº = cB• (5)

where fG is a hashed feature of samplex, B is the specular tint
coe�cient, hG is an intermediate latent feature output from� \ ,
andsh is the projection of8 into the �rst 16spherical harmonic
coe�cients. The �nal color cG is:

cG = c3 ¸ B� cB” (6)

Unlike Verbin et al. [2022], we do not estimate a surface normal
around which to re�ect a specular ray because our input data for
large scenes are sparse. We will discuss this choice shortly.
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Fig. 4. Using reflected ray directions avoids artifacts. Reconstructing
normals from sparse inputs needed for large scenes is di�icult. Instead, we
represent reflections using a virtual scene geometry at reflected path length.

Tile-based voxel hashing andfG. For fast optimization, we make
our MLPs shallow and pass features as inputs into the di�use MLP.
The features come from a multi-resolution voxel grid and hash
tables [Müller et al. 2022]:f � ;

\ ;
g!
;=1, where� denotes the hash tables

and\ ; denotes the features within each hash table. Each tile has
a multi-resolution voxel grid with! = 16levels. Given a 3D point
samplex, at each level, we hash its eight neighbor vertex integer
coordinates, look up the corresponding feature in the hash table,
and linearly interpolate the features with position weights ofx from
its surrounding neighbors to produce one output feature per level.
We concatenate the output features from all levels to producefG.

In addition, to quickly skip empty space and reduce the in�uence
of �oating density in undersampled regions, we use an occupancy
�eld f 0•1gconstructed as a voxel grid in a coarse-to-�ne manner,
where low density voxels are set to0 to indicate empty space at
regular intervals during optimization.

Foreground and contracted background.Capturing outdoor scenes
requires representing unbound space such as distant buildings or
sky. As such, each tile contains both foreground and background
regions. Representing a per-tile background instead of a per-scene
background [Zhang et al. 2020] lets us pick the closest background
to a novel view ray's exit from the tiled region to retain sharpness.

The distinction between foreground and background regions
is de�ned by a ray contraction function [Reiser et al. 2023]: The
inner foreground region of a tile contains a linear space mapping,
and the outer background region of a tile contains a non-linear
mapping. This allows both regions to be represented by the same
voxel hash grid. To map unbound background into a bounded cubic
region, we transform the position of 3D points using a contraction
function with ! 1 norm (Appendix B). The same contraction function
is also proposed by concurrent work in the Nerfacto model of
Nerfstudio [Tancik et al. 2023].

Our approach exhibits several advantages over recent work. Com-
pared to MERF [Reiser et al. 2023], our contraction function removes
discontinuities at grid boundaries, leading to sharper results with
less noise (Fig. 5). Compared to spherical contraction functions
in Mip-NeRF 360 [Barron et al. 2021] and NeRF++ [Zhang et al.
2020], our contracted cubic bounded region matches the shape of
the multi-resolution hash grid better and so reduces wasted space.

Fig. 5. Background fields and our spatial contraction function. Top:
Reconstructing a virtual image behind window glass using a background
field to accurately simulate reflections.Bo�om: Our contraction mapping
function is capable of producing sharper results with less noise compared
to the mapping function in MERF [Reiser et al. 2023].

Fig. 6. Lighting decomposition occurs as a byproduct of optimizing
our representation. Foreground (FG) and background (BG) each include
both di�use and specular components; di�use and specular each include
both foreground and background components.
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Fig. 7. Specular-aware warping loss exploits lighting decomposition.
Considering visibility and likely specular reflections from the chained MLPs
produces adaptive weights that are close to 0.

5.2 Discussion
Our specular MLP takes the view direction8 as input, not the direc-
tion re�ected by normal as in Verbin et al. [Verbin et al. 2022]. The
normal calculated as the derivative of density wrt. 3D coordinates
was too noisy when using sparsely captured images for large scale
scenes (Fig. 4). In addition, if we only leverage the specular MLP
to represent view-dependent re�ections, re�ected objects far from
re�ective surfaces were often too blurred compared to the ground
truth or even missing entirely after optimization (Figs. 4 and 5),
and had knock-on e�ects that degraded distributed camera pose
re�nement (Sec. 7).

Instead, our approach can represent re�ections as virtual geom-
etry and appearance `behind' surfaces at the re�ected ray path
length [Sinha et al. 2012; Wu et al. 2022]. Recall also that both
the foreground and background regions are decoded by the same
di�use and specular MLPs such that view-dependent appearance
can exist in both. Coupling these two attributes with foreground and
contracted background tiles lets us model both indoor and outdoor
scenes from sparse inputs with the same representation (Fig. 5), and
decompose di�use and specular e�ects without added input (Fig. 6).

In outdoor scenes, far background objects are naturally recon-
structed at their correct distance in the background region. This
includes view-dependent e�ects such as re�ections from glass-sided
skyscrapers (Figs. 1 and 5). In indoor scenes, high-frequency re�ec-
tions on planar surfaces (such as on window glass) are reconstructed
as virtual images within di�use background areas as their total
re�ected path length lies outside a tile (Fig. 5). Planar specular
reconstruction `behind' di�use surfaces has a higher 3D consistency
than reconstruction as a view-dependent appearance when given
sparse inputs. Background modeling here can also extend to view-
dependent e�ects in re�ected path length appearance due to the
specular MLP. Surfaces with glossy (or lower-frequency) re�ections
are more tolerant to reconstruction error, and are reconstructed
within the tile foreground by the view-dependent specular MLP.
This also provides some curved surface re�ection reconstruction.

6 OPTIMIZATION LOSSES
We use four losses: a photometric lossL 2, a specular-aware warping
loss L F , and two regularizing losses for depthL 3 and surface

Fig. 8. Adaptive-weight (AW) warping recovers sharper color and
depth. Yellow boxes correspond to color and depth for the marked region.

smoothnessL B:

L = _2L 2 ¸ _F L F ¸ _3 L 3 ¸ _BL B• (7)

where the trade-o� weights_2, _3 , _B, and_F balance the loss terms.
We denote pixel coordinates as?, or?8•9, with the ray correspond-

ing to ? asr ¹?º.

Photometric lossL 2. This supervises view synthesis by minimiz-
ing the di�erence between a rendered ray colorc and its matched
input image pixel color̂c summed over (a batch of) tile rayŝR: :

L 2 =
Õ

r̂ 2 R̂:

kĉr � cr k2
2” (8)

Specular-aware warping lossL F . Inspired by classic image-based
rendering (IBR), this loss encourages density to be localized and
smooth by using rendered depth maps to reproject (orwarp) pre-
dicted ray colors between neighboring camera poses (Fig. 8). Classi-
cally, this task is di�cult because specular appearance cannot warp
correctly, but our representation lets us downweight likely specular
e�ects. As this loss involves reprojection operation, it provides a
second optimization path to re�ne the camera poses that is based
on scene geometry. This mitigates the shape-radiance ambiguity
problem [Zhang et al. 2020].

To select views within neighborhoodN? , we de�ne an IBR cost
4IBR similar to past work [Buehler et al. 2001; Hedman et al. 2016]:

4IBR
�
o8•o9•x

�
= 0”94Angle ¸ 0”14Dist• (9)

4Angle = 1”0 � cos
�
o8 ! x ! o9

�
• (10)

4Dist = max

 

0•1 �
ko8 � xk2


 o9 � x





2

!

• (11)

where world pointx is obtained by the inverse projection of? using
its rendered depth.4Angle employs the angle between the direction
vectors fromx towards the camera positionso8at reference view and
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