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Table 1 Hyperspectral and fluorescence characteristic parameters and definitions
G R I AR SRV
% 1 ALY Blue edge area(X)) OB TE B (490~530 nm) PN Y 5 5 3566 1% %ok 1 1 BLAr (8
#2H% Blue edge slope(X,) WA A B Y — B B o0 (B
WP Yellow edge area (X;) HE I 1 (560~590 nm) P (14 )52 5 556 5 335 % I 4 9 B3

P i1 #HE Yellow edge area(X,)
21 111 B2 Red edge area (X5)
21 11 7R 25 Red edge slope(X;)
21 111 %% Red edge position (X;)
LR IE A E 2 Green peak position (X)
3T Red Valley reflectivity (X,)
2145 1 B Red Valley area(X )
B P LT AN I #REShort-Wave Infrared Valley Reflectivity (X))
2196 X i R d K Red Light Area Reflectivity Maximum (X))
21 30 I 5t # B KA Red Edge Reflectance Maximum (X ;)
ST 21 A0 X 2 5 % % KB Near-Infrared Reflectance Maximum (X;,)
O X I S Yellow Light Area Reflectance Sum (X5)
2196 X 3 2% 4 Red Light Area Reflectance Sum (X5)
2134 5 1 Red Edge Reflectance Sum (X;)
JT L AR Xz 5 2 5 H Near-Infrared Reflectance Sum (X )

20 I 1 21 Green Peak Reflection Height (X))

WSR2 Red Valley Absorption Depth (X))

5 P LT A T R 2 Short-W ave Infrared Valley Absorption Depth (X,,)

Reflectance Fluorescence Ratio Index (

S5 39 AR H8 5% Xz2)
J2 5 R 5256 S s B2 Reflectance Fluorescence Derivative Index (X,;)

H i 5 4 2 5% 1Solar-Induced Chlorophyll Fluorescence (X,,)
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R
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W BCF )2 STF 58 J¥F

Iin X( wl@ﬁ X Lleﬂ + wright X Lright)

(4)

Fin

o L1, o R HRR 9% 26 D 0 K B R RO 3 R 5 L,
Sk BN B 4R N 4 R 5 R RS I 5 A O i 0
JE 5 02 0,0, 3 8 W ZR 22 A7 P2 25 05 BT o5 B
L Lo 4% 7R WO 25 70 A7 9 K BE 8 T 32 Y6 3% 5 3
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GBRT #i7 ,
251 k(5= BA#(CART)
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Bl S oy B TR B AR s 24 14 R 5K
P & 1k A5 ] 1 52 4 06 &Y. CART A5 AL i) 4
2 AL B I A RN R Y B R R A R AR
G T G B R R I R E AR o R o A AR
T A 6 B T AN W 3k VA A R i A ) e OR
IR R B ) B A A T BT A R BY A 7
T3 vk o 5 B A T A8 B Sk R b 1B R T TR
BB &, it HL 12 5 32 TR B 25 T W S B A 99 0 15
22 DL K 1 52 R B R 1 A R B A T 4T 92 A g
F1 L SR F R B R AT U SRR A& B B AR R
W 36 FH A /N ARH 52 2% B R, L8R dn 4 =X (5)
JTR

_R(1)-R(T)
N(T)-1
Hop RO HEF A SR 2Z R0 R(T) N TR
BRERAM S NCT) 155 sS4k
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GBRT % 4k BE % 9K b CART B vk Xt /NRE A $k
W G it LA ANFRE TR AR AN . Ak
s 1 Friedman ™ 4 H 3k 1) — P i 48 14 He SR B 53 3%
‘B H CART .GB 5k DA K 45 0 S A 338 43 4L ™
T L 0 AR AR R F Boosting 7 K 224~ i
2 AR 55 27 ) i 22 R 3k AR i — 4> 00K 2
(R 5 27 2] i BV o i — A 2D el b R Y
% 22 A5 R — R AR LA R A T /N 5 2, B
0 AR 8 2 A A5E 70 AN A 3] 2l g 2 — ol e SR AR 4
2] B 5 T 4 WA AR BT R TR AR B 2% o) R
Rk A B AR e F A — R ER R
FH 3% 37 3830 1) O = ) 22 B B 25 R AT 2R 2

X 1 B2 1 B 2R 52K R BICR H Boosting
rh ) 22 A G bR B, BRIV aR 2557 O R, TSR ik
K (6) frn , &t Mk AR5 19 GBRT A5 2 751 ) 45
R (7 i

(5)

L ()= 3 ief (27 (6)
f(x)= Zﬁ(x) (7)

For e gy 70 50 by i A BRI R R R 5 O R AR
B f, (o) IR TR, /() by A5 80 00 4R

2 = GBRIT #5410 39 00 8 52 1) OC # 2 5k 22 19
B8R SCFI I Friedman'™ 4 H io 5 1 45 2% ok & 6 b6
JEE B 2 W9 T3 D5k, BRI A0 % pR RRS) S0BR AR R
P2 THR 1 T A B 22 B MEL . 2B m B SR i ARE
AR A5 K R R SRRR g, TR  Cn s (8) s

B aL(y,-,f(xf))}
. [ (8)
8f(xi) LD (X))

(o) W8 A B, A, AR B o B, KON B
Ut A 3 AR K, T8 D7 ik an 2 5 (9) B,
B, () 0 5% m WS AX P B A ) DR SRR < i e Y 58
2 AR AR B BT A5 R =X (10) B

B =arg mﬁin ZL(yiJm—l (x)+Buh,(x)) (9)

S (x)=fur (x)+ Buhn (x) (10)
253 % AaZ&K=)a(MLR)

% Jt £k P 15l 13 (Multiple Linear Regression,
MLR) J& AR 48 2 A~ i A 2 50K R Rz 15 2 8%, 0
Ml 2R 5505 %5 [ A8 i o LS RS 2 R AR & F)
FHEPER AR N A 5 24 A Z ORI
— PRy L o, AR R R R R R U4
TEMH R KRIFEA —EWE M. ZIod kA
AL (11) s

Y=Bo+p X\ ++p.X, +u (11)
Horp Y g A i, X, =1,2, -, n) NFRAL
w, B (G=0,1, 2, -, &) NEHRE, p b RE LR
25 H 38 AR HE TE & 53 A o

3 H#EREpHT

31 EEMgE
3.1.1 CART##

B 1k CART [81 A A (4 3t 48L&, 3 0 313804 Y
52 5 B SR R R R 25 K A8 S IE AH X 15 2 Bl
SRR o3 4T ABCR E n  ARARAE B, R 2 R

A5 2 10 4738 IR E T 19 X-Val A X 5% 22
PRI 24 B S8 CP I G R AR A & 2 /N 38
S IE R 22 KA AR EAE S CART 8 gz 08 18 59 1fE
W AR T AR W e T AR SO CART A5 Y 11 die
et 85 HL Ky X, =0.349,CP=0.01,

3.1.2 GBRT##

7 F) Fl Python 3% 5 # 57. GBRT #5753 72 1
B 55 2 2] AR B ) R D e e SR R R
SR S A, Horp 5 ST SRR N MR B T
R J /N e R SR PR R Oy ki L B
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#z2 CARTHEEESZESH(CP).HHIRE(REL,.,.) &
HAZXBIEAMTRZE (X
Table 2 CP, REL..,., and X.... of CART

nsplit Cp REL. o Xerror
0 0.678 919 1 1.063 38
1 0.143 475 0.321 080 6 0.507 58
2 0.070 193 0.177 6059 0.460 05
3 0.043 176 0.107 412 9 0.469 07
4 0.016 467 0.064 237 0.357 14
5 0.010 215 0.031 303 3 0.349 4
6 0.009 33 0.021 088 3 0.359 14
7 0.003 453 0.011 758 0.402 98
8 0.002 919 0.008 304 9 0.389 39

73 K, 2 3T T RGE H B 0<<0.1, 26 R S 1
FROJ7 R E 8 AR /N2 2% 85 GBRT A5 Y 14 i
S %, 38 i 48 R A B /N2 4% B0 DT (H
5550 DR 9 °F- 349 26 6] 158 22 Bifl 43 285 0] )3 B i L)
KR FE B AR Ak S n 1 1 A 2 i, i TR AT Y
GBRT #5555 2% > 25 19 B it i 3] 200 J , 2 70
55 S 1 57 Xy o e R 25 1K LB AR E 5 W IR E N
A s, I 455 SR 1) O 2845 22 /0N 5 A Il R AR
1) 22 IR A5 . % I 2 2] TR 33 o BRIA(E 0.1 i A5
RUPRS B R  FEARBE AL {n_trees=200, learning _
rate=0.1, max_depth=4| S84 5 MU 5.
3.1.3 MLRAEEA

PR N F2 O g ™ T R R R 1Y) £ T 2R
PE [ AR, 11 AR 9 0 BE AR B8 S R AIE 2 1 F1 DI
Z [H) 1Y W 2 KO 5 7 2 1 K B F- (Variance Infla-
tion Factor, VIF) , H-rp i 25 ¥ /K V- 8 E o p<<0.05,
7 7 22 I ik P97 B BB 8 22 R 10, X R A VIF
K, AERZ MR ™F 4 0<<VIF<<10, K¢
15 2 H AL 2 1k 5 24 10<SVIF<<100, 7 16 405 1 £ &
M M VIF=100, fE 78 7 £ LR Y, 5
bt VIF (K T 5T 10 (9 [ A8 4y 25, 0 e 19 30 9
FORAEAE 2 LA M ) A8 i X, X, DA [ A8 it
S MLR KD

GBRT .CART il MLR #5  %it /N 3 4% 55 9 ™
A TN 25 SR 3 s, B R Test A 4
GBRT 8 B 42 7 [ml 9 R 1 45 58, CART Ry 432
5 ] R 9 45 S, MILR Sl 22 70 £k M (] 0 99 0 45
B M3 LIFE H, GBRT KL BIAL /N 2 4% 45 9
9o 1% 7 B B R AR b R R G 4 3 ST A £
W45 5L /I, & ek s CART A BY 11 I 45 5L b
FARER P IR, XL BT CART 5870 78 /N BE A 5L

S AUUSE < 2 SR /DN 22 2R B ™ L ) GBRT LAY AT 58 415
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Fig.1 Trend of MAE varying with number of CART
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Fig.2 Trend of MAE varying with depth of CART
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Fig.3 Prediction results of stripe rust disease index by dif-

ferent prediction models
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32 HEBEITMN

R T VM /N 22 2R e I T T RS A 0 A AR Y
A EE MR SR FH A ALAG I DA 5 5200 DI JE] ) g 52 5
% (determination coefficient, R*) 1 ¥ 5 # {& 22
(Root Mean Square Error, RMSE)""'2 4~ $& ¥ ¥t 17
BERURE BE A, o RPA RMSE 157 W4 50 (12)
(13) i~

Forbron R R B0 RE A AN By 0y, 43 531 g 9 18 7
S E 5 S AR 0 SF B 5 9,80 5,43 51 Sk A5 L
{E 55 T00 A8 1 - 24 1A

I A T B 56 3k A A 43 5l AT 2 =X (12) Fn
(13) 3155 3 A ] 452 2 500 DIAE 5 S290 DIE ] #Y
R*FIRMSE, #5 S an & 4 i 7, Bl v 52 2k kg A [i] A5 7
T DIE F1 S0 DIUE Z 8 LA 4R B 1:1 56
4. mE4RLIE B GBRT B F5 0 DI {E A 52
I DIAE M\ 5 R* e CART B B4R 5 1 6.16%, b
MLR BRI 5 T 11.57 % , 1ff RMSE M|l CART 4%
B /N T 15.50% , b MLR B85 %1k /N 17 13.49%
GBRT £ R4k UK B2 4 F CART L8 F MLR [51 15
B T3 A T /N2 2% 5 0 1) 2 SRR U

_ i i ( 12)
2 N ~ 2
D) >50-7)
1 2
RMSE= |— -y 13)
L 2i-3) (
100 100
{4
8ot 80
& ®
S 00f = 60
B 40} = 40
B o
” R'=0.932 3
or RMSE=0.109 20
4 4
0?, N . N s ’ 0()’ N
0 20 40 60 80 100 0 20
DISEINE /%
(a) GBRT

DISLE /%
(b) CART

100
4
74
oo 80
®
@ 60 F
= 40}
(]

R*=0.932 3 90 R?=0.932 3
RMSE=0.109 I RMSE=0.109
4
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Fig.4 Comparison of the estimated DI and real DI using different model
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GBRT F B RE 4% 38 o TH AR A9 B 22/ 2, &
PR AE 18] B 5 By 5¢ & o 4 A 2 o A [ 4R AR
T PR op AR A P 2 R AT A L A X
(14)Fx

N 1 M. .
J,2=MZJ,2(TM) (14)
m=1

Horp s M R BB RRAE j 76 SRR AR b i B B
R IE 43 25 B BB BEAT TR

i 3 Python - & T 5 RRAF 3 220, 15 2152 i /)
22 W1 R R R R 3R T R e B
D705/D722 J5 % 21 445 B 5 26 F R 5 23895k LU (.
T8 X R740/R800.,

PR BE % SHURK R W 5 5 R Y AR B AR 1L
o 22 i 38 IR AR R B M f BROIR A R A AR
FHU S 5 I 2T A 4% Ak F 7K o SR B AL | B 2 /N F2
25 T I T B (W G, /N ZE K Ay TR E AR K fil
HEWas s R R ENEREFRE X506

WSS RAR— 2
4 % B

“u

WA ik CART B3k ——GBRT ik, U
1 W38 R 1 5 A BB S B A T
AL T N SR I T AR P 2 S
CART MLR #E 8 JE 47 F g, DA i 22 5 Ol 35 2 Jak
A0 /0N 22 2% 55 9 T B R ) 3 AR VA RS

(1)GBRT #E K Lk Boosting b 5 W& f 4 i 2 >
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GBRT Model for Detecting the Severity of Wheat Stripe Rust by
Remote Sensing

Jin Hang'?, Jing Xia', Gao Yuan"?,Liu Liangyun®
(1.College of Geomatics, Xi’ an University of Science and Technology, Xi’an 710054, China;
2.Key Laboratory of Digital Earth Science, Institute of Remote Sensing and Digital Earth, Chinese Academy
of Sciences, Beijing 100094, China)

Abstract: In order to improve the stability of the small sample data model, a remote sensing detection model of
wheat stripe rust with higher accuracy and better robustness was constructed. Firstly, the data of canopy solar—
Induced chlorophyll Fluorescence (SIF) were extracted based on radiance and reflectance fluorescence index
method, and then combined with reflectance spectral index sensitive to severity of wheat stripe rust, the Gradi-
ent Boost Regression Tree (GBRT) was used to detect wheat stripe rust. By comparing GBRT model with
CART and Multiple Linear Regression (MLR) model, the results showed that: (1) Reflectivity derivative flu-
orescence index D705/D722, short-wave infrared Valley reflectance and reflectance ratio fluorescence index
R740/R800 were the main factors affecting the accuracy of remote sensing detection of wheat stripe rust. The
importance of chlorophyll fluorescence data was higher than that of reflectance spectrum data, and canopy SIF
could reflect wheat stripe rust information more sensitively than reflectance spectrum. (2) Compared with
CART model and MLR model, the Root Mean Square Error (RMSE) of GBRT model was reduced by
15.50% and 13.49%, and the determination coefficient (R*) was increased by 6.16% and 11.57% respectively.
The estimated DI value of GBRT model is closer to the measured value, and the fluctuation of the estimated re-
sult is low, and the robustness of CART model is high. In small sample data, it is easy to divide data sets with
different features into subsets of the same feature, and the prediction results fluctuate greatly. The prediction re-
sults of MLR model are relatively stable, but its prediction accuracy is low.

Key words: GBRT ; Solar-induced chlorophyll fluorescence; Reflectance spectrum; Wheat stripe rust; Disease
severity



