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Land-Use Classification Based on GEE and a Two-Layer Random-Forest
Model: A Case Study of the Central Guizhou Urban Agglomeration

LU Debin'?, SHI Zhang' ,SUO Chao’, HAN Chang' ,GENG Jingjie'"

(1. a. Depariment of Tourism & Geography; b. Guizhou Provincial Engineering Research Center for Intelligent Monitoring & Policy Simulation
of Mountain Territorial Space, Tongren University, Tongren 554300, Guizhou, China;
2. School of Public Administration, Guizhou University, Guiyang 550025, China;
3. School of Law, Sichuan University, Chengdu 610207, China)

Abstract: In cloudy and foggy mountain environments, severe distortion of surface radiation signals makes land-
cover identification difficult, and high-accuracy land-use/land-cover change (LUCC) data are urgently needed to
support precise territorial-space governance of urban agglomerations. However, appropriate samples, imagery and
classification methods for local high-precision mapping were still insufficient.

This study took the urban agglomeration in central Guizhou as the research area. Sentinel-1/2 images were
acquired via the Google Earth Engine platform and preprocessed to remove clouds, shadows, and snow. Three types
of feature variables—spectral, index, and SAR spectral—were extracted. Drawing on the Stacking concept, a
double-layer random forest framework was constructed: the first layer outputs land class probabilities, while the
second layer resamples high-probability areas to generate new features and performs secondary classification.

(1) Results show that the two-layer model achieved an overall accuracy of 0. 941 and a Kappa coefficient of
0.929, increasing by 11.75% and 14.55% compared with the single-layer random forest.

(2) Coupled with a sample-transfer scheme, monthly-to-annual LUCC sequences from 2018 to 2024 were
produced rapidly; the average overall accuracy was 0. 92 and the Kappa coefficient was 0. 91. Multi-month
integration effectively utilized sparse images, significantly improving the spatial continuity and integrity of annual
maps and reducing noise impacts.

(3) The above probability purification framework notably improved sample quality and classification
reliability.

This study provides an efficient and robust LUCC-mapping framework for cloudy and foggy mountain urban

agglomerations, and offers scientific reference for basic-data production and territorial-space governance.

Key words; Sentinel-1/2 imagery; random-forest model; land-use classification; central Guizhou urban

agglomeration
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