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HZE: [H] %7 TensorFlow 1 Sklearn V& FFHIREEFHZ /2% (DNND. SCREFEEIE (SVR) FIBEHLARM (RF) 3 Fhfl
T SRR SIS R - AR AR RS, RSR— P e R A2 AR i B 77 (07781 CLSHAEAG M 49 Hutestrh iz
MRS BEEEEE, B F IR ISR EEANNIR AL, 73 o A (HHE (20%. 30%. 40%. 50%- 60%-. 70%. 80%)

FAGIOHIE 5 EL (80%- 70%. 60%. 50%-+ 40%- 30%. 20%). Al DNN. SVR fll RF LAH B- iy, I 3 ik
WA BRI 11 AMESEIEREBRL AT Lo, JEITR2 . RMSERTMAEF) 45 5% Lk H S0 A L i e (i L, (45521 A DNN
A1 SVR L A - IR B FE I R B D B BL N, H TS RER? 43 I RIS 1) 0.671 F1 0.65 LA Lo TEYIZRAE (HLL 40%HT,
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FR, HR?4 0.671, RMSEFIMAEZ} 7)) 2.024 F11.599, {EFTA A, FLFRIKS B i 10 SVR RIS [ fx i fE I 2R
i Bt 30%0, H:R?K 0.658, RMSEFIMAESY 74 2.072 Al 1.652. % DNN H1] Dropout. L2. Reduce fil Relu PYFfAl 47
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Research and construction of a height diameter model for Cunninghamia
lanceolata based on machine learning

Abstract: [Objective] Based on TensorFlow and Skleamn platforms, three machine learning algorithms, namely deep neural network
(DNN), support vector regression (SVR) and random forest (RF), were used to establish the tree height- DBH model of Chinese fir, and
a more efficient tree height prediction method was explored. [ Method] The DBH and tree height data of Chinese fir trees in 49 plots
of Qingzhen State-owned forest farm were divided into training set and test set groups with different proportions, which were
respectively the proportion of modeling data (20%, 30%, 40%, 50%, 60%, 70%, 80%) and the proportion of inspection data (80%,
70%, 60%, 50%, 40%, 30%, 20%). DNN, SVR and RF were used to fit the tree-height-DBH model, and the models fitted by the three
algorithms were compared with 11 traditional basic models. The model with the best prediction effect was selected by comparing the
results of R?and RMSEand MAE. [Result] The tree height diameter model established using DNN and SVR can achieve R?
prediction accuracy of 0.671 and 0.65, respectively, when the training set is small. Only when the training set accounts for 40% can
traditional basic models have slightly higher accuracy than machine learning methods. In the prediction of basic models, the DNN

model with the highest accuracy is the one with a training set proportion of 20%, with an R? of 0.671, RMSE and MAE of 2.024
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and 1.599, respectively. Among all models, its prediction accuracy is the highest. The highest prediction accuracy of SVR is achieved
when the training set accounts for 30%, with an R? of 0.658, RMSE and MAE of 2.072 and 1.652, respectively. Residual analysis
was conducted on the predicted and true values of Dropout, L2, Reduce, and Relu models in DNN, and the fitting distribution of the
four models followed objective laws. [ Conclusion] Deep neural network, support vector regression and random forest were used to
construct a height-DBH model of Chinese fir. Compared with the traditional model, it was concluded that the prediction accuracy of
deep neural network and support vector regression was higher than that of the traditional basic model when the training set was
relatively small. Compared with the traditional basic model, the model constructed by DNN can not be restricted by traditional statistics
in some specific cases, and can more easily converge the data, providing a better possibility for accurate prediction of tree height. Thus,
the tree height of fir can be accurately predicted in the case of a small amount of data.

Keywords: Cunninghamia lanceolata; DNN; SVR; RF; Height-diameter model.

W e AR A% VR AR AT I B R R A A R, ERR IR o S A ORI LL B CE s, 2009; 23
FAE, 20210 o AL AR R RS AR B A8 HEAT FRORBARR T B PR A AR TR DA K R AR BT RDIR 4 5 A
BT (FEEZ, 2023; Wu ef al., 2019; Fu et al., 2023) . Hf27E A oba] DA i [l RC3EAT i fa] B
BFEUHERI I E (MokroS et al., 2018) , {HZA £ 52 bR TAF S A B 152 BIURA SR 7 FR 61 i A 5 3845
REFFEUE I, AR BB RIS = ARG 3 AH O OC &R, 1803 A2 T ST - A8 A 20 e 8 o A s AT
T, OB 73 #02 8  d Sr FE A - IR AR AL, Rl BRI AR RS H, & MR R, R
FHAELR MV A 25 B ASE R PR A RURE 0 v b B T vy (3 LAT5%:, 2022; FsaBa, 20215 X4 3%,
2022; ZEWESh, 2020; YIBZESE, 2020; FEFEEE, 2019) o M E-HOARAR TR 2 N AU SR IR AE e S M AR AR b B
Y& (Loubota et al., 2021; Deng et al., 2019) o TfiAE LA ARl 42 AH 52 56 R FIWF 0 A, R AR
FEUR F AL Gu i 2 ME SR U 9 AH DG O8 RIEATIN G, I BAE SR SRR BB BB . R, B
FIE A7 S DR R AR FE I J1 KN, A e =B B A K B (Mensah e al., 2018; Khamyong et al., 201
8) .

AR, PLEE I MANT R R, ML R NE, REES )5l 4 & 78 AW s TR
Dantas %5 AN FVRA BB AR ANN Al SVM =Rl 7 i A% A4 R (Dantas et al., 2020) . 1fi Aguilar
S N DU 38 AL # 2% S R0, 3l I 5 AR LAWY v R 428 1 0% 2 R 1) T Al AR TR 4% ( Aguiilar et al., 2021)
I BE ) FH 180 428 AR A % F0 HH AR v R, EAE DG AT BE 8 1A BIRMSE=0.70 (Casas et al., 2022; Wang et a
1., 2019) o L8 %=>) ] DAAS @ B AR pr s B 1 2 vl DA SReAb 21— e 57 e MR LA R AR St 05, Uik
FEHF A BP-ANN SR ATW m-H A2 BB v (UP)62E5E, 20200 o Corte %5 AFIH SVR. RF. AN THI£
IR 26 FH AR BR A5 2 32 7 VATE LiDar s =308 F kA7 SACEHE 1942 B, UERH SVR HIFE B b RF AL T4
2K BB (Chen et al., 2021; Ercanli et al., 2020; Malek et al., 2019; Corte et al., 2020) ,
[FIFELE Malek 8 N FEd, 4&H SVR 5 RF X TRIRKI TN _FREGS LU AL i) 7 iEKS FE BT 5 (Loubo
ta et al, 2021) . i et 55 NARFI IR BE 52 )RR AT A2 . W s L (R g r. R RIS, 2021)
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0%+ 60%-+ 70%-+ 80%) FIR I 5 kL (80%-. 70%-+ 60%-+ 50%- 40%-. 30%-. 20%). FEHHA K74t
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*® 1 HHREERTLIT
Tab. 1 Fitting data of survey factors in the sample plots

EAEEIE Fitting data ( n = 3054)

AR

=
Variable THE &IME BKR{E REZE TRAHK
Mean value Minimum Maximum Standard deviation Coefficient of variation
H91% Diameter at breast height / cm 17.68 5.1 49.4 6.91 0.39
#5 Tree height / m 12.81 2.7 22.2 3.38 0.26
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Fig. 1 Schematic diagram of the study area
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Tab. 2 Basic model selection of H-D relation
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Model No. Model name Function type Model expression
Ml Power t&E%U 5% 2-parameter H=1.3+a,D?
M2 Michaelis-Menten 1&E#Y 5% 2-parameter H=13+a;D/(ay+ D)
M3 Curtis 1&#Y 5% 2-parameter H=13+a,D/(1+ D)%
M4 Meyer 1&#Y 5% 2-parameter H=1.3+a,[1—exp(—a,D)]
M5 Wykoff 5% 5% 2-parameter H=13+exp[a;—a,(D+1)7]
M6 Hossfeld IV 1&#Y =24 3-parameter H=13+a,/(1+1/a,D%)
M7 Weibull 1E#Y =24%{ 3-parameter H=13+a;[1— exp(—a,D%)]
M8 Chapman-Richards 1&# =24 3-parameter H=13+a,[1—exp(—a,D)]*
M9 Prodan %Y =24 3-parameter H=13+D?/(a;D?+a,D +a,
MI10 Logistic &% =24 3-parameter H = 1.3+ a,/[1 +a,exp(—azD)]
Ml11 Gomperz 1&EH! =24 3-parameter H = 1.3 +a,exp[—a,exp(—azD)]

2.2 REMEMEZER (DNN)

RPN B BR 2 2B, 5 178 B h 28 I 28 #802SR H = 2 DL I BRGUZ, e T4
—ABEIREAFAEL NI TE. DNN ZEXTBAE AT IR, S NI EMMREE . 76 B-47 B8 11 2k
i, HEZE@EEEIHATING, Wit — 2 AR — 2 A gk Sa AT RAE SR, Rk RT AR DNN
TR IR A 22 UL TRIMEEAE % . DNN W EZBESH FZAE TRIREEH. ML oM. Bus R
FKAY, BEMRAE L IENL S50 Dropout I HLEISE, ASCH EBRA DL EJURR. A E UF (30 & 208 1)
ED, FICRH =ZEREE, M —EA 64 MO, AR %2y 5. B FEEIFE 2.

HAR REE HitE
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2 DNN&RE T {FRTE
Fig. 2 DNN model operation principle

2.3 ZFmE=EMEYT (SVR)
TRFREEAZE (SVR) X FFRENL (SVM) HI—4 3%, SVR 2K s i b 31— > 15 4 25 1)
o, B AR A R SR AN B S, A TR T RE AT IZ T, LR FLEE S AR N, i EAEA
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RSP 2 (A R B A A R A . AEAR S R ECR H IEN S350 C. 45 23U epsilon I gamma £
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iR 5 SCRF IRy B (RN ER 8BS, T 5 5 R E R BN i fE . A SCR AR C S8 UE TG 0.1~10, ep
silon Z ) BUE JEEE 0.01~1, gamma S BUETEE N 0.01~1.
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Fig. 3 Schematic diagram of support vector regression principle
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Fig. 4 Random selection of data
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Fig. 5 Random selection of features to be selected
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BRI 1, ARG B RMSE{EMU)N, AR LA B S s MAEJZ [ BE — 58 3 [l AR
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3ERSGT
3.1 HEXTEE

FIH R Studio LG &4 i MR AL (1 JEA 11 MEAL,  LLURAFIFH Python3.9 IR MM 4% (DN
ND R SRR R )T (SVR) FEAIDL R BENLARAR (RF) BER, HAALE Rk 3, il &G S
BiE R (R®), ¥R E (RMSE) PLACPFY RGRZE (MAE). RIBFTAILEGEREH, 11 DMHEERIE
R, MRS HRE I SR ISR LU AN ], @ RS BEXT b, AR AN T H AR SR A 1 3 MR (ML,
M2. M3) ¥R, £k FF, DNN A SVM EWNRE Fitr, REEINSGE S 40%8, £
GBI 7 BEAE RS BE WS R THLER 5 S 708 AR SRS ) P o, K e (R R AE IR AR (5 B 20%
&L DNN B8, R4 0.671, RMSEFIMAEZ) 7124 2.024 F1 1.599, TEATA AL, FLTMIRE B i i o
T SVR TS FE fe i £E U 2588 1 L 30%0, HiR? 4 0.658, RMSEFIMAE 73 %A 2.072 Al 1.652, Zi47LL L,
FEAE D Bl & (0 (RIS A DNN B FI0 A2 AR 5

*® 3 RGEMRAMBFRFE IS ERE

Tab. 3 Traditional base model and machine learning fitting results

—)\LLf Ratio of two to eight

ik
Ml M2 M3 DNN SVR RF
Method
R2 0.634 0.661 0.63 0.661 0.669 0.671%* 0.661 0.666 0.638
MAE 1.716 1.634 1.726 1.622 1.606 1.599* 1.63 1.615 1.673
RMSE 2.137 2.053 2.149 2.053 2.029 2.024* 2.052 2.037 2.12
=L Ratio of three to seven
WaRis
Ml M2 M3 DNN SVR RF
Method
R2 0.638 0.659 0.634 0.584 0.584 0.583 0.587 0.658* 0.635
MAE 1.766 1.688 1.774 1.716 1.715 1.716 1.711 1.652%* 1.696
RMSE 2.191 2.107 2.201 2.116 2.117 2.12 2.11 2.072%* 2.14

PU7S LB Ratio of four to six

231



51 TUm T E A R AR S S10 BRI PE 55 BRI 22

ik
Ml M2 M3 DNN SVR RF
Method
R2 0.634 0.662* 0.631 0.654 0.656 0.657 0.654 0.65 0.617
MAE 1.646 1.571* 1.654 1.568 1.563 1.562 1.573 1.575 1.646
RMSE 2.055 1.971* 2.065 1.976 1.971 1.968 1.976 1.987 2.081

T ARERN ASERRE

—=Q=R?2 MAE RMSE
M1
2.5
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#5
1
SVR M3
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L2 Reduce

6 RENEELN
Fig. 6 Model accuracy changes

& 3 {5 S 0T H1, Dropout. L2. Reduce fl Relu PUFHAYJE J& T DNN ) H HHOAS [F] S0 0 LE Y
iR, IR A 6 KE, X T ITE ALK U YR IR 8, JF H MAE A1 RMSE i R? BRI E AN
D, FFE R TR AR A 22 I 4 M G W - A A AL AR, SRAIR?. RMSE. MAEfE N 3 24
RORSFEVFA $E b . AEANRILLH) T 1) DNN BB REANE, SRR TR 0GB AT 4 RER e G, (B AE
0.6 DL o 7E DNN 8, FZ5r 4 il Bi81 1 RAEEAED 4 DNBGER)ZE, 71 3 ANRGERZE S 64 e
g6, WA R 1A, Bhorelu BOE KON ABIEIEAT ISR, R Adam #HZ M ZE I ZRA0 AL ER R I ZRFE A
BEATIRAL, BRI AL R0 0.001, MSEfFE AU B8 M7 2 787 1 ROJEA b, 55— MROEUZ L
L e M 32 A, HERN TG ILA R, RIS ) 7 B 3 U AN L2 IE U
e, HE Ry 1Bk IR A e e, R A R A 2k ek B R Ak RN T BT JE i 2 50
SPITAL R 4 RN Dropout IENAE,  H HRN T AEEHEEATIEME, SR 1k, 08 4 DGR
2, R ZHEm 0.3 IR AT A, AW R 2 (AR REZE . W EE 4 R DL S 4G
Ry WEEAEERIZAT SR BT Z ST BCOPEME, BRI EIME SRR 3. ERTH G 45 R, DNN Al
SVR X4 i 4 A5 A R0 40L 5 K5 P B, TRIMCR A DNIN T SVR 8 A5 50 T T ARG o 2000 S 28 vy 4% A
A,

3.2 AR

MR BRI E RS P L6 DNN G PU RS [ S iR, &1 7 SR2R%F DNN A 1 DU A AS [ 2 Hiit
R PINE 5 IR ZE AR R, HAZE EIRTEUR H, (84 DNN A1) L2 1R WA A HL A 55 5 22 2 1)
MR R R R R DR, IF HA XA — M S EOR SR UG, I A ZREEREA R, TR i T J0 Sl

232



S Fm P E L AR AR S S10 RMAH 515 B8RS 2
AW HLE A S RCIR DL E ) ARGE SR Z AT LIS, fEM R 18m>H>10m I}, Rz K EH
FE-4~4m [RFEEI, UEHIRI A DNN OO AZ AR i dE A7 B0, AR FH KR ) Sl s A 9 T ZRPEAS, e
BRRBAT 2 PNGRZ e, SeBm BRI SR, /T UL 8 RS A2 AR s g AREEAT B i, DLtk

BlF MOl TARRCR BT H 1.

Patis of tw ta cight-Dropeut

Ratie of T to sight2

Retia of twa to eight-Acsuce

i Ve

Ratio of s:x to fourOropoat

)
v Ve

[E 7 DNN 15 Eh 37 11050 TR 2 ]
Fig. 7 Residual Diagram of DNN Model Independence Test
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m AT G AT AR ARG, R %07 TR At A2 A e A AR B AR AN (] B )N 2 B 5 AR
T, RIHAFEBNEREEE . EVZRER 5 HUBAR A IE DL, TR FE o 22 10X 288 R0 S35 1m) 2 [ 1 P 7 V00 s 1)
TRIAS A =, HRPMRTAE G, Ui B ALES 2% 51 J7 1240 2 0 v Bl A RS S P2 LU AR e i R vy, 5 2 i
HIRKER D F B EE 18— (Ercanli et al., 2020;Corte et al., 2020). FAIMNEEZFI HiEHTHAL HA
T BB R B — R B, R, o THE R IFAGAE SRR —E f e i e,
FEUCR IR BE 5 S AT AL A I B AE Gy WSS T SR ) 2 0] A 78 3R AT 258 AR BRINS 32 22 7E 2 pR Em
BESTH CBRESAT 7, N H A T A R A T SRR R, DRI T DUE I A /M e A5 R AN e R Ak TR B R A H AL
JE AR

AT, HTRIMARROZER -, UGERT AL SRR A S8 5 ) A i, BRItE
TN R SR 7RO R S5 R AR vl 5. (ERIERE S o Rk R RS, AL S AW T %8, 1
e Ja AR LG 45 51 L Re8 o & AL RS HEAL . DR AT R AL 88 =2 SR BEAT A2 R = i i, ] AR I #2
MR Z BB IR, IEH T DUE /D AR A JE At B 45 2 AE R 0 U 45 5

5 &k

AW TR A o N AR T BT A ARG 49 U PR R A 0, 3Lt 3795 BAZ K, LT Tensor
Flow FlI Sklearn V- &5 VR 2% 2]« SCRF )& [RAFIBE ALARMR = Fh 8002, @57 2 A2 AW - AR e 8 . [
FI A5 38 1) A2 M B VA $ AN R D R A2 AT EE , AU ZREE AN IR AR B AR BB - B A S Rb AR AR, Ok
EHLES 5 2] B =R A i B A 3R AT EU . USRI (1) IREEANE X 28 R0 S H m) £ [ VA 7E VIR EE o b
BRSO, HETRINAS B AL AR R, DNN. SVR. RF3 Rl &4AIR? 4> 54 0.671. 0.65. 0.
638. (2) F|f DNN #l SVR (A AN m-M i g LA 7 =AM, SAREUZE RA 64 MHE T
BT F SR T HAZ AR A 1. (3D FIFH DNN AR AR Y L A% G0 5 At S A 7 R b g A 000 vl DU 32 2
fE G Get 5 BRI, BRA% B0 (a7 S B A BRI S, ok v TIOIIARY e $12 A1 B8 4 AR AT R

S22 3Rk
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(Guo J,Sun S C,Tian X L.et al.2019.Introduction of Dominant Tree Height to Establish a Tree Height DBH Model for Pine and Quercus
Forests in Qinling Forest Region [J]. Journal of Northeast Forestry University.47(11):66-72. [in Chinese ] )
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