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Abstract001

Recent advancements in Vision Transformers (ViTs)002

demonstrate strong potential in remote sensing, pro-003

viding powerful spatial feature representations for004

complex land cover segmentation tasks. In this005

study, we explore multimodal data fusion of Syn-006

thetic Aperture Radar (SAR) and optical imagery007

for land cover mapping. We train and evaluate008

Swin Transformer models and employ explainable009

AI (xAI) techniques to analyse the contribution of010

each modality and feature to the model’s predic-011

tions. We expect to improve the interpretability and012

robustness of multimodal remote sensing models for013

land cover segmentation.014

1 Introduction015

Recent advancements in ViTs show state-of-the-art016

performance in computer vision tasks such as classifi-017

cation and segmentation by leveraging self-attention018

mechanisms to learn strong representations of spa-019

tial features in images [1]. In remote sensing ap-020

plications, complex land cover patterns and diverse021

terrain characteristics pose significant challenges,022

ViTs demonstrate a promise in addressing these023

challenges, particularly in building segmentation,024

change detection, scene classification [2, 3].025

Multimodal data fusion refers to a combination of026

several types of data in order to enhance the perfor-027

mance of the deep learning algorithms. In land cover028

segmentation, the most popular sources for multi-029

modal data fusion are optical and SAR images [4].030

However, only a limited number of studies explore031

the use of transformers for SAR-optical data fusion032

in land cover classification tasks. In this project,033

we aim to address this gap by using Sentinel-1 and034

Sentinel-2 data to train models in one geographic re-035

gion (the Grand-Est region of France) and evaluate036

their generalisation in another (Askvoll municipality,037

Norway). Additionally, we plan to investigate the038

explainability of the proposed multimodal fusion039

approach to better understand the model’s decision040

making process.041

∗Corresponding Author.

Figure 1. Number of samples by month.

2 Dataset 042

We use MultiSenGE dataset provided by Wenger et 043

al. [5]. The dataset covers a large territory in east of 044

the France with the area of 57,433 km2 and consists 045

of Sentinel-1 and Sentinel-2 images for 2020 year, 046

and regional land use and land cover maps provided 047

by OCSGE2-GEOGRANDEST for 2019/2020 years. 048

In total, there are 8157 unique patches of 256x256 049

pixels generated from 14 tiles of Sentinel-2, and 050

the dataset has 1,012,22 patches for Sentinel-1 and 051

72,033 patches for Sentinel-2. There are 14 classes 052

in the dataset, but we remap them into 4 main 053

categories to avoid data imbalance issue: urban, 054

agricultural, forest and water areas. 055

To facilitate the computation resource constraints, 056

we select only the patches that have matching cap- 057

ture date for both sensors, and the resulting number 058

of images is 4411. We split dataset into train, val- 059

idation and test sets based on tiles, rather than a 060

random split to avoid data leakage and contamina- 061

tion. Consequently, there are 4121, 127 and 167 062

Train Validation Test

Figure 2. Class distribution, red: urban, yellow: agri-
culture, green: forest, blue: water areas.
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Figure 3. Example of the images.

patches for train, validation and test sets. Figure 1063

shows monthly distribution of the selected patches.064

Additionally, we plan to evaluate the generaliza-065

tion capability of the transformer models on unseen066

data and different geographic conditions. We des-067

ignate Askvoll municipality in the Western part of068

Norway which mainly consists of forests and small069

lakes in the mountainous terrain. Similar to Multi-070

SenGE dataset, we collect Sentinel-1 and Sentinel-2071

images for the 2022 year, and we use the land cover072

map provided by Norwegian Institute of Bioeconomy073

(NIBIO) as a ground truth data.074

3 Methodology075

In our experiments, we intent to use the Shifted076

Window (Swin) Transformer. Swin Transformer077

is a hierarchical ViT architecture that computes078

self-attention within shifted local windows, enabling079

efficient modelling of both local and global visual de-080

pendencies while maintaining linear computational081

complexity with image size [6]. SWIN transformer082

is available at small, medium and large sizes, and we083

train all models for better understanding their capa-084

bility. Furthermore, to benchmark our results, we085

aim to train models based on Convolutional Neural086

Networks (CNN), namely U-Net [7] and DeepLabV3087

[8] architectures.088

We plan to utilise the VV and VH polarisation089

bands of the SAR data along with the RGB and090

NIR bands of the optical imagery, and Normalized091

Difference Vegetation Index (NDVI) as an additional092

input feature for training models to perform land093

cover classification. Figure 3 depicts a sample from094

the training dataset.095

We also plan to investigate the explainability of096

the SAR–optical multimodal fusion using xAI tech-097

niques. Our goal is to understand how each modality098

and feature contributes to the model’s land cover099

classification decisions, providing insights into the100

relative importance of SAR and optical inputs and101

improving the interpretability of multimodal remote102

sensing models. Figure 4 displays the pipeline of103

proposed model.104

4 Expected Results105

To evaluate the models’ performance, we compute106

the F1-score and Intersection over Union (IoU) score107

Figure 4. Pipeline of the proposed model.

between the predicted image and the ground truth 108

map computed by the following formula: 109

F1 score = 2 · Precision · Recall
Precision + Recall

(1) 110

IoU =
|Prediction ∩Ground Truth|
|Prediction ∪Ground Truth|

(2) 111

We define acceptable performance as a class- 112

average IoU above 70% and F1-score above 80%, We 113

anticipate notable challenges during domain shift 114

evaluation, as the contrasting geographic and en- 115

vironmental conditions. Therefore, we expect 10% 116

drop in metrics compared to the trained dataset. 117

For xAI interpretability, we apply methods such 118

as Grad-CAM [9], Captum [10] and attention map 119

visualization to assess the spatial relevance and con- 120

tribution of SAR and optical features to the model’s 121

decisions. This is important to understand which 122

modality dominates in a specific class prediction. 123

5 Conclusion 124

We present an ongoing study on multimodal land 125

cover classification using SAR and optical imagery 126

with vision transformers. The proposed approach 127

demonstrates the potential of multimodal fusion to 128

improve segmentation performance, and future ex- 129

plainability analyses using xAI will provide deeper in- 130

sights into the contribution of each modality. These 131

results lay the groundwork for developing more in- 132

terpretable and robust remote sensing models for 133

land cover mapping. 134
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