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Abstract: Forest growth and yield prediction is an important field of forest management science, and

modelling forest growth and yield is key to forest management decision-making. The traditional statistical
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growth models such as linear and nonlinear regression model, mixed-effect model, quantile regression,

variable-in-error model are often applied under certain statistical assumptions, such as the data are

independent, normally distributed and homoscedastic. The above requirements are usually difficult to be met

for forest data with repeated observation and hierarchy. With the development of Al techniques, machine

learning provides a new way for forest growth modeling, with the advantages of no requirements on data

distribution, extracting deep knowledge from the data, and high accuracy. The applications in forest growth

and yield are still less than other domains. We reviewed the main machine learning algorithms including

classification and regression tree (CART), multivariate adaptive regression splines (MARS), bagging

regression, boosted regression tree (BRT), random forest (RF), artificial neural networks (ANN), k-nearest

neighbors (A-NN), and support vector machine (SVM), parameter tuning, software, advantages and

challenge. We conclude that machine learning would be widely applied with great potential and its

combination with traditional statistical methods would become a trend in forest growth and yield prediction.
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Fig. 1 Sketch map of decision tree branching
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TR Wi AR 23 AT T

2 B RSEORT

RiE S E AR K. % 3 BRI £ dhs
I3 LR, 78 AR AU AT B ORI R o SR A
[F I BIL A 55 > B, R ERERAE 1 AH B AR BT HL 2%
OB jAh, LER FINLAS o S B AT AR
AT, TR 2 B2 5 ) SRR e B0 S
(hyper-parameters) 31T % B, #2808 A, 52 2]
132N B (R PE REATAT A 35 IO ZE 0], B TR AN
[F] RIS o [RLHG, FE R AT B 5 ) A5 TR PR AG A ik 4%
I, R T Bk REE L& 5 S SRS, IR E X 5
EESHE R E, PeSHORI s @Rl 2. £ 1
SHH TS 1 TR R BN ) L R B
ARSI (parameter tuning) /722077,

3 BARN G

3.1 REENEM
TENLES 27 3], 27 S 28 70 I 2R 46 b 1R 25 7K

A3)
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Rl Zrik 22> (training error) ; 75T FEAS - HR Z FR
Nz AR Z2 (generalization error) » 2 4R 2 /N

M) PRONFRAE HAE T, R R SV SR E R
S5, BPIUARE AR KRB R o A2 XEGAIE (cross

®1 REGHNRFIGCRASHE
Tab. 1 R packages and parameter tuning of machine learning algorithms
Pl RS A S HZ Tk %ﬁ?ﬁ: ﬁ)
ML algorithm R package Adjustable hyper-parameter Method of parameter tuning (regression)
cpIUAT0 ~ 1A, T3 T 22 e UE (1047 58 XA
UE), 85T RS MRS A epit AT AR Cllep AT ¥ B 240.000 1,
HRESH 0.001, 0.01, 0.1% [
CART rpart . . . cp=0.01
Complexity parameter (cp) The value of cp is between 0 and 1. The optimal one could be
obtained by grid search (with different cp values of 0.000 1,
0.001, 0.01, 0.1 for example)
degree y R T % T 112 4L, Hastie%5 " EE W 922 H.10
degree® B — 1~ IR (Widegree < 3). 2 < nprune < nk,
[ A nk[3H 5 2 204 : nk = min(200, max(20, 2 x ncol(x))), X
DRI R o, min() S5 max() 18R EL I I AUR A, neol(x)
e degree of interaction of e R ST T e T DAL v e degree = 1
. . 7~ F S S A, 0] 3 T A IR IR, ST 2 R G
input variables (degree) dogreeFlprunciE T nprune L ER A A
MARS carth @R IR IR T e i | Hastic of a1 Nodefault
Maximum number of terms e value of degree is the integer = 1. astie e<t al. provided for
(including intercept) in the suggested degree should be set an upper 1.1m1t (degree < 3, for nprune
model (nprune) example). 2 < nprune < nk, nk = min(200, max(20, 2 x
ncol(x))), where ncol(x)is the number of input variables. The
values of degree and prune could be attained by grid search
based on cross validation
Bagging nbaggﬂlfﬁ?’ﬂ*?%ﬂ:l H‘J%%:lﬂl; i'Z%%?ZHXﬁW ’F?%Wﬂ%%ﬁ
3 R PRI R, S ORUE TG 45 SR AT ST AT M v SR80, al
mEE) RS R E R et s
Bagging ipred The number of decision trees nbagg W“Ejjj(d—%.ﬁgﬁ( .ZZDSO"JA) nbagg = 25
5 The value of nbagg is the integer = 1. It could be set as the
regression (nbage) integer =25 (50 for example) for prediction reliability and
tree computation efficiency
ntree mtry HUE 19 KT LR HEHL, MntreeES00 LLJG # i4
REME T AR E, BT A B ARER T €, IR UETIAL 45 _
BB IR AT bk FR S50 BALE, ntreem AU F500f0f "¢ 200
The number of decision trees (411 000%5); 1 < mtry < P, PASIHAELNH, wiT gg;éﬁiﬂ 2\}2
(tree) 2 YU, H S 8 2 R K mery HEAT 1R T
RF randomForest @M T s BENLIHIE A E /N4 The values of ntree and mtry are the integers = 1. The bias
. . . The value of mtry
The number of input variables could be stable when ntree is larger than 500. It could be set as is the one-third of
randomly sampled as candidates  the integer = 500 (1 000 for example) for prediction all input variables
at each node (mtry) reliability and computation efficiency. mtry is less than the .
number of all input variables P, and the optimal value could (integer)
be attained by grid search based on cross validation
OBk R E TR X T B H ] @ distribution i3 & A gaussian; bag.fraction (0 <
The name of the distribution bag.fraction < 1), Friedman"“# 37 ¥ bag.fraction® & 7
(distribution) 0.5/ #; shrinkage (0 < shrinkage < 1), n.trees ¥ K T 1/4&
Q@ULHW I B (BRRIER #, shrinkage 5282 $in treesHIHUHE, Ridgeway & 5U#
RHO shrinkage MIHUE VSRR E7E0.0150.001 2 (7], [FHF
Integer specifying the total n.treesHU{EL /T T-3 0004210 00022 [H; interaction.depth U
number of trees to fit (n.trees) KTETUNEBE, AT PRI ABEIMERE, 42 Distribution =
@% A (A S ED ooy SR FEMEA TR (0L, 3, 5,7, 9. ATEFRXNE  gaussian;
BRT ¢bm The le?ming rate or step-size i, Eﬁiﬁ%m%ﬁiiﬁﬁ?ﬁi&ﬁiﬁﬁt o n.trees = 100;
reduction (shrinkage) gaussian is assumed for regression; bag.fraction is suggested shrinkage = 0.1;
@FHbFE L3 to be set as 0.5 by Friedman"®, shrinkage is suggested to be bag.fraction = 0.5;
The fraction of the training set between 0.01 and 0.001 and n.trees between 3 000 and 10 000 interaction.dept = 1
observations randomly selected by Ridgeway'””!. Shrinkage affects the value of n.trees. The
to propose the next tree in the value of interaction.depth is a integer = 1, and several
expansion (bag.fraction) specific values could be tested (1, 3, 5, 7, 9 for example) for
OB H IR the balance of model performance and computation efficiency.
The maximum depth of variable  All optimal values of these hyper-parameters could be attained
interactions (interaction.depth) by grid search based on cross validation
X [ U I, 2 P A R BB A B A ) A R B0 S
" ffikernel; CH KT 0/ S240(410.01, 0.1, 1, 10, 100, ...). 1T oy
WP T UL, WS FAE s eI
Kernel function (kernel) . . . . FERZ R EL
SVM kernlab ORI B Linear or radical basis functions are commonly used for Radical basis

Cost of constraints violation (C)

regressions. The optimal values of C (0.01, 0.1, 1, 10, 100, ...
for example) could be attained by grid search based on cross
validation

function; C=1
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Tab.1(Continued)
NN ELED

MLBEZEIHE REFA
ML algorithm R package

B
Adjustable hyper-parameter

WST7k
Method of parameter tuning

Default value
(regression)

OB R
The number of hidden node

size A R T2 T ORBH, — MAEH Msizelfi g 755N,

size= VP+O+m, PRI Z AR & WA E, OF R )2
B2 B A0 m U D90 ~ 102 18] 3 4L decay HOE
0. 11524, 7T 3T 38 XERIE CAn 1097 3¢ X BAIE ), B %
PR X bk S H kAT 1 isize= VP+O+m

Size is the integar = 0 and determined as size= VP+O+m,
where P is the number of input variables, O is the number of
the output variables, m is a integer between 0 and 10. Decay is
a real between 0 and 0.1. The optimal values of these
parameters could be attained by grid search based on cross
validation

KR T4 T 1 8, KM 263 ~ 103 9, 7]
TR AT, 3 2 AR T kAT A

decay =0

size TLERMH

no default provided
for size

ANN nnet (size)
OS2
Weight decay (decay)
bl ViR

k-NN caret The number of nearest
neighbors (k)

k is the integer = 1 and often set as between 3 and 10 k=5
according to Lantz

] The optimal value could be attained by

grid search based on cross validation

validation) #& PEAN LA 2% ST B AL — Fh 2 B 5 0%, &
A A k-3 A8 X5 IE Ck-fold cross validation), HfJ
TEEHE 7> B ks BEOGE A — A A, J
R k-1 AR USRS, ol k%, TS 2 & AN
Zagih g, LHAF A MO BRI PN Fa bR o & B
FRIEUE N 10, BRAN 10 $748 XEE. BT MHREE R
TR R BENLE, 28 X IGAE S5 FAME—, (H 2 R385
R &5 R AN 2 KK fEAEK BRI +, £ 2
VAZE Ry 53 AN R VA PR S 0] /. 0 T [R5 i) R A% 4
[ R ZE G B W TR 2 TR ZE L X iR
22 WP E A AT LR RPN B8 o X T 23 2K ),
FERHRIEHE, 1HESP R AR AR A 4
#, LAJ ROC ik &Y,
32 #EEILLE

WIHT TR, &4 M1k, 724 7T RERNLESE S 21 H
o RRFPEIEEAA HALE . R 246 T FEHLE
)RR AR g PO,

4 ALY EZ

SRR, HLAS 2 2] CAE R AR A KRR U T
SR NLF, RIS T HLER S S A AR AT 70, IRk
N R e ) — R % . B B ATZ I
AR WCIR T 1 RTS8+ AT PR, BRN T
PP 28 o, HAd RS 5 5] B 10 J N T b B 22
18 —J5 2 T HLas 5 ) SRR TR, RIAS
AL GE ISR B s 55— D7 w2 AT T gt
5, MRALES 22 S FEA R AGE . HLas 2 Fiki
A R AR SR B A, AR S TR B 75
FLHE 2 R I A . AT LLTORE, ML 38 5% S AR AR
AR T K B R R AT AR R, I AN O
MNTANRBRAA AR BT R

4.1 NHBEIINRBRFBIR

BLES S 2T 3 A FEAR A (DARB S
fli THJ7 325 A BER R B AT S ik AT DAL R R (R 2k
PR G s (2) B[] B ) FH AT PE AN R 2 57 e 5 1 4L
Pis GOPUESLILMIEE 1. K2 HLRE H s i 36 A8
HE A BAER, X R EARURSE . S5E5% 10
AR B, HLE 2 DA BE = A AR B 1) p 18, IRAMER
HEH AR i AR AR, AT 38 e 4 8 P R i B
AR E AR R o AMEAER G RIF AR AN
AR, LS o) B9 R AR R L 45 S R )
AR By o WEALAS 5 2] d5 R A PP agh 72 RE A I . S
B b, AR SRR AT A AR SR, R A e
IR UL AT B2 S AE . BRI, AR IEA S —ME
MEIVEAT o FRATTAS B DR b T AR e, 1 A2 AR M A
FLBORBRE W, T4 SE 2 i N ERAEAN R o b4k,
REARY 87 F IS 82 9 i 4005 T 2, B ot 1 SR 3804 A
R T 25 5L, A G A 5 5040 W B 22 2 R 22D« 72
5 22 2 T IS 3 A R 0T T A R T AR . 4
< M Ccurse of dimensionality) 5% J& 14 4™ £ tH /& 75
B SR r) B, 38 T L R 4 ek AT AR R )
A 2 B R, NSRRI AN I T E AR
B2 2. R EER S 2 0, TR BT R
FEEFINEEAT IO FE
42 SEEHITTENERINES

bk, BRI A 2] BAIAAE — U7 T
GG it )7 A — B, (H2 B R M A7
IR PR AR W AR, OB G — T bR e, 45
T H R HAMIAE RO, FEBRM A K WOGR TG A,
AR RE AR ML O R A BAEH, L8 2] J5 i
AIRESE A, B SRR Rl U7 vk 7 A TN DL A
A Ta) AN AR T . — 2SR AR ST vk
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Tab.2 Advantages and disadvantages of main machine learning algorithms

BLEs 2 2 5k N B
ML algorithm Advantage Disadvantage
=yA Y :Aﬂv;j\:;‘:li D = %5[1 /\;4“’“‘ ’f? 72 ’Ab > R e . . .
Ay T MR ERIED gyt R, 4530 AL, KSR
FEECHLTR S ESANIT R o  WARBmE
CART Distribution independent; less affected by collinearity and outliers; . .
. L . . Unstable structure for single tree; over-fitting;
easy explained; deal with interactions, continuous and category . . .. . o
variables difficulty in explaining big decision trees
LA To ok AT SR ZICRIEAN R H S /) BICARTZ
bagginglil ALRE J7 58 BEAL TS AN 43 KA & AN R R S G R, i 2 A B S UK

Bagging regression

RF

BRT

SVM

ANN

KNN

MARS

Distribution independent; less affected by collinearity and outliers;
less tuning parameters; better generalization capacity than CART;
deal with interactions, continuous and category variables
AT W SHUb: IR F AW G R AR
FEE A A L Ebagging i L, YISk AL 9 7 22 BE /8,
VZ AR 758 ReALFELL AN 7 KA

Distribution independent; less affected by collinearity and outliers;
less tuning parameters; better generalization capacity than CART;
deal with interactions, continuous and category variables
SOMATTEKes ICLR LR, T AR S A A R
fil ™ AR e A PR AR o TS P AR B SR 4y A
Distribution independent; less affected by collinearity and outliers;
deal with complex nonlinear relations, and continuous and category
variables; generate variable importance and partial dependence plots

503 A TE R s T AR e 4 e, R A PR R LR PR AR (KA ELAE

WZALRE TR REAL B4y A

Distribution independent; workable for high-dimensional variables;
deal with continuous and category variables; good generalization
capacity

504 Jo e W ACBRAER VR RO : BeAb BRI SRy I
Distribution independent; workable for nonlinear relations,
continuous and category variables

53RO IR B, ) Ab B AARL ME OC AR s REALE SN A
FKAh

Distribution independent; easy; workable for nonlinear relations,
continuous and category variables

LT 0%; WA S HUb; ZICL MRS W B /s T A HE A2k
PERNAR B AT B I ;TSR0 s REAL IR RS AN 7y AT B
Distribution independent; less tuning parameters; unaffected by
collinearity and outliers; workable for nonlinear relations and
interactions; high computation efficiency

Not so easy to be explained as single decision tree;
sensitive to too many input variables

AT R R S 7R ) R, i 2 R e U
Not so easy to be explained as single decision tree;
sensitive to too many input variables

Many hyperparameters, complex parameter tuning

PR PRI, RCRAN R AR I A R B
B B A K 2 10 E A B B A KPR 2 I
RAESZIL A LLERE; 2 IR

Black box; low efficiency for large sample size;
difficulty in searching kernel function for nonlinear
issues and implementing owing to too many category
variables or levels; easily affected by collinearity
TRA RS KU, B R 2 i T A R A
s 5 3L kR

Black box; overfitting risk; large prediction errors for
many input variables; easily affected by collinearity
PRA s KAB 5 L, FEACA P 7 I, B0 22 48
PNEZE S qia- Al

Black box; testing for k values; large prediction errors
for imbalanced samples; affected by collinearity

5y 5 JR) MR EAR R R 5
Easily being affected by local data features

&S o FE AR AE KSR U AT T ANR 7
(1) bl g 249971000 (B 25 BRI OR — 0. 40 Temesgen F
Hoef!"" JLT- 3 356 H 3 B MOATEIEHA (Pseudotsuga
menziesii)~ P4 B A TN B AZ ( Tsuga heterophylla)
R F) A B T i DA R T 7 B s, A
2 JCL M [l LAY 23 [R] 2R 14 [ S B RS RF DL k-
NN ARk 807 ARy b A&, R 30 R 4 [m] )5
A5E AR P FR0I 2% SR A T AR JL AR A5 L s JevSenak A
Levani¢!"" i 70240 A= K AN, 0 ANN J732:48
TAEG LRI AL . (A 00 A KA AL i) — 2B ]
AN A A B R A 25, AT AEBILAR 2 > gk AT o5
& AL GG TR AL AR 5 21 TR S, R A
BLAS 5 2] B b AT B R SRk, DLAGE I LS
= ) BEE IR B BOR ok A5 AR PR AN T o R R 22 S
R EE LI )

43 AREMFAREREERT G

FIFHALAS 2 2 Bk D R G B RS
1B T 780 IR &, XA I R RS AR AR AR K
WOR T FRAL T ik . DB G B3RS BT
BLAS 52 2] 5 1 ROIE MR o A K WOIR, W o — i34,
X T R RBE I AR AR AR K WSOR AR SG 3R, W 2> it 1) &
BYER o 40 Gorgens S5 X R B AR (A5 110
5T Lidar FIMR IR P A6 . Ak, RIFHBLES %15
RHE IR A K WORAE B 5 I R TS5 R R,
AT LS R ROBE RS 4044 ) A A USSR T A1 4 37 1 ot &
FAE = U010, 7R R RS (R AR A A ),
44 FREZEIWMNHA

PERNLER S T — D03 WREF I T 1R
T P R AR T AR I Aok A A 1 22 U8 2
N I 2 G RN 1 R I DL R e N 2 T AT
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