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Remote Sensing Estimation of Maize Leaf Area Index at Different
Growth Periods Based on XGBoost — Shapley Algorithm

ZHANG Hongming' HOU Guihe' SUN Zhitong' YANG Huanyu' HAN Kecheng' HAN Wenting’
(1. College of Information Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China
2. College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China)

Abstract . In view of the problem that most remote sensing prediction methods take spectral information as
the main feature of the model and ignore the temporal variation characteristics when obtaining leaf area
index (LAI) quickly and accurately, the UAV was equipped with a five channel multispectral camera to
obtain the multispectral images of different growth periods of maize in the study area. The vegetation
indices of maize in corresponding growth period were calculated based on the images. Then the sub
models of each growth period were established by using the vegetation indices. The contribution of the
root mean square error ( RMSE) of each sub model to the RMSE of the whole growth period model was
calculated based on Shapley theory. The weight of each sub model was given based on its contribution.
The combination estimation model was built with LAI time-series variation characteristics according to the
weight. And different combination models were built based on support vector regression ( SVR)
algorithm , multilayer perceptron ( MLP ), random forest ( RF) algorithm and XGBoost algorithm for
comparison. The results showed that the estimation effect of the combined LAI estimation model based on
Shapley theory was better than that of the whole growth period LAI estimation model. Compared with
other LAI estimation models ( SVR — Shapley, MLP — Shapley and RF — Shapley) , the XGBoost — Shapley
model had the best estimation effect (R> was 0.97, RMSE was 0.021, RPD was 6.9). Thus the
XGBoost — Shapley model was applied to LAI prediction in the study area. The research results showed
that the LAI change rate in different growth periods were different, and the prediction results accorded
with the growth trend of maize in different growth periods. The research result can provide a method for
remote sensing monitoring of field maize growth.

Key words: maize; leaf area index; XGBoost; Shapley; UAV remote sensing

e fa H . 2022 -01-02 & H . 2022 -03 - 01
EL£WHE.: BEESH AR H(2020YFD1100601)
TEER A KA (1979—) , 55 8042, i+, FENF M ARHEE M 58 Z RIS, E-mail; zhm@ nwsuaf. edu. cn



KNG S HET XGBoost — Shapley 1y £ K AN [ 4: F M LAL 2 & Al 5 209

67
0 3%

-7 B4 B (Leaf area index, LAT) B AL T Hfi
o v v AR o oA R A 5 b SR A A G AR )
gy R — A EESH ROESEH 2
45 35 R A B DI R b o
RS LAT ol Lo AR A= = S BER 245 & o

1&g LA &7 1k Ry 4 W 4 v, 32007 vk 1
K TR, 20 A FE W 1 o — 2 Wi 3R LR
RE S AT BRI, F 20 HE4D 70 4R AR08 R
TG U5 PR B8 400 02 1 1T, TR B RO R I Al
W 45 35 Py — AT T B N e i SR AR T LU
PR 33RO T AR B P 05 S R I A ) A ROk
0 1H) 1 22 S AT DL AR AR O S SR 1Y ik B AR B
H T R 2 ] A R R L 45 48 TR BB IO AR R
RE VA Sz e /N ROBE (B A L AB B ) AR A ) 1 35
‘F%ﬁ‘{ﬂﬂ o B % J& A Ml ( Unmanned aerial vehicle,
UAV) FHOCH AR Y 02, To AL 38 J8 2 A IR 25 3R
T4 B A% A 5 ) 03 PR B0 1 RF AR, T AL ST
B G REAT R0k b T A 3 J 2 1) 73 B 3N v 10
AT FEAA BN BT AR AR ST, RIS (PR 3k
HUAS K T ARG A T S R A K s

LAT n] DL 583 5 5 56 J2 S 5 28 00 st Av e 4 K
(WyWWﬂMﬂ,W@ﬂ%ﬂ@%%ﬁﬁﬁﬁgaﬁ
gt LAT 28 B B R ) A 50K HE AN AR . BECE TSR HL
GBS 2 IR R I B, R 2 A S AL 2
Tr i LATAGSERTAY (45 LAT Al 550452 70 1) A 32
EERRE T AR VR 2 F AR LALAE S
IR M R R AT TIRABRSE 0 S R, ik
P51 B RIS T LU LAT Al S50 RS 2 15 2] 2
fe AR TR R D B R AT AR R R AR B R 5 i
OTHMAN 46" fff 5 %2 B M Bl oy TR 7 5 345 1) 2
JETE B n] LA SRR A B A RD i A A
Bk LAL, 282 )11 %7 BF 58 T 43 Be LA (9 GUSORE B 45
B, 45 AR B A )AL Bl LAT B 326 488 i 42 A w98 %K
A LG LAL BRSO %, YANG 45 3 i
FIHIAS [ 11 0 o 8 A U0 32 oK LAT & B EVI A
R 2 8 TN RS BE R T NDVIAE S 2 85010 i A5
T W BRI 0 A HLE i AR AT 4N
LAT A, 5 7R A /N 22 PRI T A6 109 98 3% 251 A
LAT ARG PE f i 19 3 FhOG T 2880, 4 0E BT 326 % 10 6
B R AE BT DU o LAT MG BRI R PERE o A BK
TEBCF R AE B 5 LAT A S UK &, [F AR
LAT 75 Akt B AT B 58 1) I PP R A, HAS 6] 7R 9 i g
AR A AR MR T A R A D s LAT AR
i AT 3 TR 2 2T R SR LAT HEAT 000 R

I 5 A 1 7 e RS T VR 2% ) 72 LAT 7 1
B IR EF R 5 2 ARV 15 1 2
LR BB (S B, S8 B A LAT B R 45 4T
= A LAT A SERER (0 B0, B UL, 13— o
WA LAT I F 25 A B 51 A IR VI 5 2 AR AL AT £
FORLR I — BT B

S DL ) B, A BF 5846 43 B0 F K R T2
BRI LAT A58 TR0 R Shapley %W 2 7
HE 347 A58 2% X 4 7 BRI 34 7 AR5 2% O B
R i 4 T BURRL T SRR 414 75 5 LA LAT B
Fe A LA IE 9240 4 LAT A SRR 7] I 3 K ) L
3 P b 20 R T X L L D S B AR
R 7009 K LAT 59 52 0 K 2 A 0, S K AR 0
KU it R 2%

1 RS

1.1 HEHRESLHIE

HEOK LALRELIAEN 58 H AR XS R 2
AP W B — SR AR AT R P &
45 B AR5 Ol (40°25'N,109°36'E ) . #F 5T X T b 1) IH
L RVAR BB R R A RN R T R 37
AR % DX Sl Tl A R i P A, A JE I R K
AH A, AR Y H BE % 3 100 h, AR R OK &
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Fig.1 Location of study area and UAV image of maize field
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Tab.1 Main parameters of RedEdge multispectral camera
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Tab.2 Definition of vegetation index
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Tab.3 Correlation coefficient between vegetation index and LAI
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Fig.2 Temporal variation of maize LAI
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Fig.3 Structural diagram of combined model

JLF SVR.MLP RF 1 XGBoost % 3 4 % UL £
KA A BB A 0 A B34 O AR 1R 22 4T Shapley
EF5, A9 2] 41 & A T 45 A I A A R EE
4 PR,

F4 EXRLAIGHEFERENE
Tab.4 Weights of sub maize LAI estimation models

A A TR L TROE 2 THIE3 T4
SVR — Shapley 0.23 0.26 0.27 0.24
MLP — Shapley 0.22 0. 30 0.32 0.16
RF — Shapley 0.12 0.34 0.36 0.18
XGBoost — Shapley ~ 0.24 0.29 0. 30 0.17
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Fig.4 LAI estimation results of maize in study area
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