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W Ak -4 ik (Aboveground biomass , AGB) 2T Ay FR bR A2 A1 B0 B9 EEZE 8 5 o 2 T 405 ML= %3 ( Digital
aerial photography , DAP) & J{ 9 — 4k F1 = 4404, 70 BT T 41 A 05 = 0w B8 BE A0 16 A | DL 6 A 45 45 25, 1 T
6 [l 5 5312 (BE ML AR AR (RF) A2 (BT) (SO ] & [ )5 (SVR) | Cubist 25| BURFE 42 T ( CatBoost) A% 3 5 i $2
TH(XGBoost) ) 73 il A4 g T B — ARt R N L5 A8 1k 48 AGB Al PUAR AL, #RR T A [R] 228 5 % T AGB Al A% 24 ) TTRK .
1 5 45 SR 22 W1 16 1 50008 4 0 2 = 000 4 AGB 1 T £8E 0 65 B 5 725 43 93] & Cubist 1 XGBoost, R* 43 51| 24 0. 530 9 7
0.639 5, 414 K 4 B K ALl XGBoost, R 35 % 0. 760 1, XGBoost A5 A HAT B 25 (1) AGB A i K iz 1 o WF 5
BRI 6 P & BT BTk 32 52 MR T T 2 R [ UH D 3 T 2 44 1) AR O A BRI R O X A T ) i B P AE A [
FIRERS AR —B, DOM SGIE4FETE AGB R A I i BLA S v i 204k o B MAOR UL, 4B AN = e 40dl A 245 & RE
AR ARAR AGB A8 TR L, 5 T 00 AALIBURHE R R RCB AR BEAS S LAR AR AGB By TR E LAl 1T,
KRR AR B MRIELRL B ANLE AR M m; SIM AT LA AR B Bl
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Development of Forest Aboveground Biomass Estimation Model
Based on Multidimensional Dataset of UAV

SUN Zhao' XIE Yunhong® WANG Baoying® TAN Jun' WANG Yifu’ SUN Yujun’
(1. Ciwil-Military Integration Center of China Geological Survey, Chengdu 610036, China
2. State Forestry and Grassland Administration Key Laboratory of Forest Resources and Environmental Management ,

Beijing Forestry University, Beijing 100083, China)

Abstract: Forest aboveground biomass ( AGB) is an important indicator for evaluating forest growth.
Based on the 2D and 3D data generated by digital aerial photography ( DAP), totally 41 point clouds
height variables and 16 visible light vegetation indices were calculated respectively, and AGB estimation
models were developed with single variable set and comprehensive variable set respectively by using six
regression algorithms ( random forest, RF; bagged tree, BT; support vector regression, SVR; Cubist;
categorical boosting, CatBoost ; extreme gradient boosting, XGBoost) to explore the contribution of different
variables to the AGB estimation model. The results showed that the highest accuracy AGB prediction
models for spectral and point cloud datasets were Cubist and XGBoost, with R* of 0. 5309 and 0. 639 5,
respectively , and the highest accuracy model for the combined dataset was XGBoost, with R* of 0. 760 1,
and the XGBoost model had a higher stability of AGB estimation. The result also showed that the
contribution of the six machine learning models mainly depended on the regression method considered,
and the number of features chosen and the importance of the features to the model were not consistent
across the models. DOM spectral features had a higher importance in the estimation of AGB. Overall, the
combination of 2D and 3D data can effectively improve the accuracy of forest AGB estimation, and the
RGB images acquired based on UAYV tilt photography can realize the fast and nondestructive estimation of
forest AGB.

Key words: forest aboveground biomass; estimation model; UAV dense point cloud; SfM; visible

vegetation index; machine learning
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AR N TS A SR TR, AR AR TE IR A 2
Mol 2 8 S B R 0L S, B AEY
(Aboveground biomass, AGB ) J& ¥ #) £§ #K B fifi & F
MR BRI A T B AR R, S B o 1 b 3
AR AGB {5 B U E 2 X AR AR IE AT Dl R R A
J2 Fo ME R R S G 4 AGB e (H R R
RARMOR BLSE FLRERT FE S R AR B B IR
TR A A J 3 RS 0 R B R U 1 R 3 Tk
PRTE—E R L LTk 7GR 3 X 2 2 M T 2Rk
% N T A R e I A R R U 9 A
WAS Tz 0 RL T 0 AR AR 3 A ) 1R AR A
ST R AR T AR PR U R R A R OR L WL T R
R WA FR AR BRI A TR

LA, VP Z W FEAE ARAR AGB Al 5375 DR G 2
T S 0 T KR AR A
BB O6 A i B 32 T 4R A AR AR T R
B, 3 — 1k ¥k 78 % ( Normalized difference
vegetation index, NDVI) % i (5 &, , 76 42 L 7tk 1
A5 H S EOT T A AR K R R M — R
B B AR, 06 75 34 (Light detection and ranging,
LiDAR) EAT R 98 1) 2 i M, 76 S BORR MR Tl L 454 2
B B AT AR S A AR Mg
w TR R A BT R I A
SR, HLAR LiDAR %) %5485 >R 28 Fl AL BROBAS R, 25
] LiDAR 473 B34, X BR A 1 LiIDAR FAR7EZR AR
BEURIE A 1 SEBR I T o PRI, R e R AR
A7 R AL D RR AR AGB 2 AR # e EAA YT .

Jo AN MLECT 552 I a3 AR HARSAS s R
P T oA R AR R 2 A AR R G
ANHLF A%, 138 3k 52 45 4 ( Structure from motion ,
SIM ) 57 5 F1 2 AL ff 7 MK L 98 (Multi-view stereo,
MVS) $ AR A= 18 0 B 3 807 i 25 5% (Digital
aerial photography, DAP) RGB K14 1l = 4 %% 4 DT fig
BB AE R R 9 AR A R AR A
Forp, i Bl n] DS ZR AR ) = 4R S5 44 F¢ 4iE , RGB
DT A S A AT UL G e BT LA S e AR M O 2
FUE A AGB I3 AR Ak o SR T, AT A AIE 5T 46 h R 45
A TR] B ELBR 43 5% 10 B 1) AR R b, A ] A = 72
BB MR AT AGB M RO A S
2 PR AT AGB A1t ,2 Fh/E i X T AGB 1Y 5T
BRARF BN KR o

W Ah TR S P N T gl A oy ) B s
DAP S5 ™ o B, A7 BRS04
M7 M JC A HLIER R DAP g = ok Al it

i

AGB I, [B] H A A 25 7E — 7 B BE 1 5% i 2R bk 2 50
TROINRE HE , A b LR G — A 2 9 0] )9 5 ok ST
AGB BRI, TIAN 45 5 K BT, L85 5 21 S0k 7]
DRGNS R = o N €1 | P WG 3 € R A A R S N )
AGB, BR 78 iE Y 19 [l 5 5k Ak, ) — D E S
LB JE R AGB Al 3 3%k #5 5wk B R i R B AR
GUYON 4™ F 5 2% W, b 145 4 115 B ( Recursive
feature elimination, RFE ) 7] DL &% K 1k # &Y 1 fE
RFE AACREAR 1 18R 52 % B2, 7 H ok 46 1 2 40
B htm T AROR, R G A bRl A B TR
TR ffp T8 o JH A DR R AP 4 S B R
TEAE ] DAP g = E 47 B AR W) i AL N 4 £ 1)
BN R S HE W — 2 W5, BT LA SR D
FE TR Ay Al I BT

Blds 7 B ] DR GF s ab R AR M &, T
AHLEME T DAP £ 2= H 45 T LA 280F0 e o 3t 1] T
flith AGB, B AT A FWE 58 C 0 T DAP dl o ok
f 2 A = AR R T AGB Al I A SRR . A 4 X
BERF 5T, A SCH ] DAP 5 = B dl A8 1E 3 2 48
( Digital orthophoto mosaic, DOM) & {74l 2 Fh 75 & £
flith AGB By Iy o 8] DAP A7 K 9 — 4kl = 4E %L
i AT AN TR 1] U B3 A, 6 0 R DAP $dls 7 7R
MRS EO B AT

1 #RFFE

L1 HRXHR

WFFE X AL T 4 = IR R A bR (e 4
26°40" ~26°50", 75 %5 117°25" ~117°35") o Hb Ab 45 4
APGILER, Jm B 2= U AR TR 18.8°C
WK R AR e B 2 AR P B K 4 1 750 mm, B
IR 1203 m, e AR 4K 140 m, - B 4K 400 ~
800 m, DX AR N TR, LUEF It #3280k
TR, PRI T Z M EE B A 42 K (Cunninghamia
lanceolata) F1 5y BHA ( Pinus massoniana ) , i W H fl £
Bl W (Liquidambar formosana ) 1 AK fif ( Schima
superba ) , 12 AR HE TH AR K .
1.2 EAEHE

2021 48 7 J #EAT b T B HE R AE . TCAHL AT
DCIR N 2 g A2 R, e AT b i RS R 7 IR
10 m x 10 m %y o A% I 4232 X 3897 A7 g 42 K T 5 em
A A, F TruPulse220 B 80 I iy & 000 & B4 g, bR
T 2 LTS A B R B Y 8 /N AN AT I [
A e 15 D8 ProRTK Y S {0 X6 4 4> K 4 7 e
1 RO E AT E A, FE DU S B I SR B AR T 22
3 [ 58 fff , KPR RS FEAE 0.02 m DA . k3t
A8 200 ARSI 1), B3R HG rb 5 25 R s 0 i i
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Fig. 1  Location of study site and sample plots site
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Tab.1 Statistical analysis of measured field data

FEA AL 4%/ em i /m o 1AWy kg
SE N1 39.70 24. 80 2677.15
R/ME 10.80 17.30 1034.20
i 21. 68 22.07 1956.01
s o 2 5.27 1.77 338.87

RT3 1 Mg A AR R, AR ATl B E S ST KR
MR B SR —— AT i b
BRI AR R Y o, DL Oy A e LS
AR R RN

M =0.032718D* """ 2"

A M—HAREY) & kg

D— 42, cm

H—R 5 ,m
1.3 ZTANTITMEZNEHERE

K gEAE INSPIRE 2 #70 AAL#E F R 3R IO 50 X

I G, I AR BB 0 & 7 A O IR AR RE . X
T AALI BT A e R RAT R BE 3 i Ry 3 440 g I
2500 m, KA i) 1 B g 18 A0 B2 3 551 04 23 min A
94 km/h, & CHIFE L 58 4 A S, TEAE 55 28

(D=5cm) (1)

(AT AR5 X AT E S ) BOE R A
FERUE R B T AN, A S HATES

H T 76 38 P4 R A7 5 43 A N AT ke b 2%
Bl—28 DAP 2 My B 0 L O TH S HARIX
Sl 9 DT C A5 2 %5 B Ul /0 o i DX AR AR U4 L R
ST AT (B 2) B 05 ¥R R 48 T8 4R 5 = Bk,
NS5 2 S AR, TR % 2 DI
GO 4 APP BCE 1,505 1 45 (TZR 1) 5 IR A BT
5T DX 38 P AT 1) 55 ) 80% 1 IR T B K, SR G AR 2
FRPR (Wi Zk 2) % 08 B b DX 50 A A 1) 71 5% 19 85%
MR B A, 2 R AR R A LR 129 IR KR,
S 14) b T K B 1E 2 ( Ground sample distance , GSD) 2
4 em, JX P 2% B 2 R A8 200 m, Bl S m/s
(K 2) TEMAAZAT,ZEZW HH H 1T m x 1 m 4L
(2Lt LoARad) ARid 10 4> 1 45 i & ( Ground
control points, GCPs) , GCP {9 fif & i 7 ¥ i& D8
ProRTK AU A0 i, P 14 7K - 0 ke BN J32 428 o
+0.02 m LA, F T BR8N i Ab B] . 3 9 ]
YEMIE S, LI O 5245 B & R i o ' 5 3t i 4K
FEAHVC B o Hy T I AN HILBRE 2 AR 00 B B & AR AR
T XA H T AR, BT LAY B S i 2 DL 10 m Y [
B GPS & A5 B, OF DLtk 6 %05 m A A A
( Digital elevation model, DEM ) , i T 14 — 1k DAP
5 2 Bl
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Tab.2 UAYV flight parameters

S8 fiik 1 ik 2
AT A/ m 200 200
EEE/ % 80 85
KATHSE/ (mes ") 5 5
SRS E 84 45
AHALIE 1] Nadir Nadir
ST 349 by THT SR A BE 25/ em 4 4
i F/hm? 12. 86

il

T sk GBS R S 0 O PR B, DA G

(a{.;%ifrﬁ’—.l?l o ; (h) i

AL RAT IR R — A 2 78 12 H AR A JC KUY 31 5, 7
2021 48 7 A H @R 4T JE AHL /AT
1.4 HRHERNEHTELLE

SIM 7 AR S — il B Rt 0 e R ) = HE 45 4
AR, SIM & LI D B TAE, | 8B M EHMR
TR I GUE B RS AT RRIEAS I AU E . )
B I R AR SR R R [ Sl g DA BIL TS T R B E
B SIMH AR AT LR — 2 Al P P RAT L XA
Ao AT AR B 0T 5 IRTR L THIE DAP =44
=, AR5 A H AR R I SO R A%

JIT A 19 o N HIL T A5 R 8 R 2 L SEML 7 12 4k 3
M. JF 8 i Pix4D (2016) | B #& {F (v4.4.12,
Pix4D, i+ ) Xf EIR 3E A7 4 B, 3 5o Te A B R 52
G0 DF422 IR FURR B IR A2 A I, A= R o AR A
( Digital surface model, DSM) %5 1F 4F 52 1% ( Digital
orthophoto mosaic, DOM) DA M DAP =, —4i%4E
PR R R g 15 429 728, WF 5T IX 5 o 0 SF 24 4% B
N 51.72 4/m’,

3 BB 5T X 80 = 4E 4 AY 5, A ] LIDAR360
5.1 BT 2 LR A R A WL b 5t) Ak 2
DAP fi =B (8 3)

(c) MUHLIA

B3 H—4k DAP /5275 il
Fig.3 Examples of normalized DAP point clouds

1.5 4HF{ERE
1.5.1 BT DOM Ry A] WA % 46 %1

T B35 % ( Vegetation index ) iz B T M 5% A8 94
f9 A R B 4R IR AR LR R A s
MEZE T, A MR BOE &R, Tz N
FHF R 53 2 A w7 a5 5 M 000 R X3+ b R
AR BRI RLG LB 3 AT Uk B
P L 40 50 A IO VR A 5 22 O 1 A 4R B 1
X JEEE A 20 AR A INRE D7 BT i 16
A [ fg T D Sl Ak i 550k 43 A A 4 4 20 IR - X
AGB fl i 9 E 1 , ffi ]I RGB "] L% I BL i DN (i
R BUAR B 5 3 4 A W DL O A i A AR, 4 A ek 4
BT IAE — @ R LR g K 225, 16 Al
LA B A BT A S AT O 25 S R kAR
B (VDVI) (A] WO KA B P46 £ ( VARL) (SR 4T L
B 45 %0 (GRRI) &t # Lt {H 48 #0 (GBRI) (41 i o {H
6 %0 (RBRI) (#E480 NDVI (1 45 9% 55 0 (V1) | &t

HLL 225 36 80 (ExGR) | 4 48 %0 (ExG) | & it 4l
BB B (GLA) (A — b4t 41 22 0 46 $ (NGRDI) i
BLAE E(VEG) A Bl $2 WU Bl (0. 48 £ (CIVE) (BX &
84 (COM) R .G B,
1.5.2 LT DAP HEZMEESH

HATE 442 T JLFh 2 S F8 b5 1E I AR Ak AGB
PR AE TN P2 e A (s T
PLE T S8 (E 7 B5ORN B o 25 ) AT LA S e AR e ) T
ELAEAAE B, i 2 2 AR B AT D AR MK el 2 Y K
gER AR B o AR R AT AN = 4 A B o AR bR
Befis B T A At 3T B bk AGBY™ . T DAP 4
= WY REYE B DAAS SCR BE B et 2 55 B R LAL 2B 4 | By
JE AT 41 A AR (£ 3) .

HTSMHETREREEFFEE AR NERD
6 AR i HEAT 80 13 — {6 (Normalization) 2 i 17
B 2%~ B TR BE 2% > 4 e A R T M g 1) — A
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Tab.3 Feature variables and descriptions /pa{ﬁﬁﬁﬁ s HAA (g5 i 3] A %1:1E B A A
i i i 2 IR 22 SRR S HL %25 3 0 A A T 42
x S i RO S B S R 20 RE ) o AR o R OR %
H_1th, H_Sth, H_10th, i JB 0& S N v e = o
. S AR 2 J5 X T A 18 JE AR 1 2k H Z — Score 1Y
H_20th, H_25th, H_30th, (1™, 5%, 10", 20", ) . . o .
H_40th, H_50th, H_60th, 25" 30", 40", 50", ﬁfi%ﬂiﬁ’ﬂfﬁ%ﬁ—ﬂﬁ(ﬁ%ﬁ(?ﬁ%{f?%) ,VI_%‘:
H_70th, H_75th, H_80th, 0™, 70™, 75", 80", XH
H_90th, H_95th, H_99th 9o 95" 9g') X" = X —u (2>
H_AAD - 13 4 %o Al 22 o
e TR Xh xR R
TR BE T ALK 4 43 K a) i 4 4 =
H_1Q " : s w3 U — e O A A5
(H_75 - H_25) IR
- (H_STD/H_MEAN x 100% ) o— R R AR FE bR i 25
REAE 0 S A R TR v 553 A He AT TE 2SS A, I — A S /Y B
e 4 S HFGE 28 160 5040 3 00— A0 0 7 22 0 1 1
H_KURT 06 jig N
N N W TS
H_MAD e A B34 X6 i 25 b ﬁ:ﬁ
H_MAX O] 1.6 Z#EEFER
H_MIN FhH AR 6 PP AL T 100 I B8k - BE L AR AR
Eixl};i?AN j;ﬁg (Random forest, RF) . 4$%&#f ( Bagged tree, BT) |37
H_SKE gl ¥ m 48 [ )3 ( Support vector regression, SVR)
H_STD T o 22 Cubist, 2& 5l B 4% ik #& F+ ( Categorical boosting,
H_V e CatBoost) A% Vi 44 )& 42 T} ( Extreme gradient boosting ,
H_SQRT 2 RETHME e v . . 3
H_CURT 3 R M XGBoost) K #4173 F &5 I ( DOM St 3% & 4fls . DAP
DD D3 D4 4 15 2% B0 MRS B 5 4 S B A BRI ) AR AGB AL H F A LA
maw T T 0 5 08 1 P B B K 7R AR E S8 AGB Fy M A
R BETEEMILARRI gy g 4 XA G B 28R B NG AT T
) %5 g A% i W3R
x4 FERAPEEERNERUARESHAETE
Tab.4 Description of regression models used and range of hyperparameter tuning
J A 45 Ly ESHL S B R R
CH(1,10,1) TR H B
LT K g AL ) SVR I 1) &[] ) aret,el071
TR A A S [n] 2 ] )5 gamma (0, 0.2, 0.01) R 5 caret, e
miry 2y k/3 kS T A 4L i A RRAE B caret,
RF i K
FEAL AR ntree A (100, 1000, 100) B AN % randomForest
BT R AL A BT A% 20 oob_score ( True/False) 2 (E caret , ipred
committees (1, 100, 10) B ] 51 A 4 A 5
Cubist Cubist caret, cubist
neighbors J7(0, 9, 1) T AR VA 2 LR I RE AR B
depth J (1, 10, 1) TR e R IR B
learning_rate 24 (0.01, 0.1, 0.01 o R
CatBoost 2 ) 10 AR A 2 T : e 39 ( ) %7$ X caret , catboost
12_leaf_reg # (1, 10, 1) L2 1F ) 35
rsm A (0.1, 1,0.1) Bifi AL B A B
TR BT eta 4(0.01, 0.1, 0.01) 23] %
) max_depth (1, 10, 1) e SRR 1 e R IR B
a0, 1,0.1 a ks 5 5 %
XGBoost W i B 4 T gamma 3 ( ) akedebtel caret, xgboost

colsample_bytree (0, 1, 0.1)
min_child_weight & (1, 10, 1)
subsample # (0, 1, 0.1)

Y ZRRFAE L A1)
BT MR A AL R
F T UIRREA /Y o4l

T S BB T 2 AEDS IRV L 58 3 AME B, I € 2 (1, 10, 1) 00 C BRI 1 ~10, 5K K 1,
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1.7 H{Ei%E#E

TE A Z T, S Pearson AH G 43 A N 5% 15
AMXHEWEREZR, FIH R IEF caret 4
findCorrelation pR %5 B w8 B2 FH OC 1 45 A1 (HH OC &R %K
KT 0.98), 0 1 lLEL DAP i = S HHDGIE S HON
THBR DT, B T AR S AR AR BT 2 AR —
S AR 5 R AR Y 3 A R 4

Ay 5 % 6 3 45 AE 9 BR ( Recursive feature
elimination, RFE) I Boruta 3#E47 E#EAR FRAF 57 ik , FoHp
RF .BT.SVR . Cubist % ¥ {£ caret £ H1 1) rfeControl
i 1l e 00 A T e S eR B A, X 4 Rl AL g% 4 )
SRR ] RFE JF 18 £ AH I 1) 1E SCRE AL 3 17 R 1k
i 8 , A FE ML A AGB A Sy mig I A2 B, 2 5 AR AR
2% (Root mean squared error, RMSE ) 3 3F 1 % A
R I 50 X AR B 1 RE Y 5 R, Gl S A A8 SBRHIE
T 10 AR, i CatBoost Fil XGBoost
A B B AR O %k 1Y B8 7, B A E A7 4 AR
i 16, B A Al 25 2 A7 FRAE 19 07 2k, AT A5 310 48 g 1Y
S5 HESCHER [ 45 ] 9 WF 58 4 Boruta #E 47 45 1E
A 6 22 05 AT 2 MR RO R TR R AR
B IUAR Y /D 32 A ) 1Y) [R] B A3 A 43 AR T 4 1Y
A ROR .
1.8 HEWIE

g T B R AR R ) o A, R 3 38 B IRV
SR I UE AR M i, LA RAC(RY) AR X 3 7 AR 3R
22 ( Relative root mean squared error, rRMSE ) #l
RMSE 34 A [7] [l U458 8y o fy 2

2 EHREHMH

2.1 Fmi LENEEETERNER

T WR T 0 N BILABIAR} £ 5 AR IR AR bR — 4
I L (TED O R O N e e - = I |
FIH] DOM BRI O 3% 2 80 ( 4R R iE) \DAP i =
SH( YRR ) DL RSB o AT AR AR
R AEIEAT AR IR BE R Z AT, il iF Pearson
FHCAE S BT, 43 0 AOGIE 280 DAP i = T2 & 5K
PR AR T 5 BORRE SR 0. 01 KPR AH 5
78 B [A] I 25 BRAH OC R BOR T 0. 98 By 28 i, AL 4%
HAAH 9 A~(H_CRR.H_SKE . D1.D2,D3.D5,

D6.D7.D10), St 7 & 3 4 (GBRI. G _band . B _

band) ,DOM Jt:3¥% \DAP g 5 LA K 20 4 %080 U8 73 ) £
B 13,32 .45 /AR i, KR 9 A8 B BEAT 6 Bl E] 15
BV ) SRR I 7 30, T A 2 I A A Y 3
TS BEA RO B = A B PR RE , 2 2 Fh B B T
I, 25 BILA 27~ (8] U A5 TR0 I A S ] R G X B £ 2
M BCHE TR e R R R AR E AT M (L RF 7R

DOM \DAP 55 2 FIZH A5 B8 v e 6 R AR AN 043 ) R
1216 22) , 1fi & %t 4 FR AE 19 STk 24T 7 8B T4,
IR BT E SRR S Rl . A HILAS 2 2 [ I AR A
) RMSE ;. ¥ % T 5 — % 4ls (DOM i1 DAP fi =),
X R A AR B AR A b 25 5 T 2 BRI S iz AR
A DG B HRAE o fi 2 45 15 AL R 15 90 SCAR IR
JE e R AE FAEEAT SR S, SR kS
i
F£5 3HHUBBRTEERBRISMELRFENH

Tab.5 Number of feature selections for each model

SR AIE SR AIE RMSE ./
p— _— FAEE  FR f
Bk M kg
RF 12 240.2
BT 13 243.0
RFE
. SVR 13 229.3
DOM i
Cubist 11 225.8
CatBoost
Boruta 13 Confirmed
XGBoost
RF 16 195.6
BT 13 205.8
RFE
SVR 11 199.7
DAP =
Cubist 25 238.4
CatBoost
Boruta 20 Confirmed
XGBoost
RF 22 163.8
BT 26 186. 6
RFE
. SVR 35 154.2
DOM St:3% + DAP i =
Cubist 35 169.2
CatBoost
Boruta 38 Confirmed
XGBoost

VE : CatBoost 1 XGBoost 34 Jij Boruta it £ f) 45 fIF 75 ik 3 17 22
B, 2 B 0L B RMSE,, 25 5, 45 F 3 4 45 5 Confirmed
Rejected §{ 5 .

2.2 ZMMEEYEGVNERRBESH

4 .36 JER T 3 R AR A A [ [e] 5 55
BAGTERRAR AGB (4538, W] LI Y, B — B4 U
BORG BEAE 6 il 8] )5 550 1 vk B2 B0, BR 1 Cubist
SEVE AUR OGS 2 O B B2 AR T 5 = 0 1
iR, 2 Fh o — B 4R 1Y B UL AR A 43 51 Ol Cubist
(R’ 0.5309) F1 XGBoost( R’/ 0.6395), 454 5¢
TN SR T AGB TN B, 6 el 74 11 00 A i
B TR T, 9 28 g Uk 15 ) AR e R
R4y R 35 5] 0.759 5.0. 691 5.0.750 8.0.671 9,
0.742 4.0.760 1, RMSE 4 % & 163.3, 187.6,
165.9.196.7 172. 8 158. 7 kg, 2H & Bt e AL A 70 Hy
XGBoost, #H# T DOM Stk ¥4 U5 Fi1 DAP 55 2 %4
R e ML B AL R 43 4R T 0.229 2,0.120 6,
RMSE {7 73.8 .48.5 kg, ff tRMSE 7] DL & I} ,6
FAIL A 27 2 [ A AR Z (R AE7E — 28 1) 22 5%, DOM St



192 &l #Hl

L

i 2024 4

PR (11.89% ~ 13.04% ), DAP & = &

F e TR A i A AN [R] 19 72 s, A5 R ) 44 i 2% e
B ER AN TR A R 4 3 i 2 ol B0 DR 0 245 5>
fe i AGB BIRT JE

3000 i} 3000

_\ZD 3000

(10.59% ~ 12.80% ). 4 & ¥ ¥ (8. 11% ~
10.06% ) , ]\ 3 F &4 45 1 45 S ol LUE WA H—
23000 23000 . 230000 o
& 7500 it & 5500 .y £ 2500 PR
= o vqulpne.’ = BN = s =
20001 EEAY 20000 ¢ Y 520007.-.&‘5&."' =
i AN i o s iz AT i
g 1500 |, ;& g 1500 F. e ™ S 1500 e g
1000 2000 3000 1000 2000 3000 1000 2000 3000
Ay ST E kg AR ST E ke ARSI E kg
fg 3000 - ) f; 3000 - . g 3000 - f;f
2 ss00 - o Zosoor < "oseof . E
= Lot X > };ﬂ"‘ = g =
20001 .. _zé; T@ 000w du¥ 2000 g :a
] N, L IS o X< i R A I
= 1500F 14 S 1500F T = 15001 =
H e L 1 2H = L 13 B H
1000 2000 30000 1000 2000 3000 1000 2000 3000
Ay SEE kg AR ST E kg ARSI E kg
3000 . 23000 L Zs000p Loz
& o500 - oo Zoase0f- o "oseof L, @
= o acr =2 eg!f =
& 2000 rimﬂ"' & 2000 4 & 2000F e &
B ool mE B 500k b ¥ 1500 jf}af b
ﬁ o % i § ﬁ
- 1 | 1 id Il 1 . al
1000 2000 3000 1000 2000 3000 1000 2000 3000
A S g A B S kg Ay S E kg
RF BT SVR
4

2500F . .o Eoaseof o0 Eoase0f &)
o qg. = Sy . = Hm
2000 > 1= Lo R . i
2000 . ‘:_'@g.'. u:ﬁ 2000+ M = 2000 : <8 &
1500 ;5 = 1500 & = 1500] 747 =
= .TH . ! I : 1 R~
1000 2000 3000 1000 2000 3000 1000 2000 3000
A STME kg A SMHE kg e SE ke
3000 . Z 3000 . 300 &
2500F .o Eosoof - B as00 @
. ....",.“ :';Q: Y TS § \}\’i
- T = F 2. = s >
2000 q:?;.’". = 2000 }\_‘%:{}#’ = 2000f I
1500 ¥ & 150007 & 1500, &
g % 2 | 4 - I R
1000 2000 3000 1000 2000 3000 1000 2000 3000
A STME kg A S E kg A e SIE kg
3000 23000 L Fooor
2500 & 2500 S "osoor L 8
2000 . . E 2000 R0 X 20001 | &8 &
. o V8] om PAPS
1500 %2 ”g 1500 | 5 £ 1500f o
- .TH “ ! 4 ! I |
1000 2000 3000 1000 2000 30000 1000 2000 3000
A SN E g A S E g A R SN g
Cubist CatBoost XGBoost

A [ B 4 7T 4% WA 50 i AR AR AGB A5 IS5 2R (10 L2k Ui 2%)

Fig.4 AGB estimation results for each regression algorithm with different data sets (1:1 dotted line was for reference only)
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