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Table 1 Summary statistics of modeling set and validation set

AL Train set

56 H#iE Validation set

MU

Statistics BUME Min SR Max CFRIE Mean B sd B/ME Min - BORME Max CFHME Mean  FRifERE sd
4% D/em 3.9 435 16.4 7.18 4.4 44.5 16.6 7.59
W H/m 29 30.5 14.5 5.46 4.5 27.8 14.9 6.14
M De/em 14.9 39.9 26.6 6.24 14.9 39.9 26.6 5.73
PRIAW & Hi/m 113 30.5 22.1 4.80 113 30.5 223 4.69
F¥I4% Dg/em 9.9 28.1 17.2 491 9.9 28.1 17.4 5.04
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Table 2 Expression of referenced generalized height-diameter models

121 4% 45 Model No. 1R 1% 50 Model form FERISRYR References
Ml H=13+a0xH" xe~ % EHE, RESRERY
0+al xH;)xD
M2 H=13+ % B R
a3
M3 H=13+ (aO +al X Hy—a2 x Dg) xe VD Schroder and Alvarez-Gonzalez!®!
M4 H=13+a0x H,"" x (1 - (:'“ZXDIZ_‘ZBXD)”4 Sharma and Parlon!
_ e—anD )
M5 H=13+(H;-1.3)x e Meyermodefied™!
—e
1 2
M6 H=13+ ao><(l - i)+( ! )2 Loetsch®®
D D) \13xH,
11! o
M7 H=13+(H;-13)x|14+a0x(H;—1.3)X| — — — Tome
D Dy
M8 H=13+a0 x H*' x D2xHi® Hui and KV©)
adxD
M9 H:H,X(1+(a0><H,><a1+a2><Dg)><e“3XH')><(1—e H ) Soares and Tome "
1-— efalxD % .
M10 H= (1,3“0 + (H,“O - 1.3"0) X 7) Castedo Dorado et
1- e—a1><01

F: RFBH. D. Dt HFDg/MHAME (m). iz (em). MFEHE (cm). HHFE (m) FFEHE (cm). ai (=0, 1, 2, 3, 4) NERS%,
In the table, H, D, Dt, Ht and Dg are tree height (m), diameter at breast height (cm), dominant diameter at breast height (cm) dominant height (m) and
average diameter at breast height (cm), respectively. ai (i=0, 1, 2, 3, 4) are parameters of models
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3 'a(32)
h(x)
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Layer 1  Layer2

E 1 DLA #&EEIZEHY
Fig.1 Structure of DLA model
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W54 T H20 F- 5 9 DLA £8Y, H20 J2&
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FEAY | SRS RE TR . SR Python ( Python 3.8 )
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PG PRECRIU M 2o M S8 il i e
30T, K BL“Rectifier™VE A 1% i pR B HU-5 45 140
FHAbpREL, T L RectifierWithDropout ™ A
DLA R R, BRI 2E ( RMSE )
YE MBS R H AR, H20 7EII%% DLAR AL 2
SR AR, B T it Bla, Kkt
YR E A 1000, YIZRIRZEH 0.001,

Lop = I %} FEEHE Relative importance

=— T ZE FL A Importance percentage

o
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o
o
T
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f=]
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(=] [
T T
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Fig.2 Importance value graph of each factor
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W ITEERT, R T EMZ e M EGER, 1 ok
2 IEA N 100~500, K iEE N 50, KIAE
200~400 Z[i], BIARIPHLEERRIELS, HA&A RS
BARE . ARG A B2 R 2T B0 B
200~400 Z[a], [alfEH 20, [FFRA H20GridSearch
A L% % (‘RandomDiscrete™) J7 1% LL$E /&
WS B, YR B A S Y R 4 INEE 2 A
H20GridSearch £ H A% 48 2 1) 77 20 22 B A AR 7
S5k TRIEEA T IR 2R R E R, R KT
N EHEYIZE DLA #25 (nfold=5 ).

WIS TREE R, TR AR 0 S 2 A
T EE ], ARAEEERARIE 2, AT E
HH A AR R XA 1 1) FE SRR
2.5 HERNEH)

FKHMBERERERZE (), HHMRiRE

( RMSE) , VP43 iR 25 ( MAE) R34 75 22
( MSE ) PR 00545 B TS BE AT PP A
RPBHENT 1, HRMEARMEIT 0, HELAYHRT B
o ZEERZERIMHUAS RAN, PN (e i L]
{6, FREVEHBUN, 0 A EE hTE Y=0 P, #5E
TUBS-

3 ERE0H

RS E ST 25 a3 3, &8
PISEAGTHE . RSP R (R, YRR
# (RMSE) AR (MAE), WLUEH, &
Bt R RZBEAHEN (p<0.001), X
10 2 BE ) FEREA AL A R2ARAE 0.7 LA L, REWE )R
R =5 - W AR (B AR 2R o AN [T ARG AZ AR M 722 - 5
KARMPEHRE A, A EERARAY 3 AL 530
M5, M7 FIM10, H R* 258 0.72, PRI
R* ¥J7E 0.80 D I M6 BRI Aok i B I v T A AR

®3 BESHMHTREITRRE

Table 3 Parameter estimations and goodness-of-fit statistics of models

- SH Wb
Model 2
a0 al a2 a3 a4 R RMSE MAE
5.799 4%** 0.502 7*** 10.870 6*** — — 0.80 2.449 1.901
M1
0.438 9 0.022 3 0.180 7 — —
21.741 5%** 1.000 9%*** 36.640 9*** — — 0.81 2.433 1.908
M2
1.460 1 0.039 2 1.772 4 — —
24,938 5*** 0.990 27%** —0.287 6 5.390 ]k — 0.81 2.413 1.873
M3
1.573 3 0.064 9 0.057 8 0.096 6 —
6.495 O*** 0.432 9*** 0.046 2%** —0.078 2* 1.186 4%*** 0.81 2.398 1.864
M4
0.645 4 0.029 4 0.006 1 0.0352 0.060 1
0.019 6*** — — — — 0.73 2.887 2.164
M5
0.000 9 — — — —
—0.258 47+ — — — — 0.84 2.142 1.678
M6
0.008 2 — — — —
0.947 1*** — — — — 0.72 2.891 2.146
M7
0.0128 — — — —
0.263 8* 0.655 8*** 0.896 5*** —0.089 7 — 0.80 2.468 1.952
M8
0.126 4 0.151 6 0.228 6 0.080 2 —
—2.973 3wk 0.182 7*** 0.058 3* —0.115 2%%** —1.236 5%** 0.82 2.336 1.828
M9
0.7359 0.043 5 0.024 1 0.010 2 0.039 4
0.644 7*** 0.045 3*** — — — 0.72 2.862 2.145
M10
0.0515 0.004 1 — — —

VE: **RIRp <0.001, **FR0.001 <p<0.01, *FT/R0.01 <p<0.05, FHARESEIIIRHER
*** means p < 0.001, ** means 0.001 <p < 0.01, * means 0.01 <p < 0.05, italics are the standard errors of each parameter
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Table 4 Performance of best DLA models with
different hidden layers

R EHCE MR TN BTN Fabn l&ﬂﬁlﬂ
; Total interations/
Hidden layers ~ Neurons . X
R° MSE RMSE MAE min
2 320 0.84 5.001 2.236 1.707 4
3 300 0.85 4.642 2.139 1.572 6
4 360 0.84 4.645 2290 1.566 7
5 340 0.84 4.929 2.241 1.613 10
6 340 0.85 4.245 2.105 1.457 13
7 340 0.84 5.024 2.333 1.648 16
8 340 0.84 5208 2.492 1.663 20
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Table 5 Validation of models

R P REL 05 FR R 22 SN R
Models R RMSE/m MAE/m
DLAMH! 0.838 2.197 1.669
M6 0.835 2267 1.841
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Comparison of Deep Learning and Traditional Models to Simulate the
Height-DBH Relationship of Chinese Fir

LIANG Rui-ting, SUN Yu-jun, LI Yun

(National Forestry & Grassland Administration Key Laboratory of Forest Resources & Environmental Management,

Beijing Forestry University, Beijing 100083, China)

Abstract: [Objective] To explore a more efficient and low-biased tree height prediction method, improve the pre-
diction accuracy of tree height, and to establish a multi-hidden layer neural network model of height- diameter is
based on deep learning algorithm. [Method] Using a set of 2898 groups of tree height and diameter data from 34
Chinese Fir (Cunninghamia lanceolata) sample plots in Jiangle National Forest Farm of Fujian Province, 10 general-
ized height-diameter models were established based on traditional regression, and the model with the highest accur-
acy was selected to compare. At the same time, based on the deep learning algorithm of the H20 platform, 70 DLA
models with different structures of tree height-diameter at breast height were established. Through analysis and com-
parison, the most suitable model structure was determined and compared with the traditional optimal model.
[Result] The different height-diameter DLA models can describe the relationship between height and diameter of
Chinese Fir well, whose R* is above 0.84, which is higher than that of the best traditional model, and the RMSE and
MAE are smaller than that of the traditional model. The most accurate DLA model structure contains 6 hidden layers,
each with 340 neurons. [Conclusion] The height-diameter DLA model established based on deep learning has high-
er fitting accuracy and prediction accuracy than the traditional models, especially when predicting higher trees. It can
be used to predict the height of Chinese Fir in study area.

Keywords: deep learning; height-diameter model; nonlinear regression; Chinese Fir

(AT ZRE)


http://dx.doi.org/10.3390/rs12152426
http://dx.doi.org/10.1051/forest:2005042
http://dx.doi.org/10.1186/s40663-020-0216-9
http://dx.doi.org/10.3390/rs12152426
http://dx.doi.org/10.1051/forest:2005042
http://dx.doi.org/10.1186/s40663-020-0216-9
http://dx.doi.org/10.3390/rs12152426
http://dx.doi.org/10.1051/forest:2005042
http://dx.doi.org/10.1186/s40663-020-0216-9

	1 研究地概况
	2 数据与方法
	2.1 数据来源
	2.2 广义胸径-树高模型
	2.3 深度学习
	2.4 DLA模型构建
	2.5 模型评价

	3 结果与分析
	4 讨论
	5 结论

