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Abstract: Self-supervised pre-training methods have strong capabilities in feature extraction and model transfer. How-
ever, current pre-training methods in multimodal remote sensing image (RSI) fusion only perform simple fusion opera-
tions such as concatenation on the extracted multimodal features without designing dedicated modules for the integration
of multimodal information, leading to insufficient fusion of complementary information across modalities. Secondly,
these methods do not consider and utilize the cross-scale consistency priors within RSIs, resulting in limited extraction
and integration of multimodal remote sensing information, and thus the performance of various downstream tasks needs
to be improved. In response to the above issues, a multimodal RSI fusion method based on self-supervised pre-training
and cross-scale contrastive learning is proposed, which mainly includes three parts: 1) By introducing a cross-attention
fusion mechanism to preliminarily integrate features extracted from different modalities, and then using encoder mod-
ules to further extract features, explicit aggregation and extraction of complementary information from each modality
are achieved; 2) By introducing a cross-modality fusion mechanism, each modality can extract useful supplementary in-
formation from the features of all modalities, and reconstruct each modality’ s input after separate decoding; 3) Based
on the cross-scale consistency constraints of RSIs, cross-scale contrastive learning is introduced to enhance the extrac-
tion of single-modality information, achieving more robust pre-training. Experimental results on multiple public multi-
modal RSI fusion datasets demonstrate that, compared with existing methods, the proposed algorithm has achieved sig-
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nificant performance improvements in various downstream tasks. On the Globe230k dataset, our method achieves an av-

erage intersection over union (mloU) of 79.01%, an overall accuracy (OA) of 92.56%, and an average F1 score

(mF1) of 88. 05%, and it has the advantages of good scalability and easy hyperparameter setting.

Key words: Multimodal remote sensing image fusion, self-supervised pre-training, contrastive learning, cross-scale

consistency
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Fig. 1 The overall framework of our method
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Table 2 Quantitative results of different algorithms
on BigearthNet—-MM dataset.

mAP-100% labels mAP-1% labels

Tk
SI S22 SI+82  SI S22 SI+82

Dino-MM™7(2022) 69.7 83.9 84.6 52.7 58.7 60.3
SatViT'*'(2022)  75.4 85.6 85.5 52.4 58.5 58.0
Fus-MAE™/(2024) 75.5 87.9 87.9 57.8 70.0 68.7

Ours 78.6 89.8 90.4 59.3 70.6 1.4
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Table 3 Quantitative results of different algorithms
on SEN12MS dataset

. Topl-  Top3-  Preci- F1-
WRES Recall

Ace Ace sion score

Dino-MM'*(2022) 58.8 91.0 71.4 58.8  59.7
SatViT[14](2022)  59.1 91.8 752 59.1  59.9
Fus-MAE''(2024) 59.8  92.4 75.2  59.8  62.0
Ours 60.9 93.4 77.2  60.8  63.9
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Table 4 Quantitative results of different algorithms on C2Seg-BW dataset.

ES)

MRS

Tk L
SW SN UF

ICT MDCS AVA

mloU  OA mF1
AL PC P F S oS 1w

AdaptSeg

MSI+SAR 59.57 17.05 25.06 32.77 1.94 8.99 9.11 0.30 0.00 32.98 0.00 0.00 0.00 8.92 29.26 14.44

(2018)
DSAN'" HSI+
0.00 0.00 42.08 25.68 1.22 9.55 25.37 0.00 0.00 46.85 0.00 0.00 0.00 7.09 18.55 11.60
(2021) MSI+SAR
DualHR' HSI+
60.51 0.29 0.76 24.19 0.26 4.19 0.00 0.00 0.00 32.70 0.22 0.33 0.01 6.17 31.97 9.53
(2018)  MSI+SAR
SegForm- HSI
N Sl+
er'®! 78.49 0.05 30.90 20.38 2.52 10.79 18.01 1.77 0.00 38.72 10.48 0.01 0.01 10.89 33.56 16.32
(2021) MSI+SAR
FastFCN'>  HSI+
45.39 2.38 38.44 27.63 0.86 8.83 0.00 0.00 0.00 4.14 0.00 0.00 0.00 5.96 21.22 9.82
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78.37 0.58 40.04 43.67 1.67 9.28 0.43 0.10 0.00 47.22 0.26 0.00 0.00 11.92 39.58 17.69
(2023) MSI+SAR

Ours MSI+SAR 79.75 1.99 30.68 22.95 3.91 11.58 21.44 1.83 0.06 41.55 10.80 1.12 0.64 14.79 46.02 20.94
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Table 6 Quantitative results of different architectures
on the BigEarthNet-MM dataset

BERIGEH mAP-100% labels
w/o CAF 86.9
w/o CMF 88.7
w/o Contrastive Learning 88.9
Ours 90. 4

R7 AEFEHILLFIZE BigEarthNet-MM #1585 FE R
Table 7 Quantitative results of different cropping ra-
tios on the BigEarthNet—-MM dataset

LI mAP-100% labels
0.3 86.7
0.4 90. 1
0.5 90.0
0.6 90. 3
0.7 89.7
random (0. 4-0. 6) 90. 4
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Table 8 Quantitative results of different contrastive
loss weights on the BigEarthNet—-MM dataset

X A Je A mAP-100% labels
0.3 89. 8
0.5 90. 4
0.7 90. 3
1.0 90.0
2.0 88.4
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Fig. 3 Visual results in Globe230k dataset
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