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Figure 1: Overview of the M3arsSynth data engine and MarsGen video generator. The
M3arsSynth engine processes NASA stereo navigation imagery into a versatile multimodal Mars
dataset comprising video, depth/normal maps (from 3D reconstructions), and text descriptions. These
outputs advance Mars scene generation and simulation for mission rehearsal and robotic navigation.

Abstract

Synthesizing realistic Martian landscape videos is crucial for mission rehearsal and
robotic simulation. However, this task poses unique challenges due to the scarcity
of high-quality Martian data and the significant domain gap between Martian and
terrestrial imagery. To address these challenges, we propose a holistic solution
composed of two key components: 1) A data curation pipeline Multimodal Mars
Synthesis (M3arsSynth), which reconstructs 3D Martian environments from real
stereo navigation images, sourced from NASA’s Planetary Data System (PDS),
and renders high-fidelity multiview 3D video sequences. 2) A Martian terrain
video generator, MarsGen, which synthesizes novel videos visually realistic and
geometrically consistent with the 3D structure encoded in the data. Our M3arsSynth
engine spans a wide range of Martian terrains and acquisition dates, enabling the
generation of physically accurate 3D surface models at metric-scale resolution.
MarsGen, fine-tuned on M3arsSynth data, synthesizes videos conditioned on
an initial image frame and, optionally, camera trajectories or textual prompts,
allowing for video generation in novel environments. Experimental results show
that our approach outperforms video synthesis models trained on terrestrial datasets,
achieving superior visual fidelity and 3D structural consistency.
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1 Introduction
The advancement of space exploration is critically dependent on the development of robust robotic
systems and operational procedures Gao and Chien (2017) tailored to diverse extraterrestrial envi-
ronments. A major challenge across such domains is the lack of platforms capable of synthesizing
realistic and dynamic data. This limitation hinders autonomous mission planning Maurette (2003),
operational rehearsal Wright et al. (2005), rover navigation, and the execution of complex robotic
tasks Huntsberger et al. (2000); Mathers et al. (2012). Current publicly available extraterrestrial
imagery, for example from NASA’s Martian rovers such as Curiosity and Perseverance—is typically
provided as static stereo pairs captured from discrete and sparsely distributed viewpoints. The quality
of these images is also affected by the interplanetary bandwidth limitations Goldstein (1968) and
operational constraints. As a result, reconstruction of photorealistic 3D environments from such
sparse and constrained imagery, a common challenge in planetary datasets, remains a obstacle.

Recent advances in video synthesis Brooks et al. (2024); Kong et al. (2024); Jin et al. (2024) offer
promising avenues to mitigate these challenges. However, training an effective video generation
model conditioned on sparse Martian imagery or reconstructed 3D models remains difficult. Most
existing models Yang et al. (2024); Wang et al. (2025a), which are typically trained on large-scale
terrestrial datasets, struggle to generalize to the Martian domain due to the substantial domain gap.
In addition, the challenges inherent to 3D reconstruction on Martian data often result in geometric
models with insufficient accuracy, making it difficult to support high-fidelity, 3D-consistent video
synthesis from such limited inputs.

To bridge this gap, we introduce a holistic solution for the synthesis of realistic Martian landscape 3D
videos. We first propose Multimodal Mars Synthesis (M3arsSynth), a data curation framework.
M3arsSynth processes sparse and photometrically inconsistent stereo navigation images, sourced
from NASA’s Planetary Data System (PDS) 3. Leveraging the strong generalization capabilities of
geometric foundation models, it achieves robust 3D scene reconstruction as a critical intermediate
step. This process allows for the creation of physics-accurate 3D surface models at metric-scale
resolution, which form the basis for rendering high-fidelity 3D video sequences. The principal
output of M3arsSynth is a large-scale, versatile multimodal dataset. This dataset includes synthesized
videos, corresponding camera motion trajectories, detailed geometric information such as depth
maps, and associated textual descriptions, all designed for diverse Martian applications. The second
component of our solution is MarsGen, a video-based Martian terrain generator. MarsGen utilizes
the rich dataset produced by M3arsSynth along with other multimodal conditioning inputs (such as
an initial image frame, specified camera trajectories, or textual prompts) to accurately synthesize
novel, 3D-consistent video frames and dynamic environments, enabling the controllable generation
of new Martian scenarios not present in the original rover data.

Experimental results demonstrate that our unified solution significantly surpasses existing Earth-
trained video synthesis approaches, encompassing both open-source and closed-source alternatives.
Our method achieves superior visual quality in the generated Martian videos, robust 3D consistency
across frames, and enhanced camera controllability, offering a substantial improvement for realistic
simulation. Our primary contributions are:

• We introduce M3arsSynth, a multimodal data engine that transforms challenging rover-
captured stereo navigation imagery into high-quality assets for synthesizing controllable
video for Mars missions. By leveraging geometric foundation models, M3arsSynth creates
metric-scale 3D environments, effectively addressing critical issues such as sparse-view
coverage and photometric inconsistencies to produce over 10K physically accurate 3D
Martian surface models.

• Our work enables controllable video generation of Martian terrain, MarsGen, starting from
a single-view image input and conditioned on camera poses or text prompts, yielding
photorealistic and 3D-consistent video sequences.

• We evaluate our generated controllable video across key metrics, including visual fidelity,
our proposed 3D video consistency, and camera controllability. Our approach significantly
outperforms models trained primarily on terrestrial data, demonstrating its strong potential
for future data-driven robotic simulation.

3https://pds-imaging.jpl.nasa.gov/beta/archive-explorer
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2 Related works

Planetary Environment Simulation. Prior efforts in simulating planetary environments Jain et al.
(2003); Tian et al. (2024) have focused on enhancing the interpretation and interaction with Martian
data. Approaches include Mixed Reality (MR) technologies Mahmood et al. (2019); Memarsadeghi
and Varshney (2020), such as those developed by NASA JPL's Operations Lab and Microsoft Aber-
crombie et al. (2017); Beaton et al. (2020), enabling immersive exploration of 3D terrain models from
rover data. Additionally, 3D reconstruction techniques like the MaRF Giusti et al. (2022) framework,
which employs Neural Radiance Fields (NeRF) Mildenhall et al. (2021) for continuous volumetric
representations from sparse images, have improved visualization from novel viewpoints. However,
the MaRF framework is notably limited, having been demonstrated in different 3D environments.
More broadly, these existing technologies often require high-quality, consistent visual data and exhibit
limitations in scalability and adaptability. Our approach addresses these challenges by employing
video generation models trained on a dedicated video dataset produced by our specialized data
processing pipeline.

3D Modeling from Sparse Views. Reconstructing 3D scenes from sparse views Chen and Wang
(2024) is a signi�cant challenge. NeRF and 3DGS Kerbl et al. (2023) typically demand hundreds
of images and rely on the Structure-from-Motion (SfM) Schönberger and Frahm (2016) approach
(e.g., COLMAP Schonberger and Frahm (2016)). To address this, some works leverage priors by
pre-training on large datasets Chen et al. (2021); Johari et al. (2022); Yu et al. (2021); Chibane et al.
(2021); Jang and Agapito (2021) or by applying regularization during NeRF optimization Wang et al.
(2023); Roessle et al. (2023); Seo et al. (2023); Somraj et al. (2023); Somraj and Soundararajan
(2023); Wynn and Turmukhambetov (2023); Liu et al. (2024). To mitigate the over�tting to input
views in 3DGS, FSGS Zhu et al. (2024) and SparseGS Xiong (2024) incorporate external priors from
depth estimator with the optimization process. Others, like InstantSplat Fan et al. (2024), utilize
powerful 3D reconstruction models Leroy et al. (2024) to acquire accurate camera poses and initial
geometries. However, robust sparse-view reconstruction remains an open problem, particularly in
challenging environments such as the Martian surface, which exhibit textureless areas, repetitive
patterns, and photometric variations. Our method addresses this gap by integrating a 3D geometric
foundation model for initial geometric estimation with a specialized pipeline for re�nement and
neural scene representation from sparse stereo imagery, facilitating high-quality multimodal data
synthesis.

Conditional Generative Models. Recent text-to-video models Yang et al. (2024); Kong et al.
(2024); Wang et al. (2025a); Blattmann et al. (2023) based on Diffusion Transformers (DiTs) Peebles
and Xie (2023) leverage the scalability of transformers, typically employing text encoders Rad-
ford et al. (2021); Raffel et al. (2020), a 3D-VAE Yu et al. (2023); Yang et al. (2024) for video
compression and tokenization, and a transformer generator that processes �attened video and text
tokens. These architectures model spatiotemporal and textual information through global attention
mechanisms or separate self- and cross-attention, leading to signi�cant improvements in generation
duration and temporal consistency. View-controllable video generation Wang et al. (2024c); He et al.
(2024); Liang et al. (2024); Bahmani et al. (2024); Yu et al. (2024), which is crucial for immersive
simulations, has seen efforts to integrate camera control into pretrained models. However, these
methods, predominantly trained on standard terrestrial datasets, often exhibit dif�culties with 3D
consistency when applied to out-of-domain environments like Mars. In contrast, our work utilizes
the M3arsSynth dataset, speci�cally curated with rich 3D geometric information, to train MarsGen,
enabling physically plausible and precisely controllable Martian simulations with enhanced 3D
consistency.

3 Multimodal Mars Synthesis

We establish the M3arsSynth dataset from curated rover stereo image from NASA PDS. To render
a large-scale multimodal dataset suitable for training generative simulators, we leverage robust,
pre-trained vision foundation models to capture Martian visual cues and compensate for the lack
of Mars-speci�c priors. In this section, Sec. 3.1 �rst describes the source data acquisition and
preprocessing steps. Sec. 3.2 then outlines the metric-aware 3D reconstruction process. Sec. 3.3
details the synthesis of multimodal data, and summarizes the overall structure of the dataset. Finally,
Sec. 3.4 explains the proposed 3D consistency metrics for evaluating generated video sequences.

3



Figure 2: Data Filtering Examples for Martian 3D Reconstruction. Image (a) represents a
clear, usable Martian terrain view, serving as a quality benchmark. In contrast, images (b)-(h)
illustrate common defects that lead to data exclusion for high-quality reconstruction, including: (b)
extensive missing data blocks or pixelation/mosaic artifacts (indicative of data corruption or severe
compression); (c) signi�cant image blur or out-of-focus areas; (d) scenes with extreme overexposure
or harsh lighting conditions; and (e)-(h) views obstructed by spacecraft components.

3.1 Martian Stereo Image Acquisition and Preprocessing

Raw stereo image pairs captured by Martian rovers are sourced from PDS. This initial dataset,
however, exhibits several de�ciencies, including small thumbnail images, grayscale images, and
duplicate captures made with different color �lters, rendering it unsuitable for direct application. To
address these issues, an automated �ltering pipeline is implemented. This pipeline is designed to
systematically remove these types of de�cient data:

Systematic Data Filtering Strategy. A multi-stage �ltering pipeline ensures visual dataset integrity
by systematically addressing imperfections. Firstly,low-resolution and grayscale images are elimi-
nated. Thumbnails are discarded based on size heuristics. Grayscale images are removed based on
low RGB channel variance. Secondly,redundant content is excluded using perceptual hashingZa-
uner (2010). This technique employs hash codes and Hamming distances to identify and remove
near-duplicates captured under varied imaging conditions, preserving semantic diversity. Thirdly,
blurry and low-sharpness images are rejected. A sharpness �lter using Laplacian variance Bansal
et al. (2016) discards images with low edge contrast to maintain geometric and photometric quality,
which is vital for tasks like stereo reconstruction. Finally,frames exhibiting anomalous color dis-
tributions are �ltered out. Irrelevant frames (e.g., obscured, malfunctions), identi�ed by skewed or
�at color intensity histograms, are removed to ensure clear, terrain-focused scenes for robust surface
representation learning.(See Appendix A.1 for details.)

Semi-Automated Re�nement. To address complex visual artifacts like hardware occlusions and
unfavorable lighting that degrade reconstruction quality (see Fig. 2), we employ a semi-automated
re�nement process. This step supplements manual image veri�cation with Grounded-SAM Ren et al.
(2024), which we use to generate segmentation masks identifying non-terrain objects based on textual
prompts. These masks guide human annotators to ef�ciently identify and discard compromised image
data. The result is a curated collection of images with high visual integrity, providing a reliable
foundation for robust stereo reconstruction. Further details on this preprocessing are provided in
Appendix A.2.

3.2 Neural 3D Reconstruction from Navigation Stereo Cameras

Dense Martian 3D reconstrution poses unique challenges compared to terrestrial scenes, stemming
from the planet's often texture-poor terrain and the inherent scarcity of observational data.

Camera Calibration. Our 3D reconstruction pipeline operates on the standard pinhole camera
model Hartley (2003) and therefore requires the corresponding camera parameters. However, the
PDS metadata accompanying our dataset lacks these crucial calibration parameters. To address
this limitation, we infer the necessary parameters directly from the images. We employ the Visual
Geometry Grounded Transformer (VGGT) Wang et al. (2025b), a feed-forward neural network
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Figure 3:Overview of the M3arsSynth dataset construction and conditional video generation
through MarsGen. The red box outlines the data curation pipeline, the green box shows the obtained
M3arsSynth dataset, and the blue box details our MarsGen model. We process stereo image pairs
using a metric-aware foundation model and solve the Perspective-n-Point (PnP) Lepetit et al. (2009)
problem to reconstruct metric-scale 3D Martian scenes. Subsequently, video frames rendered from
these scenes, together with text prompts and encoded camera trajectories, are then used to condition
a Video Diffusion Transformer, enabling the synthesis of novel and controllable Martian video
sequences.

designed to infer key 3D scene attributes from input views. Our empirical evaluations con�rm that
VGGT reliably predicts the camera intrinsics from the input stereo images, providing the essential
parameters for subsequent reconstruction tasks.

Dense 3D Geometry Initialization. After obtaining camera intrinsics, we estimate metric deoth
maps using a pretrained monocular depth estimation network Hu et al. (2024) to construct dense
3D geometry. Each depth map is then back-projected using the inverse intrinsic matrixK � 1 to
transform each pixel(u; v) with depthd into a 3D point in the corresponding camera coordinate
system:Pc = d � K � 1[u; v; 1]T : This process yields initial per-view point clouds where each pixel
has a direct 3D correspondence within its respective camera frame, providing a dense geometry
initialization.

Relative Pose Estimation and Geometric Re�nement.To establish a coherent 3D model, we
recover the relative camera extrinsics between the stereo images. We formulate this task as a
Perspective-n-Point (PnP) Li et al. (2012) optimization, as PnP computes the camera pose from
a set of 3D points and their corresponding 2D image projections. This approach utilizes robust
2D feature correspondencesp1 $ p2 between the stereo image pair, which are detected using the
Generalizable Image Matcher (GIM) Shen et al. (2024). GIM's notable generalization capability
stems from its training on extensive and varied internet video data (approximately 180,000 image
pairs from 50 hours of video) and its sophisticated self-training framework. This enables robust
matching across diverse conditions and often surpasses traditional methods that rely on less diverse
datasets or failure-prone 3D reconstruction processes Shen et al. (2024). Here,p1 andp2 represent
matched pixel coordinate vectors in the left and right views, respectively. Initial depth estimates from
the monocular network are used to back-project pointsp1 into 3D space, yielding a set of 3D points
P 1. Given the known camera intrinsicsK , these 2D-3D correspondences (formed byP 1;i and their
correspondingp2;i ) facilitate the estimation of the relative camera pose.

The PnP solver estimates the rotationRrel and translationt rel that best align the 3D pointsP 1;i with
their corresponding 2D projectionsp2;i in the second view by minimizing the reprojection error:

min
R rel;t rel

X

i

kp2;i � � (K [Rrel j t rel]P 1;i )k
2 ; (1)

where� denotes the perspective projection from the 3D camera coordinates to the 2D pixel space.
The initial geometry derived from the monocular depth estimation may exhibit inconsistencies,
particularly in scale across views. To ensure a coherent 3D reconstruction, we apply a depth rescaling
step after pose estimation. Speci�cally, we �rst back-project the depth mapD0 from view 0 to
reconstruct its corresponding 3D point cloudP0. Then we project it onto view 1's image plane. This
warping process yields a new sparse depth mapD 0

0! 1 and a Boolean maskM sparse , indicating valid
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Figure 4: Distribution of primary terrain types within the M3arsSynth dataset, showcasing the diversity
of Martian environments covered. The left chart indicates the percentage of scenes predominantly
featuring each terrain type, with visual examples illustrating the various terrain categories.
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Then, we align the original monocular depth map of view 1D1, with the warped sparse depth map
D 0

0! 1. We solve a least-squares regression problem only within the valid region de�ned by the mask
M sparse .

min
s;b

X

(u;v )2 M sparse

(s � D1(u; v) + b� D 0
0! 1(u; v))2

This estimated(s; b) are then used to adjust the depth map of the �rst view (i.e.,dadjusted
1;j = s� d1;j + b)

to better match the scale and offset of the second view's depth map, or vice-versa, thereby enhancing
geometric consistency.

3D Gaussian Splatting for Photorealistic Scene Modeling.Using the camera parameters and
dense point cloud from prior stages, we optimize a 3DGS Kerbl et al. (2023); Huang et al. (2024)
representation, initializing Gaussian primitives directly from the per-pixel points Fan et al. (2024).
The optimization combines a photometric loss with a depth regularization loss Xu et al. (2025); Xiong
(2024); Li et al. (2024); Kerbl et al. (2024) that leverages our derived per-pixel correspondences to
enforce geometric consistency. To mitigate signi�cant appearance variations between Martian stereo
pairs, often caused by differing camera settings or lighting, we integrate a bilateral grid Wang et al.
(2024b) into the process. Speci�cally, our implementation is based on gsplat Ye et al. (2025). We
apply a per-view 3D bilateral grid as a differentiable post-processing layer to the rendered image,
which models view-dependent effects. This grid is jointly optimized with the Gaussian parameters by
minimizing the difference between the post-processed render and the corresponding training view,
while a total variation loss is used to regularize the grid for smoothness. Furthermore, since standard
k-nearest neighbor initialization can produce overly large Gaussian scales and degrade depth accuracy,
we adopt a modi�ed strategy Cong et al. (2025) where scale is determined by the nearest point along
the depth axis.

scale(Pw ) = d0
min(Pw )=f avg

3.3 Multimodal Martian Dataset Creation

Upon obtaining an optimized neural scene representation for a Martian scene, we sample a diverse
set of virtual camera trajectories, denotedM traj, along which video sequences are rendered:

M traj =
�

Tt =
�

R t T t
01� 3 1

�
2 SE(3) j t = 1 ; : : : ; N

�
(2)

where each transformationTt de�nes the 6-DOF camera pose at timestampt, comprising a rotation
R t and a translationT t . Canonical trajectory types are de�ned, encompassing diverse motion pro�les.
Their spatial extent is adapted to the scene geometry through depth-adaptive scaling: trajectories are
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