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Fig. 7 Comparative analysis of reconstruction performance across different models on the WHU-TLC dataset
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Fig. 8 Comparative analysis of reconstruction performance across different models on the LuoJia—MVS dataset
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Table 1 Quantitative benchmarking of state—of—the—art methods on the WHU-TLC dataset

Jii: MAE/m RMSE/m PAG,s,./% PAG, 5. /% Comp/% HEHHT ]
MVSNet 2.30 4.87 63.50 93.80 80.33 15 min 02 s
R-MVSNet 223 4.67 63.90 95.00 81.68 13 min 57 s
Fast-MVSNet 2.24 458 74.27 95.87 82.02 3 min 52s
Cas—MVSNet 2.03 435 77.39 96.53 82.33 4 min 02s
UCS-Net 2.03 4.08 76.40 96.66 82.08 3 min 47s
RED-Net 2.17 451 74.13 95.91 81.82 9 min 15s
A-SATMVSNet 1.60 2.04 82.68 96.48 84.32 14 min 53s
SA-SatMV$ 1.88 3.79 79.02 96.62 82.37
ARSI 1.56 2.02 83.62 96.76 84.34 12 min 46s
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®2 AEFHETELuoJia-MVS #iE&E FEE X LE
Table 2 Quantitative benchmarking of state—of—the—art methods on the LuoJia—MVS dataset

iy AL B Jii: MAE/m PA Gy 4./% <3-interval/% EHET ]
MVSNet 0.172 96.1 92.4 2 min 26 s
R-MVSNet 0.177 96.0 93.5 1 min 33 s
Fast-MVSNet 0.194 95.7 92.0 0 min 37 s
= Cas—MVSNet 0.103 98.4 97.1 1 min 06 s
UCS-Net 0.113 98.3 97.3 0 min 57 s
RED-Net 0.109 98.2 96.9 1 min32s
HDC-MVSNet 0.089 98.7 97.8
KSR 0.086 98.8 97.9 2min 10's
MVSNet 0.270 91.2 81.8 3 min 24 s
R-MVSNet 0.259 923 86.7 2 min 21 s
Fast-MVSNet 0.357 84.6 74.9 0 min 56 s
_— Cas—MVSNet 0.141 97.9 95.4 2 min 04 s
UCS—Net 0.139 97.7 95.3 1 min 27 s
RED-Net 0.156 94.9 90.5 2 min 46 s
HDC-MVSNet 0.121 98.3 96.6
KRS 0.119 98.4 97.4 3min 165
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Fig. 9 Comparative analysis of reconstruction performance across different models on the self-built dataset
R3 HEXWHER
Table 3 Ablation study results

LY MAE/m RMSE/m PAG,;,/% PAG,,/%
N-MFE-FPN 1.72 3.28 76.67 93.41
N-AFA 1.86 3.63 80.32 95.42
N-DCM 1.61 2.06 82.41 96.37
N-EDG 1.65 2.12 81.97 96.26
N 1.56 2.02 83.62 96.76

¥ : N-MFE-FPN .N-=AFA .N-DCM F1 N-EDG %3 #3675 A2 & MFE-FPN Bt  AFA B . DCM B EFN EDG #E 5 1y 48 A 80 N 2R s| A L
puy s sy i
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Fig. 10 Impact of the MFE-FPN module on local detail reconstruction in depth maps
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Fig. 11 Impact of the adaptive feature aggregation module on local detail reconstruction in depth maps
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Fig. 12 Impact of the diffusion constrained module on local detail reconstruction in depth maps
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Abstract: Large-scale 3D scene reconstruction based on remote sensing images provides critical support for smart city development, map
navigation, virtual reality, and digital twin systems. Existing 3D reconstruction algorithms predominantly rely on feature matching
techniques and demonstrate satisfactory performance in small-scale or structurally simple scenes. Given the intricate terrain features and
noise interference in complex or large-scale environments, significant challenges, such as suboptimal reconstruction accuracy and
incomplete modeling, exist. These challenges hinder the effectiveness of these methods. Therefore, this study proposes a diffusion-
constrained multiview stereo network comprising a multiscale feature enhancement feature pyramid network (MFE-FPN), an adaptive
feature aggregation module (AFA), and a diffusion-constrained module (DCM) to address the issues of low-feature matching accuracy, high
noise in predicted depth maps, and incomplete edge reconstruction in multiview stereo for remote sensing images.

The proposed method consists of several steps. First, the network takes N multiview remote sensing images as input, with the first
image serving as the reference and the remaining N-1 as source images. It adopts a three-stage coarse-to-fine strategy to predict depth maps
progressively. The network utilizes the MFE-FPN module to extract multiscale features from the input images, thereby generating
hierarchical feature representations. Second, the top-level features from the FPN are mapped through an edge-aware network to compute
edge-aware features, which are subsequently fused with the multiscale features. Third, an AFA is designed to aggregate the multiscale
features, thereby forming a matching cost volume. Fourth, a diffusion constraint module is introduced to integrate cost volume features with
edge-aware features. Fifth, an edge-guided transformer is employed to enhance the representation of edge details during the denoising stage.
Sixth, the cost volume features are regularized and regressed to estimate depth, resulting in the final reconstructed depth map. Seventh, an
edge-aware loss function is constructed during training to preserve the edge information in the predicted depth maps effectively.

Experimental results show that compared with other methods, the DiffusionMVS network shows an improved mean absolute error
metric on the WHU-TLC and LuolJia-MVS datasets by 28.11% and 3.37%, respectively, thereby demonstrating superior reconstruction
performance. However, in terms of inference time, the proposed method does not achieve the best performance because of the relatively low
operational efficiency of the diffusion constraint module. Nevertheless, it achieves an optimal balance between accuracy and efficiency,
thereby making it highly suitable for remote sensing stereo reconstruction tasks. The results on the self-constructed dataset of oil and gas
stations verify the model’s capability to reconstruct detailed geometric features. This capability benefits from the model’s excellent
performance in edge preservation and generalization in unseen scenarios. Moreover, ablation experiment results confirm that the proposed
MFE-FPN, AFA, and DCM modules can effectively enhance the accuracy of depth map reconstruction.

The proposed diffusion-constrained multiview stereo network significantly improves edge-processing capability and overall
reconstruction accuracy through a multiscale feature enhancement module and a diffusion constraint module. Results indicate the model is
well-suited for reconstructing mountains, forests, and buildings, because of its superior performance on weak-texture regions and depth map
denoising challenges. It effectively addresses the reduced reconstruction accuracy of remote sensing images under noise interference. Future
work will explore incorporating the Segment Anything Model into the MVS framework to leverage its rich semantic information, thereby
refining the matching process and further improving reconstruction efficiency and accuracy.
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