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Dominant Tree Species Classification in Cold-temperate Forests of China
Based on Machine Learning and SHAP Analysis

Dong Heng' Jiang Yichen' Xiong Tao' Yuan Yanbin' Yu Shan® Du Wala’
(1. Key Laboratory of Green Utilization of Critical Non-metallic Mineral Resources, Ministry of Education,
Wuhan University of Technology, Wuhan 430070, China
2. College of Geographical Science, Inner Mongolia Normal University, Hohhot 010022, China
3. Institute of Grassland Research, Chinese Academy of Agricultural Sciences, Hohhot 010010, China)

Abstract; Accurate mapping of dominant tree species distributions is crucial for understanding the
response of northern forests to climate change. Compared with North America, species distribution data in
Eurasian northern forests, particularly in the southern margin influenced by climate change and human
activities, remain scarce. Cold-temperate forests at the southern margin of the Eurasian boreal zone in
China were selected as the study area. Multi-source data, including spectral bands, texture features,
topographic factors, and bioclimatic variables, were integrated, and four machine learning models,
XGBoost, random forest, MLP, and ConvlD were applied to accurately map three dominant species:
Betula platyphylla, Larix gmelinii, and Populus davidiana. SHAP analysis was used to interpret model
decision mechanisms and feature interactions at both global and local levels. The results indicated that the
XGBoost model achieved the highest overall accuracy (80. 1% ) with the lowest classification error, and

Populus davidiana was the most distinguishable among the three species; SHAP interpretability analysis

Wk H B . 2026 —02-04 {01 H B . 2026 —03 - 10

ESTE : 65 [ AR IE 5 0 [ (42471445 52079101) P332 7 (1 3 BORHEE TR (2025 YFDZ0122 ) AL L Tk 2% 1 2 G145 0F ¢ 38
4701 H (104972025RSChs0029 )

1EERE Ay FAE(1986—) 5 B #Z , 1+, M F A B R 558 /BT 5% , E-mail ; simondong@ whut. edu. cn

BISEH . BV (1990—) 8 JFIM , 1+, 32 8 A A= 822157, E-mail : xiongt830@ pku. edu. cn



268 & ok L

L

2026 4

revealed that precipitation ( Biol4) and temperature-related variables ( Bio7, Bio4, Bio3) contributed

most to the model discrimination; Populus davidiana occurred preferentially in environments with high

temperature seasonality ( Bio4) and diurnal range ( Bio2), exhibiting strong adaptation under extreme

climates, reflecting nonlinear, species-specific responses to climate. The research results demonstrated

that integrating machine learning, environmental factors, and model interpretability analysis could

effectively address the limited accuracy in classifying dominant tree species in China’s cold-temperate

forests, enhance ecological understanding of climate-species relationships, and provide practical guidance

for developing targeted forest management strategies.

Key words: dominant tree species classification; cold-temperate forests in China; machine learning;
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Tab.1 Original variables and descriptions
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Tab.3 Introduction to data properties
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Tab.4 Filtered texture features and descriptions
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Tab.5 Optimal parameter combinations for

machine learning
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reg_lambda 0.03
reg_alpha 0.015
min_child_weight 1
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colsample_bytree 0.88
n_estimators 380
min_samples_split 2
min_samples_leaf 1

Random Forest
max_samples 0.9
max_features 0.8
max_depth 20
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Tab.6 Evaluation of classification accuracy for dominant

tree species using different machine learning models
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