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The Detection of Citrus Orchards in Southern Jiangxi Province
with Landsat Images Using Random Forest Classifier

XU Hanzeyu' LIU Chong® QI Shuhua'**" ZHAO Guoshuai®
(1. School of Geography and Environment Jiangxi Normal University Nanchang Jiangxi 330022 China;2. Key Laboratory of Poy—
ang Lake Wetland and Watershed Research Ministry of Education Jiangxi Normal University Nanchang Jiangxi 330022 China;3. Jian—
gxi Provincial Key Laboratory of Poyang Lake Comprehensive Management and Resources Exploitation Jiangxi Normal University Nan—

chang Jiangxi 330022 China;4. Forest Inventory and Planning Institute of Fujian Province Fuzhou Fujian 350003 China)

Abstract:Several Landsat OLI images acquired in spring and autumn are selected to map citrus orchards distribu—
tion. Random Forest (RF) classifier is utilized to implement a supervised classification on the dataset including
multi-spectral reflectance vegetation and moisture indices texture information and topographic features. The results
show that classification with spring image is successful with an overall accuracy (OA) of 91.12% and a Kappa sta—
tistic of 0. 88. And it is superior to that with autumn images. RF is highly suitable for the identi-fication and classifi-
cation of citrus orchards. And classification with an optimal subset of discrimination features is also acceptable with
a high accuracy. The area of citrus orchards is about 1 794.26 km” and a certain proportion of citrus orchards is cul—
tivated on steep slopes. The landscape characteristics of citrus orchards in some counties such as Xunwu Xinfeng
and Anyuan became single continuous and massive.

Key words:remote sensing;classifier;random forest; Gannan; citrus orchard



