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Abstract

Three-dimensional (3D) reconstruction from satellite imagery is a critical research topic in the fields of remote sensing and geoin-
formation science. Although 3D Vision Foundation Models (3D VFMs) have demonstrated remarkable performance in reconstruct-
ing natural scenes, their capability to handle high-resolution satellite imagery has not been systematically evaluated. This study
presents a comprehensive assessment of seven representative 3D VFMs for satellite-based 3D reconstruction and integrates four
point-cloud alignment strategies. Rigorous comparisons were conducted against high-precision LiDAR-derived Digital Surface
Models (DSMs) using two publicly available multi-view satellite datasets–WHU-TLC and MVS3D. The results show that Depth
Anything V2 (DAV2) combined with an affine alignment strategy achieves the best overall performance among the evaluated meth-
ods. On the MVS3DM dataset, the reconstructed DSM achieves a Median Absolute Error(MedAE) of 1.693 m, a Root Mean Square
Error (RMSE) of 3.649 m, and competitive reconstruction accuracy compared with several traditional photogrammetric pipelines.
In contrast, on the lower-resolution WHU-TLC dataset, all 3D VFMs exhibited notable performance degradation, and the recon-
structed results showed limited practical value, revealing persistent generalization challenges for current models in low-resolution
scenarios. Overall, this study systematically quantifies the performance of 3D VFMs in satellite image-based 3D reconstruction,
confirming their strong potential for high-resolution satellite applications and providing valuable insights for enhancing model
robustness and generalization across complex urban and low-resolution environments.

1. Introduction

Automatically reconstructing large-scale, high-precision DSM
from stereo or multi-view imagery remains a core challenge
in photogrammetry and remote sensing. With continuous ad-
vances in satellite sensors and computer vision technologies,
the generation of sub-meter resolution DSM from satellite im-
agery has become increasingly feasible (Hirschmüller and
Hirschmüller, 2008, Rottensteiner et al., 2012, Li et al., 2023).
Consequently, a variety of automated workflows have emerged,
ranging from traditional stereo or multi-view geometric meth-
ods (de Franchis et al., 2014b, de Franchis et al., 2014a,
Youssefi et al., 2020) to deep learning-based approaches (He
et al., 2022, Li et al., 2023, Gao et al., 2023, Wei et al., 2025).
However, existing methods still encounter difficulties under
conditions such as large variations in viewpoint and illumin-
ation, sparse or repetitive textures, haze or shadow occlusion,
cross-sensor radiometric inconsistencies, and seasonal changes.
These limitations often lead to DSM artifacts, including voids,
discontinuities, and blurred edges.

The recent emergence of 3D VFMs has demonstrated remark-
able cross-task generalization and transfer capabilities in com-
puter vision. Without requiring external camera pose priors,
these models can directly generate high-quality depth maps or
point clouds from single or multiple images (Wang et al., 2024,
Keetha et al., 2026). They are typically pre-trained in a self-
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Figure 1. Illustration of the challenges inherent in satellite
imagery and the performance differences between traditional

reconstruction pipelines and 3D VFMs.

supervised or weakly supervised manner on large-scale real and
synthetic datasets , thereby offering advantages in scale robust-
ness, boundary fidelity, and cross-scene generalization (Yang et
al., 2024). Moreover, through lightweight fine-tuning on target-
domain data or by applying rigid or similarity transformations
to align predictions with reference ground truth, these mod-
els can effectively mitigate scale–translation ambiguities while
improving measurement accuracy. Their performance on mul-
tiple public benchmarks now approaches, and in some cases
matches, that of traditional pipelines relying on real camera
poses (Yang et al., 2025).
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However, the potential of 3D VFMs in satellite image–based
3D reconstruction remains insufficiently evaluated. In practical
applications, as well as in commonly used datasets, substantial
variations exist in sensor types, radiometric properties, field of
view, imaging geometry, and baseline length. At the same time,
the scarcity of high-precision ground truth, the subjectivity in-
volved in manually selecting alignment control points, and the
inconsistent performance of different methods further complic-
ate the tasks of metrological alignment and comparative evalu-
ation of 3D VFMs on satellite imagery. An overview of these
challenges and a qualitative comparison between traditional 3D
reconstruction pipelines and 3D VFMs is presented in Fig. 1.

This study aims to systematically evaluate the applicability of
3D VFMs in satellite image–based 3D reconstruction and to
assess their potential for generating high-quality DSMs. The
main contributions of this work are summarized as follows:
(1) A reusable and generalizable workflow is proposed that
integrates raw satellite imagery, corresponding Rational Poly-
nomial Coefficients (RPCs), and reference DSM. This frame-
work establishes a unified procedure for the geometric align-
ment and quantitative evaluation of outputs generated by di-
verse 3D VFMs; (2) Comprehensive comparative experiments
were conducted using multiple alignment strategies applied to
seven representative 3D VFMs. The experiments encompass
three typical urban scene categories—Single-Building, High-
Rise Urban, and Dense Urban—and two representative ter-
rain types—Plains and Mountainous regions—ensuring a broad
evaluation across diverse landscape conditions; (3) A critical
analysis of the evaluation results reveals both the strengths and
current limitations of 3D VFMs in satellite-based 3D recon-
struction. Furthermore, the study identifies potential research
directions to guide future advancements in model robustness,
cross-scene generalization, and high-precision geospatial re-
construction..

2. Related Work

Pipelines for Satellite Image–Based 3D Reconstruction. Nu-
merous methods have been proposed for 3D reconstruction
from satellite imagery, ranging from traditional stereo match-
ing algorithms to deep learning–based approaches. These
methods generally consist of several key stages: image pre-
processing, image matching, 3D reconstruction, DSM gener-
ation, and refinement. Traditional pipelines frequently rely
on the Semi-Global Matching (SGM) algorithm (Hirschmüller
and Hirschmüller, 2008) to generate disparity maps from ste-
reo pairs, which are then triangulated using RPCs to obtain
3D points (de Franchis et al., 2014b, Youssefi et al., 2020).
More recent works (He et al., 2022, Li et al., 2023) employ
deep learning–based feature extraction and matching networks
to produce more robust and accurate disparity maps. Com-
pared with conventional MVSNets (Yao et al., 2018, Hu et al.,
2023), SatMVS (Gao et al., 2023) introduces an RPC warping
module to account for the unique imaging geometry of satel-
lite sensors and directly estimates height maps instead of depth
maps, which are subsequently projected into point clouds for
DSM generation. Building on this, TS-SatMVSNet (Wei et al.,
2025) incorporates slope maps to guide height-map estimation
and refine the resulting DSMs. Nevertheless, all these methods
depend on accurate camera poses, and the quality of the gener-
ated DSMs remains highly sensitive to pose accuracy.

3D Vision Foundation Models. 3D VFMs have recently at-
tracted significant attention in the computer vision community

due to their impressive generalization capabilities across di-
verse 3D vision tasks. They are capable of estimating depth
maps, point maps, or even camera poses from single-view or
limited multi-view imagery. By employing end-to-end train-
ing, these methods eliminate the sequential dependencies in-
herent in the traditional Structure-from-Motion (SfM) work-
flow, thereby reducing the accumulation of errors and noise.
Monocular foundation models, such as MiDaS (Ranftl et al.,
2022) and its successor DAv2 (Yang et al., 2024), achieve cross-
scene depth estimation through large-scale self-supervised pre-
training, enabling robust generalization across diverse visual
domains. Stereo-based foundation models, which take ste-
reo pairs as input, jointly regress dense depth maps and re-
lative camera poses. The pioneering DUSt3R (Wang et al.,
2024) introduces a Transformer-based architecture that learns
feature correspondences across multiple views and employs
a confidence-weighted aggregation scheme for feature fusion.
Building upon this foundation, MUSt3R (Cabon et al., 2025)
further improves the accuracy and robustness of multi-scale
dense correspondence matching, enabling more reliable depth
estimation across complex scenes. To address computational
efficiency, Fast3R (Yang et al., 2025) adopts a lightweight net-
work design combined with knowledge distillation, achieving
significantly faster reconstruction while maintaining competit-
ive accuracy. Multi-view foundation models extend the input to
multiple images and emphasize long-range cross-view attention
and global consistency. VGGT (Wang et al., 2025) reduces the
reliance on 3D geometric optimization during post-processing
compared with DUSt3R, predicting a complete set of 3D attrib-
utes—including camera parameters, depth maps, point cloud
maps, and 3D point trajectories—within seconds. π3 (Wang
et al., 2026) overcomes the limitations of fixed-viewpoint as-
sumptions by adopting permutation-equivariant architectures.
It predicts 3D properties without requiring a reference frame,
demonstrating strong robustness to input-sequence variations
and high scalability. MapAnything (Keetha et al., 2026) ac-
cepts optional geometric priors (e.g., camera parameters, depth)
along with image data and directly regresses depth maps, cam-
era poses, ray directions, metric scaling factors, and camera in-
trinsics, thereby enabling a globally consistent and measurable
framework. However, to the best of our knowledge, these meth-
ods have not yet been trained or evaluated on satellite imagery,
and their potential applications and limitations in this domain
remain largely unexplored.

VFM-Optimized Workflows for 3D Reconstruction. Lever-
aging the strong cross-scene generalization and transfer capab-
ilities of 3D VFMs, several recent studies have attempted to
integrate them into 3D reconstruction pipelines to enhance ro-
bustness and accuracy under complex conditions. (Lin et al.,
2025) utilized a low-cost LiDAR sensor as a prompt to guide
the depth estimation of a pre-trained VFM, achieving high-
resolution and metrically accurate depth prediction. (Cheng
et al., 2025, Wen et al., 2025) employed monocular VFMs to
provide initial depth estimates and dense feature representations
for stereo matching networks, thereby improving the accuracy
and robustness of stereo depth estimation in challenging en-
vironments. Their work also established a benchmark stereo
framework that demonstrates strong generalization across di-
verse datasets. (Wu et al., 2025) evaluated several 3D VFMs
on aerial imagery, demonstrating their potential for accurate 3D
reconstruction from sparse image collections, while also reveal-
ing limitations related to accuracy and scale ambiguity. How-
ever, these existing studies primarily focus on ground-based or
aerial RGB imagery rather than satellite data, which differ sub-
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stantially in imaging geometry and radiometric characteristics.
Thus, the potential of 3D VFMs for satellite-based 3D recon-
struction remains largely unexplored. Our work aims to ad-
dress this gap by systematically evaluating the performance of
3D VFMs on satellite imagery and exploring their potential for
generating high-quality Digital Surface Models (DSMs).

3. Evaluation Workflow

We first provide an overview of the proposed workflow, as il-
lustrated in Fig. 2. Subsequently, each component is described
in detail in the following sections, including data preparation,
alignment strategies, post-processing, and accuracy evaluation.

3.1 Overview

The procedure is as follows. First, radiometric normalization
and geometric correction are applied to the original imagery
to ensure spectral and spatial consistency. Second, the refer-
ence DSM is projected into a pixel-aligned point cloud to gen-
erate a corresponding height map. Third, a robust transform-
ation model based on RANSAC automatically selects control
points to spatially align the depth map or point cloud gener-
ated by the 3D VFM with the reference height map. Finally,
quantitative accuracy evaluation is conducted through differen-
tial analysis with the benchmark DSM, systematically assessing
the performance of the 3D VFM in satellite-based 3D recon-
struction.

3.2 Data Preparation

3.2.1 Image Pair Selection The accuracy of satellite-based
3D reconstruction is influenced by multiple factors, including
convergence angle, incidence angle, spatial resolution, solar el-
evation angle, solar azimuth angle, and scene variability (Qin,
2019). In stereo satellite imagery, designing appropriate in-
tersection angles while maintaining consistent spatial resolu-
tion enables nearly simultaneous image acquisition, thereby
meeting the requirements for high-precision 3D reconstruction.
Consequently, all images can be used as input. However, as the
MVS3D dataset (Bosch et al., 2016) contains multi-temporal
imagery, a generalized image-pairing strategy is adopted to en-
sure geometric and radiometric consistency: (1) images are
sorted by decreasing convergence angle (15°–25° recommen-
ded); (2) filtered by increasing solar elevation and azimuth dif-
ferences; and (3) ranked by acquisition time from closest to
farthest. The top n images are then selected to balance per-
spective diversity and radiometric compatibility.

3.2.2 BA and Inverse RPC When performing 3D recon-
struction from satellite imagery, precise camera poses are es-
sential for generating high-quality DSMs. However, satellite
images typically provide only approximate RPC parameters,
which may contain systematic errors and inconsistencies. To
improve camera pose accuracy, we perform bundle adjustment
(BA) based on affine transformations in image space (Grodecki
and Dial, 2003). In addition, a terrain-independent inverse RPC
approach is adopted, which utilizes a virtual control grid to
compute inverse projection parameters. As a result, the optim-
ized RPCs can be converted into inverse RPCs, enabling high-
precision mapping from image coordinates to geographic co-
ordinates.

3.2.3 Radiometric Pre-processing Compared with aerial
or ground imagery, satellite imagery exhibits distinct radiomet-
ric characteristics. It is typically acquired as panchromatic
(PAN) imagery, consisting of single-band radiometrically cal-
ibrated data with 10–16 bit depth, high dynamic range, and a
high signal-to-noise ratio. To address the resulting radiomet-
ric inconsistencies, we adopt a preprocessing strategy similar to
that proposed by (Gao et al., 2023). Specifically, pixel values
are rescaled to the 0–255 range using percentage-cutoff linear
stretching (PCTL). The processed image is then replicated into
three channels to satisfy the input requirements of 3D VFMs.

3.2.4 Height Map Generation A height map is a two-
dimensional elevation representation generated by projecting a
DSM or 3D point cloud data onto the image plane using RPC
parameters, where each pixel records the maximum surface el-
evation value at its corresponding location. The resulting height
map establishes a one-to-one correspondence between pixels in
the image coordinate system and those in the original imagery,
enabling precise pixel-level alignment between the image and
elevation domains. This alignment provides a unified spatial
reference framework, forming a reliable foundation for sub-
sequent alignment of depth maps or point maps generated by
3D VFMs, as well as for the quantitative accuracy evaluation of
the alignment results.

3.3 Alignment Strategies

Based on the output type of each model, targeted alignment
strategies are designed. For depth maps or point maps data
containing only Z-axis components, linear or affine alignment
methods are applied to ensure consistent elevation mapping.
When processing 3D point map outputs with full spatial co-
ordinate information, rigid alignment strategies are adopted to
restore overall spatial consistency. All alignment procedures
are implemented within the RANSAC (Random Sample Con-
sensus) robust estimation framework, which automatically se-
lects reliable control points and computes optimal transform-
ation parameters, effectively reducing errors caused by outlier
correspondences.

3.3.1 Linear Alignment Since 3D VFMs are typically
trained using relative depth or disparity supervision rather than
metric depth with real-world scale, their predictions inherently
exhibit scale ambiguity. This ambiguity originates from the in-
trinsic underdetermination of monocular depth estimation: the
absolute scene scale cannot be recovered from a single image
without external geometric constraints.

In classical stereo geometry, depth is related to disparity by
d = (f · B)/p, where d denotes depth, f is the focal length,
B is the physical baseline, and p represents disparity. How-
ever, this formulation assumes a known stereo configuration. In
monocular depth estimation, there is no physical baseline B,
and thus no explicitly defined f · B term. Instead, monocular
models learn depth up to an unknown global scale factor, since
the quantities analogous to f and B are implicitly absorbed dur-
ing training when supervision is based on relative or normalized
depth representations.

Consequently, the predicted depth D̂ is related to the true metric
depth D by an affine transformation:

D = s · D̂ + t,

where s and t denote the global scale and translation paramet-
ers, respectively.
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Figure 2. Overview of the proposed alignment evaluation framework. (a) The input and processing pipeline integrates raw satellite
imagery, corresponding Rational Polynomial Coefficients (RPCs), and reference Digital Surface Models (DSMs) for data preparation,

3D Vision Foundation Model (3D VFM) inference, alignment, and quantitative evaluation. (b) The outputs and evaluation
results—including pixel-aligned height maps, aligned depth maps, error maps, and residual histograms—are used to assess geometric

consistency and accuracy across different alignment strategies.

To resolve this ambiguity and recover metric height, a linear
alignment strategy is adopted following Wang et al. (2025). Let
Dpred and Dref denote the predicted and reference height maps,
respectively. Using RANSAC, N pixel pairs are sampled as
control points to iteratively estimate the optimal scale factor s
and translation t by minimizing:

(s, t) = argmin
s,t

N∑
i=1

∥s ·Dpred(xi, yi) + t−Dref(xi, yi)∥2 ,

where (xi, yi) are the pixel coordinates of the selected control
points in both the predicted depth map and the reference height
map.

3.3.2 Affine Alignment Unlike the linear alignment as-
sumption, the affine alignment model directly transforms the
depth maps generated by 3D VFMs into geographically mean-
ingful height maps or DSMs, establishing a geometric mapping
between image-plane and geographic coordinates. For a pin-
hole camera model, the mapping between image coordinates
(u, v) and camera coordinates (Xc, Yc, Zc) can be expressed
as:

Zc

uv
1

 =

fx 0 u0

0 fy v0
0 0 1

Xc

Yc

Zc

 ⇒


Xc = u

fx

Yc = v
fy

Zc = D

(1)

Furthermore, assuming that a rotation matrix R and a trans-
lation vector t exist between the camera and world coordin-
ate systems, the relationship between the camera coordinates
(Xc, Yc, Zc) and the world coordinates (Xw, Yw, Zw) can be
expressed as:

[
Xw, Yw, Zw, 1

]T
=

[
R t
0 1

] [
Xc, Yc, Zc, 1

]T (2)

By combining Eq. (1) and Eq. (2), the mapping relationship
between the depth value D in the camera coordinate system
and the elevation value Zw in the world coordinate system can

be expressed as:

Zw = R31Xc +R32Yc +R33Zc + T3

=
R31

fx
D · u+

R32

fy
D · v +R33D + T3 (3)

Previous studies have demonstrated that, for satellite imagery,
the RPC model can be approximated by a pinhole camera model
within a local area of approximately 1km2, achieving high geo-
metric accuracy (Zhang et al., 2019). Therefore, to align the
depth map generated by a 3D VFM with the georeferenced el-
evation map, the aforementioned affine alignment strategy can
be adopted. For simplicity, define a = R31

fx
, b = R32

fy
, c = R33,

and d = T3, which are treated as constant parameters. The
coefficients (a, b, c, d) are referred to as affine transformation
parameters, describing the linear mapping relationship between
the depth map and the elevation map. This process can be for-
mulated as the following minimization problem:

(a, b, c, d) = argmin
a,b,c,d

N∑
i=1

∥∥Dpred(xi, yi) · (a xi

+b yi + c) + d−Dref(xi, yi)
∥∥
2

(4)

3.3.3 Rigid Alignment For the (H,W, 3) point map output
by the 3D VFM, each point’s three-dimensional coordinates are
expressed in the camera coordinate system, whereas the refer-
ence DSM data derived from satellite imagery is defined in the
geographic coordinate system. According to Eq. (2), the rela-
tionship between these two coordinate systems can be repres-
ented by a combination of rotation and translation transforma-
tions. This optimization problem can be expressed as:

(R, T, S) = argmin
R,T,S

N∑
i=1

∥∥SRPpred(xi, yi)

+ T−Pref(xi, yi)
∥∥2

2

(5)
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Among these, R denotes the rotation matrix, T represents the
translation vector, and S signifies the scaling matrix.In the sub-
sequent implementation, the single-scale version is referred to
as the Rigid Strategy, whereas the version with independent
scaling factors along the x, y, and z axes is denoted as the Ri-
gid* Strategy.

3.4 Accuracy Evaluation

After completing the alignment, a point-to-point error statistical
method is employed to quantitatively evaluate the accuracy of
the results. Based on the registration outcomes, elevation differ-
ences at corresponding pixel locations are calculated to gener-
ate an error distribution map. Subsequent statistical analysis of
this map produces quantitative metrics, including Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), Median
Absolute Error(MedAE), Percentage of Absolute Error within
a threshold (PAE) , and the Coefficient of Determination (R2).

4. Experimental and Results

4.1 Experimental Setup

4.1.1 Datasets We utilized two publicly available stereo
satellite image datasets for evaluation: MVS3D (Bosch et
al., 2016) and WHU-TLC (Gao et al., 2023). The MVS3D
dataset consists of 50 panchromatic images captured by the
WorldView-3 satellite, featuring a spatial resolution of 0.31 m.
It covers complex urban environments and is well suited for
high-precision 3D reconstruction tasks. The WHU-TLC data-
set is constructed from ZY-3 satellite three-line-array imagery
with a spatial resolution of 2.1 m. It contains multi-view ob-
servations from both mountainous and urban regions, effect-
ively representing diverse topographic and elevation character-
istics. Both datasets provide high-precision airborne LiDAR
data as ground truth, offering a reliable benchmark for evaluat-
ing model accuracy.

4.1.2 Implementation Details This study systematically
evaluated seven representative 3D VFMs, including Depth
Anything v2, DUSt3R, MUSt3R, Fast3R, VGGT, π3, and
MapAnything. Due to varying input size requirements among
these models, all satellite images were cropped into 512 × 512
pixel patches. For models requiring input dimensions divisible
by 14, the images were first scaled to 518 × 518 pixels and
then resized back to 512 × 512 after inference. To ensure di-
verse evaluation conditions, three representative urban scenes
were selected from the MVS3D dataset, while two representat-
ive terrain types were chosen from the WHU-TLC dataset, as
illustrated in Fig. 3. For the MVS3D dataset, five images per
scene were selected according to the ranking strategy described
in Section 3.2.1. In contrast, since each WHU-TLC scene
provides only three available viewing angles, all images were
used for testing. All models were executed on a single NVIDIA
RTX 4090 GPU using their default hyperparameters and offi-
cial pre-trained weights. For comparison, a baseline DSM was
reconstructed using Agisoft Metashape (Agisoft LLC, 2022),
with the matching accuracy set to Very High to ensure that the
DSM resolution matched the native image resolution.

4.2 Patch-Level Alignment Evaluation

This section analyzes the performance variations of different
3D VFMs under various alignment strategies across diverse
scenarios. Given that each model has distinct requirements

Figure 3. Representative experimental regions selected from the
MVS3D and WHU-TLC datasets.

for the number of input images, the experiments set the in-
put image count to maximize each model’s multi-view recon-
struction capability—one image for Depth Anything v2, two for
MUSt3R and DUSt3R, and multiple for Fast3R, MapAnything,
and π3—while fully utilizing the available image information.
During the accuracy evaluation phase, only outputs correspond-
ing to low off-nadir images were selected for registration and
error analysis to ensure comparability and fairness among dif-
ferent models.

4.2.1 Performance in MVS3D Tab. 1 presents the align-
ment results obtained using both LiDAR and DSM data. When
LiDAR data were used for alignment, the Affine alignment
strategy achieved the best performance in most scenarios, sig-
nificantly outperforming the Linear, Rigid, and Rigid* meth-
ods. In terms of model performance, DAV2 achieved the lowest
RMSE and highest R2 values across multiple scenes, demon-
strating overall superiority, followed by VGGT and π3. When
DSM data were used for alignment, the results were largely
consistent with those based on LiDAR data. The Affine align-
ment strategy again exhibited optimal performance in most
scenarios, particularly in scenes (a) and (b), where its accur-
acy was comparable to that achieved with LiDAR-based align-
ment. However, in scene (c), the complex urban environment
introduced DSM data issues such as clumping and noise, lead-
ing to a noticeable decline in overall alignment accuracy. Fig. 4
illustrates qualitative results before and after alignment under
different alignment strategies for scene (c). Consistent with the
quantitative findings, DAV2 combined with the Affine align-
ment strategy effectively mitigates systematic bias and achieves
more stable geometric consistency. Furthermore, the pixel-wise
residual histograms in Figs. 5(a), 5(b) and 5(c) reveal a more
compact error distribution for this combination, further validat-
ing its superior alignment accuracy. Although VGGT combined
with the Rigid* strategy achieves high accuracy in Fig. 5(d), the
presence of numerous negative residuals (15 m to 5 m) reduces
the overall error concentration, resulting in lower alignment sta-
bility compared with the more consistent performance of the
Affine strategy.

4.2.2 Performance in WHU-TLC Tab. 2 presents the
alignment results obtained using LiDAR data. The results show
that existing alignment strategies perform poorly across almost
all scenarios in the WHU-TLC dataset. Although Scene (d)
yields a relatively low RMSE, its R2 value approaches zero or
even becomes negative. In Scene (e), while R2 shows slight im-
provement, the RMSE remains excessively high. These results
indicate that current 3D VFMs still encounter substantial chal-
lenges when processing low-resolution satellite imagery. Under
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Figure 4. Comparison of error distributions for different monocular and multi-view depth models under various alignment strategies in
scenario (c). The first row shows the raw depth predictions of each model, pseudo-colored for visualization. The following rows report

the results after applying Linear, Affine, and Rigid alignment to LiDAR ground truth (GT) and DSM, respectively, along with the
corresponding error maps. Errors are computed as (prediction - reference) and clipped to [-20, 20]: blue indicates positive values, red

indicates negative values, and white denotes zero error (perfect agreement).

(a) Affine in Different 3D VFMs (b) Rigid* in Different 3D VFMs

(c) Different Strategies in DAv2 (d) Different Strategies in VGGT

Figure 5. Elevation error distribution of selected alignment
results on the MVS3D dataset. Values closer to zero indicate

higher alignment accuracy, while a more Gaussian-like
distribution suggests better model fitting performance.

the Affine alignment strategy, the qualitative results for each
scenario are presented in Fig. 6, further illustrating the impact
of low-resolution imagery on reconstruction accuracy.

Figure 6. Illustration of affine alignment results based on LiDAR
data in the WHU-TLC dataset

4.3 Large-Scale DSM Reconstruction

After obtaining the local alignment results from various models,
this study further developed and validated an integrated recon-
struction workflow based on geometric consistency correction
and point cloud fusion, thereby demonstrating the potential of
3D VFMs for large-scale DSM reconstruction.

For each block, geometric consistency correction was applied
to the alignment results using the corresponding RPC para-
meters derived from the imagery. By analyzing the elevation
differences of homologous points across multiple viewpoints,
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Scenario Methods DaV2 DUSt3R MUSt3R Fast3R VGGT π3 MapAnything
RMSE ↓ R2 ↑ RMSE ↓ R2 ↑ RMSE ↓ R2 ↑ RMSE ↓ R2 ↑ RMSE ↓ R2 ↑ RMSE ↓ R2 ↑ RMSE ↓ R2 ↑

Align with LiDAR

(a)

Affine 3.94 0.69 4.46 0.61 4.67 0.57 5.86 0.33 4.04 0.68 7.04 0.03 6.70 0.12

Linear 5.06 0.50 5.40 0.43 6.89 0.07 7.16 -0.01 5.95 0.31 7.16 -0.01 7.08 0.02
Rigid - - 6.07 0.29 5.76 0.35 6.51 0.19 5.15 0.49 5.70 0.38 7.55 -0.08
Rigid∗ - - 6.29 0.23 7.30 -0.05 7.63 -0.12 5.41 0.43 11.01 -0.12 7.19 0.00

(b)

Affine 1.38 0.92 2.61 0.73 2.37 0.78 4.15 0.31 2.07 0.83 4.60 0.16 4.07 0.34

Linear 1.47 0.91 4.71 0.12 4.65 0.14 5.00 0.01 3.71 0.45 4.83 0.07 4.96 0.02
Rigid - - 5.50 -0.16 5.46 -0.18 10.99 -3.77 2.85 0.68 3.23 0.59 4.75 0.11
Rigid∗ - - 4.65 0.16 4.14 0.32 5.11 -0.04 2.84 0.68 3.25 0.58 4.36 0.25

(c)

Affine 2.46 0.88 4.39 0.60 3.71 0.72 5.11 0.46 3.05 0.81 6.91 0.01 6.36 0.16
Linear 5.33 0.41 6.39 0.16 6.70 0.07 6.67 0.08 6.36 0.16 6.94 0.00 15.07 -3.71
Rigid - - 4.96 0.50 4.59 0.57 5.85 0.29 3.91 0.69 4.06 0.66 7.93 -0.28
Rigid∗ - - 5.87 0.31 4.25 0.63 5.95 0.27 4.83 0.53 2.93 0.82 7.50 -0.16

Align with DSM

(a)

Affine 3.91 0.66 4.36 0.58 4.66 0.52 5.79 0.26 3.87 0.67 6.91 -0.05 6.43 0.09

Linear 4.44 0.57 4.75 0.50 6.45 0.08 6.82 -0.03 5.50 0.33 6.81 -0.02 6.59 0.04
Rigid - - 5.57 0.33 5.88 0.24 6.29 0.17 5.39 0.38 5.59 0.33 7.51 -0.21
Rigid∗ - - 5.57 0.32 6.44 0.09 7.02 -0.06 5.15 0.43 5.44 0.35 5.75 0.28

(b)

Affine 1.78 0.86 2.68 0.67 2.54 0.71 4.10 0.24 2.40 0.74 4.53 0.07 4.02 0.27

Linear 1.73 0.87 4.55 0.06 4.44 0.11 4.79 -0.04 3.78 0.35 4.64 0.02 4.46 0.10

Rigid - - 5.39 -0.22 5.13 -0.19 10.39 -3.84 3.27 0.52 4.02 0.29 5.42 -0.30
Rigid∗ - - 4.23 0.20 3.61 0.41 4.55 0.07 3.30 0.51 3.35 0.50 4.10 0.25

(c)

Affine 3.56 0.74 4.94 0.49 4.24 0.62 5.59 0.35 3.81 0.70 7.24 -0.09 6.63 0.08
Linear 6.28 0.18 6.87 0.02 7.16 -0.07 7.12 -0.06 6.82 0.03 7.30 -0.11 9.38 -0.84
Rigid - - 6.29 0.21 5.31 0.42 5.94 0.27 5.24 0.44 5.84 0.31 8.36 -0.43
Rigid∗ - - 6.56 0.14 5.01 0.48 5.59 0.36 5.81 0.31 5.58 0.37 6.37 0.16

Table 1. Accuracy comparison of different alignment methods applied to various models across multiple scenes in the MVS3D
dataset. The best and second-best results in each column are highlighted with orange and blue backgrounds, respectively. Within each

scene, the best result is underlined in red, and the second-best is underlined in blue.

Scenario Methods DaV2 DUSt3R MUSt3R Fast3R VGGT π3 MapAnything
RMSE ↓ R2 ↑ RMSE ↓ R2 ↑ RMSE ↓ R2 ↑ RMSE ↓ R2 ↑ RMSE ↓ R2 ↑ RMSE ↓ R2 ↑ RMSE ↓ R2 ↑

(d)

Affine 1.49 0.12 1.53 0.07 1.53 0.07 1.52 0.08 1.49 0.12 1.49 0.12 1.53 0.07
Linear 1.59 -0.01 1.58 0.01 1.61 -0.02 1.57 0.02 1.56 0.04 1.56 0.03 1.59 -0.01
Rigid - - 32.95 -444.14 28.42 -314.19 19.76 -153.85 12.15 -58.17 13.80 -74.82 13.08 -65.56
Rigid∗ - - 1.32 -0.01 1.63 -0.04 1.62 -0.05 1.57 -0.03 1.31 -0.01 1.63 -0.04

(e)

Affine 22.35 0.68 11.04 0.92 10.2 0.93 17.73 0.80 22.63 0.68 34.19 0.26 27.59 0.52
Linear 23.44 0.65 19.74 0.75 30.43 0.41 39.46 0.02 39.68 0.01 34.44 0.25 39.96 -0.01
Rigid - - 85.42 -3.47 80.78 -3.20 22.76 0.68 40.84 -0.02 22.70 0.67 39.44 0.02
Rigid∗ - - 18.71 0.78 31.05 0.37 20.83 0.73 38.04 0.12 35.81 0.26 36.83 0.15

Table 2. Comparison of accuracy across different models and alignment methods in various scenarios of the WHU-TLC dataset.
Within each scenario, the best and second-best results are underlined in red and blue, respectively.

Figure 7. Visualization of large-scale DSM reconstruction results for three scenes in the MVS3D dataset.

geometrically inconsistent or anomalous points were automat-
ically identified and removed, thereby improving the overall ac-
curacy and reliability of the reconstructed point cloud. After
point cloud generation, a voxel-based discretization approach

was employed to produce a DSM. Finally, the quantitative as-
sessment of DSM quality was conducted using the evaluation
metrics described in Section 3.4.
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- DaV2 DaV2-5 CATALYST Metashape S2P SDRDIS JHU/APL Adapted
COLMAP

Sat-MVSF
(WHU-TLC)

Sat-MVSF
(WHU-MVS)

Sat-MVSF
(self-ref.)

Mean of
all sites

PAE1m(%) ↑ 42.66 23.92 58.92 56.73 59.49 56.67 55.19 50.38 55.90 51.09 60.48
MedAE(m) ↓ 1.693 3.406 0.767 0.495 0.400 0.503 0.883 0.371 0.587 0.368 0.397
RMSE(m) ↓ 3.649 4.355 4.323 3.464 4.778 4.166 4.896 8.397 3.867 2.957 3.242

Table 3. Quantitative comparison on the MVS3DM benchmark (mean over all sites). For each metric, the best and second-best results
are highlighted with orange and blue backgrounds, respectively.

- Metashape DaV2 VGGT
DSM-based LiDAR-based DSM-based LiDAR-based

(a)
RMSE ↓ 3.00 2.90 2.88 2.74 2.79
MAE ↓ 1.52 1.57 1.32 1.57 1.39

PAE1m(%) ↑ 63.78 58.76 69.83 52.30 65.55
PAE3m(%) ↑ 88.72 89.91 90.84 89.58 89.72

(b)
RMSE ↓ 3.71 2.91 3.08 3.23 3.29
MAE ↓ 1.70 1.77 1.68 1.90 1.84

PAE1m(%) ↑ 64.81 45.13 54.24 42.05 47.07
PAE3m(%) ↑ 83.25 85.46 86.85 84.69 85.49

(c)
RMSE ↓ 4.76 4.06 3.83 4.13 3.95
MAE ↓ 2.70 2.79 2.43 2.91 2.69

PAE1m(%) ↑ 51.05 26.44 36.50 24.70 28.74
PAE3m(%) ↑ 73.54 68.84 76.81 66.89 72.04

Mean
RMSE ↓ 3.75 3.25 3.24 3.32 3.31
MAE ↓ 1.91 1.98 1.75 2.05 1.90

PAE1m(%) ↑ 59.53 41.24 51.71 37.87 44.59
PAE3m(%) ↑ 81.59 80.87 84.62 79.76 82.06

Table 4. Comparison of large-scale DSM reconstruction
accuracy across three scenarios. For each metric within each

scenario, the best and second-best results are highlighted with
orange and blue backgrounds, respectively.

4.3.1 Typical Urban Scenes As shown in Tab. 4, quantitat-
ive evaluations were performed on large-scale DSMs generated
by various 3D VFMs. The 3D VFMs consistently achieved
lower RMSE values than Metashape under both DSM-based
and LiDAR-based alignment strategies, while MAE and PAE3m
remained comparable. However, the PAE1m values revealed
noticeable deficiencies. Specifically, in three representative
scenes, the DSM-based alignment results of DAV2 and VGGT
achieved 13.3% and 11.46% reductions in RMSE, respectively,
compared with Metashape. Fig. 7 presents the qualitative com-
parisons. The DSMs reconstructed by 3D VFMs exhibit sharper
building-edge structures and fewer noise artifacts in shadowed
regions, confirming their advantages in large-scale DSM recon-
struction. Nevertheless, in texture-sparse regions such as grass-
lands and roads, the reconstructed DSMs show limited elevation
variation, likely due to the underrepresentation of such surface
types in the models’ training data.

4.3.2 MVS3DM Benchmark Evaluation To evaluate the
reconstruction capability of the proposed alignment strategy,
experiments were conducted on the MVS3DM dataset. As sum-
marized in Table 3, in addition to assessing the overall recon-
struction performance across all sites, we further investigated
the influence of input image resolution on depth alignment ac-
curacy. Two configurations were considered: Dav2, which dir-
ectly aligns the predicted depth maps, and Dav2-5, where the
input images are first downsampled by a factor of five prior to
alignment.

Impact of resolution. The results in Table 3 show a noticeable
degradation in accuracy when the input resolution is reduced.
Specifically, PAE1m decreases from 42.66% to 23.92%, corres-
ponding to a reduction of 18.74 percentage points. Meanwhile,
the MedAE increases from 1.693 m to 3.406 m, and the RMSE
rises from 3.649 m to 4.355 m. These results indicate that high-
resolution imagery provides important structural information
that supports reliable depth alignment. When the spatial res-
olution is reduced, the loss of fine-scale geometric features—
such as building boundaries and terrain discontinuities—limits

the structural consistency of the predicted depth field and leads
to larger reconstruction errors.

Gap to existing methods. From a dataset-level perspective,
Dav2 demonstrates moderate reconstruction accuracy across
the entire MVS3DM benchmark (Table 3). In terms of RMSE,
the method achieves competitive performance (3.649 m), out-
performing several traditional stereo processing pipelines.
However, metrics reflecting local geometric precision, includ-
ing PAE1m and Median, remain lower than those achieved by
advanced multi-view stereo approaches such as the Sat-MVSF
series (best PAE1m = 60.48%, RMSE = 2.957 m). This result
highlights the trade-off between the global structural consist-
ency provided by monocular VFM-based depth prediction and
the fine-scale geometric accuracy achieved by multi-view stereo
reconstruction.

5. Conclusions

This study systematically evaluated the performance of several
3D Vision Foundation Models (3D VFMs) in satellite-image-
based 3D reconstruction tasks. The results reveal that: (1) For
very-high-resolution satellite imagery (e.g., 0.3 m), 3D VFMs
demonstrated reconstruction performance surpassing that of ex-
isting commercial photogrammetric solutions, achieving excel-
lent geometric accuracy and detail fidelity with only minimal
scale adjustment. (2) However, this advantage does not extend
to medium- and low-resolution imagery (approximately 2–3 m),
where the models struggle to accurately reconstruct terrain fea-
tures due to their limited cross-resolution generalization cap-
ability. (3) In addition, existing alignment strategies were ob-
served to introduce systematic biases, manifested as a distinct
see-saw effect, which can be attributed to the linear assumptions
and error propagation inherent in the registration process.

Future research will advance in two primary directions: (1) In
practical applications, since initial DSMs are typically gener-
ated from stereo imagery, future work may explore integrat-
ing 3D vision foundation models with more reliable and read-
ily available ground-elevation data—such as laser altimetry or
sparse point clouds—to improve scale consistency and geo-
metric accuracy. (2) Given that current 3D VFMs are funda-
mentally monocular in structure, developing a scale-calibration
mechanism that avoids the introduction of systematic bias could
enable 3D reconstruction from monocular satellite imagery,
paving the way for low-cost and fully automated spatial model-
ing.
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