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Abstract: Objective Crop lodging poses a significant threat to agricultural productivity and food security, yet existing monitoring
approaches often suffer from low automation, insufficient integration of pre- and post-disaster data, and a lack of systematic spatiotemporal
coordination. To overcome these limitations, we developed an automated framework, StandardCurve-iForest-RF, which aims to establish a
resilient crop growth baseline, distinguish true lodging from noise, and enable precise spatiotemporal mapping for disaster management.
Method The approach utilizes time-series Sentinel-2 satellite data to construct a Crop Growth Standard Curve (CGSC) for the target crop.
The Soft Dynamic Time Warping (Soft-DTW) algorithm is employed to create this curve, which serves as a resilient reference model
capable of accommodating inter-annual climatic variations. To detect lodging, the method calculates cumulative multi-feature anomaly
scores by comparing post-disaster satellite observations against the pre-established standard curve. An Isolation Forest (iForest) algorithm is
applied for initial anomaly detection across multiple spectral features. Subsequently, a spatiotemporal joint decision mechanism is
implemented to refine the results, effectively suppressing false alarms caused by persistent cloud cover, cloud shadows, and other
environmental noise. Finally, a Random rest (RF) classifier is used to accurately map the spatial extent and prec boundarles of the

lodged areas, completing the fully workflow from dynamic detection to precise mapping.Result The n Vahdated using
a case study of a lodgmg ¢occurred on September 15, 2020, in Bohetai Township, Zhaoyua , Heilongjiang
Province. It succe tlﬁed the lodging event, demonstrating its effectiveness in dlstln r p om noise. The
overall d&« cy reached 80.36%, with a Kappa coefficient of 0.60, conﬁrmmg@ ween the automated
sults and ground reference data. The results clearly showed that the integrated use curve the anomaly scoring
mzlsm, and the spatiotemporal decision rules significantly enhanced the reliability of 1dent1ﬁcat10n and minimized false

positives. The entire process, from data processing to the final generation of the lodgiﬁ}@ Swas executed automatically without manual
intervention. Conclusion The StandardCurve-iForest-RF framework presentsg?) icant advancement in automated crop disaster
monitoring. Its core innovation lies in the construction of a resilient growth standard curve and a sophisticated spatiotemporal analysis
pipeline that effectively differentiates true lodging from interference. The successful application in a real-world case study confirms the
method's practical utility and accuracy. This framework provides a valuable tool for agricultural departments and emergency management
agencies, enabling rapid assessment of crop damage extent and supporting timely disaster response and loss estimation. The methodology is
adaptable and holds promise for application in other regions and for monitoring other types of abrupt agricultural disasters.

Key words: Crop Lodging Monitoring, Standard Growth Curve, Time-Series Analysis, Spatiotemporal Joint Detection, Sentinel-2
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