FA4TE HLH B ROl R 2 2 4l (B AR B R Vol.47, No.1
20234 1 A Journal of Nanjing Forestry University ( Natural Sciences Edition) Jan., 2023

ETHRZFEIEEZHNETFRILAR RN
IR, ZLE
(R RERZR  ARESRARTHEZEHRTHREIALRE, BAIT /KK 150040)

WE: [ BB &t S AL S kA I At e R BB ST R AR AL, 0 B T AL (Pinus sylvestris var.
mongolica) 3T R AR By M AR (ETB 1R 3B . [ 07 ok ) WA AL % 00 B 3B Ak b 7 184 MR AR T4 4% 8] K B 4 0 &
ST A Sl = T A AL (NLR) , 36 1+ 47 % X b % A0 48 40 3042 (OOB) 32 2 4 5 oy 7 3% 8 ) 3 A & bl
Bk A R R W % (BP) -3 3 1 F T (&-SVR) AR HLAR AR (RF) o %t b 247 F 4 2L 18] g 22
B BHBRIAMBREA, [ZRINBLTEEETRAM BB LT P HRTHEE-THREA, Lk
B4 % EHF H RESBP>-SVR> NLR, 3% RF Mk & 25 (R) W B A 425 7 2.00%, ¥ 7 R % £
(RMSE) A8 %t 34 77 18 2 (RMSE% ) 34 4 3118 £ (MAE) 4 7] B K T 22.90% ,22.93% ,36.34% , . 5 2 {5 48
H P 4940 3R 2 (MRB) B 4 5 B K, E W 7 RF 22 AR TN B ey b akid, [0 MBS Tk — A
B A T T LA AR B AR R TN, N RMR R R E R A S B REH ER T £,
SR AT A S T A A BP 22 % o % 4 10 B 18 19 (5-SVR) ; B HLAR A (RF) Ob o
i E 4 %2 :5791.253 XERFRERD A FRRIE (RBEARS ) FRIRAS(0SID) ;  Fi
ME S :1000-2006(2023) 01-0031-07

Standing volume prediction of Pinus sylvestris var. mongolica based
on machine learning algorithm
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School of Forestry, Northeast Forestry University, Harbin 150040, China)

Abstract; [ Objective] Using various, nonlinear machine learning algorithms, different volume models were constructed
and compared to provide a theoretical basis for the accurate prediction of the volume of Pinus sylvesiris var. mongolica.
[ Method] A total of 184 felled Pinus sylvestris var. mongolica trees in the Tugiang Forestry Bureau of the Greater
Khingan Mountains were used to establish a nonlinear binary volume model (NLR). Three optimal machine learning
algorithms were obtained using the K-fold cross test and OOB error test, including back propagation neural network
(BP), e-support vector regression ( £-SVR), and random forest (RF). An optimal volume model was obtained by
comparing and analyzing the differences between the different models. [ Result] The results showed that the machine
learning algorithm was superior to the traditional binary volume model in the fitting and prediction of standing volume,
and the specific order was RF > BP > g-SVR > NLR. Compared with the traditional model, the R* of RF increased by
2.00% ; the RMSE, RMSE% and MAE decreased by 22.95%, 22.93% and 36.34% , respectively; and the absolute
value of MRB was lower than the real value, which proved the superiority of RF in volume prediction. [ Conclusion]
Machine learning algorithms can effectively improve the accuracy at which standing volume can be predicted, providing a
new solution for the accurate investigation and management of forest resources.
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Table 1 Survey factor statistics of Pinus sylvestris

var. mongolica

FEA Giit i Mat/em  BE/m EY/m?
sample statistics DBH tree height  volume
R AB max 50.70 25.70 2.38
Wkt A I5/ME min 6.30 5.80 0.01
train sample  SZI4({ average 27.95 18.28 0.71
b SD 12.12 4.33 0.60
AR max 50.50 25.60 2.37
IR REA #/MHE min 7.60 6.30 0.02
test sample  SEH average 28.87 18.85 0.75
KR SD 12.16 4.26 0.61
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Table 2 Fitting accuracy of BP neural network

with different algorithms

EiSi) ¥

R T e RMSE RMSE%  MAE

type algorithm
B R GDX 09333 0.1398 19.703 1 0.108 1
gradient descent GDA 09204 0.1595 23.1405 0.120 8
algorithms

RP 09540 0.1168 16.2559 0.086 1

CGB 0.9548 0.1105 16.1284 0.076 8
JEHHRIESTIE CF

conjugate gradient

09580 0.116 1 16.5755 0.083 5
CGP 09502 0.126 6 18.0554 0.089 0
SCG 09477 0.1191 16.918 8 0.090 8
PAETRbE  BFC

quasi Newton and other 0SS 09327 0.1323 19.4829 0.098 3
optimization algorithms

algorithms

09466 0.1166 16.5253 0.087 5

LM 09608 0.0960 13.3199 0.0653

7 :RMSE. 2 J7 #R 1% 2% root-mean-square error; RMSE%. #H % 4] J7
HRiR#, % relative root-mean-square error; MAE. 334 46 X} 1% 2% mean

absolute error, [i], The same below.

LA /N wa i R S S = 2 vt e @ 4
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0.9701 . 10.120
—oR
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0.966 10-112
: {0.108
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Pz TEA 4L
number of neurons
1 AE#HEZTH BP REAEEXTEE
Fig.1 Comparison of BP model accuracy of

different neurons
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0.9 AFEHIKZH p=0.01 JEFTH T C R
[1(0,30) H%ZHL gamma fRZL M (0,10) , Hil i
TR A I AT 3 BRI AL

ARAVAERANER 3 PR, v LA O e
%R B RBF, ¥R & polynomial F1 line #% R %X,
RBF A 22 50 2 bR AU 2R A% R R 43 3114 =
1.80% Fi1 11.11% , RMSE [& 1% 21.46% Fil 52.82%,
RMSE% &A% 21.44% Fi1 52. 83% , MAE [&AI% 31.69%
F159.02% , fH BL AT L RBF AN AT LASE R 35 fE DT,
B REAR G AR IR 22 , B ] RBF A28 &-SVR A571
A% PR EOF ST B

®3 FARAZREHTHRESHNUSHEE
Table 3 Model parameters and fitting accuracy

under different kernel functions

— Sk
ekl BSEC po pysE RMSE MAE

kernel function gamma

y —

if‘leﬁ*zm%( 0.117 0 1.697 4 0.874 9 0.212 6 30.120 5 0.132 0
5

Z J\ﬂﬁﬁ 0.1227 9.854 5 0.954 9 0.127 7 18.083 9 0.079 2

polynomial

72 o) BEA R B

RBF 12.861 1 3.100 1 0.972 1 0.100 3 14.206 7 0.054 1
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Ja EARF R AR, PR R i RS R T 4 I
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Kl 2 s, AT LAE i minleaf (B35 8798 /]N , 15275
(TR ZE LR/ 0N , B A5 B A 1Y) minleaf {F 2y
1, [AEfNE 2A Rl a] LIE H, 24 ntree K F 100
J&i ,O0B 1R 2EHAN TG T B, B £ 857 100 5
PR S BRIC SE R T IS 4RI 2t ] 32
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Fig.2 The OOB error curve of random forest under different minleaf and mtry

(MSE is the normalized model error)
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L TCIR ARSI E T e 5 B AR FAE S — ot
MBI, H AL g8 2% 2 S5k Il e A 5 e AR
FADRG B 22 SN R, UE R TR IR R AR G 4
A VGRS RIS TN R T LR, 4 Fp
RN R* 25T 0.96, H RMSE ¥{IKF 0.12, Ui #A
PERUHR LA BU fAUA BE T b RE R e 3R
U, A HE T NLR  BP | &-SVR B2 1, R* 43 Bl 42 &
3.43% . 2. 05% ., 2. 45% , RMSE [& {ik 67. 30% .
59.40% .62. 31% , RMSE% %A% 67. 29% . 59. 38% .,
62.28% ,MAE &A% 71. 48% .60. 96% .59. 52% , i@
1T MRB 0] LI ), A R 40l 5 45 SR 24 0 1
FEE, Horh RE BRI 2R/ X 4 R Ay
AP ENS EE, BR7E MAE H e-SVR BT BP 45
B AR EKS 2 A )2 RF>BP>g-SVR> NLR,
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Table 4 Model fitting and prediction result evaluation
BE - BR R? RMSE RMSE% MAE MRB
model  dataset
NLR Y%k train 0.963 0 0.1156 16.380 8 0.076 8 —5.699 5
M3 test 0.953 1 0.130 7 17.503 5 0.091 9 -4.900 3
Bp Y%k train 0.976 0 0.093 1 13.191 5 0.056 1 -2.090 4
M3 test 0.962 8 0.116 4 15.584 4 0.0751 -1.6363
+SVR Y%k train 0.9722 0.100 3 14.206 7 0.054 1 -2.594 5
M3 test 0.960 4 0.120 1 16.077 6 0.0753  1.283 5
RF Y%k train 0.996 0 0.037 8 5.358 5 0.0219 -1.550 8
M test 0.972 2 0.100 7 13.489 4 0.058 5 0.169 0

T : MRB.AF AR IR 22

R 7 AR TR X R A T, ] DL M
4 s U HR A 5 4 19 TN RE 1, R 37 F 0.95,
RMSE #{IKF 0. 14, H 514 25 R A0 A, K 2 359 1
J& RF>BP>g-SVR> NLR, ML T HA =%, RF #
R R 5y A3 2. 00% 0. 98% 1. 23% , RMSE [%
it 22.95% . 13.49% . 16.15%, RMSE% [% {i%
22.93% . 13.44% . 16.10%, MAE & % 36.34% .
22.10% \22.31% , Z5G BRI 45 5 & (K] 3) i
MRB % ¥ ,NLR 5 BP A5 %Y (%) 100 25 SR 0 v =
SAH,e-SVR 5 RF [ 1 U 25 SR 0 A% T B 51, 1
15 Eb ¢ MRB 268 G AT 60 — A4 BRASL IR (1) T s 22
oK, RF SR 25 50/

R IRER BRI TC IR A 11 RE 7, SO B AL A
PG FNFOM S5 AT EAT RN 95% 1) 2 ki, DA%
TEZAGSE RS LA A e i —3 kS5 P
N, AT LU 4 BRI PSS KT 0.05, fff
AR, VA5 R S A R B

x5 HEIKzREER
Table 5 Z-test results of the model

R Btk 2N p i
model dataset z value conclusion
NLR Y% rain~ 0.0333 09735 REE/EHRES
I test  0.147 8 0.8825  RIE/EHRES
ap % train -~ 0.0313 09751  AfEEWI B2 5
Mk test =0.0273 09782  REEHEXES
LSVR W rain 02227  0.8238  FAEEMEES
P test —0.120 1 0.904 4  RIEAEHRES
. W rain - 0.0217  0.9827 FAEEBHEES
Wik test  0.0851 09322  RIE{EWIBES
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Fig.3 The prediction results of four models
e, > N 3 A o 5 > , S , 18
L5 LR, RF Dy WO R FHAE AR SR TG R Pk AR AR R, Mushar %5 75
PR S AR Y XFEEAN R LA o7 > S5 S AR G B )5 ke B 42
He N ~ " J .
3 W PO 285 TR PR JRE A 70 S R b BR L B R BE e

FIFR G0 184 AfAR - B AR A FRESCHE
SARGE U RREERY I 3 Rl LR HIL g8 ) R
BHEATX o WFSE SRR HT , Plde sy > S AT AT
D b TN DR £ W R B R 38 o IR A
(R FIEI 235 ST LE A A v] LA S, 00 B2 R/ INHE
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