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ABSTRACT
Recently, Neural Radiance Fields (NeRF) have been used for urban-scale scenes with potentially infinite scales. Prior work often 
necessitates training times of several tens of hours in large-scale scenes. Although fast-converging NeRF variants have been 
applied to urban-scale scenes, they struggle to capture sufficient details and prove challenging in handling dramatic lighting 
variations in practical usage. It could be argued that these limitations arise from two key factors: limited model capacity and 
insufficient attention to the geometric distribution of nonlinear light sources within the scene. To address these challenges, we 
propose a novel approach for modeling large-scale scenes. Building upon the foundation of fast-converging NeRF variants, we 
incorporate a block-based strategy to reduce training costs and capture additional scene details. Furthermore, we introduce clus-
tered appearance embeddings to model the nonlinear lighting present in space, enabling smoother transitions in radiance during 
practical use. We evaluated our approach against other methods for large scenes on the Mill19 and Urbanscene3D datasets, sur-
passing the state-of-the-art methods and converging within a few hours.

1   |   Introduction

Recently a myriad of studies in Neural Rendering have gar-
nered significant attention. Specifically, the Neural Radiance 
Fields (NeRF) (Mildenhall et al. 2021) utilize a straightforward 
Multi-Layer Perceptron (MLP) to encode intricate 3D scenes, 
abstracting them into a probabilistic field. Utilizing volumet-
ric rendering methods, it ultimately results in the generation of 
high-fidelity novel perspectives.

Early NeRF-related works primarily focused on object-centric 
reconstruction at a small scale. As the scale of the scene expands, 
particularly in urban-level environments characterized by sub-
stantial variations in lighting conditions, the capacity of the 
neural network and its capability to adapt to diverse lighting sce-
narios present novel challenges. Since increasing network depth 
or width to enhance capacity can significantly escalate both 

training and inference costs, most existing methods for large-
scale scenes commonly partition the scene into foreground and 
background, subdivide the foreground into multiple sub-blocks, 
and then employ a divide-and-conquer strategy to train each 
sub-block independently (Rebain et al. 2021; Tancik et al. 2022; 
Turki et al. 2022, 2023; Zhenxing and Xu 2022). To further im-
prove the rendering quality under complex lighting conditions 
in large-scale scenes, image-dependent appearance embeddings 
are introduced to vary the emitted radiance of the scene in image 
(Martin-Brualla et al. 2021; Tancik et al. 2022; Turki et al. 2022; 
Zhenxing and Xu 2022). Furthermore, in an effort to address the 
training costs associated with large-scale scenes, researchers 
have introduced hash grid (Müller et al. 2022) acceleration tech-
niques. These strategies have demonstrated their effectiveness 
by improving the convergence speed during training, making 
it a more efficient process for reconstructing large-scale scenes 
(Turki et al. 2023; Zhang et al. 2023).
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However, when it comes to large-scale scenes, particularly 
expansive outdoor environments with intricate lighting con-
ditions, existing methods still exhibit limitations in terms of 
their robustness to lighting variations and their ability to cap-
ture fine details. We think that this mainly comes from two as-
pects. First, existing methods often overlook the correlations 
between embeddings when using appearance embeddings, 
leading to abrupt lighting changes when rendering consecu-
tive frames with the latest embeddings. Second, the prevalent 
use of MLPs in current block-based methods for scene repre-
sentation makes it challenging to capture fine details in out-
door large-scale scenes. Conversely, methods employing hash 
grids (Reiser et al. 2023; Zhang et al. 2023), which often avoid 
block-based strategies, may experience slower convergence 
as the number of images increases. To address the above is-
sues, we propose a large-scale scene neural rendering pipeline 
with clustered appearance embedding, termed as LCA-NeRF, 
which considers blocking strategy, training efficiency, and ro-
bustness to nonlinear lighting variations. In LCA-NeRF, we 
follow Mega-NeRF (Turki et  al.  2022) and related methods 
(Tancik et al. 2022; Turki et al. 2023) for spatial partitioning 
to address the issue of large-scale scenes, and employ NGP 
(Müller et al. 2022) as the representation for each sub-model 
to accelerate convergence. Figure 1 clearly demonstrates that 
our LCA-NeRF can render urban-scale scenes with remark-
able realism and exhibits superior clarity in details compared 
to other block-based state-of-the-art methods. For robustness 
to lighting conditions, we posit that appearance embeddings 
fundamentally capture the nonlinear lighting of the scene, 
often related to the geometric positions of light sources. When 
the scene is observed from different viewpoints, the radiance 
conditions for the current perspective can be inferred based 
on geometric relationships. Building upon this insight, in 
LCA-NeRF we propose appearance embeddings based on spa-
tial clustering, which perform well in large outdoor scenes 
with significant lighting variations.

To summarize, our contributions are as follows:

–	 We propose spatially clustered appearance embeddings, 
allowing us to address scenes with significant lighting 
variations without the need for training on the test 
dataset.

–	 We propose a block-based training framework using hash 
grids for large-scale radiance field reconstruction, offering 
improved scalability and convergence speed.

–	 Building upon these two key points, we developed a large-
scale scene neural rendering pipeline, termed LCA-NeRF, 
that surpasses current state-of-the-art block-based methods 
in both speed and rendering quality.

2   |   Related Work

2.1   |   Multi-View 3D Reconstruction

3D reconstruction is a classic task in computer vision, which in-
volves estimating the three-dimensional structure of objects or 
scenes from a set of two-dimensional images. Typically, structure 
from motion (SfM) is required to obtain sparse 3D points of the 
object and the camera poses (Moulon et  al.  2016; Schönberger 
and Frahm 2016). Subsequently, multi-view stereo (MVS) is em-
ployed to derive the object's three-dimensional representation, 
such as meshes or dense point clouds (Schönberger et al. 2016; Xu 
et al. 2022). Moreover, P-MVSNet (Luo et al. 2019) introduces a 
learning-based multi-view stereo framework that leverages both 
isotropic and anisotropic 3D convolutions for estimating a dense 
depth map. Geo-NeuS (Fu et al. 2022) addresses the lack of explicit 
multi-view geometry constraints in volume-rendered neural im-
plicit surface learning. MR-LSD (Guo et al. 2022) proposes a multi-
resolution line segment detector for 2D extraction, reconstructs a 
3D line cloud via an improved Line3D++ matching, and generates 
a manifold surface mesh through Bayesian plane fitting.

2.2   |   Neural Radiance Field

Since the advent of neural rendering and implicit representa-
tion (Eslami et  al.  2018) in 2018, various studies employing 
neural networks for scene representation have made continu-
ous breakthroughs in areas like 3D reconstruction and novel 
view synthesis (Jiang et al. 2020; Park et al. 2019; Sitzmann 
et al. 2019; Yariv et al. 2020). Specifically, NeRF (Mildenhall 
et al. 2021) and its related variants have made significant prog-
ress in fields, such as multi-view reconstruction (Fu et al. 2022; 
Li, Müller, et al. 2023; Long et al. 2023; Wang et al. 2021; Yariv 

FIGURE 1    |    In the Campus dataset (left), comprising over 5000 images and spanning a ground area of 2.07 km2, LCA-NeRF shows a notable im-
provement in terms of rendering quality compared to state-of-the-art block-based methods.
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et  al.  2021), novel view synthesis (Barron et  al.  2021, 2022; 
Chen et al. 2022; Reiser et al. 2023), and autonomous driving 
(Li, Li, and Zhu 2023; Meuleman et al. 2023; Yang et al. 2023).

2.3   |   Fast Training

The vanilla NeRF typically requires dozens of hours to converge, 
and variants based on MLP cannot achieve order-of-magnitude 
improvements in training time. Subsequent acceleration tech-
niques mainly focus on scene representation and sampling 
methods. The former transfers information from the MLP to 
more accessible discrete data structures, such as feature grid 
(Müller et al. 2022; Sun et al. 2022a, 2022b) and feature plane 
(Chan et  al.  2022; Fridovich-Keil et  al.  2023), to expedite in-
ference speed. In contrast to the two-stage sampling in vanilla 
NeRF, the latter methods employ the ray marching algorithm 
to quickly skip over free space, thereby achieving acceleration 
(Müller et al. 2022; Reiser et al. 2023).

2.4   |   Urban-Scale Reconstruction

Currently, many methods have achieved commendable results 
in urban-scale scenarios. Guo et  al.  (2024) segment urban 
buildings from aerial images and fuse multi-view instances 
into a sparse point cloud using a voting-based approach. 
Lin et  al.  (2024), Liu, Luo, Fan, et  al.  (2024), and Liu, Luo, 
Mao, et  al.  (2024) divide city-scale scenes into blocks and 
apply 3DGS (Kerbl et  al.  2023) or 2DGS (Huang et  al.  2024) 
for parallel training, enabling high-quality rendering and 
surface reconstruction. For NeRF-like methods, Mega-NeRF 
(Turki et al. 2022) and Block-NeRF (Tancik et al. 2022) spa-
tially decompose urban-scale scenes into several sub-blocks. 
Each sub-block is allocated its dataset based on visibility or 
spatial clustering, allowing for parallel training. Switch-NeRF 
(Zhenxing and Xu  2022) employs a gating network to allo-
cate 3D points to different sub-blocks. This gating network 
can be optimized alongside the sub-NeRFs for various scene 
partitions.

As the scale of the scene increases, the number of images 
used for radiance field reconstruction also grows, leading to a 
slower convergence rate. This issue is particularly prominent 
in MLP-based methods. Some approaches have adopted the 
aforementioned hybrid representations to address this issue. 
Building on the foundation of Mega-NeRF, GP-NeRF (Zhang 
et al. 2023) employs a hash grid (Müller et al. 2022) and fea-
ture planes (Chan et al. 2022) to represent scenes, achieving a 
notable improvement in training speed by an order of magni-
tude. Grid-NeRF (Xu et al. 2023), on the other hand, utilizes 
tensor fields for scene representation, achieving a compact 
representation and faster training while enhancing the qual-
ity of the rendered output.

In urban-scale scenarios, the space outside the modeling re-
gion is typically considered as an unbounded background area. 
Several methods (Barron et al. 2022; Reiser et al. 2023; Zhang 
et al. 2020) for unbounded scenes compress larger distant spatial 
regions into smaller areas within the space using transformation 

functions. This allows the model to represent boundless scenes 
with reduced capacity. In contrast to these approaches, our LCA-
NeRF primarily emphasizes the expansion of appearance em-
beddings to enable reasoning based on geometric relationships.

3   |   Method

In Figure 2, we present the pipeline of our methodology, which 
primarily includes space and data partitioning as introduced 
in Section 3.2, spatial weighting of appearance embeddings as 
discussed in Section  3.3, sub-model training encompassed in 
Sections 3.4 and 3.5.

3.1   |   Preliminaries

3.1.1   |   Neural Radiance Fields

Given a set of images with known extrinsic parameters {(
R1, t1

)
, … ,

(
RL, tL

)}
, NeRF-like methods represent the scene as 

a probability field into a MLP. Specifically, taking a 3D point 
xi = (x, y, z) and the view direction di =

(
dx , dy , dz

)
 generated from 

the ray emitted from camera r(t) = o + td as input, the NeRF 
MLP outputs the volume density �i and color ci correspond to 
the input:

Following this, volume rendering is employed to aggregate the 
contributions of these sample points, yielding the pixel color. 
Essentially, this computation is equivalent to determining the 
expected values of color (Mildenhall et al. 2021).

where �i = 1 − exp
(
−�i�i

)
 denotes the opacity of xi from the direc-

tion specified by d, and �i = ti+1 − ti denotes the distance between 
adjacent sample points.

3.1.2   |   Multi-Resolution Hashgrid

In implicit representations like NeRF, a large MLP model is 
needed (e.g., nine layers with 256 channels), increasing query 
costs during sampling (Barron et  al.  2022; Fu et  al.  2022; 
Mildenhall et al.  2021; Wang et al.  2021). Moreover, since the 
MLP is approximating the volumetric density function, as the 
scale of the scene grows and details proliferate, the convergence 
rate of the MLP noticeably decelerates.

Some approaches opt to offload part of the scene information 
from the MLP to more accessible explicit data structures  (e.g., 
a feature grid or feature plane). This strategy not only reduces 
the size of the MLP but also supersedes the time-consuming 
MLP computations with fast interpolation operations, thereby 

(1)
(
�i, ci

)
=MLP

(
xi,di

)

(2)
Ĉ(r)=

N−1∑
i=0

�ici, D̂(r)=

N−1∑
i=0

�iti

where �i=Ti�i, Ti =

j=i−1∏
j=0

1−�j
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enhancing the query speed (Chan et al. 2022; Chen et al. 2022; 
Liu et al. 2020; Müller et al. 2022; Sun et al. 2022a):

Owing to the weak inter-element correlations in discrete rep-
resentations, they tend to converge more quickly. Additionally, 
with an increase in the number of parameters, their represen-
tational capability is enhanced. Following instant-NGP (Müller 
et al. 2022), we employ an L-level feature grid to expedite our 
training process.

3.2   |   Space and Data Partitioning

To address large-scale urban scenes with potentially infinite 
scale, we follow the block-based approach of Mega-NeRF (Turki 
et al. 2022), which involves decomposing the scene into multiple 
2D grids. This is particularly effective in our case, as the vari-
ance in altitude among camera poses in our scenes is small com-
pared to the variations in latitude and longitude.

where Oi and Si denotes the centroid and scale of the sub bound-
ing box. Additionally, we apply PCA to the sparse point cloud of 
SfM to extract its two principal axes and align them with the co-
ordinate axes x and y. This is generally reasonable for large-scale 
scenes, as they tend to be relatively flat.

Mega-NeRF (Turki et  al.  2022) and Switch-NeRF (Zhenxing 
and Xu  2022) adopt pixel-level visible partitioning to ensure 

each submodule only trains on potentially relevant pixels. 
However, this process is time-consuming and often requires 
tens of GB of storage. To simplify this step, we use an image-
level partitioning strategy. Specifically, given the segmented 
blocks 

(
Oi, Si

)
 and camera parameters, we generate rays {

ruv
}v=1…H

u=1…W
 for all pixels in image Ij. If a ray intersects the block 

at a bounded point, its mask is set to True. If the number of 
True masks exceeds 1∕Nblock of the image size, the image is as-
signed to the block's training set.

Interestingly, we observe that for methods using feature grids or 
planes, the difference between pixel-level and image-level parti-
tioning is minimal, due to the strong fitting capacity of the hash 
grid. In contrast to pixel-level segmentation, which can take 
hours and consume tens of GB, our method only computes the 
intersection between each pixel and the block, completing parti-
tioning in minutes and requiring only tens of MB.

3.3   |   Spatial Clustering of Appearance 
Embeddings

In the context of outdoor large-scale scenes, it is essential to 
address the challenges associated with dynamic lighting vari-
ations. In NeRF-W (Martin-Brualla et  al.  2021), appearance 
embeddings (AE) are exclusively used as inputs for the color 
network, providing the model the capability to adjust the radi-
ance of the scene in specific images flexibly. AE embeds illu-
mination conditions into a continuous space, enabling smooth 
interpolation across different lighting environments. From 
this perspective, AE may correlate with geometry, as neigh-
boring viewpoints in large-scale, continuous captures typi-
cally share similar illumination conditions.

(3)
fi= interp

(
, xi

)
,

(
�i, ci

)
=MLPshallow

(
fi,di

)

(4)Oi, Si ∈ ℝ
3 i = 1, … ,Nblock

FIGURE 2    |    Overview of LCA-NeRF. We initially divide the scene into several sub-models based on their geometric properties, with each sub-
model occupying a rectangular spatial region and undergoing independent training. Ultimately, the output of each sub-model is fused using Inverse 
Distance Weights (IDW). Our key contribution lies in the use of spatial clustering-based appearance embeddings l(g), which establish a correlation 
between appearance embeddings and geometric properties. Concurrently, employing l(e) to depict the camera's intrinsic exposure.
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However, NeRF-W and following methods (Martin-Brualla 
et al. 2021; Turki et al. 2022; Zhang et al. 2023; Zhenxing and 
Xu  2022) link AE with image indices, causing AE's distri-
bution to lack geometric correlations. This results in a large 
variance in the distribution of AE across different cameras, 
making it challenging to reasonably infer the lighting condi-
tions of new viewpoints during usage, as shown in Figure 3. 
Consequently, it generally necessitates individual optimiza-
tion of embeddings for new images. Particularly, in block-
based methods, additional processing is required. Block-NeRF 
(Tancik et al. 2022) introduces a strategy of matching similar 
AEs across different blocks and freezing the network weights 
while solely optimizing the AEs. Furthermore, Mega-NeRF 
(Turki et al. 2022), GP-NeRF (Zhang et al. 2023), and Switch-
NeRF (Zhenxing and Xu 2022) require training on half of the 
pixels of the test set images to optimize embeddings for test 
images, which can be observed in their code and issues. In 
light of this, we introduce spatially clustered appearance em-
beddings (CAE), allowing them to manifest clustering charac-
teristics in space.

Specifically, for a given set of N calibrated images, we maintain 
an embedding array Le =

{
l
(e)
i

}
i=1,…,N

 characterizing the appear-
ance of image exposure, along with an appearance embedding 
array Lg associated with the camera poses P =

{
Pi, l

(g)
i

}
i=1,…,N

. For 
any given image J that requires rendering with its pose denoted 
as Pj =

[
Rj| tj

]
, the appearance embedding for image J is com-

puted as the sum of the camera's own exposure l(e)
i

 and the local 

illumination l(g)
i

, where the weight of the local illumination is 
determined by the angular and positional deviations.

Here, Sk(j) represents a subset of the set P that is related to the 
pose Pj, �( ⋅ ) represents the reciprocal weight. We first com-
pute the distance among viewpoints using both rotation and 
position errors, and then select the top-k closest viewpoints 
to form Sk(j) , as shown in Equation (6). In large-scale scenes, 
the changes in observed content due to pose displacement 
are relatively small compared to changes in perspective. 
Therefore, we have introduced a hyperparameter �RT to adjust 
the weights between the spatial neighborhood and the view-
point neighborhood.

We adopt this strategy not only during validation but also 
throughout the training phase. This approach ensures a more 

(5)

𝜎=MLPn(x)

c=MLPn
�
x,d, lj

�

where n=
�
i: ‖x−Oi‖<‖Si‖

�
,

lj = l
(e)
j
+

�
i∈Sk (j)

𝜔
�
Sk(j)i

�
l
(g)
i

(6)

Sk(j)=arg min k

�
d
�
Pj,Pn

��
n=1,…,N

d
�
Pj,Pn

�
=�RT arccos

�
tr
�
RjR

T
n

�
−1

2

�

+‖tj−tn‖

FIGURE 3    |    The comparison between using nearest (NAE) and clustered (CAE) appearance embeddings. The top row shows the visualization of 
AEs for a given scene, with the left image corresponding to NAE and the right to CAE. The second row presents rendering results using AEs extract-
ed from the highlighted regions (blue and red boxes). Training with NAE results in local inconsistencies, leading to noticeable lighting differences 
between (a) and (b). In contrast, CAE benefits from spatial clustering, which improves local consistency and enables smoother transitions between 
(c) and (d).
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concentrated spatial distribution of our appearance embeddings, 
resulting in smoother transitions across various views, as shown 
in Figure 3. Per-image appearance embeddings lack consistent 
distribution within geometric neighborhoods, whereas spatially 
clustered appearance embeddings demonstrate enhanced local 
consistency.

3.4   |   Anisotropic Background Contraction

In urban-scale scenes, there always exist vantage points where 
the camera perceives distant, potentially infinite regions. A high 
dynamic range in depth can significantly compromise the reso-
lution in representations such as MLP or feature grid. Therefore, 
parameterizing the unbounded background becomes impera-
tive. Typically, large-scale methods based on MLP use L2 norm 
contraction function for background parameterization (Barron 
et  al.  2022). In contrast, hash grid-based methods (Reiser 
et al. 2023), as introduced by MeRF, employ piecewise-projective 
norm contraction function to facilitate faster sampling.

However, the aforementioned background contraction method is 
isotropic. Considering that in urban-scale scenes, the horizontal 
distribution is considerably wider than the vertical distribution, 
applying the same contraction to both horizontal and vertical 
directions results in overly compacted points postcontraction, 
which is not conducive to the trilinear interpolation of the hash 
grid. To address this, we have implemented a segmented ap-
proach, applying varying degrees of contraction to the horizon-
tal and vertical directions respectively, to achieve anisotropic 
contraction. We begin by presenting the infinity norm version of 
Mip-NeRF 360's contraction (Barron et al. 2022):

In Equation (7), the background region (where the infinity norm 
is greater than 1) is contracted to a bounded cubic shell region. 
This contraction is uniform along all three axes because the 
scales of foreground and background are set to 1 and 2 along 
each axis, respectively. Furthermore, we aim to control the 
scale of each block within large-scale scenes. Therefore, we first 

generalize Equation (7) to arbitrary scales for both foreground 
and background:

where bfg, bbg ∈ ℝ denote the scales of foreground and back-
ground. Considering the limited height variations in urban-scale 
scenes compared to latitude and longitude, we opt for a flatter 
rectangular prism to better fit the actual scene. To achieve this, 
we divided the background region (cubic spherical shell) into six 
truncated pyramids. Due to symmetry, these six truncated pyr-
amids can be represented using only the three truncated pyra-
mids, as shown in Figure 4.

For each truncated cone, we perform contraction according 
to Equation  (8), resulting in our final Equation  (9). Where 
bfg,bbg ∈ ℝ

3 represent the scales of foreground and background 
AABB. And bifg(b

i
bg) denotes the i-th element of bfg(bbg). By utiliz-

ing the contraction function in Equation (9), we achieve a tighter 
compression of the background content.

3.5   |   Optimization

After defining our clustered appearance embeddings and 
anisotropic background contraction, we will now delve 
into our sampling strategy followed by our optimization 
techniques.

3.5.1   |   Point Sampling

We have incorporated ray parameterization inspired by Mip-
NeRF 360 (Barron et  al.  2022) and adopted the hierarchical 
sampling approach introduced by NeRF (Mildenhall et al. 2021) 
into our work. Additionally, we've implemented an AABB to 
distinguish between foreground and background sampling. 
Specifically, we sample Nf = 128 points in the foreground and 
Nb = 64 points in the background, while restricting the back-
ground sampling points to a bounded region. In contrast to 
Mega-NeRF and similar approaches (Turki et al.  2022; Zhang 
et  al.  2023; Zhenxing and Xu  2022), we employ a single hash 
grid to represent both foreground and background concurrently, 
which conserves computational resources.

(7)
x=

⎧
⎪⎨⎪⎩

x, ‖x‖p≤1�
1+b−

b

‖x‖p
��

x

‖x‖p
�
, ‖x‖p>1

,

where p= +∞, b=2

(8)x =

⎧
⎪⎨⎪⎩

x, ‖x‖∞≤bfg�
bbg−

bfg

‖x‖∞
�
bbg−bfg

�� x

‖x‖∞ , ‖x‖∞>bfg

FIGURE 4    |    Contraction region illustration. Background contraction maps unbounded points in the background into a bounded region. Red ar-
eas indicate weaker contraction, resulting in more loosen mapped points; blue areas indicate stronger contraction, resulting in more compact point 
distributions.
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3.5.2   |   Loss Function

We utilize Equation (2) for volumetric rendering to obtain the 
predicted pixel color. The Mean Squared Error (MSE) between 
the predicted color Ĉ(r and the ground truth color C(r)) serves as 
our RGB loss function.

Additionally, we incorporated the distortion loss from Mip-
NeRF 360 (Barron et al. 2022) to encourage a unimodal distri-
bution of the Probability Density Function (PDF) along the ray. 
This step is pivotal in reducing common artifacts such as float-
ing objects and ghosting, which often appear in methods based 
on hash grids.

where si denotes the interval between sample points in the dis-
parity space. And �i denotes the weights of volume rendering 
corresponding to the sample point. Lastly, we employed the 
S3IM (Xie et al. 2023) approach to further enhance the clarity of 
the rendered images.

where M signifies the number of iterations in which rays from 
the mini-batch  are stochastically selected to constitute the 
patch . Ultimately, we arrive at our loss function.

3.5.3   |   Fusion Process

In this section, we provide supplementary details on the fusion 
process of LCA-NeRF and showcase the fusion results. During 
the partitioning phase in LCA-NeRF, each sub-model's AABB 
is expanded by a certain factor to achieve overlap. In the fusion 
phase, we begin by sampling points across the entire scene. 
Subsequently, we query the AABB associated with each sam-
pled point and infer the density and color from the respective 
sub-model. When sampling points fall within the overlapping 
region of AABBs, we employ an inverse distance weight (IDW) 
scheme to weight the output of each block accordingly. When 
the sampled point lies outside all AABBs, we select the near-
est sub-model for rendering. In Figure 5, we present the fusion 
results. Depth maps in Figure 5 demonstrate our block fusion 
method's good geometric consistency. Global perspectives show 
that block radiance field reconstruction with CAE maintains 
lighting consistency, even from distant viewpoints.

4   |   Experiment

4.1   |   Experimental Setup

4.1.1   |   Datasets

We evaluate LAC-NeRF on Building, Rubble datasets from 
Mill 19 (Turki et al. 2022), and Campus, Sci-Art datasets from 
UrbanScene3D (Lin et  al.  2022). The rubble dataset covers 
an area of 206 × 248m2 and involves 1678 images. The build-
ing dataset covers 262 × 438m2 and involves 1940 images. The 
sci-art dataset covers 291 × 491m2 and involves 3019 images. 
The campus dataset covers 1346 × 1542m2 and involves 5871 
images.

4.1.2   |   Evaluation Metrics

We evaluate the existing methods and our method in terms of 
PSNR, SSIM (Wang et al. 2004), and the VGG implementation 
of LPIPS (Zhang et al. 2018) to quantitatively assess our results 
in novel view synthesis.

4.1.3   |   Compared Methods

We compare our model with Mega-NeRF (Turki et  al.  2022) 
with eight partitions and Switch-NeRF (Zhenxing and Xu 2022) 
with eight partitions. Although GP-NeRF adopts the codebase of 
Mega-NeRF, it lacks a comprehensive fusion algorithm within 
its code, and the issue of block fusion is not addressed in the 
paper. Moreover, only a single block is used for training in their 
experiments. Therefore, in our experiments, GP-NeRF (Zhang 
et al. 2023) with 1 partition is utilized.

Crucially, Mega-NeRF (Turki et  al.  2022), GP-NeRF (Zhang 
et al. 2023), and Switch-NeRF (Zhenxing and Xu 2022) utilize 
per-image appearance embeddings, necessitating the use of half 
of the pixels from the test dataset during training to optimize 
the corresponding appearance embeddings, followed by testing 
on the remaining half, which can be observed in their code. In 
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contrast, our LCA-NeRF infers appearance embeddings based 
on the spatial relationships among appearance embeddings in 
the training set. Therefore, LCA-NeRF refrains from training 

on the test dataset images, thus avoiding potential overestima-
tion of test performance. To provide a fair comparison under 
identical experimental conditions, we have also evaluated the 

FIGURE 5    |    Fusion results. The left column displays the fused visual representation with colored masks denoting different blocks. The middle 
column presents a global scene view, while the right column shows the corresponding depth maps. Blue indicates lower depths, and red indicates 
higher depths. The rows correspond to different scenes: rubble, building, sciart, and campus.

TABLE 1    |    Quantitative comparison results with Mega-NeRF, GP-NeRF, and Switch-NeRF on Mill-19 datasets. See Section  4.2 for detailed 
descriptions.

Mill 19—Rubble Mill 19—Building

PSNR↑ SSIM↑ LPIPS↓ Time (h)↓ PSNR↑ SSIM↑ LPIPS↓ Time (h)↓

Mega-NeRF (Turki et al. 2022) 24.06 0.55 0.512 30:48 20.93 0.547 0.504 29:49

GP-NeRF (Zhang et al. 2023) 24.08 0.563 0.497 1:22 20.99 0.565 0.490 1:22

Switch-NeRF (Zhenxing and 
Xu 2022)

24.31 0.562 0.496 42:30 21.54 0.579 0.474 42:30

LCA-NeRF (ours) 24.17 0.638 0.398 3:17 21.23 0.592 0.365 3:30

LCA-NeRF-TE (ours) 24.38 0.647 0.366 3:17 21.61 0.614 0.348 3:30

Note: Bold represents the best result, and underlined represents the second-best result.
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training-on-test version of LCA-NeRF, termed LCA-NeRF-TE, 
that is training on half of the pixels from the test set and subse-
quently testing on the other half of the pixels.

4.1.4   |   Setting

We used 2 × 2 sub-models for the rubble, sci-art scenes, 3 × 1 
sub-models for the building scene, and 3 × 3 sub-models for the 

campus scene. Each scene was trained with 60 K iteration using 
a batch size of 96 × 96 rays. The learning rate was set to 0.006. 
We set �rgb = 1.0, �dist = 0.15, �S3IM = 1.0, �RT = 0.3, ktop = 10. The 
dimension of the appearance embedding was set to 48. The hash 
table size is set to L = 16, T = 220, F = 2. The lowest and high-
est resolutions are set to 16 and 4096. While we independently 
sample foreground and background regions, we utilize different 
portions of a shared hash grid to represent both foreground and 
background. This approach offers the advantage of avoiding 

TABLE 2    |    Quantitative comparison results with Mega-NeRF, GP-NeRF, and Switch-NeRF on UrbanScene3D datasets. See Section  4.2 for 
detailed descriptions.

UrbanScene3D—SciArt UrbanScene3D—Campus

PSNR↑ SSIM↑ LPIPS↓ Time (h)↓ PSNR↑ SSIM↑ LPIPS↓ Time (h)↓

Mega-NeRF (Turki et al. 2022) 25.60 0.770 0.390 27:39 23.42 0.537 0.618 28:03

GP-NeRF (Zhang et al. 2023) 25.56 0.783 0.373 1:22 23.46 0.544 0.611 1:22

Switch-NeRF (Zhenxing and 
Xu 2022)

26.52 0.795 0.360 42:30 23.62 0.541 0.609 45:30

LCA-NeRF (ours) 26.11 0.802 0.312 4:17 23.58 0.584 0.398 5:40

LCA-NeRF-TE (ours) 26.57 0.811 0.289 4:17 23.75 0.588 0.384 5:40

Note: Bold represents the best result, and underlined represents the second-best result.

FIGURE 6    |    Qualitative comparison results on the Mill-19 and Urbanscene3D. The leftmost column displays large-scale scenes rendered from a 
global perspective using LCA-NeRF. Moving from the second to the fifth column, the methods are Mega-NeRF, GP-NeRF, Switch-NeRF, and LCA-
NeRF, respectively. The rightmost column represents the ground truth. The first row corresponds to the rubble scene, the second row to the building 
scene, the third row to the sciart scene, and the fourth row to the campus scene.
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additional overhead for maintaining a separate hash grid ded-
icated solely to the background. We constructed our work using 
the PyTorch-Lightning framework (Falcon  2019) and utilized 
Adam optimizer (Kingma and Ba 2014) for model optimization. 
The model was trained and evaluated on four NVIDIA RTX 
A5000 GPUs.

4.2   |   Benchmark Performance and Analysis

4.2.1   |   Comparison With Existing Methods

We conducted qualitative and quantitative comparisons with 
existing block-based methods (Turki et al. 2022; Zhenxing and 
Xu  2022) and hash-grid-based method (Zhang et  al.  2023) for 
large-scale scenes.

The result in Tables 1 and 2 indicates that our LCA-NeRF has 
achieved the best performance on the four scenes. Our SSIM 
and LPIPS metrics outperform other methods, with a slight 
lead in PSNR. The improvements in SSIM and LPIPS can be at-
tributed to the enhanced richness and clarity of scene details. 
This can also be substantiated by Figure 6, which demonstrates 
that our method exhibits greater clarity in details compared to 
other approaches. This enhancement is a result of our utilization 
of multiple hash grids for scene modeling, which provides a su-
perior model capacity compared to other methods. Lower PSNR 
results of LCA-NeRF can be attributed to the fact that we did 
not use half of the pixels from the test set images for training to 
generate corresponding embeddings. Instead, we inferred em-
beddings through spatial clustering. As a result, we may exhibit 
weaker performance in PSNR, which is sensitive to photometric 
and chromatic aspects.

To maintain fairness, we conducted experiments under the same 
configuration. LCA-NeRF-TE, built upon LCA-NeRF, trains on 
half of the pixels from the test set images and tests on the other 
half. This approach consistently yields superior results across all 
four datasets. The results of LCA-NeRF-TE suggest that training 
appearance embeddings separately for specific viewpoints can 
improve rendering quality. However, in practical applications, 

it is often unknown which appearance embedding to use for 
new viewpoints. Therefore, we ultimately rely on the results ob-
tained by LCA-NeRF.

In terms of training time, LCA-NeRF and GP-NeRF outper-
form Mega-NeRF and Switch-NeRF by an order of magnitude. 
This is primarily attributed to the fact that both of these meth-
ods employ discrete structures and a shallower MLP for rep-
resentation, leading to a notable improvement in convergence 
and inference speed. Our training time, while marginally 
longer than that of GP-NeRF, can be explained by variances 
in our code framework compared to GP-NeRF. Additionally, 
the increased time spent in calculating nearby poses contrib-
utes to this difference. As shown in Figure 7, we present the 
loss and PSNR curves over training time for LCA-NeRF. The 
model consistently converges to a suboptimal value early in 
training and achieves full convergence within a few hours 
across various scenes. Regarding model size, Mega-NeRF and 
Switch-NeRF, which use MLP for representation, need just 
tens of MB for storage. Conversely, GP-NeRF and LCA-NeRF, 
employing hash grids, demand hundreds of MB. Specifically, 
LCA-NeRF's sub-blocks each occupy 300–400 MB. We also 
report the GPU memory consumption of LCA-NeRF across 
different scenes during training time in Table 3. Since the pa-
rameter settings are fixed across scenes, the memory usage 
shows little variation.

In the context of large-scale block-based methods, the archi-
tecture of MLP-based approaches like Switch-NeRF and Mega-
NeRF lacks the structural clarity found in grid-based methods 
such as GP-NeRF and our approach. Furthermore, compared to 

FIGURE 7    |    Loss convergence and PSNR curves of LCA-NeRF during training on the Mill-19 dataset. LCA-NeRF consistently converges within 
a few hours across various scenes.

TABLE 3    |    Per-block average memory consumption during training. 
Since the network and hash grid sizes remain fixed, memory usage 
varies little across different scenes.

Memory 
usage (GB) Rubble Building Sci-Art Campus

LCA-NeRF 
(ours)

14.8 15.4 15.2 15.7
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GP-NeRF, we achieve enhanced geometric detail representation 
in large-scale scenes, primarily because block-wise approaches 
are necessary. To validate the correctness of our hypothesis, we 
conducted the following ablation experiments.

4.3   |   Ablation Study

In this section, we conduct comparisons between LCA-NeRF 
and several ablations on the Mill19-Rubble and UrbanScene3D-
SciArt datasets, which involve unbounded regions and signifi-
cant lightning variations.

4.3.1   |   Effectiveness of Spatial Clustered AE

To validate the effectiveness of spatial clustered appearance 
embedding, we conducted experiments involving LCA-NeRF-
no-em, which trains without appearance embedding, LCA-
NeRF-nearest-em, which trains/tests with nearest appearance 
embedding, and LCA-NeRF-cluster-em, training/testing with 
clustered appearance embedding. We present our results in 
Table  4. Our observations reveal that using clustered appear-
ance embeddings improves LCA-NeRF's rendering quality with 
inference embeddings. On the other hand, relying solely on the 
nearest appearance embeddings for rendering makes it difficult 
to infer embeddings that accurately represent the lighting condi-
tions for the current viewpoint, ultimately leading to a decrease 
in rendering quality.

We also have introduced two hyperparameters ktop and �RT in 
our proposed CAE. We conducted an analysis on the values of 
these two hyperparameters using the Rubble dataset, as shown 

in Table 5. Data in Table 5 indicate that CAE is more sensitive to 
�RT, which is related to camera distribution.

We suggest choosing smaller values for �RT as the camera dis-
tribution becomes denser. Additionally, we observed that the 
choice of ktop affects the consistency after block fusion. When ktop 
is set to smaller values, inconsistencies between blocks become 
more pronounced, as illustrated in Figure 8. This is primarily 
due to the existence of closely situated cameras under varying 
lighting conditions, causing ambiguity in spatially based clus-
tering. When ktop is set to a smaller value, this inconsistency 
becomes more pronounced. Therefore, considering that illumi-
nation can vary due to different shooting times even in static 
scenes, we decouple illumination into l(g), describing local scene 
geometry, and l(e), depicting the camera's own exposure, and opt 
for a larger ktop value. This approach allows for fitting lighting 
variations over shorter time spans, as illustrated in Figure 9.

4.3.2   |   Effectiveness of Hash Grid-Based Partition

To validate the effectiveness of our block-based method, we 
conducted tests on the Sci-art dataset. LCA-NeRF-1×1 denotes 
training the entire scene with a single LCA-NeRF model, while 
LCA-NeRF-2×2 involves dividing the space into four equal 
blocks and training the scene with four separate LCA-NeRF 
models. LCA-NeRF-3×3, on the other hand, signifies the use of 
nine sub-models to model a 3 × 3 grid of regions. Our results are 
presented in Table 6.

The results of 2 × 2 and 3 × 3 models indicate that dividing the 
scene into several sub-blocks and training them separately can 
enhance modeling quality. However, the improvement from 
3 × 3 models compared to 2 × 2 models is marginal, and there is a 
slight decrease in PSNR. We attribute this to the fact that under 
the same experimental conditions, the expressive capacity of the 
hash grid has reached its limit, and finer divisions do not further 
improve modeling quality. Conversely, excessive partitioning 
fragments the dataset, limiting each sub-model from receiving 
sufficient data for training.

4.3.3   |   Effectiveness of S3IM and Distortion Loss

Compared to other block-based approaches, we have incorpo-
rated distortion loss and S3IM loss. To effectively validate the 
positive impact of these two loss functions on our results, we 
also conducted ablation studies for each loss on the Mill19-
Rubble dataset. Our results are presented in Table  7. w/o ∗ 

TABLE 4    |    Ablation experiments for the clustered appearance embeddings.

Mill 19-Rubble UrbanScene3D-SciArt

PSNR↑ SSIM↑ LPIPS PSNR↑ SSIM↑ LPIPS↓

LCA-NeRF-no-em 19.50 0.511 0.486 22.02 0.537 0.544

LCA-NeRF-nearest-em 24.15 0.601 0.432 25.86 0.782 0.348

LCA-NeRF-cluster-em 24.17 0.638 0.398 26.11 0.802 0.312

Note: Bold represents the best result.

TABLE 5    |    Quantitative comparison experiments for different 
values of ktop and �RT.

Method

Mill 19 Rubble

PSNR↑ SSIM↑ LPIPS↓

ktop = 5, �RT = 0.3 23.98 0.627 0.407

ktop = 10, �RT = 0.3 24.17 0.638 0.398

ktop = 15, �RT = 0.3 24.09 0.642 0.395

ktop = 10, �RT = 0.5 23.36 0.598 0.446

ktop = 10, �RT = 0.1 23.61 0.584 0.460

Note: Bold represents the best result.
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indicates training without ∗, while w/ ∗ denotes the inclusion 
of ∗ in training. Table 7 indicates that S3IM is most effective in 
improving the SSIM of rendered images. Furthermore, in our 

experiments, the use of S3IM loss results in clearer depictions 
of objects with complex structures, as illustrated in Figure 10. 
This suggests that applying SSIM supervision multiple times to 

FIGURE 9    |    Qualitative results under similar viewpoints but varying lighting conditions. Inconsistent lighting across geometry is represented by 
l(e), allowing LCA-NeRF to render realistic images with minor dynamic light sources.

TABLE 6    |    Comparison of different block granularities on the Sci-
Art dataset.

Method

Urbanscene3D Sci-Art

PSNR↑ SSIM↑ LPIPS↓

LCA-NeRF-1×1 24.28 0.714 0.363

LCA-NeRF-2×2 26.11 0.802 0.312

LCA-NeRF-3×3 25.96 0.814 0.276

Note: Bold represents the best result.

TABLE 7    |    ablation experiments of dist and S3IM on the Rubble 
dataset.

Method

Mill 19-Rubble

PSNR↑ SSIM↑ LPIPS↓

w/o S3IM 24.05 0.595 0.424

w/o dist 23.28 0.560 0.465

w/ dist and S3IM 24.17 0.638 0.398

Note: Bold represents the best result.

FIGURE 8    |    Qualitative analysis of the value selection for ktop. The first two columns show the rendering effects with different values of ktop, while 
the last column presents the ground truth with a block mask.
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randomly permuted pixel blocks successfully captures global 
structural information, thereby reducing issues of aliasing and 
blurriness. Table 7 demonstrates that dist consistently improves 
all metrics. As shown in Figure 10, omitting dist results in float-
ing objects within the scene. The use of dist, by encouraging 
a unimodal distribution of pdf along the rays, effectively elimi-
nates floating artifacts.

4.3.4   |   Effectiveness of Contraction for Cuboid

Anisotropic background contraction is intended to map the un-
bounded background space into a more compact bounded re-
gion, thereby producing a clearer background. This is supported 
by the ablation study in Table 8 and the qualitative comparisons 
in Figure 11.

FIGURE 10    |    Qualitative ablation experiments for S3IM and dist. Utilizing S3IM and dist loss functions can result in clearer images with fewer 
floating objects in the scene.

TABLE 8    |    Comparison of different contractions. LCA-NeRF-cubic denotes the utilization of the Equation  (7), while LCA-NeRF-cuboid is 
associated with the Equation (9).

Method

Urbanscene3D Sci-Art

PSNR↑ SSIM↑ LPIPS↓

LCA-NeRF-cubic 25.72 0.751 0.339

LCA-NeRF-cuboid 26.11 0.802 0.312

Note: Bold represents the best result.

FIGURE 11    |    Qualitative comparison of different contractions: Left using Equation  (7), Right using Equation  (9). Due to weaker contraction 
strength in the xy direction, anisotropic contraction, as opposed to isotropic contraction, can reveal a clearer background.



14 of 15 Transactions in GIS, 2025

5   |   Conclusion

In this work, we introduce LCA-NeRF, a NeRF variant tailored for 
large-scale scenes, addressing challenges related to lighting varia-
tions and scene details. LCA-NeRF utilizes clustered appearance 
embeddings for adaptive view inference and employs block-based 
partitioning and hash grid representation for enhanced capabili-
ties. We assessed LCA-NeRF on multiple large-scale datasets and 
achieved state-of-the-art results among large-scale methods.

5.1   |   Limitation

While CAE can facilitate smoother transitions between blocks, 
our approach does not account for dynamic scenes, thereby 
struggling to adapt to scenarios where lighting changes dramati-
cally over time, such as in crowdsourced datasets. Our approach 
ties AE to geometric information, creating a structured AE field. 
Therefore, for crowdsourced datasets, we consider linking AEs 
to time, forming a structured dynamic AE field. Additionally, 
volume rendering bias hinders precise geometric recovery. 
Future work will integrate SDF fields and geometric priors for 
refined geometric reconstruction in extensive scenes.
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