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Abstract: In order to explore the effective analytical model and methods for estimating leaf SPAD value and LAI by
spectroscopic technique in soybean drum-grain stage, this study used soybean at seed-filling stage in the field as the test
material, conducted three different time periods at 9:45-10:15 (10AM) , 11:45-12;15 (12PM) and 13;45-14;15 (2PM) to
measure the canopy full-band spectral reflectance, used extreme learning machine (ELM) , partial least squares regression
(PLSR) , support vector machine (SVM) and random forest ( RF) to build soybean leaf SPAD value and LAI estimation
models, and compared the estimation accuracy of the analysis results of different models. The results showed that in each
model, the fitting accuracy of the spectral reflectance measured by 12PM and 2PM with the SPAD value and LAI of soybean
leaves was higher than that of I0AM. The R* of the RF-based soybean leaf SPAD value estimation model validation set was
0.910, the RMSE was 2.006, and the MRE was 3. 684. The RF-based soybean LAI estimation model validation set was with
R? of 0.916, RMSE was 0.209, MRE was 4. 383, compared with ELM, PLSR and SVM, it had higher estimation accuracy.
The results also showed that the full-band spectral reflectance took on at 11:45-12:15 and 13:45-14:15 with the RF model
could be used to estimate the SPAD value and LAI of soybean leaves, which could obtain more accurate results.

Keywords : random forest; spectral technique; soybean; seed-filling stage; SPAD value; leaf area index
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Estimation model of soybean SPAD values and LAI based on extreme learning machine
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Fig.3 Estimation model of soybean SPAD values and LAI of soybean based on partial least squares regression
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Fig.4 Estimation model of soybean leaf SPAD values and LAI based on support vector machine
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Fig.5 Estimation model of soybean SPAD values and LAI of soybean based on random forest model



14 JETYRAE T AR Hr R R SPAD (B LAL G5 A3 He gk 61

3 i

S S o iy (2 7/ A LA CELE Y TN ID e
T M B R AR AR & B B AR R A LAL &4
AR AR T S — T S bR, RN S5 R
HHYIMESY ) F, SR SR A LAT B
MAVED KA EZ bR EAEPOERE S,
SETEB AN FH 53, A< B 58 ) G 4 % B
SRR R | i 22 B A X6 7 b XK R
- Fr S AR LAT R A5 5, K= A
SPAD fEF1 LAL =ik BEAG AR A T BF 224K
Xof T 1 B ) SR AR ] 14 2 5, AR AR 5T 22 B
() 3 AN [ [i) B3 4 7 3 6 18 4 T A B B2 N
SE R FWITEAR R A9 BL AL AG 55 12PM FiT 2PM B B
B10AM $8145 SPAD B AR BE B 5y, AT g J& | Tl
FE—E T N, O IR 5 3 1 1 o A 4R ROk
SV i BE A B i 5, PRk 56 M OE A I R) 4
1PM, Bl 25 B (B 1B A7 P B 2 it R S
56, R A R O B 6 T AR B R ) 1
WA BT e AR ) B A RLAS e 12PM
2PM i BEAE 10AM #8045 LAT RS B8 0 5 Al fig 2 [
S 10AM BB 5 1E A ARG , R BH v 3 F O IR i
JEE R BE AR G I B A PR IR R 4 H P A e 22
5 (A U BE S A T AN [R], DA T 5 - i A
REUILEAE BE RGO 45 A i 0 M 26 1, 4%
FEAT IE A A s BEAE R SR FERHR], R DA UL A VR 1
S A AR R AR B R s BRSO
AT E Y 4 Fp@r vk, 3T RF &7
(R T - SPAD {1 Fl LAT #5578 2% 9 3k 3 fe A, 15
W] RF 75 K W A SPAD {8 5 LAT 8 H A #5575
PR, T &% KT RF MG /NENM R
SPAD {E Al Ik 45 B F RF A5 5330 A 6 LAT
LA T ARG S Wi BIF 5% 26 B A 595 0 73
TS B2 A2 AN ) EEASE ) ik 5 s K810 A 9 4
3R] PLSR MY TI0INAS FE 4% RF BEAUAIL, #EI PLSR
) Z2 a2 P ] I A5 A B SR M i T i AR e 22 RN AR
g 22 ] 0 A S 45 ) A LAl 2 0 O o A B
BB, FLAE AR R RS2 B g FH A 7R R 2 AR
7] L, T AR FH 2 Pk ] A AR i e A e e ) fE i 2
PRBE 14855, 1 RF ] LU o [ 2% 2] g 1A 20U
HELEI ARt ) RS i H R R
PLes S Bk, KW RF AR EURS B AL T SVM Al
ELM 4002 B T SVM 94200 1] RS B 52 4% oR B0
IS HL, T AF 7% R BUCRAE ST 7 25 S 5k 5
BRI, e 2 58] T — @ R S ah, AT
FEN FH A BOGTE B A T 8L 1 ELM 7E [ 1 5

AEEHE BT, 2 (M 7 70 5 I T A A Ak ) A 7 A 2
IR, 0 RF 2 E A AU PRS2 )
D5k X M R B A 2 AR Y [k, R
AF DI R B SPAD {E AT LAL Wi E A% (1) 41
D7, FESEBR I HaT DR I 19 A oA RO AR b $2
PSS A AR RS

TN ARG E AR W ERB T, K=
LAL fH A7 (4 B2 34 5 T SPAD (B AR S AY X
A HESERN LAL A48T SPAD {H W, E1EY
FEMEESE, A RRDOTE 22 BR a0 A
8 SPAD {E Fil LAL f B AL R* & T 0. 91,
RMSE 25T 2.1 F10. 2, A5 545 v T HAb g BF
g ATRESE IR A R 2 o A3 LA SR
P B 6T RS R R I R g 45 SPAD
LAL HEATHLA 1 20 T — e R skt B, #5105 T3
AIEREE R AT Az 4 U B T
FRSARS BTG, K BROLIEE B, e
E—E R B m B A AG R B

4 it

A5 38 o AR BRI K T 3 AN ] e B
B4 BEOETEAR B, T R HU 45 % B U %,
533K FH ELM  PLSR | SVM il RF #5871 £ 530K i
h SPAD {8 S LAL, 25 & S0 B4 43 Ar 46 Tk Ak 53 4
PEHERPE, BFIT4s W, RE AR (RH 2 s T
ELM PLSR il SVM #5 FHABE M IEgE 1) R?
¥ 0.91 DAL, @A A ) RMSE 435K F 1. 8 Al
0.2, 5 UFHE R RMSE 435K T 2. 1 F10. 21, @A 4R
MEIFE R MRE ¥KT 4.5, A A 12PM
F2PM B OGS U 2 5 K SPAD {E AN
LAL (3RS EE Y = T 10AM

&% 3k

[1] SHESTAKOVA E, EROSHENKO F, STORCHAK I, et al. Influence
of various elements of cultivation technology on the chlorophyll content
in winter wheat plants and its yield [ J]. Agrarian Bulletin of the
Urals, 2020, 196(5) : 27-37.

[2] NETTO A T, CAMPOSTRINI E, OLIVEIRA J G D, et al.
Photosynthetic pigments, nitrogen, chlorophyll a fluorescence and
SPAD-502 readings in coffee leaves[ J]. Scientia Horticulturae,
2005, 104(2) : 199-209.

[3] GITELSON A A, ANDRES V, ARKEBAUER T J, et al. Remote
estimation of leaf area index and green leaf biomass in maize
canopies[ J]. Geophysical Research Letters, 2003, 30(5) : 1248.

[4] IRBF, XV, BRTHE. RIS SR o W E T B 1Y
FBBITE[ )], LA SRNIFER, 2013, 29(4) : 438-442.
(XU C P, LIU X, CHEN Y W. Comparison of methods for
determination of phytoplankton chlorophylla [ J ]. Journal of



62

K

5

B

14

(7]

[10]

[11]

[12]

[14]

Ecology and Rural Environment, 2013, 29(4) . 438442. )
FAR, BEE, TR, & BT EANEDGIR RN AN E
MR RS [T]. 4Ok TR 2R, 2016, 32(22): 113-
120. (GAO L, YANG G J, YU H Y, et al. Retrieving winter
wheat leaf area index based on unmanned aerial vehicle
hyperspectral remoter sensing [ J ]. Transactions of the Chinese
Society of Agricultural Engineering ( Transactions of the CSAE) ,
2016, 32(22): 113-120.)

A, IR, SRR R PR L], ARl
RGFHHEEA TS, 2001(3) : 193-195. (CHENG Y S, HU
C S. Applications of hyperspectral remote sensing in precision
agriculture[ J ]. System Science and Comprehensive Studies in
Agriculture, 2001 (3) : 193-195.)

LI Z, L1Z, FAIRBAIRN D, et al. Multi-LUTs method for canopy
nitrogen density estimation in winter wheat by field and UAV
hyperspectral [ J] ]. Computers and Electronics in Agriculture,
2019, 162 174-182.

HR, RIOR, FT, . &N i Hom ek B
BOTEX G [T]. ol TR A=, 2013, 29 (3): 139-147.
(XIA T, WU W B, ZHOU Q B, et al. Comparison of two
inversion methods for winter wheat leaf area index based on
hyperspectral remote sensing [ J ]. Transactions of the Chinese
Society of Agricultural Engineering ( Transactions of the CSAE) ,
2013, 29(3) : 139-147.)

BAE, XIRLL, B8R, & T EOGEEdRm/ ek &
R T]. MRS G BN, 2004(3) : 36-39. (ZHAO
X, LIU S H, WANG P J, et al. A method for inverting
chlorophyll content of wheat using hyperspectral [ J ]. Geography
and Geo-Information Science, 2004 (3) : 36-39. )

FEZERE , PREFIR, BOOCHE, 45, SR SE, s _ELM BIAUGE R £
K E Ryt O IR R D] Ak TREZE4R, 2021, 37
(18). 128-135. (LU J S, CHEN S M, HUANG W M, et al.
Estimating of aboveground biomass and leaf area index of summer
maize using SEp s _ELM model[ J]. Transactions of the Chinese
Society of Agricultural Engineering ( Transactions of the CSAE) ,
2021, 37(18) ; 128-135.)

AW, R, PR, 5. BRRBEN i SPAD {HRDGIEAG
R[], TR, 2018, 36(6) ; 168-174.
(YUJY, CHANG Q R, BAN S T, et al. Hyperspectral models
for estimating SPAD values of kiwifruit leaves [ J]. Agricultural
Research in the Arid Areas, 2018, 36(6) : 168-174. )
HRORELHE - BIARYE , K4 - W E 5, BATIF - SRR Ty,
G FETREYLARMIL AL Aot s K AR ()], fEY
#iz, 2019, 45 (1). 81-90. ( YIERXIATI A, MAIMATI S,
BAIDENGSHA M, et al. Estimation of leaf chlorophyll content in
cotton based on the random forest approach[ J]. Acta Agronomica
Sinica, 2019, 45(1) : 81-90.)

FER, . Pl IR Aol bR L T].
WA E 2 Be = 4, 2019, 40(6): 73-77. (JIY D, LI L.
Progress in the application of machine learning algorithms in smart
agriculture[ J]. Journal of Tonghua Normal University, 2019, 40
(6):73-71.)

TANG J, DENG C, HUANG G B, et al. Compressed-domain ship
detection on spaceborne optical image using deep neural network

and extreme learning machine [ J ]. ITEEE Transactions on

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

Geoscience and Remote Sensing, 2014, 53(3) . 1174-1185.
SURESH S, BABU R V, KIM H J. No-reference image quality
assessment using modified extreme learning machine classifier[ J].
Applied Soft Computing, 2009, 9(2) : 541-552.

MINHAS R, BARADARANI A, SEIFZADEH S, et al. Human
action recognition using extreme learning machine based on visual
vocabularies [ J ]. 2010, 73 ( 10-12 ):
1906-1917.

GUO L, FU P, SHI T Z, et al. Mapping field-scale soil organic

Neurocomputing,

carbon with unmanned aircraft system-acquired time series

multispectral images [ J ]. Soil and Tillage Research, 2020,
196 104477.

R, kA, BOR, AF. AR DG R A AR AR aT AL
VN[ T]. DGRk 2= 5oLk 4, 2018, 38(6): 1712-1718.
(GAO P, ZHANG C, LYU X, et al. Visual identification of
slight-damaged cotton seeds based on near-infrared hyperspectral
imaging[ J]. Spectroscopy and Spectral Analysis, 2018, 38 (6) :
1712-1718. )

IR, RVELE, ¥t —, . FET SVM 5 RF f3E R RE
LAL S GRERG I )] . Stik24 506550, 2016, 36(3) : 800-
805. (HAN Z Y, ZHU X C, FANG X Y, et al. Hyperspectral
estimation of apple tree canopy LAI based on SVM and RF
regression[ J ]. Spectroscopy and Spectral Analysis, 2016, 36
(3): 800-805. )

BREIMAN L. Random forest[ J ].
(1): 532.

BT, ARHE, WUEML, AF. NEM AR RS R SO T
RUERICR [J]. N HA A, 2006, 17(8) : 1443-1447.
(LI'Y X, ZHU Y, DAI T B, et al. Quantitative relationship

Machine Learning, 2001, 45

between leaf area index and canopy reflectance spectra of wheat
[J]. Chinese Journal of Applied Ecology, 2006, 17 (8):
1443-1447. )

BANNARI A, KHURSHID K S, STAENZ K, et al. Potential of
hyperion EO-1 hyperspectral data for wheat crop chlorophyll
content estimation [ J]. Canadian Journal of Remote Sensing,
2008, 34: 139-157.

ZEN, BN, BT, % BT Bor kSR s vids
B A /N TR B S [T ] R AL BEA, 2012,
45(17) : 3486-3496. (LI X C, XU X G, HUANG W J, et al.
Retrieving LAI of winter wheat based on sensitive vegetation index
by the segmentation method [ J ]. Scientia Agricultura Sinica,
2012, 45(17) : 3486-3496. )

DONNELLY A, YU R, REHBERG C, et al. Leaf chlorophyll
estimates of temperate deciduous shrubs during autumn senescence
using a SPAD-502 meter and calibration with extracted chlorophyll
[J]. Annals of Forest Science, 2020,30.77.

TR MR RE RO R VL g S W B i
SHEFEE A D], B, PR, 2018, (LI L T.
Research on hyperspectral characteristics, quantitative diagnostic
models and topdressing application for winter oilseed rape nitrogen
status[ D]. Wuhan: Huazhong Agricultural University, 2018. )
FEEWE, HMocs. BUCHARIE [ M]. Juat: b EMOl AR
#, 2013, 85-86. ( WANG X F, LU Y C. Modern forest
determination[ M]. Beijing: Chinese Forestry Publishing House,
2013, 85-86.



1 REFIR A BT AR BT R (1 K LR e SPAD BT LAT SE3A% 3 L85 63
[27] Z=aEmN, SRb23C, XM, 4. 3T FastiCA B IRk L+t WK 2%, 2019. (LIU C. Remote estimation of leaf net

[28]

[30]

[32]

[33]

[34]

TR/ AR RIS (0], ARRSRAGE, 2017, 36
(4):7. (LIY L, WUS W, LIU Y, et al

independent component

Applying fast
blind

analysis algorithm  of source
separation method to remove soil effects on hyperspectral data for
wheat biomass estimation[ J]. Chinese Journal of Ecology, 2017,
36(4):7.)

HUANG G B, ZHOU H, DING X, et al. Extreme learning
machine for regression and multiclass classification [ J]. TEEE
Transactions on Systems, Man, Part B

( Cybernetics) , 2011, 42(2) : 513-529.
TANG Z J, GUO J J, XIANG Y Z. Estimation of leaf area index

and Cybernetics,

and above-ground biomass of winter wheat based on optimal
spectral index[ J]. Agronomy, 2022, 12 1729.

BT, HOCE, KRR, 5. RANLZ GG E BB AN R R
EHERRS[T]. A TR, 2020, 36(22): 9. (YANG N,
CUI W X, ZHANG Z T, et al. Soil salinity inversion at different
depths using improved spectral index with UAV multispectral
remote sensing [ J ]. Chinese Journal of Agricultural Engineering
( Transactions of the CSAE) , 2020, 36(22):9.)

2l IR it RN B o SR b R K 7 e KRR BRI
YRR [ D], v PO bR AR 8 K%, 2018, (LI T.
Interaction effects of film mulching, nitrogen rate and plant density
on grain yield, water and nitrogen use efficiency of spring maize
under dryland system [ D ]. Yangling; Northwest A & F
University, 2018. )

RN, BRI, E4e, S B ADGIE & FES B S KR
MR R SRR RMTE[T]. L 56k 4T, 2011, 31
(1):188-191. (XU X G, ZHAO CJ, WANG J H, et al. Study
on relationship between new characteristic parameters of spectral
curve and chlorophyll content for rice [ J].
Spectral Analysis, 2011, 31(1) . 188-191.)
M, £&, Al & ARBUES AR AP AL M E £
Kpkm A IS HCE AR R[], R R, 2021,
54(22): 47614777. (CHEN Y, WANG L, BAI Y L, et al.

Spectroscopy and

Quantitative  relationship ~ between  effective  accumulated
lemperatureand plant height & leaf area index of summer maize
under different nitrogen, phosphorus and potassium levels [ J].
Scientia Agricultura Sinica, 2021, 54(22) . 47614777. )

XIHE. =T RO BRI R ot A R R [ D], R &

[35]

[36]

[37]

[38]

[39]

[40]

[41]

photosynthetic rate using hyperspectral reflectance [ D]. Wuhan:
Wuhan University, 2019. )

EW%, SE, AR, 5. BETREEHUARAREA 521Nt
HSPAD fHIBJEAHEI[1]. AL HUREEAR , 2015, 46(1) : 259-
265. (WANG L A, MA C, ZHOU X D, et al. Estimation of
wheat leaf SPAD value using RF algorithmic model and remote
sensing data [ J ]. Transactions of the Chinese Society of
Agricultural Machinery, 2015, 46(1) ; 259-265. )
KONSTANTINOS L, PATRIZIA B, DIMITRIOS M,

Sensors, 2018,

et al.
Machine learning in agriculture; A review[ ] ].
18(8) ; 2674.

X E4E, FHE, MR, 5. ASD Field Spec3 BF4ME #2056
WAZWE/DEZRETRT]. Al TRER,2018,34(19) : 8.
(LIU C H, FANG Z, CHEN Z C, et al.
diagnosis of winter wheat based on ASD Field Spec3[ J]. Chinese

Nitrogen nutrition

Journal of Agricultural Engineering ( Transactions of the CSAE) ,
2018, 34(19): 8.)

AZARMDEL H, JAHANBAKHSHI A, MOHTASEBI S S, et al.
Evaluation of image processing technique as an expert system in
mulberry fruit grading based on ripeness level using artificial neural
networks ( ANNs) and support vector machine ( SVM) [ J].
Postharvest Biology and Technology, 2020, 166 111201.

FITE. T moGi e i) oK LAL F 2 38 5 5t 3 8 S 7
LIYEFFED]. AV AT F K, 2020. (BAI L. Study on
remote sensing inversion of LAl and chlorophyll content in maize
hyperspectral data [ D ].  Shihezi; Shihezi
University, 2020. )

XL, T, skalsk, 4. BT EAMOGE R Bum R it
SR G R PRI 1] OGS SOEH AT, 2021, 41
(6): 8. (LIU S, YU H Y, ZHANG J H, et al. Study on

inversion model of chlorophyll content in soybean leaf based on

based on

optimal spectral indices[ J]. Spectroscopy and Spectral Analysis,
2021, 41(6): 8.)

MiEE, BRAE, B, . BT RUREDEIL A R M i
BURBUEBIFE[)]. RERE, 2016, 35(4) : 10. (LU G Z,
LI C C, Yang G J, et al. Retrieving soybean leaf area index based
on high imaging spectrometer [ J]. Soybean Science, 2016, 35
(4):10.)



