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Crop classification in cloudy and rainy regions
faces the dual challenges of insufficient high-
quality remote sensing images and limited
samples. To address this, we propose a method
that integrates optical and synthetic aperture
radar (SAR) data to generate spatiotemporal
samples. This approach enables the estimation of
crop distribution in other years based on field
survey samples from a single year. The method
reconstructs vegetation Index time series
through pixel-level optical-SAR fusion and
identifies crop types of generated spatiotemporal
samples using time-weighted dynamic time
warping and sample refinement. These samples
support rapid and large-scale crop classification,
achieving an accuracy of 67%-82% with random
forest. Compared to methods relying solely on
optical satellite data, the proposed approach
demonstrates the potential of SAR in addressing
data gaps. The results highlight the potential of
training machine learning with spatiotemporal
samples generated from optical-SAR fusion to
enhance crop classification accuracy in similar
climates.
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Overview of the study area and cropland distribution in the
Chengdu Plain. (a) Location of the Chengdu Plain and field
survey sample distribution. Cropland distribution in (b)
2020, (c) 2021, and (d) 2022.

Standard NDVI time Classification results of rice and
series for field survey maize in the Chengdu Plain in (a)
samples in 2023 2020, (b) 2021, (c) 2022

We compared this approach with the method that
relies solely on optical remote sensing images for
sample generation [5]. The two methods differ only
in time series reconstruction approach, while all
other procedures remain consistent.
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Introduction

Current crop classification methods
in cloudy and rainy regions

Time
series
reconstruction
[1,2]

\

New Sample
Indices generation

[3] [4]

fail to address the simultaneous lack
of high-quality images and samples

\ ¢

How to expand existing field survey samples
across temporal and spatial scales and
achieve large-scale, rapid crop classification
in cloudy and rainy regions using remote
sensing Iimage time series that combine
optical and SAR data?

Study Area and Datasets

Study Area:

Chengdu Plain, Sichuan Province

*Crops:

Rice and maize, with rice transplanted in mid-May

and harvested in early September, while maize is
sown in mid-March and harvested in mid-August

Dataset:

(1) Satellite image data:
Sentinel-1 and Sentinel-2
(2) Cropland mask data:
“Dynamic World V1”

Sample Points:

(1) 247 crop type samples collected in 2023, (165
rice samples, 31 maize samples, and 51 field
boundary

(2) 73 rice samples collected in 2024 for accuracy
validation
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Refined spatio-temporal generated samples

Random forest classifier

Workflow of the proposed method

Conclusion

In this study, we investigated the use of optical-
SAR fusion for reconstructing NDVI time series
and assessed its effectiveness in crop type
determination and classification in cloudy and
rainy regions. It showcased the potential of SAR
to address data gaps caused by persistent cloud
cover, ensuring data continuity across the crop
growth cycle. The findings also highlighted key
challenges, such as the misclassification of
poorly grown crops as field boundaries and the
cumulative accuracy losses during the
spatiotemporal sample generation process.
Future research will focus on improving
reconstruction algorithms, integrating advanced
cropland masks, and exploring the synergistic
use of optical and SAR data to fully leverage their
combined strengths. These efforts aim to provide
more reliable and comprehensive solutions for
crop monitoring In complex environmental
conditions.
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