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RAEEMemESSHHER RGB BEFNAS =2
kR BEEEC, DWEE A OF e

G

Fa 210095; 2. YLZEASR %R, MAL 210008; 3. EEEMWEAFA AT AT, KA 364000)

W E: N TIRENEIRE (Red-Green-Bule, RGB) A i 25 70 A A AL K G BN LRI AT AT 1, 88 uEHAE AN A
JERHE % ASF SR E v, 20 0k Y ZE AR T 18 BN KR SR, it T S R S R R IR KT I K R
DXRE, PATEANUFE S SRAE L, e A LA 1 2 A EE AT A KIRE KRG 2 8l . WEHESE TR EE R
M EE 6% =5 6 RGB B GG A0 A, JEA RS M 8] 5 2838 20 DO SH 6. SEIRE
KL e 2 - i S S O AR R 22 5, o RAETH LR B . Az, AN AE 31 28 S0k ) 2 B0 o K s T
(AR A R HS, T B € i 17 25 P i P2 A A P € 4 v P2 P U 32 U s S BIUAR S (K AR Ak a3y o 2 T S S B ik
7R TR AR £ T A T T 235 91.30% CEEAEAED, W RUILIZ 2 58 UE 2H ) FIIN HE A 2 - 24009 87.33%, X AN [ it Al
BGAIE 2 P TR, VA P R ORI T A AN RUILIZ B I e, (HABARIE 80%. X UMW) RGB AR fi s 2 i m] Eff 4t ik A
FA TR EEZ RO, 2T MSSER RN - B IERA 7 52 1 RPN s S5, 0% AR & FE R
AN R IZ 5 1 A P A [t A R B0 B T e R R I e, R TSR A SRR OR S B, R Ry

LA BAE A R BIHT G ERE BARML TREEAR L,

3 A S R
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B & HRL PG AR B AN 15 23 P R AR L 1 45 3
K, 18IS 5 MR R B GOk R A R AR A AR K
R TAE ok, e aRGa s+ 5 Ey
B Gt mgitals B0, 49 R AR
HEUV. BxRu®. wspharEEL, b0 G
S S5HWEK O LIRSl & B A, Bk, &
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EERD A MDA gt w2
IATFHES B YME . AL B I g 5%,
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RUEZ S A b ), X SEGERAE 4t R R &
B, FEEERD, Rl EEyE L Htde62
FOr AR R R i RS . R, S T H A2
HAE g BRI R L, ToiRE S HER bR R
o AE L, OKHBRE] 7 RGB AR . AF /D&
WA EITJE T e i fie i A 0 A 24T A PR 251, K
A A WO o< I 7 N T e 5 QU S S I
SPRGLER I RGB AR AL o 4 P 5@ 1 11 {55 4H G, R
i F SPAD fH (Soil and Plant Analyzer Development) 5
2168 (Red, R) JEIEHMEA AR, X Lot 73 T
MRS AR T IME DAL AREL IREEFIIESE 5 Fof
3£ 20 MEHIH RGB B A S . RESHANI K
b AR e s R, T H R AN B . A AT
i 1) PR S B Hp B =N O T R e R . HR IX Sl
AT BT R 8 B E Y, EEY A LR &
L ETR A E . Bk, AT BRI E YR
BB E S A, JHRER RGB A w7
A AR R S 77 B T B A S A 5. ANTR K &2 Rk
Tt 0 7 A AR T () B AR E 5 i g 4 1) 7 g P2
N T 20N FH RGB A58 i 25 2 570 45 PR b P00 K &2
PN TN NIRRT Y b P b u e N il aR b el
5 RN UIE FH 2 A B AN [ (R A A4, R TS A L3l
T AR SR R R 2 EUR . i BRI R
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5k RAE: AR R GRS A R RGB B T K B & 121

B fi &5 70 A HIRFAE, AR5 7052 RGB R R, %
(Green, G) . # (Blue, B) 3 NMFit#IE K IKE (Gray,
V) BBMIESSH. WSS, sHZ uhlAEm
TN RGB EGmAES MK E = ey, et
TAS R % 35 45t AAS [R] b R kA R R B R E AT R
WE, DA TG PR ) R B A K & 2 TN AR — ey
MBS ITE.

1 #R57%

1.1 e

K & M 25 B g Rl K2 B R K= e R At
PRk, T AR R S FPAS R R B 15 e IRV 500 TR 18
FHVL I3 AR VE D X AR M A B2 T P g 4k, T AR i
BB UE o A58 7E Z A TR TR X = F 41 (32°32'N,
118°30'E) s, RIGHLIAIAN 12 mx50 m, 3+, &%
1.01 g/kg. EHWE 16.33 mg/kg. HEAEH 101.3 mg/kg FIf
BT 16.8 glkg. ik Ia AR E WK B A IR E RO,
1.2 Rt

2020 4E 6 H 12 H¥EF, 10 A 1 Hkgk. KE4AF
AR (6 H 12 H—9 A 30 H) ZRilF/KEN 843.6 mm,
SEATIH R A K MK AT TR, TCHEME . OIS it AN AR IR
fE, BLIR &M . &AL B 150 kg/hm® A3 5 R 45
300 kg/hm® i 1780 0.5 m, HEHE 5~6 ki, B 3
ko /NXTHIAR 3 mx4 m.

AL . IR FOY I ZE, RARXIRLE, FXN
R 15%10* BR/hm® REE 04 m) + 22.5x10° ¥k/hm?
(JHE 0.27 m) , 30x10% ¥k/hm? (/CHE 0.20 m) F1 37.5%
10* #/hm?> (7CFE 0.16 m) . EIIX NENEHE: 75, 150,
225 kg/hm* (LAN i, FED o kol 5:5. HN%
WEER 3AEE R CRED

IGUFREE 1 (BBIZE) o WIGMFoNZE, KR
ik, EXNEIHE: 75. 150, 225 kg/hm®. 8IX
NFEEBEEE: 0:10. 5:5 A1 10:0. %N 22.5%10% #k/hm* (X
FE 027 m) .

ARG 2 ORFESEMD o RIS FCNIRE 18, R
XA, EX R 24x10* Fi/hm? (SR 0.25 m)
M1 36x10* BR/hm?® (FEE 0.17 m) o Bl X AEIEIEE E
0:10~ 5:5. 10:0,

FANXE 1 m* KA T B &5 B E .

1.3 REBBEEANKBEGKE

TINBRL B RET 2020 FREHY (7 H 29
H> « 3 (8 A 15 HY KR (9 A 5 H) 3 A%
A B 09:00 A A4#HT. 7H29 H. 8 H15HM9 A
5 H 09:00 XMEL, SiRsrale 29.2. 34.8 F131.5 C,
K> H N 1.80 2 A1 1.0 m/s. TEANL (Hudsan zino,
ED ®ITEEEREN 30 m, #ibimdE, RGRES L
(Sony, HA) 73RN 3 840x2 160 B2, HEBLE
F=0.8, BEEIFIE 0.05 s, 1SO BN 100, K& LL
* JPG #% X ARAT
1.4 BREEGHEEMSHHREFIEESEITERZ

PR B B9 73 A 1) s B2 R 8 2 503850 | s o D7 R o B

BRI, FERERIS T, MR RRR G R AS i R e
EHUE, BISRFH41E, H E &8 . 0% (Central moment)
EX N, WNFEBEH k, WE EOHFE, H
|E((X — EQX)")| <0, MFR E((X — E(X))*) ABEMRREA S
HE X LHToE. AR T,
pk=E(X-EX)) =" (x-w' fdx (D
3 HrduLER s FHRSE X R S(x):

S() == [ (r=E@)" f(x)dx )
H A AR g FRE XX IS K(x),
K@) =p,=[ (x=E@)* f(x)dx (3)

KA x AEANFERME, p A OH, o) IR R
1.5 BRI AV EELE & RGB & B Hi & 43E S £ AYIR B
59t
1.5.1 B2 B A RGB LA R & 435 4E A 44— IR

K H Photoshop A4 AR #5558 X 4800] A 52 46 IR
HATYIR], IR IR BRI A N.IPG BBk, &
B8 Chen 251773, R MATLAB 2016R #Phxt i A
EHR BB s A AT WA 2 i, L1532l 240 (20
A, B RIBIEEHFIIIE Rvean) ~ T (Rytegian) ~
REL (Rytoae) ~ ME (Rsyewness) MIESE (Rgyosis) » G
JHIE G IIME Gyean) ~ FLELCGrtedian) ~ XL Gytoge) ~
W% (Gsrewness) MXUEFE (Gyumesis) » B IHIE G A1
(Buean) ~ TR (Bytedian) ~ AREL (Btoge) ~ IE (Bsewness)
FUESE (Byurosis) » X Y BB EBTHIBME (Yvean) ~ AL
L Yutedian )~ AREL Yntoge )~ Wi E (Y sewness ) I E (Yiuriosis) »
FA Rvteans Gwteans Buteans Ytean T ELIERSZHL (4 1) o
1.5.2 TR &Moo ey EAAAR

KH MATLAB g lillietest /% jbtest &% 53 71 %F K
D EEAEE Ry G B =ANEIE K& Y BUE BB o At
LT Lilliefors F1 Jarque-Bera 1EZ&PEATLE .
1.5.3 &M ERAGTBHME

K MATLAB iz A imhist 5 5038 BRI G () R E
TE.
1.6 HEHMREIGE
1.6.1 7 Z4#7

RIS 1) 36 N/NXFEA, BA3AMNKE
WL SEIAEORID KR T, R SPSS ERAFXT 20
WA S BT T E 0, RSN EEZER
( Least-Significant Difference , LSD ) 5 % & # &
(Duncan’s) J7iEPHHTZ EHE (BEKT a=0.05) ),
DA AT AE 3 S AN SR 0K 25 J2 BRI €6 25
TIEZH 22 e 1
1.6.2 WaAERME

EHUHZE 36 AN/INXFEAZMSE, K SPSS #fF, L
Ra-alfE AR, 25 3 MRERKHGEIESS
HoA24 . mamESE (604 AR E, KH
BT d/ N ik iz b [ 5 5 sRPY g T R R FLL F2
(R 1) o HEEGREEEERRE P<0.05 1, BETE®
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ANEETTRE: HEA R R P=0.1 i, AR
M BT RE . [R50 i [l A 2R R AT P R e fe
Moo [l ARERY R (] R B A . (Rl § A

LML, IR e R AR A ek
x1 KEFEFRNRELEH

Table 1  Structure of prediction model for soybean yield
w BABEMARRT  HTgE RS EE T

Independent variable or ~ Number of ~ Dependent variable or

Models .
input layer factors factors output layer factor

Fl1 LINENTEEOS S 4 12 i3
F2 -t i S 24 60 i

1.6.3  AER TR 44 AR
N T B AIE TN AR SR R AR, dE AR R AR G

HFEARFD 2 DIGIEREARA (FIEIE B R FEA R AR

IOREAS) PR AT TN, T L PO v A R AT T A

mn (4) PR,

Yp =y

PA =(1—-|—"—|)x100% Y

i PA ABERITUM R, Yos yp NAREALTH 513 2 7
BTG, ke/hm®s y APEESENE, ke/hm®.

2 HERE5HH
2.1 XRERKEERLANEGHEEMSHHRESS
WRIESMERLE

BB — AN AR X M KA R S AHLE
Btk RR AL, S8R WME 1 PR,

1630 &) BRI e BEZR
Florescence Pod-setting Grain-filling Marker line
£'10 000 oy -
5 § 10 000
x g 8000F K & 80001
=& =E
R &g o000
Bk 4000+ BKE 40001
£ 2000} £ 2000r
@] @]

1 1 R, 1 1 TR
0 50 100 150 200 255 0 50 100 150 200 255
i i
Color gradation values Color gradation values
FREARCIN 1/ b. LA
a. Red channel b. Green channel

510 000 810 000
§ g
x & 8000 x & 8000
T 6000 T 6000
.2 .2
HE 4000 HE 4000
£ 2000 £ 2000
© ! i RN (I-) 4 i 1 I 1
0 50 100 150 200 255 0 50 100 150 200 255
NG (EA i

Color gradation values

c. W i
c. Blue channel

Color gradation values

d. KB
d. Grey image

Bl FREFHXERETEENRESsH LS A
Fig.1 Histogram of color gradation skewness distribution for
soybean canopy at different growth stages

B 1R, ANFREERREREOEZ BRI (R .
(G« H (B) =MEIE KRGO RRETTH
BRI s ZIEHEDY 100 KR SLRTF 1,

ANEAEE I A FEE 8540 B 7 BRI A 5 )
R, THEREEEF MR, SEE Ao Amk
ARG O SAE Bl ) 255 sAssh. B xt & miE
o> A EL AT Lilliefors A Jarque-Bera IEZS AL,
SRR, WA ENESERESTE H ESR 1, /)
MEIESMAERE: Mk &0 MRl 2 EE P E
79 0.001, /T 0.05, BLEAAELE B IR E R )2 K
GAS [F I E 1 b o A ARG IR0 A, 45 R 1
ATUAE H, MRS 73 .
2.2 ARIEBHAXEZHEERLTANEGEN 2 HEF
EESRDH

AFAEE KGR Z B A ARSI R, &
MBI 28 b, DU S I AR AN R A A IR AR 2 e
HAFEZHMBUFRIEAR (R2) o NHEFRRKRE,
R. G\ B =ANEIE K Y BURHISSME . A8 ABAELE
-3 - wonn I RIS IS T AR KRR, Horh, =AM
BWEZEEG R G liE K Y EERBG A RE B iEiE
B FE. AN AEFREER, FMEZEEIER. G
TEIE R Y BB T S5 e A b A 2 AR TR AR sk I

*2 TREEHAEEREEGHHBRSHISHES
Table 2 Differences of leaf color skewness characteristic
parameters of bean population images at different growth stages

b SIES ZH 1E3Y B3l Bk
Channel/Image Parameters FlorescencePod-settingGrain-filing

1Y Rutean 108.58a  95.82b  111.12a
RN T HL Rutedion 108.75a  93.04b  108.00a
z
R;'(‘Eﬁfel B Rviode 107.42a  81.1lc  90.81b
DPE Rskewness -0.01c 0.36a 0.27b
VEFE Riurtosis 2.30b 2.60a 2.34b
P Gutean 136.21a  118.42b  136.21a
. FALEL Gutedian 136.92a 116.11b  134.00a
= i
Gr’iriﬁfﬁlel AH Griode 139.28a  104.81c  122.11b
PP Gsewness -0.10c 0.27a 0.14b
U P Grurtosis 231b 247a 2.26¢
YI{H Butean 89.12a  79.95c  85.86b

W i A7 EL Buedian 99.56a 73.81c 82.81b

Blue channel A Buode 101.58a  57.83¢  85.06b
I Bskewness —0.04c 0.41a 0.29b
lb%fg BKL\I’IOSIS 2.28b 2.64a 2.37b

YIMH Yrtem 123.72a  107.03b  123.18a
FAIEL Yitedian 124.15a  104.42b  120.56a

) 1]
7}2@.@ AHL Yrtode 123.97a  90.94c  104.72b

Grey image
PR IE Yokewness —0.06¢ 0.33a 0.21b
lb%fg YKunosis 2.29b 2.55a 2.29b

E: ARNGFRERRF —SBAERF LGN ZERZE (P<0.05) .
Note: Different small letters represent significantly difference of same parameter
among growing stages (P<0.05).

MBI AifmE T RE (£2), R G, B =/AN#E
KoY UG R m B S . ok 2 UM I AR 1k
FRIE, —HAELE -3 -SRI — SR B T BRI AR 1k
¥4k, H R. G. BIBIEF Y EUG G AR = AN 5
(38 B B 2

MERNIATEREERE (£ 2) , SMERL, KiEiE
W P55 7 A4 30 S - ks St R e T B AR AR AR AE, HL3
WIS B R 2 NMEB I A B EER .

FHULAT DUE H, 60, SRR 2 AR e )2
GEARFERBERE, BT REMEEIE 20 Mids
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5k RAE: AR R GRS A R RGB B T K B & 123

Hr] AT R G R WOX L 722 FAFE, X K RGB AL i
ASHH TR G =St 1 AR BRARRE S A 5t
2.3 KEFEFMNERAHE

SR LA IES S B RS S ECNE B R, M
EHESH S KT ENLZ It AR, HEEHET
FEMINE O B 7 i L A I 285 51, W B A2
SERRI, RAEI. ARSI = AN 12 AN d 2
RGB K} [EZS B E T K G B IEEAL, iXn]
ReRBTIESSHURMM RS EEHAFEEAR, R
W7 BRI, ok AT R IA K R R s B
fE. SRAFEHT. JEWIRSR =M 4L 60 N J2 B4
RAESHR RN O mMASH-KE 7 NS F2,
m= (5 Fiw:

F2=483.893PR kurosis—459.390PY urosis+136.567 (5)
b F2 KT &, kg/hm®; PRyyos NFEWITEE RGB
EIE RIBIE N HIEE ;. PY s N Y BB ER G .
MBEHL LA RO , B F2 Ik e 228 RPN 0.235,
P=0.012 H P<0.05, 8T 1 B8R 214G 5, v H
FrEgmm. RARG @B S BN
W% 3 iR, KA 36 AN AhER/IN X F T v i P <
B 85%, “FIIA 91.30%, ot 23 AN/ X 1 FUIN A i
90%, 13 AN/ RXAEA T A /N T 95%.

#z3 EBEREETHEEEMXEFETNHERE

Table 3 Accuracy of regression model for soybean yield
prediction based on establishment dataset

pxg SR Pl s
Plot No. ctual ylgld/ Prediction _};leld/ Accuracy/%
(kg-hm™) (kg-hm™)
1 3086 3388 90.23
2 3287 3670 88.35
3 2912 3386 83.74
4 3311 3153 95.25
5 3454 3239 93.76
6 3199 3350 95.28
7 2510 3166 73.85
8 4009 3421 85.34
9 3739 3336 89.24
10 3174 3311 95.69
11 2 906 3298 86.51
12 3165 3249 97.35
13 3022 3369 88.51
14 2914 3074 94.51
15 3158 3179 99.34
16 3938 3541 89.93
17 3214 3374 95.00
18 3405 3338 98.04
19 3413 3483 97.96
20 3793 3560 93.85
21 3477 3418 98.29
22 2726 3254 80.61
23 3331 3211 96.39
24 3545 3263 92.04
25 3056 3250 93.67
26 2988 3240 91.58
27 3163 3296 95.81
28 3978 4097 97.00
29 4230 3595 84.97
30 4031 3595 89.18
31 3800 3556 93.58
32 3251 3165 97.37
33 4094 3045 74.36
34 3765 3476 92.31
35 3348 3676 90.19
36 3036 3408 87.74

“FYJ{E Average 91.30

2.4 KEFEMMNKEIEIE

Rz AR F2 73 % 2 AR (RUIEIE F B i
ANAS ) i A B AR ) RO BEEAT T, BT 7
LS, SRNE 4.

F4 WIEEETEAER RS~ TN ERE
Table 4 Accuracy of regression model for soybean yield
prediction based on validation dataset
AICiZZEH PN
Fertilizer-N group Variety group
NXG SR WM -
Plot No. Actual Prediction A{E%E
ccuracy/

value/ value/ %
(kghm?) (kghm? 7

SPAME TUME .

Actual Prediction AR

value/ value/
(kg'hm?) (kg-hm>)

Accuracy/
%

1 3251 3573 90.09 3345 3072 91.85
2 3056 3847 74.12 3792 3098 81.70
3 3094 3554 85.13 2987 3405 86.02
4 3024 3517 83.71 3077 3056 99.33
5 2910 3768 70.50 3551 2994 84.32
6 3127 3631 83.90 3176 3177 99.99
7 3401 3413 99.67 2954 2938 99.46
8 2945 3496 81.30 3417 2983 87.29
9 3147 3309 94.86 2927 3497 80.52
10 3485 3346 96.01 5233 3153 60.26
11 2758 3448 74.95 4255 3284 77.19
12 3035 3213 94.13 1940 3441 22.68

13 3272 3263 99.71 4435 2989 67.39
14 3815 3344 87.66 4112 3118 75.81
15 3872 3135 80.97 4803 3143 65.43
16 3457 3363 97.27 3388 3076 90.80
17 3415 3207 93.91 2949 3188 91.89
18 3848 3234 84.03 2529 3679 54.52
P ME

Average

87.33 78.69

HHE 4 AL AR ERIE Z iR 18 M b B/
X P S0 A ek i 85%, “T-¥8°K 87.33%, HiA 8 AN
JIN DX I VR T P 90%, 4 A7 IN XA A ) T vk 1 2 e
95%; XTSI E ARG 18 ASALFE /N X 1) Tl 4 A P 1 2
H 78.69%, Fir 6 AN/NX BT AR LR 90%, 3 AN/
DX AEA TRV AR FEHE 95%. 45 & AR AN G UF 2L S A
BR GRIMER D , KA RS SE IR K G5~
B PR T R A P48 Tk 85.50%

3 it it

T RGB BRI AT A KA IRPEAS Ko Rl 2
TEIKRE N TREANR b2 N M), G B
BB 2 AT 5 1A B T RS 2 A R VB AT B T 6 s AT
SN, e R R E EALUE R 55, BT RE IR B
S B/, LR, G B & =ANFUEIEIE KM
HAE, BIRAEADHRN R T IX =A S50
ZRAESE, BT Bz - o A
LT, BT VE IR I AR A A S TR
RGB M Z R EARRIGAKME T, 168, JE
MRS =N E B RA 12 MdE)Z RGB BB IELAS
¥, TikisHZIuiE SRR A& RE -2 LBk,
XA RE R H T IESSH N2 R T ' ZEBEwRE, A
A S L Ath A K ARFAE
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sk B RGB AR AL [ 5% 38 38 0 B 305175 i 25
Oy AR U, A F R R B 2 B, SRR TR
GAEAEH . ARG = AN AR F AR B W 2 S0
%1 RGB 18 [ [RIRE IR RS AT o AR = AME
BYREE GRS NT 3 (RE2) , W T A
A i 2R T, B R S - e B R O A A B, SRR
K, &BLHERKEMEAERKAGTE - Y. A
[F) A5 B I U 53 L i B2 7E—0.5~0.5 Z [A[(ILR 2)),
I 2438 18 P I L IE &S AR, B — S i
AL LB TR A T 159 2 1 B 2 500] R Gutth W (B R8 v%
FEEE . o3 A ) PEANSE TR BE 3 ANJ5 T2 B 3 34 7k 2 10
tf5 8. SN ARAE RS W2 B S T R
BSHHHERIL, KO EZEBREER 5 BRESSHAE
T FEHTRI BRI e B R s, BBt
A BEN M. PAE ARBAE 2 S0k
AR Ak B 55 e e v € g ] A 16 i P R e g e, 8 o R
e A I o I T BH 2 T 20 S RGB BLAY (1 (i (s 5
WAESEE R AAFRPRAE, BT B0k b & B
A B KRG W ZEERE, v RGB B A & S
B T 1l R &= ARt T AR BRARRE A U A

P 3 ANEBRIN 60 MrASSEGEATE L EIE 5
Mr, AT T KRG e E RGB K5 R i@iE Bl g
B (PRiuriosis) 1 Y PRI BIERE (PYkurosis) HIZ TG
B RIATRE, HO7fREa TR E KRR . X ARE
el T EMR AR i 2 MEELA R T, AMES B
Z Al MK G AME 2 AR I 20 . AR L2 P20, T
TE A A6 AN F 5 SR J= 450, I 25Ul
b, RICNASEI T . [RIN, BT AE E A 2H AN 56 4 40
IR AR B, Fooe AR (R 25D Fim vk
TR 303K 91.30%, 25 AbFE /N X1 T 7 A P52 3t 3
85%; XN EIARESHE I CHUIEIZE ) AL TR [ 6% 000 A 1

WA 85%, T-IIN 87.33%; N AN [ i b 6y U000 4
FERRAG, PN 78.69%.

I R B, 2 T A5 2 B50M) 282 1 K 7 i T A
MESREE T BEERK, H RPBIK, XA T
A EZ B2 . BT RGB RS A, HTH05
UG AT LB (s B4 HSV Bt 24 (&
W AR ) BO Lab B GEE. a il
TEAE K b EIEAD PY mER TS B AN, Al R
S SE G e M. . R A=
B D2 X e 22 o 2 5 i v o N 4 T HE R b S oK G
o EERME R, AT LA 5 TS A (AL PR (1L B 2 11
GRMANRE T, wlREdE— DR m AR, A EE
5 BT R E = R R M R i o 2 (1) vl R .

25 FRTIR, TR A RGB B8 REFR L5
VEII R G 2GS R, RS0 IR RE A5 A5 i
WPk, SRR 3 ANy B E B E R, A
A B R AR 0 R T, W T AN
AR AR K G R T . R TS AL AN AR B G
IR A T BUR SR 0 ROR I FRAR T USSR A
A F T AT R e R

4 2 it

A XHERRER T WA o MmN eaRG
(Red-Green-Bule, RGB) &ML K& 72 & 1M _EFI N
R I

D K28 E G LS =56 RGB B A
TEIEARMAS A o IS A 2 BT 15 B0 e 28 2 50T R U 1
RIEAF A E W Za s BAE, AR SAM-aF
BSHEE A G R 2IAF 12810 .

2) 5T RGB EAMRAS S 50T I K &7 & A
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Prediction of soybean yield by using RGB model with skew distribution
pattern of canopy leaf color
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Corporation, Longyan 364000, China)

Abstract: With the increasing maturity of digital imaging technology and the increasing popularity of high resolution camera
equipment, the advantages of high resolution and low cost have prompted the use of digital imaging technology to conduct
more qualitative and quantitative descriptions of phenotypic traits for plant appearance. The RGB model is the most commonly
used color representation for digital images. In order to explore the feasibility of using color gradation distribution parameters
of the RGB model in soybean yield prediction, and to verify the universality of the method in different fertilizer operations and
varieties, two soybean varieties, Qujing and Xudou 18, were selected to design field fissure experiments with different
densities and nitrogen fertilizer levels in this study. Digital cameras were carried by Unmanned Aerial Vehicle (UAV) to
collect soybean canopy digital images during three important reproductive growth stages. The results showed that the
cumulative distribution of canopy color gradation of soybean at the florescence, pod-setting and grain-filling stages, all
conformed to the skewed distribution, and a total of 20 Color Gradation Skewness-Distribution (CGSD) parameters were
obtained by skew analysis. These parameters simultaneously described the shade and distribution of the canopy leaf color. The
20 CGSD parameters were significantly different among the florescence, pod-setting and grain-filling stages. And the variation
trend of color depth parameters (mean, median, and mode) was opposite to that of the distribution parameters (skewness and
kurtosis). The prediction model of soybean yield by using prediction model multiple stepwise regression method was
constructed based on CGSD parameters with P value of 0.012. The model had high estimation accuracy in both the modeling
group and the verification groups. The prediction accuracy of the model in modeling group reached 91.30% on average; the
average prediction accuracy of 18 plots in the nitrogen operation research validation group was 87.33%. Although the
prediction accuracy of the validation group for different varieties was lower than that of the modeling group and the validation
group for nitrogen fertilizer operation research, it was also close to 80%. In conclusion, the RGB color model based on
skewness distribution provided detailed soybean canopy image information, and the canopy color information quantitatively
described systematically from the degree of depth, distribution bias and uniformity. And thus the yield prediction model based
on CGSD parameters had high prediction accuracy, which can be widely used to predict yield of soybean grown in different
production conditions. At the same time, the use of UAV and digital cameras improves the efficiency of image acquisition,
while reduces the cost of image acquisition, which is more conducive to the popularization and application of this method.
Keywords: UAV; nitrogen; image analysis; soybean; RGB models; skewness-distribution parameters; yield prediction



