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Abstract— Accurate understanding of lunar surface topogra-
phy is vital for effective decision-making and remote control of
lunar rovers during exploration missions. Conventional sensing
methods often struggle to capture the intricate details of the lu-
nar landscape. In response, we propose an innovative approach
that leverages NeRF to synthesize new viewpoints within the
expansive lunar environment. By blending 3D hash grids and 2D
plane grids representations, our approach provides a compre-
hensive scene representation. We employ the technique of spiral
sampling and feature rendering to enhance rendering quality
while simultaneously reducing training time. Additionally, we
leverage sparse point cloud to aid the model in better learning
the geometric structure of the lunar environment. Through
experimentation, we have demonstrated that our method is
capable of synthesizing realistic images of lunar environments.

I. INTRODUCTION

Lunar exploration through robotic rovers is a cornerstone
of space research, enabling humanity to extend its reach
beyond our planet. These missions are characterized by
complex control strategies, where rover mobility hinges on
comprehensive terrain understanding [1], visual localiza-
tion [2], and decision-making. The conventional "move-wait"
control pattern involves multiple steps: scientists, engineers,
and operators collaborate to reconstruct the lunar terrain,
devise optimal paths, and remotely guide the rover. However,
this process often proves time-consuming, consequently di-
minishing task efficiency. One of the critical challenges faced
by lunar rovers is their ability to accurately perceive and
navigate through diverse and unfamiliar terrains. Effective
decision-making and remote control of lunar rovers rely on
a detailed understanding of the lunar surface. Traditional
methods of lunar terrain perception have limitations in cap-
turing complex 3D structures and handling extreme lighting
conditions. As a result, there is a growing need for innovative
solutions that can provide more accurate and informative
representations of the lunar environment.

To overcome these challenges, the integration of virtual
reality technology into lunar rover remote operations presents
a transformative solution. By merging navigation camera
imagery with advanced rendering techniques, virtual real-
ity enhances the interaction between operators and rover.
This approach provides operators with dynamic, versatile
viewpoints of the lunar landscape, augmenting their per-
ception and decision-making capabilities. Virtual reality-
assisted remote operations pave the way for more informed
and efficient decision-making, which is crucial for lunar
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Fig. 1: Novel view synthesis comparison.

rovers navigating complex lunar terrains. The key to effective
virtual reality-assisted remote operations lies in construct-
ing accurate and comprehensive virtual lunar environments.
These environments necessitate dense 3D reconstruction or
novel viewpoint synthesis based on existing images. Classical
dense 3D reconstruction methods [3], [4], [5] rely on local
image similarity, which often encounters issues in scenes
characterized by repetitive textures and limited overlapping
areas. In contrast, image-based novel viewpoint synthesis
methods [6], [7], [8] generate high-quality images without
explicit 3D model. Notably, NeRF [9] has garnered attention
for its capabilities in this regard. NeRF’s ability to model
complex scenes and generate realistic images from sparse
input data [10], [11], [12], aligns well with the requirements
of lunar exploration missions.

In this paper, we present an innovative approach that
leverages NeRF to synthesize novel viewpoints within the
expansive and unbounded lunar environment. Our aim is to
enhance the perceptual capabilities of lunar rovers, allowing
them to virtually observe the lunar surface from varying
angles. Our approach combines 3D hierarchical feature grids
and 2D planar feature grids to create a hybrid scene rep-
resentation that captures the intricacies of lunar topogra-
phy. Moreover, we introduce a multisampling and feature
rendering technique that not only enhances the quality of
synthesized images but also reduces the training time of the
model. To enable accurate learning of the scene’s geometric
structure, we incorporate sparse point cloud supervision,
refining the training process. Fig. 2 illustrates the overview
of our approach.
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Fig. 2: Overview of our method. We utilize a spiral sampling approach to approximate the shape of a cone and employ
hybrid feature grids to represent the scene. For each sampled point, we interpolate both 3D and 2D features, which are
jointly fed into a shallow MLP to regress voxel density and appearance feature vector. Through feature rendering, we acquire
pixel feature to regress color. Simultaneously, we employ the depth obtained from the projection of a sparse point cloud to

supervise the rendered depth.

To summarize, our key contributions are:

e We propose a hybrid feature grid representation for
unbounded lunar scene.

e We introduce a method involving spiral sampling and
feature rendering, achieving anti-aliasing effects and
simultaneously accelerating the rendering speed.

e Our approach achieves the best rendering results on both
real and synthetic lunar datasets.

II. RELATED WORK

Neural Scene Representations. Neural scene represen-
tation has emerged as a transformative approach in com-
puter vision. Pioneered by Neural Radiance Fields (NeRF),
this methodology employs neural networks to model com-
plex scenes, allowing for novel view synthesis and recon-
struction from limited input data. NeRF and its follow-
up works show impressive results on novel view synthe-
sis [13], [14], [15], 3D reconstruction [16], [17], [18], pose
estimation [19], [20], [21], training acceleration [22], [23]
and dynamic scene representation [24], [25], [26].

Accelerating NeRF. NeRF [9] encodes the scene within
the MLP in an implicit manner, resulting in efficient storage,
yet the processes of reconstructing and rendering are notably
time-consuming. A thread of studies demonstrate that the
training of NeRF can be accelerated through the utilization of
explicit representation. NSVF [27] utilizes the sparse voxel
structure which enables the renderer to skip empty regions
during ray tracing to achieve efficient rendering. DVGO [28]
enhances the efficiency of radiance field reconstruction by
optimizing voxel grids of neural features. The parameters
of 3D dense grids grow by O(N?), resulting in significant
memory wastage. Instant-NGP [29] effectively reduces the
number of parameters that require optimization by employing
hash tables. TensoRF [30] leverages tensor decomposition

techniques to reconstruct radiance fields compactly as a
joint representation of matrices and vectors. However, the
rendering models utilized in the methods above treat pixels as
individual points and disregard the relevant area around the
sampling points. Our method addresses this issue by efficient
multisampling, which enhances rendering quality and reduce
computational time.

Unbounded Scene Reconstruction and Rendering. It’s
a longstanding research challenge in image processing and
computer graphics. Early approaches primarily relies on
structure-from-motion (SfM) [31], [32] and multi-view stereo
(MVS) techniques [33], [34]. SfM algorithms, such as
COLMAP [32], focus on recovering camera poses and sparse
3D points from a set of images, enabling the generation
of initial scene representations. MVS methods extend these
sparse representations to dense 3D reconstructions by lever-
aging photo-consistency and depth map fusion from multiple
viewpoints. The domain of unbounded 3D reconstruction
and rendering has witnessed substantial advancements with
the emergence of novel techniques. NeRF++ [35] partitions
unbounded scenes into foreground and background and mod-
els them separately using MLPs. Mip-NeRF 360 [36] uses
inverse-sphere warping to map an infinitely large space to
a bounded sphere. F2-NeRF [37] introduces a novel space-
warping technique called perspective warping, which is able
to render high-quality images with arbitrary trajectories.
Zip-NeRF [38] integrates iNGP’s pyramid of grids into
Mip-NeRF 360’s framework, achieving improved rendering
quality and faster training speed.

ITI. PRELIMINARIES

Given multi-view images with calibrated camera poses,
NeRF [9] represents the 3D scene using the weights of
a multilayer perceptron, that maps a spatial position x =
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Fig. 3: Visualization of the multisampling. We employ spiral
sampling to simulate the shape of a cone. By computing the
weighted sum of the hybrid features of the sampled points,
we obtain the feature of the conical frustum’s center point.

(z,y,7) and viewing direction d = (dj,dy,d,) to the
corresponding density o and view-dependent color c:

(07 f) = MLP91 (X)v (h
c= MLPf)z (f7 d) (2

where f is an intermediate embedding during the color
learning process, and 6 = [f1, 03] represent the parameters
of the neural network.

For each pixel coordinate p € R?, NeRF samples N points
x; along ray r from given near and far bounds t,, and t;.
It then calculates corresponding density o and color c. Via
volume rendering, we can render the color at pixel p:

N
= Z wW;Ci 3)
EZ%

where w; is the welght of each sampling point; J; is the
distance between adjacent samples. To cope with unbounded
scene, we employ the parameterization approach used in
Mip-NeRF360 [36], mapping the entire space into a bounded
region within the range of [—2,2]:

= exp(— )(1 — exp(—0;6;)) 4)

x/r [l < r
C = mp) () x>

where r represents the boundary of the region which is
contracted into the range of [—1,1].

contract(x) = { (5)

IV. METHOD
A. Hybrid Feature Grid Representation

For the sphere with a radius of r obtained from (5),
we construct multi-resolution spherical hash feature grids
Gqsh to represent lunar surface scene in polar coordinates.
Compared to Zip-NeRF [38] that directly uses square hash
grids to cover the spherical region, which means some grid
parameters located outside the contracted region are never

utilized, spherical hash grids fully utilize parameters of the
feature grids to represent the scene. For any 3D point x =
[,y, 2] and level I, we perform feature encoding through
trilinear interpolation:

£l = interp3D (G}, ), contract(x)) (6)

Although 3D hash grids efficiently represent scenes, they
are significantly affected by hash collisions at high resolu-
tions, especially when dealing with images captured in an
outward 360° view that contain large scale area. Considering
that lunar surface environments can be approximated as a
plane, we adopt multi-resolution axis-aligned plane grids
Gpiane to alleviate the impact of hash collision. Firstly, we
project the point onto the xy plane to obtain the coordinates
Xzy and apply the parameterization. Then we perform plane
feature encoding through bilinear interpolation at each level:

£}, = interp2D(G! contract(Xzy)) (7

plane>

The two types of features from all levels are concatenated
as the hybrid feature of point.

The parameters of plane grids grow quadratically with
the highest resolution. Compared to simply increasing the
length of the hash table, using additional plane grids is more
memory-efficient.

B. Multisampling and Feature Rendering

We cast a cone with a radius of r¢ from the center of each
pixel in line with the strategy in Mip-NeRF [13], where ¢ is
metric distance along the symmetry axis of cone. To account
for the space occupied by the cone, the feature f of each
conical frustum should be the integral of all points’ features

within it:
fz/W@mm@ ®)

where p is a point inside the conical frustum, () denotes a
function that queries the hybrid feature of p, W is a function
for weights based on the coordinates. However, due to the
computational complexity, this equation is almost impractical
to implement efficiently. Inspired by Zip-NeRF [38], to
discretely approximate the conical volume, we sample M
points along a spiral with k loops on the lateral side of the
conical frustumas shown in Fig. 3:

rljcos(2mkj /M)
rlsin(27kj /M)
lj

where [; = t; + (ti41 —t:)(j +1/2)/M. We use normalized
inverse distance between the sample points and the conical
frustum center x; to aggregate the local features f; ; of these
M sampling points, aiming to obtain a single feature f; that
describes the region inside the conical frustum:

Pij = =01,.(M~1)p (©)

1

f; = i 05 = (10)
ZZ 7 e -l

Instead of directly employing the MLP to regress color and
volumetric density for every sample point as NeRF and its
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followers do, we feed the hybrid feature into a shallow MLP
to obtain the volumetric density ¢ and appearance feature

fopp:

(Uia fapp_i) = MLP spaii0w (fz) (11)

then calculate the weights for each conical frustum utilizing
the obtained o according to (4). Subsequently, we render the
appearance features into an integrated feature f,;,; for the
corresponding pixel, as shown in Fig. 4:

N
fpizel = Zwifapp_i (12)
=1

A larger MLP is applied to decode colors from the
rendered features:

a(r) = MLPlarger (fpizela d) + WpgChy (d) (13)

where ¢y, is a learnable variable related to the viewing
direction, representing the space background color. It can
be implemented by spherical harmonics functions or a small
MLP:

Chg = fspace(d) : S* — R3 (14)

The weight of the background is calculated based on the sum
of weights along the rays:

N
wpg =1 — E wW;
i=1

Using this approach, rendering a pixel color requires only
one MLP evaluation, avoiding color regression for each
sampling point. Despite sampling more points compared to
other methods, our technique significantly accelerates the
rendering process. The appearance loss L, for ray r with
true color C(r) is:

15)

Leoor = 3. [[€) - €00) (16)

reR

C. Sparse Depth Supervision

The method of rendering feature is indeed reasonable
and can effectively improve rendering speed in most cases.
However, when majority of training images contain un-
bounded regions, this approach may fail to learn the ge-
ometric representation of the moon scene, as it does not
find the surface distribution. In order to identify the correct
optimization direction, similar to [12], we utilize the sparse
point cloud obtained during the camera pose estimation using
COLMAP [32]. By projecting this sparse point cloud into
various viewpoints, we acquire sparse depth for supervision.

Similar to (12), the depth estimate is computed from the
rendering weights and the upper bound distance inf:

N
]5(1‘) = Z witi + Wyg * inf

=1

a7

Y774
C=[=c

Fig. 4: In Mip-NeRF360 [36] and Zip-NeRF [38], color
regression is performed for each conical frustum center point,
followed by volume rendering to calculate pixel colors. In
our model, the feature vector of the conical frustum center
point is initially processed through a shallow MLP to derive
volume density and appearance feature vector. These features
along the ray are rendered and ultimately fed into an MLP
to calculate pixel color.

The geometric loss is a L2 loss between the inverse
projected and predicted depths, which results in a slightly
better quality than MSE:

Lgeo = Z

reP

2
1 1

56~ D) (18)

2

where P are the rays generated by projected pixels from the
sparse point cloud. This step enables us to use geometric
prior information to guide the optimization process, thereby
enhancing the accuracy and stability of the algorithm.

D. Optimization

Considering that the images collected by the lunar rover
contain the space background, L;, regularizes the space
background probability wpyy; to focus on either the fore-
ground or the background:

Lyg = —wpglog(wpg) — (1 — wpg)log(l — wey) (19)

To optimize the neural scene representation, we minimize
the following loss:

L= /\colorLcolor + AgeoLgeo + Abngg (20)

where Acolor; Ageos Apg are weighting parameters.

V. EXPERIMENTS
A. Dataset

In the experiment, we assess the performance of our model
on both synthetic and real lunar surface datasets.

Synthetic Dataset. We generate a series of lunar image
sequences using UE4, employing the same capture approach
as the real data, with the camera tilted downward, capturing
an image every 20 degrees along the circumference. To
emulate the real lunar surface environment as closely as
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Fig. 5: Novel view synthesis comparison. The poses of the test viewpoints are derived from the left eye of binocular camera
located at specific positions, as shown in (a). To compare the performance of various models under sparse viewpoints, we
further exclude the right-eye images corresponding to the test viewpoints from the training dataset. The rendering results

are shown in (b).

feasible, the synthetic images encompass not only regular
scenes but also incorporate elements of strong reflections,
shadows, and other intricate phenomena.

Real Dataset. The real lunar images were captured by
the "Yutu-2" lunar rover in 2019. During the lunar rover’s
exploration, the onboard binocular camera captures an image
sequence of a scene by following a circular path. The ex-
trinsic parameters for both the real dataset and the synthetic
dataset are estimated using COLMAP [32].

B. Baselines and Metrics

Our approach employs a hybrid representation, utilizing
both hash grids and dense planar grids. We compare our
model with various forms of NeRF methods, including MLP
based method Mip-NeRF360 [36], hash grids based methods
Instant-NGP [29] and Zip-NeRF [38]. We evaluate all models
using PSNR, SSIM, and LPIPSy ¢¢ metrics.

C. Implementation Details

We construct 9 levels of spherical hash grids with resolu-
tions from 2% to 2'2. The hash table length is 22! and the

stored feature vector dimension is 4. We design plane feature
grids with four resolutions from 2% to 2''. Each plane grid
has a feature dimension of 4. The shallow MLP for ¢ has
only 1 layer with 64 hidden units and ReLU activation. The
larger MLP for color has 3 layers with 256 hidden units. In
multisampling, we set the point number M = 8 and the loops
k = 2. In the loss function, we set Acoior=1.0, Ageo=0.1,
Abg=0.005. Our model is implemented with Pytorch and is
trained with a batch size of 24 rays. The runtime for all
experiments is measured on an NVIDIA Titan GPU.

D. Results on Real Datasets

We first report the results on real datasets in Fig. 5(a),
where these perspectives originate from the left eye of a
binocular camera, with the corresponding right eye partici-
pating in the training process. Our model achieves the best
rendering quality among all the NeRFs. The images syn-
thesized by the original NeRF exhibit significant blurriness,
owing to the fact that the NDC coordinate system is effective
for forward-facing unbounded scenes but is inadequate for
addressing outward-looking unbounded scenes. The results
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TABLE I: Performance on synthetic and real lunar surface datasets. Red and orange highlights indicate the 1st and 2nd best
performing technique. Our method could achieve high rendering quality while keeping relatively low time consumption.

Dataset: Syntheic 1 Syntheic 11 Real I Real 11

Metric: | PSNR  SSIM  LPIPS | PSNR SSIM LPIPS | PSNR SSIM LPIPS | PSNR SSIM LPIPS | Avg. Time
NeRF 2441  0.63 0.59 2398  0.63 0.60 22.14  0.35 0.72 18.60  0.38 0.71 8 h
Instant-NGP 25776 0.70 0.49 2672 0.72 0.49 23.65 0.46 0.60 | 2058 0.44 0.64 12 min
Mip-NeRF360 29.27  0.75 0.31 29.52  0.79 0.32 2459  0.60 0.48 22.04 059 0.51 18 h
Zip-NeRF 29.58  0.77 026 | 29.17 0.80 0.28 26.54  0.71 0.35 23.03  0.65 0.44 1h
Ours(w.o. plane grids) 29.71  0.82 0.31 3026  0.82 0.30 2696 | 0.74 0.35 2358  0.69 0.42 45 min
Ours(w.o. f. rendering ) | 28.82  0.79 0.32 28.52  0.79 0.33 26.56  0.72 0.35 2351  0.68 0.41 1.1 h
Ours(w.o. sparse depth) | 30.77  0.82 0.27 31.10 0.82 029 [ 27.03 | 0.72 0.36 2356  0.67 0.44 50 min
Ours(all) 31.12  0.85 024 | 3244 0.86 0.22 27.02  0.74 0.33 23.66  0.70 0.41 48 min

from Instant-NGP [29] are slightly sharper but distant ele-
ments still lack the desired clarity due to the absence of scene
parameterization. The rendering outcomes of Mip-NeRF
360 [36] and Zip-NeRF [38] closely resemble real images;
however, certain details are not well pronounced, and Mip-
NeRF 360 suffers from prolonged training time. Thanks to
the multisampling and feature rendering, our model captures
the scene’s details while requiring comparatively less training
time. The comparison of the results in Fig. 1 is also the same.
Detailed metrics for each model are listed in Table 1.

When both the left and right eye images captured at a spe-
cific location are not included in the training data, we employ
the pose of the left eye image for rendering, as shown in Fig.
5(b). Due to the limited overlap of adjacent training view-
points in this region, Zip-NeRF and Instant NGP generate
blurry results, while only our model reasonably reproduces
the appearance of the scene. We leverage the sparse point
cloud generated during the process of estimating extrinsics
for training the radiance field. This enables our method to
perform well even under sparse viewpoints. Removing the
supervision of the sparse point cloud leads to a decrease in
rendering quality, as shown in Fig. 6.

E. Results on Synthetic Datasets

The results in Table I demonstrates that our model con-
tinues to exhibit superior performance on the synthetic
datasets. Similar to the performance on the real datasets, our
approach more realistically reproduces the lunar simulated
environment compared to other models. The ablation exper-
iments reveal that the feature rendering technique effectively
enhances the performance of our method on the synthetic
datasets. This leads to a reduction of approximately 25% in
time consumption, while concurrently improving rendering
quality.

w.0. sparse depth ours

Fig. 6: Qualitative results of ablation study.

ours

Zip-NeRF

Fig. 7: RGB images and depth maps rendered by Zip-
NeRF [38] and our method.

Given UE4’s scene editing capabilities, we conduct further
experiments by modifying lighting intensity, angles, expo-
sure, and more without altering the image capture approach.
We observe that our model exhibits stronger robustness
under complex lighting conditions, as shown in Fig. 7. After
training with sparse viewpoint images, Zip-NeRF generates
erroneous lighting and shadow effects when tested from
different angles. By further scrutinizing the rendered depth
maps, we find that the incorrect rendering results of Zip-
NeRF stem from its failure to learn the scene’s continuous
geometric structure. Lighting and shadow effects mislead
its optimization process. Conversely, our method accurately
captures the variation of lighting with observation direction.

VI. CONCLUSIONS

This paper propose a hybrid representation of 3D spherical
feature grids and 2D planar feature grids for the lunar
environment. The introduction of the multisampling and
feature rendering technique enhances the quality of syn-
thesized images, while the incorporation of sparse point
cloud supervision refines the radiance field training process,
ensuring more accurate scene geometry capture. Through
comprehensive experiments, we have demonstrated the ef-
fectiveness of our approach in generating novel viewpoints
and enhancing the perception capabilities of lunar rovers.
The results show the potential of NeRF-based synthesis in
assisting lunar exploration missions, ultimately contributing
to more efficient and successful space exploration endeavors.
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