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High-precision individual tree mortality prediction for Chinese
fir using deep learning and oversampling

Hu Haoran Sun Yujun Xie Yunhong Liang Ruiting Wang Baoying
(State Forestry & Grassland Administration Key Laboratory of Forest Resources & Environmental Management,

Beijing Forestry University, Beijing 100083, China)

Abstract: [Objective] Chinese fir (Cunninghamia lanceolata) is a key timber species in Fujian Province,
China. To address the issue of low prediction accuracy for individual tree mortality at the Jiangle State-
owned Forest Farm, this study constructs a deep learning-based diagnostic model, providing a reference for
the scientific tending of Chinese fir. [Method] Using data from 79 permanent sample plots from 2011 to
2024, SMOTE, MAHAKIL, and hybrid oversampling strategies were employed to address class imbalance
issues. A deep learning-based individual tree mortality model was established. Model performance was
evaluated using multidimensional metrics such as F1 score, AIC, and BIC, and further compared with
traditional logistic regression models to assess performance and stability. [Result] The hybrid sampling

strategies significantly improved model performance. The MAHAKIL hybrid oversampling model achieved
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mean AIC (874) and BIC (949) that were superior to those of the SMOTE hybrid oversampling model
(AIC=1 038, BIC=1 117). The optimal strategy was the MAHAKIL-R300 hybrid sampling, with an F1-score
0f 0.959 and a critical threshold set at 0.646. The performance of the deep learning individual tree mortality
model was significantly better than that of the traditional logistic regression model. (2) Among the eight
influencing factors, the top three factors contributing the most to individual tree mortality of Chinese fir
were, in order, diameter at breast height (DBH), Gini coefficient of DBH, and the total basal area of trees
with DBH greater than that of the subject tree (C1). The Gini coefficient of DBH and C1 were positively
correlated with mortality probability, while DBH was negatively correlated with mortality probability,
indicating that tree competition and structural imbalance significantly increased the risk of individual tree
mortality. [Conclusion] The individual tree mortality model for Chinese fir constructed in this study, based
on oversampling techniques and deep learning, demonstrated higher prediction accuracy and stability,
effectively identifying key influencing factors of mortality. This model can provide a reliable decision
support tool for the precision nurturing and scientific management of Chinese fir forests.

Key words: Cunninghamia lanceolata; mortality model; deep learning; oversampling; diagnostic model;

precision nurturing
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Tab. 1 Summary statistics of sample plots
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Tab. 2 Fitting results of individual class
oversampling model
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x3 REFEIEE ROS-SMOTE BRA LF#
BRREGER

Tab. 3  Fitting results of deep learning combined with
ROS-SMOTE hybrid oversampling

KRR ORBWE HAEE FIOH AIC BIC
R200 0.976 0.920 0.947 921 1000
R300 0.974 0.922 0.947 783 861
R400 0.958 0.930 0.944 1021 1099
R500 0.964 0.926 0.944 1096 1174
R600 0.968 0.926 0.946 1092 1170
R700 0.972 0.922 0.946 973 1051
R800 0.957 0.928 0.942 1135 1213
R900 0.966 0.926 0.945 1062 1140
R1000 0.978 0.926 0.951 1061 1139
R1100 0.976 0.924 0.949 1067 1145
R1200 0.966 0.926 0.945 1170 1249
R1300 0.976 0.920 0.947 1000 1078
R1400 0.976 0.922 0.948 1042 1121
R1500 0.974 0.924 0.948 1087 1166
R1600 0.966 0.926 0.945 1057 1135
R1700 0.970 0.926 0.947 1055 1133

7E: R200 4958 125 R FAROS _E R BE 22008 A 3K, 45245 R FISMOTE
FRAE A2 000FRAN SEA Gilli R V8 SEA TR LA B /b IR 40 1 I AR
R, HAh e R

k4 FEZEIEA ROS-MAHAKIL B & R
HEBEER

Tab. 4 Fitting results of deep learning combined with
ROS-MAHAKIL hybrid oversampling

FrEr FEWRE FEA RS F143%1
JREEH 0.50 0.03 0.05
SMOTE_E % 0.18 0.31 0.23

MAHAKIL | % 0.19 0.43 0.27

KRR RWE  dRE FIOH AIC BIC
R200 0.968 0.936 0.952 459 533
R300 1.000 0.922 0.959 428 502
R400 0.966 0.936 0.951 664 739
R500 0.978 0.930 0.953 769 844
R600 0.980 0.928 0.953 809 884
R700 0.982 0.926 0.951 886 962
R800 0.978 0.926 0.952 995 1071
R900 0.982 0.924 0.951 1041 1117
R1000 0.980 0.924 0.950 1126 1203
R1100 0.978 0.924 0.948 1191 1268
R1200 0.974 0.924 0.957 1274 1351
R1300 0.993 0.924 0.958 791 864
R1400 0.996 0.924 0.956 821 895
R1500 0.991 0.924 0.956 861 935
R1600 0.991 0.924 0.954 918 992
R1700 0.987 0.924 0.954 958 1033
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Tab. 5 Fitting results of the logistic model combined with
ROS-SMOTE hybrid oversampling
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Tab. 6 Fitting results of the logistic model combined with
ROS-MAHAKIL hybrid oversampling

KR ORBHE AEE FIo#H AIC BIC KT RBHE gEE FIoH AIC BIC
R200 0.621 0.743 0.676 4423 4463 R200 0.628 0.770 0.692 4229 4275
R300 0.640 0.778 0.702 4432 4471 R300 0.630 0.766 0.691 4222 4262
R400 0.693 0.795 0.740 4322 4362 R400 0.603 0.785 0.682 4361 4401
R500 0.666 0.810 0.731 4546 4586 R500 0.631 0.798 0.705 4235 4275
R600 0.655 0.775 0.710 4330 4376 R600 0.643 0.786 0.708 4239 4278
R700 0.636 0.703 0.668 4533 4573 R700 0.632 0.788 0.701 4252 4298
R800 0.655 0.805 0.722 4381 4421 R800 0.634 0.811 0.712 4200 4240
R900 0.643 0.770 0.701 4586 4625 R900 0.632 0.808 0.709 4229 4268
R1000 0.651 0.786 0.713 4397 4436 R1000 0.628 0.788 0.699 4138 4178
R1100 0.651 0.793 0.715 4308 4355 R1100 0.635 0.798 0.707 4189 4229
R1200 0.637 0.755 0.691 4402 4441 R1200 0.620 0.753 0.680 4256 4303
R1300 0.658 0.740 0.697 4505 4545 R1300 0.632 0.810 0.710 4230 4270
R1400 0.650 0.745 0.694 4423 4463 R1400 0.627 0.773 0.693 4225 4265
R1500 0.653 0.768 0.706 4440 4480 R1500 0.639 0.75 0.690 4204 4250
R1600 0.643 0.798 0.712 4464 4504 R1600 0.654 0.783 0.713 4228 4274
R1700 0.642 0.738 0.686 4487 4527 R1700 0.629 0.743 0.682 4177 4223
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Fig. 1 Critical threshold of individual tree mortality model
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Tab. 7 Fitting results of individual tree mortality model

o HAEX I
B A RE ARdER P
2.50% 97.50%
DBH —1.2415 0.200 0 -1.633 —0.850
H -0.262 9 0.077 0.001 -0.414 -0.112
GINI(DBH) 1.4856 0.096 0 1.297 1.674
N —0.788 7 0.069 0 -0.924  —0.653
Cl 1.456 4 0.100 0 1.261 1.652
C3 0.3222 0.228 0.157 —0.124 0.769
C4 0.629 7 0.191 0.001 0.255 1.004
C8 —0.4772 0.069 0 -0.613 —0.342
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Fig. 2 Characteristic importance coefficient of individual

tree mortality model
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