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Abstract: Objective &a ing methods have demonstrated considerable potential for t}l.iﬂ@-%a[‘ei%t ct%o t-level crop
distributions fi ni ¢ sensing imagery. However, their performance is heavily relianﬁﬁ‘lar %p@me hight-quality annotated
sample ﬁg’ significant challenges, including high labeling costs, poor timeliness, a&%ﬁ il@i&ﬁs-regional generalization
ca]y«it . These limitations are particularly pronounced in fragmented agricultural landscapes Qfot boundaries are complex. This
study aims to address these bottlenecks by proposing a novel framework that achieves ac% ot-level rice mapping without the need for
region-specific model training and with minimal dependence on manual ann &k y integrating visual foundation models with
agricultural prior knowledge, this research seeks to establish a robust, automated sﬁfon for crop mapping in diverse environments.Method
We propose a plot segmentation prompt optimization method that couples the Segment Anything Model (SAM) with domain knowledge
fusion. The core of our framework is an adaptive, iterative learning closed-loop system comprising "segmentation — screening —>
knowledge update — re-prompting. " First, prior knowledge derived from time-series vegetation indices—specifically the Normalized
Difference Vegetation Index (NDVI) and Land Surface Water Index (LSWI)—is applied to mask out non-vegetated areas, substantially
reducing the computational load. The SAM is then employed for initial segmentation. Crucially, the framework performs statistical analysis
on high-confidence segmented plots to dynamically update the thresholds of prior knowledge (e.g., spectral characteristics during flooding
and peak growth stages, and geometric area thresholds). These updated thresholds are automatically translated into refined prompt
information, including plot center points and boundary points, which are fed back into the SAM model to guide finer segmentation.
Furthermore, we innovatively introduce the Intersection over Union (IoU) metric and area change rate as convergence criteria to
automatically terminate the iterations, ensuring both algorithmic stability and computational efficiency. Result The proposed method was
systematically validated across three geographically and agronomically diverse rice cultivation regions: Ninghe District (Tianjin, China),
Fujin City (Heilongjiang, China), and Niigata City (Japan). The results demonstrated high mapping accuracy and strong generalization
capabilities. In Ninghe, the metho ieved an Overall Accuracy (OA) of 94.44%, a Kappa coefficient of 0.89, and an Fl—scoWQO%.
Similarly, high performance G@wed in Fujin (OA: 96.80%, Kappa: 0.91) and Niigata (OA: 94.50%, Ka paﬁ mparative
analysis of multi—tggl 6@,&&{ i 2 tified the rice harvest period as the optimal phenological window for ue to maximized
c st Aplatio
&

spectral and g§€
to 0.8 éﬁ&l\ﬁ‘ \g els (U-Net and DeepLabV3+)
a

trained on lo r method achieved superior extraction accuracy and boundary pleteness despite using no training samples

ies revealed that the iterative mechanism significantly impr veﬁ appa coefficient from 0.79
inedMoreover, in a direct comparison with typical supervised ﬁ H

whatsoever, its robustness against sample scarcity. Conclusion This study presents an effective framework for high-precision, plot-

leve \@QS apping that significantly reduces dependency on annotated samples. By successfully coupling the powerful, generic
entation capability of SAM with agricultural remote sensing prior knowledge through an adaptive iterative mechanism, the method

overcomes the "sample dependence" bottleneck of traditional deep learning. It offers a promising technical pathway for large-scale, cost-

effective, and automated crop mapping, providing essential data support for food security assessment and sustainable precision agricultural

management.

Key words: Remote sensing fine extraction, SAM, prior knowledge fusion, rice mapping, adaptive statistical learning, parcel-level

segmentation, iterative optimization, prompt information optimization

Supported by Supported by Program for Innovative Research Groups of the National Natural Science Foundation of China (No.

41921001); Beijing Smart Agriculture Innovation Consortium Project (BAIC10-2025)



