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Abstract: High-precision lunar scene 3D data are essential for lunar exploration and the construction
of scientific research stations. Currently, most existing data from orbital imagery offers resolutions
up to 0.5–2 m, which is inadequate for tasks requiring centimeter-level precision. To overcome this,
our research focuses on using in situ stereo vision systems for finer 3D reconstructions directly from
the lunar surface. However, the scarcity and homogeneity of available lunar surface stereo datasets,
combined with the Moon’s unique conditions—such as variable lighting from low albedo, sparse
surface textures, and extensive shadow occlusions—pose significant challenges to the effectiveness
of traditional stereo matching techniques. To address the dataset gap, we propose a method using
Unreal Engine 4 (UE4) for high-fidelity physical simulation of lunar surface scenes, generating high-
resolution images under realistic and challenging conditions. Additionally, we propose an optimized
cost calculation method based on Census transform and color intensity fusion, along with a multi-
level super-pixel disparity optimization, to improve matching accuracy under harsh lunar conditions.
Experimental results demonstrate that the proposed method exhibits exceptional robustness and
accuracy in our soon-to-be-released multi-scene lunar dataset, effectively addressing issues related to
special lighting conditions, weak textures, and shadow occlusion, ultimately enhancing disparity
estimation accuracy.

Keywords: stereo vision systems; lunar surface simulation; high-precision disparity estimation;
optimized census transform; shadow occlusion mitigation

1. Introduction

Humanity’s next step in space exploration involves establishing scientific laboratories
and permanent lunar bases on the Moon, supporting deeper space exploration and scientific
research efforts [1–3]. High-precision 3D lunar surface topography data are essential for the
planning and construction of research stations and other exploration activities. Currently,
available lunar topographic data from missions like the LRO NAC, Chang’e programs,
and recent rover imagery provide valuable high-resolution information. However, these
datasets are primarily derived from orbital or rover-based observations, which limit their
precision in capturing localized lunar surface features. To achieve centimeter- or millimeter-
level precision, in situ stereo vision systems on the lunar surface are necessary. These
systems capture high-resolution image pairs and perform disparity estimation through
stereo matching, enabling the accurate calculation of disparities between images captured
by dual cameras [4]. By integrating stereo disparities with known camera parameters, these
systems can generate highly detailed 3D measurements that are critical for navigation,
hazard detection, and the construction of lunar research stations.

However, the unique visual environment of the Moon poses significant challenges to
traditional stereo matching techniques. The absence of an atmosphere, combined with the
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low albedo and retroreflective properties of the lunar regolith, results in extreme brightness
contrasts between sunlit and shadowed areas. This creates a highly dynamic range in the
captured imagery, with sharp transitions between very bright and very dark regions [5].
Additionally, the lunar south pole, a key target for missions like Chang’e 7, Chang’e 8, and
future scientific station construction [6], where the sun angle is very low, causes the lunar
surface to be frequently obscured by large shadows from rocks and craters. Moreover, the
lunar surface is composed of monotonous material types, leading to a scarcity of texture
information in lunar imagery. These characteristics substantially increase the difficulty of
disparity estimation and 3D reconstruction in lunar scenes.

Another significant challenge is the limited availability and homogeneity of stereo
datasets specific to the lunar surface, which restricts the effective validation of stereo match-
ing algorithms. Widely used stereo matching datasets, such as KITTI [7], Middlebury [8],
and SceneFlow [9], are primarily based on urban or static everyday scenes, which differ
markedly from the lunar environment. Consequently, they are not suitable for validating
stereo matching algorithms intended for lunar scenarios. In practice, many studies on stereo
matching algorithms for lunar scenes [10,11] still rely on these publicly available datasets,
which undermines the validity of the results. While some simulated lunar datasets have
been developed [12], they remain largely uniform and lack the diversity necessary to cap-
ture the varied conditions of the lunar environment. These datasets generally provide only
coarse approximations and do not reflect the specific lighting variations and solar angles
characteristic of different lunar regions. This lack of dataset variety and realism restricts
the ability to thoroughly validate and benchmark algorithms, limiting their adaptability
and effectiveness in real lunar scenarios.

Stereo matching algorithms can be categorized into two main types based on their con-
straints and search strategies [13]: local algorithms and global algorithms. Local algorithms
compute and aggregate costs using information such as image intensity or gradient within
a defined search range [14–16]. They then generate the disparity map using the winner-
takes-all (WTA) strategy. For example, NASA’s Spirit and Opportunity rovers utilized a
correlation-based window stereo matching algorithm [17]. However, these methods are
highly sensitive to variations in image brightness. To address this issue, stereo matching
algorithms based on the Sum of Absolute Differences (SAD) and Sum of Squared Differences
(SSD) were later developed and widely adopted. For example, the Jet Propulsion Laboratory
(JPL) employed an improved SAD algorithm for detecting planetary slopes and rocks [18].
Meanwhile, reference [19] used SSD to estimate the DEM of the planetary surface. Despite
their widespread use, these two algorithms exhibit limited robustness when dealing with
the sparse textures and extreme lighting conditions typical of lunar scenes, resulting in low
disparity estimation accuracy. Traditional local window matching algorithms determine
the match for the central pixel by comparing the grayscale similarity of neighboring pixels
within the window. This approach is prone to errors due to projection distortions that
cause grayscale values within the window to misalign, and the pixel-by-pixel calculation is
time-consuming. To mitigate these issues, Zalih proposed non-parametric rank and Census
algorithms [20]. These algorithms rely on pixel information but replace absolute information
with relative information, reducing the impact of gain and bias and partially addressing the
illumination problem. The Tianwen-1 stereo camera employs a sparse Census transform to
alleviate grayscale variations caused by uneven lighting [21]. However, challenges remain
in accurately estimating disparities in regions with extensive shadow occlusion and weak
textures. Overall, these local methods perform poorly under the specific lighting condi-
tions, weak textures, and shadow occlusions encountered in lunar scenes, making them less
effective for stereo matching in complex lunar environments.

Compared with local methods, global methods operate over the entire image domain
by constructing an energy function with a data term and a smoothness term and then
optimizing this function to obtain a smooth and accurate disparity map. These methods can
more effectively address matching ambiguities, particularly in discontinuous and weakly
textured areas, with techniques such as graph cuts (GCs) [22] and Dynamic Programming
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(DP) [23]. For example, a study [24] proposed an adaptive Markov stereo matching model
for deep space exploration imagery, which achieved relatively accurate disparity estima-
tion by adaptively determining the disparity range and combining window matching
algorithms. However, this method is computationally intensive and inefficient.

Hirschmüller proposed the Semi-Global Matching (SGM) algorithm [25], which com-
bines the advantages of both local and global methods, achieving a well-balanced trade-
off between accuracy and computational complexity. The Planetary Robotics 3D Viewer
(PRo3D) utilizes the SGM stereo matching algorithm to process a large volume of stereo
images captured by the Mars Exploration Rover (MER) mission [26]. Another study [27]
built a coarse-to-fine pyramid framework based on the SGM algorithm to improve the
accuracy of stereo matching in lunar surface scenes. However, when dealing with texture-
less regions, SGM is prone to mismatches, leading to inaccurate disparity maps. In SGM,
the traditional 2D Markov Random Field (MRF) optimization problem is approximated
by a set of 1D linear optimizations along various directions, which enhances efficiency
while maintaining a certain level of accuracy. Nevertheless, since each path independently
aggregates the matching costs without sharing information, insufficient data can lead to
matching voids, resulting in inaccurate final matches. This limitation makes it challenging
for SGM to handle the unique lighting conditions and weakly textured regions on the lunar
surface. Therefore, it remains crucial to explore high-precision stereo matching methods
tailored to the lunar environment.

In this paper, we first utilized the advanced Unreal Engine 4 (UE4) for high-fidelity
physical simulation of complex lunar surface scenes. This not only compensates for the lack
of lunar surface data but also serves as a new test benchmark for algorithm research and
validation. Furthermore, we proposed a stereo matching method for lunar scenes based on
an improved Census transform with multi-feature fusion cost calculation and superpixel
disparity optimization. In the matching cost calculation part, we designed a new Census
transform calculation method and incorporated the image color intensity information
into cost. This improvement reduces the effects of extreme lighting and weak textures
in lunar images. Additionally, in the superpixel disparity optimization part, we divide
the image into superpixels as the basic processing unit for disparity optimization, which
improves the accuracy of disparity estimation in the shadow area of the lunar. Finally, we
validated our methods using the images of high-fidelity physical simulations of complex
lunar scenes. These results show that our approach significantly enhanced the accuracy of
disparity estimation and provided more reliable technical support for high-precision 3D
reconstruction of the lunar surface. The main contributions of this paper are as follows:

1. In response to the scarcity of diverse lunar scene datasets, we developed a high-fidelity
simulation method using the Unreal Engine 4 (UE4) rendering engine to recreate com-
plex lunar environments. This approach not only provides a new benchmark dataset
but also offers a replicable method for generating realistic lunar scene simulations to
support stereo matching research.

2. We develop an improved Census transform, which mitigates noise interference and
enhances robustness against lighting variations. By incorporating image color features
into the improved Census transform, we also improve the accuracy of disparity
estimation in regions with weak or repetitive textures.

3. We propose a superpixel disparity refinement method, including global disparity op-
timization and shadow area disparity filling, which effectively improves the disparity
estimation accuracy of detail areas and shadow occluded areas.

4. Extensive experiments show that our method significantly improves the accuracy
and robustness of parallax estimation in lunar scenes and achieves state-of-the-art
(SOTA) results.

The remainder of this paper is organized as follows: Section 2 introduces the con-
struction of our high-fidelity physical simulation of complex lunar surface scene, Section 3
presents the proposed algorithm, Section 4 validates the effectiveness of the proposed
method through experiments, and Section 5 concludes the paper.
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2. High-Fidelity Physical Simulation of Complex Lunar Surface Scene

This section describes the use of Unreal Engine4’s physical simulation capabilities to
accurately simulate the reflective physical phenomena between light and surface objects
in lunar scenes. This results in a realistic rendered scene with global illumination effects
for image data acquisition. Our simulation is developed based on the Moon Landscape
test scene.

2.1. Lunar Surface Terrain Modeling

Using the default terrain model from Moon Landscape as our foundation, we made
precise adjustments and enhancements to simulate various specialized lunar surface sce-
narios accurately. To achieve higher precision, we meticulously refined the low-resolution
terrain meshes in specific areas, creating high-resolution lunar surface simulation regions
with centimeter-level detail, the lunar terrain simulation model map is shown in Figure 1.
Additionally, we employed manual sculpting and erosion techniques to ensure a lifelike
representation of the lunar surface’s undulations and slopes.

(a) (b)

Figure 1. Lunar terrain simulation model map: (a) Lunar surface terrain mesh refinement model
map. The size of the red area is 10 km × 10 km, where each square grid size is 25.6 cm. The size of
the blue area is 25 km × 25 km, where each square grid size is 2.56 m. The size of the blue area is
40 km × 40 km, where each square grid size is 256 m. (b) Lunar terrain camera rendering map.

2.2. Lunar Texture and Scene Modeling

To ensure scientific accuracy and fidelity, and to simulate lunar surface scenes more
precisely, we referenced Apollo lunar exploration data and imagery from China’s Yutu-2
rover during the scene design process. We modeled the geological features of the real lunar
surface, which are divided into five types: lunar regolith, rocks, impact craters, mountains,
and sky.

Additionally, we added some artificial structures to develop lunar exploration base
construction scenarios or deep exploration scenarios, which include buildings and equip-
ment instruments to create more complex lunar scene features. Each of these characteristics
is depicted using realistic mesh models, enabling the generation of more precise 3D dis-
parity and depth maps in later phases of the project. The wireframe of the scene objects is
shown in Figure 2.
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Figure 2. Wireframe view of scene objects.

2.3. Complex Lunar Illumination Modeling

The lunar surface, covered by low albedo and retroreflective regolith, significantly
affects its reflectivity. The illumination conditions are influenced by the absence of atmo-
spheric and the unique properties of the regolith, resulting in strong lighting with extremely
long shadows and high dynamic illumination range. To accurately simulate these conditions,
we used ray tracing to create reflection lighting effects within craters, rock shadows, and
objects like rovers. We optimized the lighting model to better represent the lunar surface’s
dynamic range of illumination. The original model relied solely on direct sunlight, resulting
in completely black-shadowed areas, unlike real lunar images where light reaches shadowed
regions through surface scattering, earthshine, and starlight. Consequently, we introduced
an enhanced ray tracing model that provides low-intensity light source compensation for
shadowed areas and adjusted the intensity and angle of sunlight. We modeled the color
temperature, irradiance, and angular diameter of the sun to more accurately simulate
the lighting conditions of the lunar polar regions. The comparison between the original
illumination model and the improved illumination model is shown in Figure 3.

(a) (b)

Figure 3. Lighting model comparison: (a) Original lighting model effect. (b) Our improved lighting
model effect.

2.4. Lunar Surface Stereo Vision System Modeling

Unreal Engine 4 (UE4) supports detailed modeling of camera parameters, including
focal length, sensor size, and aperture, as well as various types of lens models, such as
perspective and orthographic lenses. In our study, we employed two virtual cameras to
construct a stereo vision system for image data acquisition. This system utilizes the Z-buffer
to render depth images and generates accurate depth maps based on the coordinates of
each pixel, serving as the ground truth for depth.

In the created stereo vision system, the camera model follows the pinhole camera
model with a focal length of 70 mm, a baseline distance of 300 mm, and a resolution
of 1920 × 1080. The cameras are positioned approximately 8 m above the lunar surface,
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capturing images from a tilted downward view. This setup simulates the scenario of a
stereo vision system deployed at a lunar base in the polar regions of the Moon for scene
exploration and environmental monitoring. Ultimately, we generated multiple sets of lunar
surface images and their corresponding depth and disparity ground truth maps under
varying distances and conditions, as illustrated in Figure 4. These images will be used for
the design and validation of the proposed algorithms.

(a) (b) (c) (d)

Figure 4. Example of a lunar scene dataset created: (a) Left-camera image of the lunar scene. (b) Right-
camera image of the lunar scene. (c) Disparity truth map of the left camera image. (d) Depth truth
map of the left camera image.
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To evaluate the performance of traditional methods in lunar surface scenarios, we
conducted stereo matching using stereo images captured from a high-fidelity simulation of
complex lunar terrain. The results, as shown in Figure 5, indicate that traditional algorithms
perform suboptimally when applied to these challenging lunar images, particularly in areas
with high-contrast lighting differences and weak textures, where noticeable errors occur.
Consequently, it becomes evident that developing a stereo matching algorithm better suited
to these environmental characteristics is critically important.

Figure 5. Examples of the results from traditional stereo matching algorithms BM and SAD in lunar
scenes: (a) Image data collected in our high-fidelity lunar scene physics simulation. This is the left image
of a pair of stereo images. (b) Disparity map obtained using the BM algorithm, showing noticeable
matching errors and disparity gaps, particularly in regions with weak textures and shadow occlusions.
(c) Disparity map generated by the SAD algorithm, also exhibiting significant errors and disparity
voids in texture-sparse and shadow-affected areas.

3. Proposed Methodology

Our work addresses the limitations of traditional stereo matching in lunar scenes,
specifically tackling issues such as high-contrast lighting differences due to the Moon’s
unique environment without an atmosphere and low surface reflectivity, the scarcity of
lunar surface texture information, and extensive shadow occlusion areas caused by low
solar angles. Our method includes two new technologies: First, we proposed an optimized
Census transform multi-feature fusion cost calculation. We improved the original Census
transform to enhance the sharing of neighborhood information in the cost calculation. We
introduced pixel color intensity information to further improve the accuracy of the cost
calculation, which not only reduces the impact of lighting on the lunar scene image but
also refines the matching cost of weak texture areas in the scene. Second, we introduce a
multi-layer superpixel disparity optimization method that combines coarse disparity maps
with image data. By applying both global and local optimizations, our method effectively
addresses shadow occlusion, significantly improving the accuracy of disparity estimation
and resulting in a more detailed disparity map of the lunar surface. The workflow of our
method is shown in Figure 6.

3.1. Optimized Census Transform Multi-Feature Fusion Cost Calculation

The Census transform is a non-parametric transform algorithm that encodes the
differences between neighboring pixels and central pixels. It uses the Hamming distance to
calculate matching costs. In this process, the grayscale values of the surrounding pixels
within a window centered on pixel p are compared sequentially with the grayscale value
of p. If a pixel’s value is greater than that of p, it is recorded as 0; otherwise, it is recorded
as 1. The final matching cost is obtained by sorting these comparison values bitwise and
applying Equation (2) to compute the Hamming distance.

ϑ(I(p), I(q)) =

{
0, I(p)− I(q) ≤ 0
1, I(p)− I(q) > 0

(1)

C(p, d) = Hamming(CTl(p), CTr(p, d)) (2)
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In Equation (1), ϑ(I(p), I(q)) is the comparison function, p is the center pixel of the
window, and q represents other pixels within the window centered on p. I(p) and I(q) are
the intensity values of the respective pixels.

Figure 6. Workflow of the proposed method. On the far left is our input stereoscopic image pair of
the moon scene: (a) The process of our proposed optimized Census transform multi-feature fusion
cost calculation. (b) The process of the multi-layer superpixel disparity optimization.

Since the calculation of matching costs is based on relative information between pixels
rather than absolute values, it exhibits robustness to changes in illumination. However,
this method has notable drawbacks. Firstly, it heavily relies on the center pixel p within the
matching window, making it very sensitive to noise. Secondly, lunar scene images often
contain many weakly textured areas, and this calculation method can result in matching
errors in these regions. To address these issues, we propose the following improvements:

ξq∈Np(I(p), I(q)) =


00, Î(p)− I(q) ≥ δ

01, | Î(p)− I(q)| < δ

10, Î(q)− I(p) ≤ −δ

(3)

Ccen(p) = ⊗q∈Np ξ(I(p), I(q)) (4)

CCen(p, d) = 1 − exp(−
Hamming(Ccenl (p), Ccenr (p, d))

λC
) (5)

where δ represents the intensity difference threshold and is the weighted neighborhood
intensity. The calculation method involves removing the maximum and minimum intensity
pixels within the window and averaging the remaining pixel intensities to obtain Î. In
Equation (3), the weighted intensity of pixels within the matching window Î replaces the
central pixel intensity, and an intensity difference threshold δ is set to reduce dependence
on the central pixel and suppress noise effects. Equation (4) represents the calculation of the
optimized Census cost, where ⊗ denotes the bitwise concatenation operator. The calculation
method is shown in Equation (3). Equation (5) non-linearly maps the calculated matching
cost result to the 0–1 range, introducing λC to control the impact of cost, enhancing the
differentiation of matching costs in weakly textured areas. Where CCen(p, d) represents the
cost value of pixel p at parallax d, Hamming represents the calculated Hamming distance.
Figure 7 illustrates examples of the original Census transform and our optimized Census
transform. From a created lunar scene image, a 3× 3 window was randomly selected. It can
be seen that when the central pixel I = 195 is replaced with a noise pixel 100, the original
Census transform fails, whereas our optimized Census transform remains unchanged,
demonstrating its robustness against noise.
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Figure 7. Comparison of optimized Census transform and original Census transform in weakly
textured areas: (a) The effect of noise on the original Census transform. (b) The effect of noise on the
optimized Census variation method.

Additionally, in order to improve the matching ambiguity caused by the single Census
feature when describing the cost, we introduce the color and intensity information of
the pixel. These features help reduce matching ambiguity, so the pixel color scale was
incorporated into the calculation of the matching cost to improve accuracy. This matching
cost is calculated using Equation (6):

Crgb(p, d) =
1
3 ∑

i=R,G,B
|ILe f t

i (p)− IRight
i (pd)| (6)

However, since the two costs have different scales, an exponential form in the [0–1]
range was used to control the results, ensuring both cost values remain within this range.
This approach prevents significant fluctuations in any single metric from affecting the
outcome. The final matching cost is obtained by fusing these two costs and controlling the
result within the [0–2] range.

Ccom(p, d) = 1 − exp(−
Hamming(Ccenl (p), Ccenr (p, d))

λC
) + 1 − exp(−

Crgb(p, d)
λrgb

) (7)

After the completion of the matching cost calculation, we perform cost aggregation to
fully leverage the pixel information from the neighborhood. This step aims to reduce noise
and errors in the matching cost, ultimately enhancing the accuracy of the final disparity esti-
mation. We have adopted a method similar to that of [28], utilizing cross-based aggregation
to accumulate costs along multiple constructed paths. This proven approach is instrumental
in achieving precise results.

C(p, d) = ∑
r

Cr(p, d) (8)

where Cr(p, d) represents the cost of aggregation along path r. The matching cost calculation
equation on each path is as follows:

Cr(p, d) = Ccom(p, d) + min(Cr(p − r, d),

Cr(p − r, d ± 1) + P1,

min
k

Cr(p − r, k) + P2)− min
k

Cr(p − r, k)
(9)

where Ccom(p, d) represents the multi-cost fusion matching cost. P1 and P2 are penalty
coefficients used to penalize disparity changes between neighboring pixels. P1 penalizes



Remote Sens. 2024, 16, 3930 10 of 19

small disparity differences (i.e., a disparity difference of one pixel), while P2 penalizes larger
disparity differences (i.e., differences greater than one pixel). Generally, P1 is smaller than
P2. After obtaining the aggregated cost, the winner-takes-all (WTA) strategy is employed
to select the optimal disparity, resulting in a coarse disparity map.

D(p) = arg min
d

C(p, d) (10)

3.2. Multi-Level Superpixel Disparity Optimization

To enhance the accuracy of the final disparity estimation, particularly in addressing
matching errors caused by extensive shadow occlusion resulting from the extremely low
solar angle in the lunar south pole region, which is prevalent in lunar imagery, we further
optimize the coarse disparity map obtained from the previous steps. Consequently, we
propose a superpixel-based disparity optimization method based on the SDR approach [29].
Our method integrates input images and initial disparity maps for comprehensive disparity
optimization and detailed correction of specific regions.

Specifically, the input images are first segmented into superpixels using the graph
cut algorithm [30]. These segmented image regions serve as fundamental processing units,
enhancing the stability of the image structure and providing a robust foundation for
subsequent optimizations. The coarse disparity map is then refined through a combination
of global and detail optimization strategies:

1. Global Optimization Layer: The mean disparity of superpixels is inferred using a
Markov Random Field (MRF) framework. An energy function is established where
the data term describes the superpixel disparity distribution via histograms, and the
smoothness term enforces disparity consistency between neighboring superpixels.

2. Detail Optimization Layer: The Random Sample Consensus (RANSAC) method is
employed to fit a slanted disparity plane for the superpixels. A probability-based dis-
parity plane adjustment method is used to further refine the disparity map within the
3D superpixel neighborhood system, effectively addressing shadow occlusion issues.

In the global optimization layer, based on the principles of the Markov Random Field
(MRF), the segmented superpixels are converted into graph nodes. The disparity for each
superpixel is determined by minimizing the following energy function:

E(µ) = ∑
s∈Ω

Edates(µs) + λ ∑
(s,t)∈N

Esmoothst(µs, µt) (11)

where s represents a superpixel, µs is the average disparity of the superpixel, Edates(µs)
denotes the data term, Esmoothst(µs, µt) is the smoothness term, and λ is the balancing
parameter for the smoothness term. Let Ω be the set of all superpixels and on the set of
neighboring superpixel pairs. Considering the irregular shapes of superpixels, the disparity
distribution within a superpixel s is modeled as a normal distribution:

Normd(µs, σs) =
1√

2πσs
exp(− (d − µs)2

2σ2
s

) (12)

where d represents the disparity, and µs and σs represent the mean and variance of the
superpixel’s disparity, respectively.

Next, neighboring superpixels with the same disparity are merged into new superpix-
els to facilitate subsequent detailed optimization. By evaluating the disparity differences
between various superpixels, the three-dimensional spatial relationships among them are
calculated. This determines the 3D neighborhood system of superpixels with disparity
discontinuities. The calculation equation is as follows:

N3d = {(s, t) ∈ N | | µs − µt | ≤ L} (13)
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where s, t represents a pair of superpixels. If their mean disparities are similar, denoted
as |us − µt | ≤ L , they belong to the same 3D neighborhood. Conversely, if their mean
disparities are not similar, denoted as (s, t) ̸∈ N , they do not belong to the same 3D
neighborhood. L represents the width of the disparity segments in the disparity histogram.

In the detail optimization layer, firstly, based on the initial disparity map, the RANSAC
algorithm is employed to establish a slanted plane πs = (as, bs, cs) for each superpixel.
Because we assumed earlier that the disparity distribution within each superpixel follows
a normal distribution, an effective distribution should thus exhibit a unimodal distribution
with a continuous range of disparities. To enhance the robustness of the algorithm, the
disparity density distribution is used instead of the disparity distribution. The disparity
density ρs(d) of the superpixel’s disparity d is defined as follows:

ρs(d) = ∑
x∈s

H
(
| d − d(x) | ≤ L

)
(14)

where L is the width of the disparity segment of the disparity histogram, and H· is the
conditional judgment function, which is defined as follows:

H(·) =

 0, if · is false

1, if · is true
(15)

Since the initial plane {πs} is generated by independently fitting each superpixel, this
can lead to reduced disparity quality in regions with weak textures and occlusions. Therefore,
local prior information is utilized probabilistically within the 3D neighborhood system
(s, t) ∈ N3d established in the global optimization layer to effectively handle occlusions.
Consequently, for a pair of superpixels s, t belonging to a 3D neighborhood, the posterior
probability Pr(πt|p1,...,Ns

) of the disparity plane {πt} can be expressed as follows:

Pr(πt|p1,...,Ns
) =

Pr(p1,...,Ns
|πt)Pr(πt)

∑t′∈N3d(s) Pr(p1,...,Ns
|πt′)Pr(πt′)

(16)

where p1,...,Ns = {pi|pi = (ui, vi, di), i = 1, . . . , Ns} are the observed values of the superpixel.
Then, the weighted least squares method is used to estimate the slant plane of each super-
pixel, and finally, the filtering method is used to further refine it to obtain the final optimized
lunar scene disparity map.

4. Experimental Results
4.1. Dataset Description

To evaluate the effectiveness of the proposed method, we conducted comprehensive
tests using image data obtained from the high-fidelity complex lunar scene physical sim-
ulation described in Section 2. So far, we collected 20 sets of high-resolution lunar stereo
image pairs for experimental evaluation, with imaging distances ranging from 10 to 100 m
in the central area and image resolutions of 1920 × 1080 pixels.

Subsequently, we selected 5 pairs of representative lunar stereo images and their
corresponding ground truth disparity maps to present the results, which are labeled as Scene
1, Scene 2, Scene 3, Scene 4, and Scene 5. These images simulate the presence of structures and
equipment that might exist during the construction of lunar research stations, collectively
forming complex lunar scene features. They cover typical lunar environment features,
including high-contrast illumination changes, weak texture features, and shadow occlusion
areas due to special lighting conditions. The primary objective of these experiments is
to evaluate the proposed algorithm’s ability to handle texture variations and disparity
estimation across scenes with different levels of detail. This is critical for ensuring the
algorithm’s effectiveness in real-world applications, such as lunar surface exploration and
the construction of scientific research stations on the Moon.
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In addition, to avoid the possibility that the artificial structures we added might
introduce extra textures into the images, we created a high-fidelity simulated scene without
any artificial structures, more closely resembling the natural lunar environment, and
conducted tests accordingly. We selected three pairs of representative image pairs, labeled
as Scene 6, Scene 7, and Scene 8.

4.2. Parameter Settings

During the matching cost calculation, the size of the matching window M × N was set
to 7 × 7, with an intensity threshold δ of 50. For the energy function, λ was set to 0.3, and
the disparity segment width L in the data term was set to 2. The parameters σ and k for
the superpixel segmentation were defined as in method 1, where σ is the Gaussian filter
parameter for smoothing the influence of the input, and k affects the size of the segmented
superpixels. In the lunar environment dataset, σ was set to 0.1 and k to 150. Additionally,
the subsequent disparity optimization step required no parameters, demonstrating the
robustness of this optimization.

4.3. Evaluation Metrics

In our experiments, we employed two standard stereo matching evaluation metrics:
badδD(n) and L_RMS, as defined by Equations (17) and (18). badδD(n) represents the
percentage of pixels where the disparity estimation deviates from the ground truth by
more than a specified threshold δD . We set δD to 2.0 and 4.0. L_RMS represents the root
mean square error between the estimated disparity and the ground truth, providing a
comprehensive measure of the overall accuracy of the disparity estimation.

badδD =
1
N ∑

(x,y)∈N
{|dest(x, y)− dgt(x, y)| > δD} (17)

L_RMS =

√√√√ 1
N ∑

(x,y)∈N

∣∣dest(x, y)− dgt(x, y)
∣∣2 (18)

4.4. Comparative Analysis

To thoroughly validate the effectiveness of the proposed method, we compared it with
several other approaches, including SGM [25] and StereoBM [13,18] algorithms which are
widely used in the field of planetary exploration, AD-Census [28], which [5] has been a
prominent stereo matching algorithm, and the deep learning-based method MC-CNN [31].

The visual results of our simulated image of the lunar research stations are presented
in Figure 8. Panels (b)–(f) show the disparity map obtained by our proposed method and
other stereo matching methods, while panel (g) represents the ground truth disparity map.
The figure shows that SGM and BM exhibit significant errors and disparity inaccuracies
in occluded regions. Although AD-Census does not show prominent invalid pixels, it
has substantial errors at object boundaries and exhibits poor smoothness. In contrast,
our method demonstrates superior performance across all three representative scenarios,
producing visually smoother, more accurate disparity maps that effectively represent lunar
surface scenes.

In addition to the aforementioned qualitative visual assessments, Tables 1–3 presents
a quantitative evaluation of the effectiveness of our proposed method. By comparing the
estimated disparity maps with the ground truth disparity maps, we utilized δD and L_RMS
to assess the quality specifically. The results in Tables 1–3 clearly indicate that our method
outperforms the other methods across all evaluated metrics.
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Figure 8. Disparity estimation results for test images of the lunar research stations scene dataset.
(b–f) represent the disparity estimation images of different methods in scenes 1-5 respectively.
(a) Original image. (b) Disparity image obtained by SGM. (c) Disparity image obtained by StereoBM.
(d) Disparity image obtained by AD Census. (e) Disparity image obtained by MC-CNN. (f) Disparity
image obtained by Our method. (g) Ground truth disparity maps.

Table 1. Evaluation results of various advanced methods on representative data of lunar research
stations scene dataset, on ‘bad 2.0’.

Method SGM StereoBM AD Census MC CNN Ours Ground Truth

Scene 1 5.87 7.18 1.73 3.17 1.64 0.00
Scene 2 7.07 9.19 2.35 5.43 2.33 0.00
Scene 3 5.45 7.27 9.62 4.10 0.87 0.00
Scene 4 5.67 9.99 1.40 3.90 1.17 0.00
Scene 5 4.97 7.68 2.08 2.69 1.89 0.00

The best results are marked in bold black.
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Table 2. Evaluation results of various advanced methods on representative data of lunar research
stations scene dataset, on ‘bad 4.0’.

Method SGM StereoBM AD Census MC CNN Ours Ground Truth

Scene 1 4.82 5.98 0.86 2.31 0.25 0.00
Scene 2 6.75 8.60 1.77 5.02 1.37 0.00
Scene 3 4.97 6.02 8.67 2.46 0.28 0.00
Scene 4 4.98 9.32 0.40 3.17 0.36 0.00
Scene 5 4.52 6.57 1.56 2.05 0.94 0.00

The best results are marked in bold black.

Table 3. Evaluation results of various advanced methods on representative data of lunar research
stations scene dataset, on ‘L_RMS’.

Method SGM StereoBM AD Census MC CNN Ours Ground Truth

Scene 1 4.48 5.36 3.21 3.52 0.81 0.00
Scene 2 14.63 15.79 5.12 11.10 3.03 0.00
Scene 3 6.01 4.72 9.77 3.10 1.07 0.00
Scene 4 6.02 8.38 1.71 5.18 0.72 0.00
Scene 5 3.02 4.80 3.14 2.83 0.92 0.00

The best results are marked in bold black.

To further assess the performance of the proposed method, we conducted tests using a
high-fidelity simulation scene that closely replicates the natural lunar environment without
the inclusion of any artificial structures. The purpose of this test was to evaluate the algo-
rithm in a more realistic setting, where the natural surface features of the Moon—such as
sparse textures, high-contrast lighting, and shadowed regions—are predominant, without
the influence of additional textures introduced by man-made elements.

The test results are displayed in Figure 9. As shown, the proposed method demon-
strates strong performance in these natural lunar conditions, maintaining accurate disparity
estimates even in areas with low texture and significant shadow occlusion.

Tables 4–6 present the results of our quantitative analysis, which include the badδD(2.0),
badδD(4.0), and L_RMS metrics. The quantitative analysis further corroborates the visual
observations from Figure 9. Additionally, the L_RMS value of our method was signifi-
cantly lower, indicating that our algorithm provides more consistent and accurate disparity
estimation compared with the other methods. In conclusion, these tables provide a de-
tailed comparison of our proposed method against traditional stereo matching algorithms,
demonstrating its superior performance in handling weak textures, shadow occlusion, and
large disparity discontinuities typically encountered in lunar surface environments.

Table 4. Evaluation results of various advanced methods on representative data of lunar scene dataset,
on ‘bad 2.0’.

Method SGM StereoBM AD Census MC CNN Ours Ground Truth

scene6 9.50 21.69 13.02 24.24 3.26 0.00
scene7 11.03 37.87 43.89 40.51 7.42 0.00
scene8 11.72 24.84 14.36 36.57 3.96 0.00

The best results are marked in bold black.

Table 5. Evaluation results of various advanced methods on representative data of lunar scene dataset,
on ‘bad 4.0’.

Method SGM StereoBM AD Census MC CNN Ours Ground Truth

Scene 1 9.30 20.64 11.70 23.01 0.31 0.00
Scene 2 9.79 34.89 40.72 38.24 2.25 0.00
Scene 3 11.40 24.71 13.07 33.86 3.43 0.00

The best results are marked in bold black.
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Table 6. Evaluation results of various advanced methods on representative data of lunar research
stations scene dataset, on ‘L_RMS’.

Method SGM StereoBM AD Census MC CNN Ours Ground Truth

Scene 1 1.84 15.98 8.13 7.45 0.61 0.00
Scene 2 8.33 13.12 18.49 21.72 1.28 0.00
Scene 3 8.77 10.33 6.90 21.60 3.94 0.00

The best results are marked in bold black.

Figure 9. Disparity estimation results for test images of the lunar research stations scene dataset.
(b–f) represent the disparity estimation images of different methods in scenes 1–5 respectively.
(a) Original image. (b) Disparity image obtained by SGM. (c) Disparity image obtained by StereoBM.
(d) Disparity image obtained by AD Census. (e) Disparity image obtained by MC-CNN. (f) Disparity
image obtained by Our method. (g) Ground truth disparity maps.

4.5. Ablation Study

To evaluate the effectiveness of our proposed method, we conducted three sets of
comparative experiments using images collected from simulated complex lunar scenes. Our
process consists of the optimized Census transform multi-feature fusion cost calculation
(Opt_Census) and superpixel disparity optimization (SDO), denoted as Opt_Census + SDO.
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We used the original Census method without any disparity optimization as the baseline for
these experiments.

In the first set of comparative experiments, we compared the Opt_Census method with
the original Census method while keeping all other components unchanged. The subsequent
processing of the matching cost and the primary matching parameters, such as the size of
the matching window (7 × 7) and the cost aggregation process, remained consistent with
the Census method. This allowed us to specifically assess the improvements introduced
by the Opt_Census method. In the second set of experiments, we introduced SDO into
the Census method to evaluate the effectiveness of SDO. In the third set of comparative
experiments, we combined SDO with the Opt_Census method based on the first set of
experiments to evaluate the overall performance of the improved Census method with SDO.
The visualization results of these three sets of experiments are shown in Figure 10.

(a) (b) (c) (d) (e) (f)

Figure 10. Visual comparison of different methods on example images. The first and second rows are
the results of two pairs of datasets in different combination experiments. They are denoted as Scene 1
and Scene 2, respectively: (a) Left image of the original image pair. (b–e) Disparity map of the Census,
Opt_Census, Census + SDO, Opt_Census + SDO, respectively. (f) Ground truth disparity maps..

The results of the experiments are displayed in Table 7. It is clear that the Opt_Census
method performs better than the original Census method, especially in accurately estimat-
ing discrepancies within shadow occlusion and weak texture regions. In the second and
third sets of experiments, the inclusion of SDO significantly enhances both the Census and
Opt_Census methods. Notably, Opt_Census + SDO produces the best results across all
metrics, showcasing the superiority of our proposed method for estimating disparities in
lunar surface scenarios.

Table 7. Comparison results on the lunar scene dataset. The original Census, Opt_Census, Census + SDO,
and Opt_Census + SDO are listed here. The evaluation indicators are “bad2.0”,”bad 4.0”, and “L_RMS”.

Method
bad2.0 bad4.0 L_RMS

Scene 1 Scene 2 Scene 1 Scene 2 Scene 1 Scene 2

Census 2.72 7.71 1.99 7.50 3.53 16.21
Opt_Census 2.23 2.35 1.25 1.76 3.98 5.04
Census + SDO 1.76 2.81 0.42 1.48 1.42 1.32
Opt_Census + SDR 1.17 2.33 0.36 1.37 0.72 1.30

The best results are marked in bold black.

4.6. Test on Real Lunar Dataset

To further evaluate the performance of the proposed method, we conducted tests
using real stereo images captured by the panoramic camera (PCAM) onboard China’s
Yutu-2 lunar rover. This allows us to validate the algorithm’s robustness on actual lunar
surface data. However, it is important to note that these images needed to undergo epipolar
rectification before the stereo matching process, as accurate alignment is necessary to
ensure high-quality disparity estimation. For the experiment, we randomly selected three
representative lunar surface scenes from the Yutu-2 dataset. These scenes closely resemble
the environments in our synthetic dataset and include typical lunar surface features such
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as low-texture regions, areas with high dynamic contrast, and shadowed occlusions. These
characteristics are known to be particularly challenging for stereo matching algorithms,
which makes this dataset a suitable candidate for assessing the robustness of our method.

Figure 11 presents the left-camera image from the selected Yutu-2 panoramic camera
stereo image pair, along with the disparity maps estimated by our proposed method
and other stereo matching methods for comparison. Each image pair has a resolution of
1176 × 864 pixels. We used the same parameter settings as described in the previous section
to ensure consistency across experiments.

Figure 11. Disparity estimation results for Yutu-2 real lunar scene dataset images: (a) The left-camera
image from the stereo image pair captured by the Yutu-2 panoramic camera. (b–e) Disparity maps
estimated by the stereo matching algorithm SGM, StereoBM, AD Census, and MCCNN. (f) Disparity
map estimated by our proposed method.

The experimental results indicate the high dynamic contrast of the lunar surface,
particularly in regions with both extreme brightness and deep shadows, was well managed,
demonstrating the algorithm’s robustness in handling such harsh lighting conditions. The
three selected stereo pairs encompass typical lunar surface characteristics, including rocks,
occlusions, repeated patterns, and low-texture or even textureless areas. As evident from
the experimental results, accurately estimating the disparity in shadow-occluded regions
remains challenging. For instance, algorithms such as SGM and StereoBM struggle to
provide accurate disparity estimates in these regions, while our method achieves better
results. Additionally, in the third stereo pair, which includes large discontinuous disparity
regions like the black sky background, methods such as AD Census and MC-CNN produce
non-existent values. In contrast, our method effectively addresses these difficult areas,
demonstrating superior performance in handling extreme disparity discontinuities. The
disparity maps generated from the Yutu-2 images, though lacking ground truth for direct
comparison, exhibit visually plausible depth estimates that align with known topographical
features of the lunar surface.

5. Conclusions

In this paper, we propose a method using the Unreal Engine 4 (UE4) rendering en-
gine for high-fidelity simulations to recreate complex lunar environments, addressing the
scarcity of diverse lunar scene datasets. We focused on overcoming the challenges posed to
traditional stereo matching by the high-contrast illumination variations resulting from the
absence of atmosphere and low albedo of the lunar surface, as well as the sparse texture
information due to the unstructured nature of the lunar terrain. To address these issues,
we improved the Census transform cost computation method by optimizing the Census
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transform and incorporating a multi-cost fusion approach. This enhancement mitigated
the impact of the Moon’s unique lighting conditions and improved disparity estimation in
areas with weak textures. Additionally, we introduced a multi-layer superpixel disparity
optimization method, which combines the initial disparity map obtained from the cost com-
putation with superpixels segmented from the input images. This approach significantly
improves the accuracy of disparity estimation in regions with extensive shadow occlusion,
which are prevalent due to the low solar angles at the lunar poles.

In the experimental section, we conducted a comprehensive evaluation using image
data generated from our high-fidelity physical simulation of complex lunar scenes. The
results demonstrate that, compared with several representative classical stereo matching
methods, our proposed approach effectively addresses the challenges posed by the unique
lighting conditions, weak textures, and shadow occlusion present on the lunar surface.
Consequently, our method not only enhances the accuracy of disparity estimation in lunar
environments but also paves the way for new directions in stereo vision research for
deep space exploration. We hope this work will inspire future research aimed at further
optimizing stereo matching technology and expanding its applications in space exploration.
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