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Deep Learning-based Forest Fire Prediction Model Research in
the Daxing'anling Mountains, Inner Mongolia

ZHANG Jin-yu', PENG Dao-li', ZHANG Chao-jun?, HE Dan-ni"', YANG Can-can'®

(1. Key Laboratory of Forest Resources & Environmental Management, National Forestry and Grassland Administration,
Beijing Forestry University, Beijing 100083, China; 2. College of Forestry, Shanxi Agricultural University, Jinzhong 030801,
Shanxi, China; 3. School of Geographic Information and Tourism, Chuzhou University, Chuzhou 239000, Anhui, China)

Abstract: [Objective] To predict forest fires in the Daxing'anling Mountains of Inner Mongolia and provide
important support for forest fire prevention. [Method] Based on the Daxing'anling Mountains of Inner Mon-
golia as the research object, combined with MCD64 A1 monthly fire point products, terrain, climate and
other data, the forest fire potential impact factor data set was constructed, and the convolutional neural
network, random forest and support vector machine models were used respectively to predict and visual-
ize the probability of forest fires in the study area. The developed models were evaluated and the spatial
distribution characteristics of forest fires were analyzed. [Results] The main driving factors of forest fire in
the Daxing'anling Mountains were altitude, average temperature, total precipitation and the distance from
water area in order of importance. The AUC value of CNN, RF and SVM was 0.838, 0.794 and 0.788, re-
spectively, and the accuracy of CNN was the highest. CNN can effectively divide areas with high and low
forest fire susceptibility, which is conducive to dividing forest fire warning areas. [Conclusion] The CNN
model is more suitable for predicting the probability of forest fires in the Daxing'anling Mountains than RF
and SVM models. The spatial distribution of forest fire risk in the Greater Khingan Mountains is obviously
regional, mainly occurring in the southeast region.

Keywords: forest; fire warning; deep learning; sensitivity modeling

(LS. i)



	1 研究地区概况及研究方法
	1.1 研究区概况
	1.2 数据来源及预处理
	1.2.1 森林火灾预设影响因子理论依据
	1.2.2 数据来源
	1.2.3 数据预处理

	1.3 研究方法
	1.3.1 特征选择方法
	1.3.2 支持向量机
	1.3.3 随机森林
	1.3.4 卷积神经网络
	1.3.5 模型评估方法及标准


	2 结果与分析
	2.1 模型的变量选择
	2.2 卷积神经网络训练结果
	2.3 模型评价指标及模型比较
	2.4 模型预测及生成森林火灾敏感性图

	3 讨论
	3.1 森林火灾主要潜在影响因素
	3.2 深度学习在森林火灾预测方面的优势

	4 结论
	参考文献

