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Fig. 1 Schematic of the study area and data sources
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SAR data, multispectral data, multi-modal fusion data
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Fig. 3 Schematic diagram of the multi-model fusion framework
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Fig. 4 The relationship between the average FWloU of the
ConViT model’s output results and the number of training

iterations under multimodal (MSI+SAR) data
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Fig. 6 Performance evaluation of different models on
multi-modal SAR+MSI data and single-Modal SAR data
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Table 3 The results of different weights in the test phase
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w0,=0.5, 0,=0.25, w,=0.25 89.09 81.65
w0,=0.7, 0,=0.15, 1,=0.15 89.09 81.64
w0,=0.8, w,=0.1, 10,=0.1 88.81 81.25
w,=0.9, 1,=0.05, w,=0.05 88.51 80.86
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Large—scale land cover mapping based on multimodal data and
multimodel fusion
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Sciences, Hangzhou 310024, China;
2. Shanghai Institute of Technical Physics, Chinese Academy of Sciences, Shanghai 200083, China

Abstract: Land cover mapping is a vital task in Earth observation; it provides fine-scale details of landscape and support many downstream

applications like ecology, hydrology, and resource management. However, current land cover mapping faces key challenges such as limited

information from single-source data, substantial data heterogeneity, and insufficient generalization capability of individual models.To solve

these issues, this study addresses key challenges in land cover mapping by proposing an innovative framework that integrates multimodal

remote sensing data with a multimodel deep learning-based framework for collaborative decision-making. This work aims to provide a novel

pathway for large-scale high-resolution land cover mapping and support many other downstream applications.

In this study, leveraging the spectral characteristics of multispectral imagery (MSI) and the distinct properties of Synthetic Aperture

Radar (SAR) data, a complementary multimodal (i.e., MSI+SAR) dataset is constructed as feature input, effectively overcoming the

limitations of using a single SAR modality in complex Earth observation scenarios. Moreover, at the model architecture level, a systematic
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evaluation of the performance differences among seven representative machine learning-based models is conducted. Based on these
foundations, a multimodel fusion strategy is further proposed, combining convolutional neural networks (CNNs), vision transformers (ViTs),
and a hybrid CNN/VIT architecture (represented by FCN, ConViT, and CoAtNet, respectively). These three models have demonstrated
outstanding performance in previous comparative experiments between multimodal (i.e., SAR+MSI) data and single-modal SAR data.

In the experimental section, we conduct a comprehensive evaluation in the entire Beijing City. Remote sensing data are collected from
GF-3 (SAR) and GF-6 (MSI). On the basis of these multimodal data, we compare six advanced semantic segmentation models and one pixel-
based classification model. Results show that compared with using single SAR data, the utilization of multimodal data significantly
improves two key evaluation metrics used in semantic segmentation task or land cover mapping task—Overall Accuracy (OA) and
Frequency-Weighted Intersection over Union (FWIoU)—in Beijing City. The proposed multimodel fusion framework further enhances
performance in OA and FWIoU, validating the effectiveness of the method in semantic segmentation tasks with multimodal remote sensing data.

This paper presents an innovative approach that enhances a model’ s capability to extract complex land cover features by effectively
integrating multimodal remote sensing data (MSI and SAR) with a multimodel fusion framework. The proposed method demonstrates
superior performance in large-scale land cover mapping, achieving significant improvements in classification accuracy and robustness
compared with conventional single-source or -model approaches. The success of this framework highlights the powerful potential of
multimodal data fusion and collaborative deep learning in overcoming challenges such as spectral ambiguity, cloud interference, and limited
labeled samples.

Key words: land-cover mapping, multi-spectral, synthetic aperture radar, multi-modal, multi-model fusion, convolutional neural networks,
vision transformers
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