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I VR O 3 PR T A DU AT A i K R JR R T O R f8 AL B S I S K AT AL . g 100 e A e AL
FHAHET 145 21 fef i R i B — 3% 500 AN AS [R]B6 BE 5 K AR FEAS . FAEA T 7 ¢ 3 AU EL R 20 S VIl 4 4R
(350 AMREAS) R A8 (150 ANEEAS) . Bk B R BCR?) Ry 7 MR 22 (RMSE) 3k 1475 465 280 8 00 11 47 3R . 2R
FHAG B 2 W 45 (CNIND X 2 6 335 B4 2E 47 B0 . CNN R f — e B L, — L= BB )2, A
RELU 347 BRE0H0E - 4 125K 8 linear #0005 eR B W00, {8 ] nadam 53 X A58 B 56 47 DR AL T 7, 4R IK
Bl 1000 W I IR G SR R SG, MSC FIl SNV = R i 4b BlS UGG BHE . 54 BE . CARS 7 1 i 45
fE P BL . PCA 4RBUMRRIE D BE 4 &0 5 A CNN R B, A 52 S5 A B O IR 46 065 44 1 CARS-CNN, il 4%
[ RZ F1 RMSEC 4351 0. 967 9 H1 0. 016 3, WA R? Fl RMSEV 434514 0. 947 0 1 0. 021 4; JF#563%
B 0 4 I B CNIN BRSO R, YINZRAE R RE FI RMSEC 433 Jy 0. 934 3 F10. 024 9, X4 A9 R Al RM-
SEV 435124 0. 915 9 F1 0. 028 6, X bt T 7 [ 904k 34 Jy 20 RARRAE 6 4K 36 428 1) =2 455 1) B AL BT IS A B (SVRD | i
/N Z e ik B AR (PLSR) | B HLAR MR TS (RED 21 & 1 e FE S SR 5 e A 4L & BB 4R O 35 458 + CARS
+PLSR, SNV+PCA+RF, SNV+PCA+SVR) 5 515 635 545 19 CARS-CNN X tr, 25 3R R W], KA R
TR G TS R 9 9 CARS-CNN BRI 130 280 2R A 1 . A A T Ho A A A28, CARS-CNN 1 28 i CARS i 3% F# 4iE
W BB R i — LR BURRAE 5 . TOKS B = T SVR, PLSR M RF #7Y, i#:1)Il 45 47 1) CARS-CNN #
R, B e B R S A SR, A MR R S KR, 1RO B ER. BENE AT LML M R Y B K R4
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A IA 8 E =z [ 2 A AR OGP, AT LT 000 58 & R i ok
20T Zhen F FR fc /N 9 2 45 4 R AE B B UG O 35 T
A4 /N2 I R i K R

WL AR, #2422 (convolution neural network,
CNN) i T B A BH HE 52 H0 A 2 2 ORI S50 5, 807 2 0L
FFE . B B¥EEZAEET ., S f AR
A TR 22 9 20 A AR T00 - A LI 435 2 32 B 4 BN 28 T 4%
FE OGS R AR A B AT AT Jie 255 B B 4
48] £ 3000 2 Al SR S UKL AL . 45 R 3R WA R 28 I 2% BB T L)
AR R SR D

KIAEG A G S G HME ML, PFoet et b iy &
KA T ST LT R R A I 1 5 K R AE S SR K
e, ARG S A VR 9 TRAL SRR AE 5 B B8 B 00 O i, R B
SN T B AG DU ASE Y o, A5 B e A 0 PO SRS . fe ) f
R AR R S A B e A0 UM AL R, 75 205 MR R 1 &K
SRR, R B € A 3 S A ARG I R 1) 3 7K 643 A 1 T
ik .

ISR

1.1 #HBHRERMESSKENE

2021 4F 5 H . FEAEFM AR K% TREG ANBER G, M
175 7K 4345 BHLIY) G A I ) B AL 35 ) b A B 100 - HEAG I A s oA
TR I 0 A A B0 E 2 R [R E K SR A, B
AR KN . EFRR GBI AR R, I S BIKERE 5 el TR
2 BE 302 SR A, Ml A AL TR OF I R AN R R R R
Gy BEJE 8 6l AR, SR G OF I 1E IR 38X T 4 48 A2 50
CRHEFIEH . 50 min J5 BUH A AT 45570 114 4 141 B 3 T
WA H R, BUB R RIE R G, A3 O6 % &
1%, B 5 W, B UM T Ay IR B RE R )08 50 °C 150
min, I FRA G, Gy, Gy R Gs MM F, 55 TR A
ASS CHTHRAMMTEEE, EELAIEN G . MG
A K R A A=) R

(’”g(’“ X 100 % (D

M, =

A DH . M, 5 WA SKE; G, 852 W&
BB () s n WHUE Ry 1~55 Gy I T E (g, X RER
R BT 4k, —JRERAE TR T e 500 ASEEAS, A
AW E KBS MEITWME 1 PR, FKEAE 19.59% ~
83.05% = A, FHMEH N 62.22%, =N 0.93% .

R HEBEHROEKREIAELEIT (%)

Table 1 Distribution statistics of water content in citrus leaves( %)
FEA G I /IME RME TR 2%
500 19.59 83. 05 62.22 0.93

1.2 SREHERE

AR AR AS 139 4 T 52 36 2 Y 0 06 35 AR A (HyperSIS
Zolix, China) f{1$EAHli . Z XA F 2 4 4> K647 CCD A
HL(Gilden Photonics Ltd, UK), ¥ B3 & . I B HLEH

B AR G P K FE D 369 ~988 nm, CCD AHALEE G
BRI & 8. 96 ms, FEBBNEEER 0.8 cm « s ', g4y
e 1.2 nmo, @G SR A0S i B EHRBE IE B4 2 Spec-
traVIEW, J5 228048 40 3% | ENVIS. 3 8 {4, Anaconda H3
%) Spyder, FR4< A Python3. 6.,

ST R R g SRR R i s O R R Y
WA, FE S AR A I SRR AR A W A L0 A 00 L i e
1 TF 5 R 05 0F TG00t D B R AR 3R AT R VRS OE . &
R IE R 1 2K (2) s o

-

K, RAKIESGWEIGIEEEG, T h5nE 6 kg,
W HEREESR, B oy B EAKIERG . #H ENVIS. 3 24
£ S R A W (SR P i A el 1 ol O e
fB, — 3L 500 MHEA X 256 A Br . BoiE Al T )5 S 5080 4 i
AL

AE SR gt & mE 1 iR, B 1) [
— I E DR B IS B AS TR B KR 0 S B &R AR A %
BRI, BRIETH R EKEZEREAD, HKES
1% I 2 R B R 56 AR Ak B, 33X 5 ET B E B A5 R A — B
B 1) AN A i ) & K Rtk g 32, Horh = ARl
R &K R R 702, (HIEGTE ST R A RME, fF ot
FRR/N B B SRR G R 1 2 B R 063 S
B, WA R 8 7K R 5000 S 01 IR 5L 1A B A 4k vk
KB

(2)
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5 0.6
o
53
5 04
~ U

=
)

400 500 600 700 800 900
Wavelength/nm

Reflectance

400 500 600 700 800 900
Wavelength/nm
B1 FAEESKENREE®RZE

Spectra of leaves with different moisture content
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SG) . ZIGHEU B IF (multiplicative scatter correction, MSC) |
F 7 IE 2548 15 A8 4 (standard normalized variate, SNV)3 F i
ARG B GRS R . AN TR AL B OGS h & an i 2 iR .
2.2 HHERBRBEE
2.2.1 CARS ff #4120k ¥k

4P B 38 Y 0 AL (competitive adaptive reweighted
sampling, CARS) J& Jk T 52 ¥ K B R FE F 4t 5c /> — 7 [0l 19
(partial least squares regression, PLSR) A % vp [0] 5 28 % ) —
FivVRRAE e K e 7 it L B A O o i B A 5 A 0 1 B

1.0 (a)

0.81

Reflectance
= =
P o

(=
)

o CARS 53kt ad 1 i RN ABCR AL T 5 (] 15 28 80 246 %)
A, REAUEE DA BUER KM S SE R BT,
SRJG I T B T3 PLSR R, % B A B35 9iF 35 7 fid i
2% (root mean square error of cross validation, RMSECV) #
/NEY PLSR A58 e Xof b7 9 A VE M RAAE PG o S5 SR &l 3 FF
R EZRAEERREC 23 W, MY RMSECV fEHig /b, 15
#1493, 498, 508, 522, 589, 592, 601, 627, 635, 658, 678,
685, 736, 752, 788, 790, 826, 835, 845, 862, 874, 888, 914,
917, 938, 943, 962, 967 Fl 969 nm I 29 MEFAE Ik BE .
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(a): BHEEIRE; (b): SNV Bk )5 1% (c

): MSC Wi4bBG 6% s (D : SG Wik BH5 6t

Fig. 2 Spectra after different pretreatments
(a): Raw spectra; (b): Pretreated by SNV; (¢): Pretreated by MSC; (d): Pretreated by SG
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Fig. 3 CARS feature bands selection

2.2.2 PCA B IEH K

43 43 ¥ (principle component analysis. PCA), PCA
B2 RN AR A E IER . FEAESN
BARETY, PCA MEA 00, B FEMIE . R ERBANIE R
1) TR) B e A5t 22 (0] 1) 25 T M R M e) R, A v o B BROHRE R
AL RRAESRIC. T BR MR RS L AR G SE Uy AR BTz B
R JH PCA B3k X 42 B FEA 1Y i 61 B S AT R 4 |7 10
E 4> (principle component, PC) 2 57 ik #8358 #] 99. 83 %,
P BT 10 A EW .
2.3 A
2.3.1 ARHER%L

GBHWE W R F I WA R Y —, BA &Rt
BRRELS ORI M %, ARG hRmAZ., HH
2L BAEE WA E A R 2 H . BRZREE A SR
HIEREARRRE P B, BRZEEE A E . IFg] AdE
LM BEOE R & O RS JE . R RIEE R, ()
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Jir R
H. , = (W' XX), ,)+b (3

KOH . X NEBUZHMWAEM . H. 858 o 17, 5 v 9%
BRUZ B 1) 4. W8 e DB BIALE SR . b %6 &
AT B, O R AR MRS B m T i
B — e R BUE . IR B & R — 46 B . b
PSR — Pl AR LM 1 B SR A 5 1 o XA B i A 1 R A (A 3
TURERIURAE B AR . RE B X B HEAT B4R, WM is B
A5, AHIFSE SR T B R A VR O X A58 R R AT R SR A A
2.3.2 BRI

BRMAEMEHERNSEIMR 2 Pin, KA RA=
MEFIBLZ . BRENR/DRER 1X3, BRI 1, £
BUZA 5 51 16, 32 H1 64 A, X F 4 il e AE B B 3 £ 19
JEIE R . R EBCE S 1X L, KO 1, T4 I B
P AREL L Sy T B 4 L BRI RURRE . A R
BUEN 1X2, B RA 1. BN ERZERE DL R
(rectified linear unit, RELU) #7E sB %, FHEMA)G . & =
EETOBAL . FEREOE R TT . RS B — R R0 A B e
B2 RERERAPANREZ . BEZE 1 RMEIT N80 32

1A WOE R B B linear, T VA B0 . A58 Y1 2546 1
Y75 1% 2% (mean squared error, mse) {E 5 45t 2k R, K
nadam 5 35 X 455 7Y i 47 4 4L B BT, epoch #1000 4.
batch size B # 2 10, BRI Z8H8 fY LA ZEMG TN 4 B .

F2 CNNHEESHEE
Table 2 CNN model parameter setting

™ 4% 2 R 24
N Bl 256 X1, CARS fifiik Jg & 29 X 1,
WA= PCA $HUS % 10X 1

HBHEZ CL BRBRKANN 1X3X16, KN 1

KA Z S1
BRE C2
R ZE S2
HBRZ C3
KAk Z S3

)R TS5

TRkl KA 1, o R AR s £ R/ R
NIXT, EWBR/NEE R 1X2

B RN R 1X3X32, HKH 1

TRkl KA 1, 0 R AE v £ K/ i
F 1K1, EPBR/PNEER 1X2

BT RN R 1X3X64, KA1

Rl KN 1, Lot fRAE k8 K/ R E
R 1X1, B R/NEER 1X2

32 AT

N N . " . N i 2 TAMZ TG, fi AT A o 5 K 2 O
Ao WO BRBOR B RELU SR B J2 2 Bk 2 6 50k = .
|_|£ l ]I_I_S
Wime A Wine N —<
N (TE—— L TE—— = Output: 1
Inputs  Convolution Max-pooling Convolution Max-pooling  Convolution Max-pooling Fully connected
1x3%x16 Full bands: 1x2 1x3x32 Full bands: 1x2 1x3x64 Full bands: 1*2 giqden units: 32
kernel Kernel kernel Kernel kernel Kernel
Characteristic Characteristic Characteristic
Bands: Bands: Bands:
1x1 kernel 1x1 kernel 1x1 kernel
E 4 CNNEBZHE
Fig. 4 CNN model structure diagram
4 500 ANREAHE 7 2 3 By EL ) 2 U R 4 R R 4R R3 AEAEEMNER
350 MREARE G IR EE ., 150 SRR A Bl ok oy i3t 42, A A Table 3 Forecast results of different models
i Pt 58 F %0 (coefficient of determination, R?) F1¥4 7 #i% o TERAAE BURT DI S ik 4
2 (root mean square error, RMSE) &34, R* #& k. RMSE - B b 3 R? RMSE R RMSE
N DN ORI AR AL 2B UAEE 0.9313 0.0249 0.9159 0.0286
F S 3 KR 20 AN [ G 34 B P U 5 A1) CNIN B of SNVE0-998.610:009 50,576 1 0. 0310
. MSC 0.964 8 0.017 5 0.866 2 0.037 7
LI 3 R : ! ’
Qt%ﬁlﬂﬁif‘j‘ﬁﬁﬁﬂﬁ';ﬂ’] CARS-CNN )F*??U ?ﬁ“ﬂﬂ fi% . SG 0.245 3 0.084 3 0.2025 0.0858
- b E ; SN R 2 IHUR PCA  JBUAKE 0.997 8 0.0043 0.699 1 0.0557
- UIZRAE RE A RMSEC 433 29 0. 967 9 1 0. 016 3. I . SNV 0.997 5 0.004 3 0.696 9 0.063 0
&Y RY il RMSEV 43512 0. 947 0 A1 0. 021 4. Ji 46 6% ' MSC  0.999 4 0.0023 0.726 3 0.044 3
Bl -+ 4 P B+ CNIN AR D 300 2 SR ok . N2k 4E /9 R: AN SG 0.999 7 0.001 4 0.169 6 0.104 7
RMSEC 43 %2 0. 934 3 1 0. 024 9, MK R? fl RMSEV CARS JFHABE 0.967 9 0.016 3 0.947 0 0.021 4
ﬁ-}%l]jg 0.915 9 F10.028 6., ﬁ%fﬁ’ﬂ?)ﬁ(ﬁ‘ﬂ%@'ﬁﬁ*%ﬂﬁﬁ SNV 0.9981 0.004 2 0.8915 0.0323
WA B MSC 0.9855 0.0113 0.8954 0.0325
AT AR SG 0.2383 0.0881 0.1721 0.077 7
2.3.3 FREEBA K

J T g CARS-CNN FRI 8, #H T PLSR. BAL
FEM (random forest, RF) . 37 i) & #L [7] 15 (support vector

regression, SVR) = Fi 81 8 4E g X [b. % Jit fn S 4l . SG.
MSC., SNV, 4k E . PCA, CARS &5 PLSR, RF, SVR
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HeiE 2 5Ot

842 %

BRI A, 36 R SR E AR RMmmmmes Ry
CARS-CNN BERIAE X b, 25 Rk 4 FroR, 4 Fhpial g,
CNIN 570 J000 00 0+ D 4 06 3% 25048 + CARS+ PLSR 5%
RFEW, LM R MWL EEM R, K28 T 0.879 4 A1
0.858 1, R4 SNV+PCA+RF il 245 R? iK% 0. 947 8,
ERAEMKLED R, ALH 0.746 2, FE—ENLBEHALR,
SNV+PCA+SVR 3R e 2. IS4 R AR 4E RY {UH
0.643 6 f10.612 6, MK FHELHLIE2% ., CARS-CNN fi7
TR B . R ORI RGO T 45 SR 4 B G R GR BOHE +
CARS+PLSR #2F T 8.85% Al 8.89% . RMSEC #1 RMSEP
SBIFEAR T 1.76% A0 1.33% . 3 HJF 4R B9 + 4k Br +
CNN A5 50 F51 P 280 SR A TH LG AL 43 2% 20 4, 0 %o 5 4l 3k A7 4
CINIOP (FLN

P 5 4 590 Ay AS T AS 280 1 )11 2 4 AR X 4 v Y 900 A 5
Froll R =SB R, KB e SR RINGE, 261

R, b B AT DL 4 B CARS-CNN 55 4 14 41
BROR B, 0T Al = AR i b Y = AN R g A
BB OO . SNV +PCA+SVR # 25, SVR BB $8 4 1
WY R 22 A R AR, BRI UE S A S i m A B4

®4 TREERETM BRI

Table 4 Comparison of prediction results of different models

" PIE RS ik 4
(%

R? RMSEC R RMSEC
JR b K PE +CARS+PLSR  0.879 4 0.033 9 0.858 1 0.034 7
SNV-+PCA+RF 0.947 8 0.022 3 0.746 2 0.040 9
SNV-+PCA+SVR 0.643 6 0.0553 0.6126 0.0657
JF A%+ CARSHCNN  0.967 9 0.016 3 0.947 0 0.021 4
JEIE B+ 4 BEHCNN 0 0.934 3 0.0249 0.9159 0.028 6

0.9 0.9 ;
—— 1:1line — 1:1line >
08 Training set 08 Training set 3 25"
0.7 «  Testing set 0.7 «  Testing set o v
206 206 . -
§ § e 2 -"";. r"-: ’
<05 P < 05 TRT A
Q * Q 3 ~
204 o 504
3 0.3 3 0.3
[-ohe [-ohe
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0.1 (@ 0.1 (b)
0.0 T T T T T T T T ) 0.0 T T T T T T T T )
00 01 02 03 04 05 06 0.7 08 09 00 01 02 03 04 05 06 07 08 09
Measured value Measured value
0.9 0.9
—— 1:1 line ¢ —— 1:1 line
0.8 - Training set DI & 08 Training set ey
0.7 «  Testing set o M 0.7 «  Testing set P .;&z_‘;"
- oo, -
206 S 206 o
g 0.5 . '.'-\ éd ..: ‘: g 0.5 "
= o S 3 0t 2
504 504 :
3 0.3 3 0.3
0.2 0.2
0.1 © 0l @
0.0 v T T T T v T T | 0.0 T T y T y T T v )
00 01 02 03 04 05 06 0.7 08 09 00 01 02 03 04 05 06 0.7 08 09
Measured value Measured value
B 5 A EHEEE YT ik E

(a): JFIAEEE 4+ CARSHCNN; (b): A ¥HE +CARS+PLSR; (¢): SNV+PCA-+RF; (d): SNV+PCA+SVR
Fig. 5 Regression curves of different models
(a): Raw spectratCARS+CNN; (b): Raw spectrat-CARS+PLSR; (¢): SNV+PCA+RF; (d): SNV+PCA+SVR

2.4 B R SKETRN

B I AR A LA T 6T 7 SR M R X3 4 B A - 24 006 i 3
71 o SR R G PR P A AE S I 25 ) 20 A 5 8 R B 58 20
FEo AT H A ] B £ 2 CARS-CNN {0 155 't 1% 4]
BREMER SN ERE, DSBSl
ENVI5. 3 #ofk L BRim i 5, K S8 3Bt J i il S M5
ARG CARS-CNN BRI o, 15 3] 4R R 9 & K
AP Fe 4 IR E B P00 O R €0 50 A I JE 181 5%
R ACNE Ik L N (DN il & < R S O

B 6 DA Z2 B A7 9 & K F 4 i 81%, 63% ., 42% AN
19% ., MWEIRAT LA H] . &Kk, kA BR R R ir
o, FKSRAR, A ER E M . AR R K 4
A T 08 T AL Ry AR R (K 43 & 3 448 7 B EDUL L E 4 fi
AOPEAS S B AL T — DI A 0 T TR SR W 0 45 4 3k

3 45 ®

(1) 3R B A Y61 E0E A1 SG, MSC 1 SNV = b 1 &b 3,
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Fig. 6 Distribution maps of different moisture contents

(a) 81%

549 Bt CARS i ¥ 4% fiE 9 Bt . PCA $2& URFAE % B 3 A
CNN R, 25 R F B CARS-CNN #5278 37 00 2% R due 4 I 45
SEf9 R2 il RMSEC 43314 0. 967 9 F1 0. 016 3, M3k 4EH R?
F RMSEV 43 315 0. 947 0 F1 0. 021 4, JE #6855 -+ 4 Ik
B+ CNN SR B AR FH K, IR R R F1 RMSEC 43 5|
J90.934 3 F1 0.024 9, WX B RI M RMSEV 43 4
0.915 9 1 0. 028 63

(2) [ bt b T A R4 BRI R E 3 I 3 B B Y
PLSR, RF #l SVR B8 41 4 (0 e HE 45 52, e (R4l A B
LG Y6 1% B 2 + CARS+PLSR, NV+PCA+RF, SNV -+
PCA+SVR) 5 56 6 3% £ 45 9 CARS-CNN X Lt . 45 R AKSR
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Hyperspectral Visualization of Citrus Leaf Moisture Content Based on
CARS-CNN
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Abstract Water deficit of citrus leaves is one of the important factors affecting the growth of citrus. In order to study the effect
of water stress on the moisture content of citrus, hyperspectral technology was used to rapidly and non-destructively detect the
moisture content of citrus leaves, and pseudo-color processing was applied to realize the visualization of moisture content. 100
citrus leaves were collected, and 500 leaves with different gradient moisture content were obtained by drying method. The
samples were divided into a training set (350 samples) and a testing set (150 samples) according to the ratio of 7 : 3. The
determination coefficient (R*) and root mean square error (RMSE) was used to evaluate the model’s prediction quality. A
convolution neural network (CNN) is used to predict spectrum data. The CNN model uses a one-dimensional convolution kernel
with three convolution pooling layers activated by the RELU activation function. The output layer uses a linear activation
function for regression prediction, and the nadam algorithm is used to optimize and update the model with 1 000 epochs; The
Raw spectrum data and the spectrum data are pretreated by SG, MSC and SNV are used respectively. The full bands, the
feature bands screened by CARS and the feature bands extracted by PCA are imported into the CNN model respectively. The
best model is CARS-CNN of the Raw spectrum data, the R? and RMSEC of the training set are 0.967 9 and 0.016 3
respectively. The R? and RMSEV of the testing set are 0. 947 0 and 0. 021 4, respectively. The effect of the full bands CNN
model of the Raw spectrum data is the second, and the R? and RMSEC of the training set are 0. 934 3 and 0. 024 9, respectively.
The R and RMSEV of the testing set are 0. 915 9 and 0. 028 6, respectively; At the same time, the best combined results of the
support vector machine regression model (SVR), partial least squares regression model (PLSR) and random forest model (RF)
under different pretreatment methods and characteristic wavelength selection were compared. The best combination model (Raw
spectrum+ CARS+ PLSR, SNV -+ PCA+ RF, SNV+ PCA+ SVR) was compared with CARS-CNN of Raw spectrum data,
CARS-CNN model still has the best prediction effect. Compared with other models, the CARS-CNN model has higher prediction
accuracy than SVR, PLSR and RF models., after further feature extraction by CARS and convolution kernel. Select the trained
CARS-CNN model, import the hyperspectral image into the model, calculate the moisture content of each pixel, and get the
pseudo-color image, which can more intuitively display the visual distribution of leaf moisture content. The result provides a
faster, more intuitive and more comprehensive assessment of citrus leaf moisture content, a basis for the study of citrus leaf

water stress, and a reference for optimising intelligent irrigation decision-making.
Keywords Citrus leaf; Moisture content; Hyperspectral; Convolution neural network; Visualization
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