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F MG, ST H 48T T n] LT 20 40 i B 8 B 40 4 (short
wave near infrared, SWIR) [ #5355 63 K15 . I 8 57 fn i
JIN3F [n] 7 (partial least squares regression, PLSR) i i f&
AU, g5 WO R AT DL B AT v R e, S
HERMIKREL Re=>>0. 85 X 48 450 R H & ik R HE AR
FaE 7 i e /> 3 s T A S TR 0 Ak ) AT DR
. TR AR A AH G R B 0. 792, KK BEA TRIR .

UL TR D' R AR B AR Y SR T A I O ¥R R £ R
KH 4 M A E N E A RE % (competitive adaptive
reweighted sampling, CARS) . % £24% 5% 5 1 (successive pro-
jections algorithm, SPA) . F Ji{ 43 43 ¥ (principal component
analysis, PCA) . #% X & ¥ {5 & 7F & % (iteratively retains
informative variables, IRIV) g0 B 44 vk F 47 4R AF 42 B,
454 3 7 ) & 81 )9 (support vector regression, SVR) ## 37
AR RT3 S 5k B o B I 5 AR R e e R 2 . 4
W, CARS L SRR B RAE B B BELPE, R
AR AE G P A o B — i BEPLIE 5 SPA B 6 Ve FE B0 R AE DG 3%
A BB A TO AR B w TR AR T A A B AT R L kS
F— T O 1 15 O 35 B R AE 38 BT Rk R — b TS A R A
WU ASE TR ke fife DR 5 e MBI BE 5 4k 19 JC 0 A I 1R A AR 43
=,

gt s AR ORI A5 B 1 AL A0 e AR B R . AT IRV
ARG A2 P A R AT LR, 5 CARSH
2 IR IE YR IE DG AL i B A SGNE SRR B
BEak AR i, R SPA kX CARSHIRIV JE A 1 41
B R AE G AR AT R A DS I AR T Y S R
P& FEARE M 5 8 A (W] R 4 Dy 12 i R R AR O 5 AR 4
A S T SR Bk W B 1 A BR 2% 2 ML (Cextreme learning ma-
chine, ELM) RSN, I 5 3 4 i) 1 [0 )9 (SVR) | /b — 5
R M oE L Cleast
LSSV M) T i 450 700 14 57 000 245 SR AR B o W e o s B2 WU D7
o AEBRAR B i R I K Bt (CARS A+ IRIV)-SPA-ELM
07 i R LR TE S LA S A B M ) SIE 5 A 0 £ AR 1)
ARFBe.

square support vector machine,

1 gy

L1 #FH

SRR R Sy 01 22 T R R Bk b 3SR 19 21 B AR A
Bk B 120 A~ /INHIGIE . 2 T G 45 495 R SR 1) R AR b AR AR
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W5 D0 R R S A ) B PR AR B (26 £ 1) C
1.2 (UFE5EE

SKY107 F-Hp=CMEBEAT S5 A, b 0 IR AN 2 B A A BR
7] 3 Gaia Sorter” 35 W78 i/ B, 46 1 5 CCD HiE A
Bl (Image-2“§518 7 RV EOGHEAHNL) 4 4 200 W £ AT
B LAEFBE RIFRLE, B AC220 V B IR fEHE ., &
T 43 A G P BTG L D 387 ~1 034 nm, 3PN 2.8
nm, 3| 256 UK.

R AR GHE B F 4K Al Spee View B[R SR 4 81 (3F =

Specimen 2% 7)) s B2 B4 ENVI 5.1 (3 [ Research
System A 7)) s B4 Ak B3 M 4 5 MATLAB 2017a (£ [
Math Works 22 #])
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Fig. 1

Hyperspectral sorter
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1.5 BRiEHEMIRIN

K FH Spec View B4 Xt Bk Ak BE AR 1 J5 bf w8 o 35 B 4% 3k
TRAKIE, A ENVI 5. 1 # AK IE TG #1845 4 ok 55k
Mok B A I 8 XA R S %R X 38 (region of interest, ROD
FERBOGHE . L ROT X ~F- X 06 35 45 Sy g Bk 1 it 4
EER . WA 2 iR,

Hi Pl 2Ca) AT AL, RGO i i 2 1 R P i A AE B B I
A BN REAR 400~1 000 nm 8 B Y 09 @OL S E
BAEAAROEE, WE 20 FR . 6B 237 K
1.6 FREEH

FIF 5 A48 b (8 R A IE 48 1 AH 56 R B0 (Re) K H 35 5 R
P22 (RMSEC) , Tl Il £& 19 A ¢ 7 80 (Re) B H 2 75 MR i 22
(RMSEP) | AH 43 #7115 25 (RPD) S 31 4 452 780 i) Tt v fig . G
t. Re A Rp BEIE T 1, 20 WIBIAY () £ 2 1 406 B R 5
RMSEC 1 RMSEP # 4 35 T 0, & WA R %) 15000 58 7 8 94 5
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L4, AL REA TG SEAE M, 1. A<KRPD<C1. 8, A% 51 W] Xt
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2190 ik 2= 51k 43 b %Al %
167 (@) x1 BRARBRYEE RO 2 45 R Gt (8 4L/ Brix)
1.41 Table 1 The statistical results of kiwi fruit sugar
15251 content measurement (unit: /°Brix)
:g 1.0 Data set Samples Min Max Mean S.D
208 Calibration set 90 9.50 1810 13.17  1.93
£ 0.6 Prediction set 30 10.40  16.50 13.56  1.52
0.4+
0.2 e s
0 ot . ' . . . . 2.2 R RTAE
300 400 500 600 700 800 900 1000 1100 ST B B S B B A B R RIS R, LA
e L 0 5 0 43 M0 T AHCE + 396 AT 45 T 06 O 3 AL T 5 2
L4l (b) 0. M £ Jc 5 5 £ 1IFE (multiplicative scatter correction,
134 MSC) . HrfE IF 725 78 £ 7% $f (standard normal variate, SNV) |
210 H % IE X {5 5 & IE (direct orthogonal signal correction,
% 08 DOSC) 4 3 77 1 X7 20O 3 AT BUL 0, I 43 51 e 57 % i
2 06 By ELM UL . HHUSS L% 2, 3 2 K1, DOSC-
0.4 ELM 7 () Re il Re fH#ix K H RMSEC Fl RMSEP {8 /) »
0.2 = O RCR G WG 223 T DOSC Fihb By B 34647 .
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Wavelength/nm x2 RATEAWKLEAZHNEEE ELM Fil#ER
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Fig. 2 Spectral information of kiwi samples
2 BT
2.1 BES
ot 120 AN J5i A B A A 1) FH L AR 3K o D0 3 AT S L 1Y
FUMFIGIER . 45 R BR T 5 W8 . BERE R AL IR 3 = 1 el
KS(Kennard-Stone) 2 300 H% 40 1 90 MR IEFEREA . 30
AT AEREAS . BRIRARAE AR BE M A A5 2R LR 1.

Calib data

Reflectivity

0 50 100 150 200 250
Spectral band

0.4 Test data
(c)

Reflectivity

T T T ]
0 50 100 150 200 250
Spectral band

Table 2 All-band ELM prediction model using

different pretreatment methods

Number of Calibration Prediction
Pretreatment .
hidden set set
method
neurons RMSEC Re RMSEP Rp
Raw valid data 92 1.076 2 0.6734  1.1260  0.5399
SNV 72 1.418 2 0.410 2 1.414 9 0.342 1
MSC 71 1.3457  0.4690 1.1547  0.56138
DOSC 35 0.5184 0.9273 0.7532 0.744 9

DOSC Jy 38 32 5 Ot 185 56 1 5 105 0 ok B0 1 AE 2, 7EA

DOSC corrected calib data

)
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3 DOSC T &b 32 Al /5 B9 ¢ o I 5 R B 1§

Fig. 3 Spectral reflectance images before and after DOSC preprocessing
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FE, RIS B AT AT, DOSC #i4k
9% A L A R T AR 1 S % R 4 % 4 B A & 3 () FTE 3
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S 3 FE 3D R .

B 3 H AL, AT R 40t AL B R O R R R
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Fig. 4 The correlation coefficient between spectral band and

sugar content before and after DOSC preprocessing
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2.3.1 AT IRIV 6945 /2 b X T RIR
X AL B RS 06 3% T IRTV B8 Bk 3 BURR AE D' 335 78 4 0
PoE IRTV B 1928 LI UE R By 5. PLS SR i i e K
AN 10, IRTV Bk — L0 47 7 7 03640, a0 &l 5 BF
e FERE S, [T 4 F8 kA AR AR AE O 35 AR i A BOm s
Wb AR A EON 237 ASFEIEE) 36 A, A RRAE DG IE AR
B MR E 25 6 RENE R eRR T R EE
250 1

Number of retained variables

50 1

Reverse elimination

I 2 3 4 5 6 7
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5 IRIVIZERHFAEEEEE
Fig. 5 Extracting characteristic variables by IRIV
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Fig. 6 Distribution of IRIV characteristic
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ot 4k B B O 1 T CARS 52 %k 38 BURR AE 6 3% 28 48 1
WRESRY RS0 W, KA S X WiE%. B 7R
S B BORE U e B o B R RRAE T AR B A B B % R
FEUCEA 3G I e B T B AR 5 P 2 b, BA ORLBE T R
"2 AFRAE . BB 7(O)TTHT, B4 Monte-Carlo SR FE IR £ 11
H, PSS I UE Y 7 AR R 25 (RMSECV) 2 S8 2218 ik /)N J5
BELRME RS, gl FRBLEMBR T & & F 8 MX
AR, SECET A BONPERE TR, B 7 (o R REAE G AR
W6 SR R B AL 09 1 H R BB AR B & 7 (b)) RM-
SECV {8 ik Bl /MBS, 25 FRAE G 33 A48 & 0% [ IH R 800 F B
TS« "FIfEMTE &M B, W RAREIT 5 K, &
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Fig. 7 The results of CARS
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AT

CEENE o

RMSEC, i # % B i /N RMSEC {H % 1 & f5 £ 1) 47 4iE )6
AR B AR PR IE 3 AR B A AR AR 1 Dy 1~50, 4
RMSEC=0. 876 4 Ridg/ME S, SEBFERICT 9 SRR G 3% 4

L T AobiE B 3. 800, 9 AMRRAE B AR W 7E A ki
BB 4 A il 8 TR

1.15
1.01

0.31
0.21 First calibration object
0.11 ©  Selected variables

0 T T T T T T !
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Wavelength/nm

8 SPARBUATEHNHE
Fig. 8 Distribution diagram of SPA spectral

characteristic variables

2.3.4 HFAERiETEFHMAL

WRHE TR 3 Fh 7 B3R MM FRAE DS AR 1, A QT T 4
Fhog R HA AR B £ 3D, 4 B & 57 4 WA SVR,
LSSVM Fl ELM #5100 i abe b 0 4 2

3 ARABERNAERNEANBETEH
Table 3 The number of feature variables extracted

by different feature extraction methods

Extraction method Variable number

CARS 49

SPA 9

IRIV 8
CARS+SPA 58
CARS+IRIV 55
(CARS+SPA)-SPA 11
(CARSHIRIV)-SPA 19

e LA ] B AR 25 9 BT 51 42 B i . CARSHIRIV 75 % CARS &
tZ?mEJ(E’J 49 AMFREGIE A B 5 IRTV S 82 0 8 AN AE L3
HHEEA A (CARS+ IRIV)-SPA %/TFH SPA 55 3 %
CARSHIRIV JE I 21 7 A 18 A8 Bt HEAT — e 4
Note: Fox example: CARS+IRIV represents a direct combination of
the 49 feature spectral variables extracted by the CARS algo-
rithm and the 8 feature spectral variables extracted by the IRTV
algorithm; (CARS+IRIV)-SPA represents the use of the SPA
algorithm to perform a second dimensional reduction on the

combined feature spectral variable formed by CARS+IRIV

# B F d1 CARSHIRIV JB IR 55 A4 & F7 1E G i 48 &

O GER H’r‘ﬁ@lﬂ)ﬁﬁxltﬂﬂﬂ?&~mﬂ’] G PR, A
SPA B0 H AT Z W B4 LU B b o ek . B A
ﬁj‘ma E@ZE’J’*%{E@%J 1~35, SPA Jrikxf 55 M &
FRAE DG A8 f FEE R 4R U T 19 AR AR AZ B, W 9 () i

o 9 (h) IR BT LAY 19 A5 Ak 72 B 16 AR A RO 35 v
O A KAV B o Ao B BEY 804

1.5+ Final number of selected variables: 35 (RMSE = 0.749 51)

(a)
1.41

1.31
1.2
1.14
1.01

RMSE

0.91
0.8
0.7 T T T T T T "

0 5 10 15 20 25 30 35
Number of variables included in the model

(b)

First calibration object
o0 Selected variables

400 500 600 700 800 900 1000 1100
Wavelength/nm

B9 FRIGHLMERER) SPASERETENHE
Fig. 9 Distribution of SPA characteristic spectral

variables for kiwifruit sugar content

2.4 WHNBEBHELIRERSWN
2.4.1 LSSVM #= SVR A

UL RBE R 1E  LSSVM 1 #% i 80, FIH PSO 14k
LSSVM [ IE NS4 v Fl RBF (%28 ° . %*ﬁ.%ﬁ]ﬁ‘i/\
Bk 20, EIEF co=c; =2, BHERFIE 0.=0.9, &4
wend =0. 4, FEARKEL K=100 K. LSSVM *ﬁ&”ﬁ@%é&%ﬁu%
R 4,

x4 PSORUEHWSH Y, o
Table 4 PSO optimized parameters 7, ¢*

Extraction Variable ,
method number 4 o
CARS 49 178 232.022 6 2 315.787 8
SPA 9 24 689.722 8 4 419. 308 9
IRIV 8 68 345.149 3 4 095.753 5
CARS+SPA 58 128 353.819 6 519. 357 2
CARS+IRIV 55 66 321. 544 4 3 244.478 3
(CARS+SPA)-SPA 11 213 051.988 1 2 541.380 7
(CARS+IRIV)-SPA 19 292 698.908 2 810. 048 4
W 7 FhRRAE 52 5 R 4R IR R AE 6 1 A8 S 4 ) 2 L

SVR K LSSVM R, HFi 45 R4 5% 5, £ 6, HES
AT, SVR 555 o 1310 4 A9 40 ¢ R Re B4K T 0. 670 0, H
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TP B AR . EE 6 HPHE T T, CARS, CARSH+SPA,
CARS+IRIV #1(CARS+ IRIV)-SPA % 4 85 AF $2 B 5 1k
AL LSSVM BB ) RPD ¥ 7E[1. 8, 2. 0JFEE W, Fow
HHAE BE R B s (CARS+ IRIV)-SPA-LSSVM 77 3 5 Re
=0.720 4, RPD=1.923 5, 5H by kA b, HEA MR
e 14 TR AN AR E

2.4.2 ELM ##

eI tribas” bR BAE S B B 27 27 AL CELMD #9300 68 41
FFicE ELM BB 2 M 2o M E7EL L, 100 JEE N, 2K
Lo a3 BT SRR R A B i B & 2 719 5T B9 32 SR B O
R iR 2 RMSECV {H, 1B RMSECV Sy f5c/)MEL I I X 1z 14 et
M EITARC 7 RRRAL B2 By vk 4R TR R AL D 3 7
S 7T R Y ELM LAY L R i o B T 45 2R LR 7

x5 ATEFMERIMAERIN SVR RBIFHNLE R

Table 5 Prediction results of SVR model established by different feature extraction methods
Extraction method Variable number RMSEC R¢ RMSEP Rp RPD

CARS 49 0.658 3 0.882 7 0.878 1 0.653 3 1.727 4

SPA 9 0.672 6 0.877 6 0.881 6 0.650 6 1.720 6

IRIV 8 652 5 0.884 8 0.858 2 0.668 8 1.767 4

CARS+SPA 58 . 659 5 0.882 3 0. 886 6 0. 646 6 1.710 9

CARS+IRIV 55 0.654 2 0.884 2 0.871 6 0.658 4 1.740 3

(CARS+SPA)-SPA 11 0.662 5 0.881 2 0.895 9 0.639 1 1.693 1

(CARSHIRIV)-SPA 19 0. 666 6 0.879 7 0.883 1 0.649 4 1.717 7

F6 FTEYSMERRAEEIIN LSSVM R Fi 4R
Table 6 Prediction results of LSSVM model established by different feature extraction methods
Extraction method Variable number RMSEC Re¢ RMSEP Rp RPD

CARS 49 0.451 5 0.944 8 0.834 8 0.686 7 1.817 0

SPA 9 0.637 3 0.890 1 0.874 5 0.656 2 1.734 5

IRIV 8 0.624 0 0.894 6 0.867 1 0.662 0 1.749 3

CARS+SPA 58 0.138 7 0.994 8 0.8231 0.695 4 1.842 8

CARS+IRIV 55 0.471 9 0.9397 0.824 8 0.694 1 1.839 0

(CARS+SPA)-SPA 11 0.580 5 0.908 8 0.870 7 0.659 1 1.742 1

(CARSHIRIV)-SPA 19 0.471 5 0.939 8 0.788 5 0.720 4 1.923 5

R7T ARHFMERNAZEEILN ELM ER B4R
Table 7 Prediction results of ELM model established by different feature extraction methods

Extraction method Variable number Number of hidden neurons RMSEC R¢ RMSEP Rp RPD
CARS 49 46 0.449 7 0.945 3 0.685 0 0.789 0 2.214 4
SPA 9 89 0.585 4 0.907 2 0.799 3 0.712 7 1.897 7
IRIV 8 86 0.557 3 0.916 0 0.796 8 0.714 5 1.903 6
CARS+SPA 58 50 0. 466 6 0.941 1 0.637 2 0.817 4 2.380 4
CARS+IRIV 55 50 0.449 2 0.945 4 0.591 8 0.842 5 2.563 0
(CARS+SPA)-SPA 11 49 0.511 8 0.929 1 0.688 6 0.786 8 2.202 6
(CARS+IRIV)-SPA 19 92 0.450 3 0.945 1 0.598 3 0.839 0 2.5351

B8 7 AT, G 5 R 7 ik B IR R AE 3 AR 1 xRy A ST
) ELM # % fy RPD # & F 2.20, H v, CARS+ IRIV-
ELM, (CARSHIRIV)-SPA-ELM {J RPD ¥J Kk F 2.5, 51
by 7 A B TUIORG B e, b 2 R OT O R AR IE 4E 1) Re 4y
M 0.945 4 F1 0.945 1. RMSEC 4 % 4 0.449 2 #
0. 450 3, XF W FUMAE Y Re 43504 0. 842 5 F1 0. 839 0, RM-
SEP 4341k 0. 591 8 £1 0. 598 3.,

CARS-+IRIV-ELM f§ Ry H (CARS+ IRIV)-SPA-ELM
B Rp W&, {HFT & 75 52 55 N 4RAE 638 A48 B S 8055 ffr
K. H CARSHIRIV & HUR) F#1E S35 48 & B A — & BEBLE
1 B2 TR PR D 25 SRR KA E 5 11 (CARSHIRIV)-SPA 11

TR A W A T 1 R DD R AT D' 1 A e A AN B EL T A )
ML P, i REHE— P/l CARS Bk S B BEALME,
T A 75 % 0z Y EL M Y ELA R B L B Ae vl 5 i 100 D
fit, i 6. F 7 BT M, (CARS+IRIV)-SPA 7 LSS-
VM., ELM P Ff 5 B (4 T0I0KS B2 #0 AR i 3¢ IR R 1IE 2 B
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Study on Non-Destructive Detection Method of Kiwifruit Sugar Content
Based on Hyperspectral Imaging Technology
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Abstract The sugar content of kiwifruit is an important measure of its internal quality. Traditional sugar content detection is
time-consuming and destructive sampling, and it is of great significance to non-destructive detect the sugar content of kiwifruit
effectively for its quality classification, storage and sales. The common non-destructive detection methods of fruit and vegetable
quality based on hyperspectral imaging technology mostly use a single algorithm of competitive adaptive reweighted sampling
(CARS), successive projections algorithm (SPA), principal component analysis (PCA) and iteratively retains informative
variables (IRTV) to extract features. However, using these algorithms alone will lead to insufficient stability of prediction
results. This study designs a non-destructive detection method for kiwifruit sugar content based on hyperspectral imaging
technology. The “Red Sun” kiwifruit samples in Ya’an city of Sichuan province were numbered, their hyperspectral images in
the wavelength range of 400~1 000 nm were collected, and the average spectrum of the region of interest was calculated as the
effective spectral information of the samples. Then, three spectral data preprocessing methods including Multiplicative Scatter
Correction (MSC), Standard Normal Variate (SNV), and Direct Orthogonal Signal Correction (DOSC), were used to analyze
the influence on the accuracy of the prediction models, respectively. The comparison results showed that DOSC had the best
preprocess effect. Further, for the preprocessed spectrum, 7 dimensionality reduction methods including CARS, SPA and IRIV
from one-time dimensional-reduction algorithms, CARS+ SPA and CARS+ IRIV from the first-order combined dimensional
reduction algorithms, and (CARS+ SPA)-SPA, (CARS+ IRIV)-SPA from the second-order combined dimensional-reduction
algorithms respectively, were used to extract characteristic spectral variables, and three models for predicting the sugar content
of kiwifruit were constructed i. e. Support Vector Regression (SVR), Least Square Support Vector Machine (LSSVM) and
Extreme Learning Machine (ELM) models. Finally, the prediction accuracy of the three models based on different feature
extraction methods was compared through experiments. This study shows that the ELM model has the best prediction
performance, while the SVR model has the worst prediction performance. When the characteristic spectral variables extracted by
(CARS+ IRIV)-SPA were input into LSSVM and ELM models, respectively, the prediction results are better than those
obtained by other methods. Then (CARS+ IRIV)-SPA is verified to be effective in improving the prediction accuracy of the
models. Comparing the prediction results of these methods, the prediction performance of (CARS+IRIV)-SPA-ELM is better
than other methods, with the correlation coefficient R =0. 945 1, Ry, =0.839 0, RMSEC=0. 450 3, RMSEP=0. 598 3, and
RPD=2.535 1, which will provide reliable theoretical basis and technical support for the non-destructive, precise and intelligent

development of kiwifruit sugar content detection.
Keywords Kiwi; Hyperspectral imaging; Sugar content; Characteristic wavelength; Extreme learning machine
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