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Abstract: The varieties discrimination feasibility of ‘nectarines by hyperspectra technology combined with competitive adaptive

reweighted sampling (CARS) and extreme learning machine(E ere discussed. Hyperspectra imaging technology was used to select the

hyperspectra images data of three different types of necta the range of 420 to 1000nmin this study.The raw spectra were processed by
Savitzky-Golay, Multiplicative Scatter.Correction, 'Baseline, and Standard Normalized Varite. The most appropriate pretreatment method was
confirmed by the PLSR model. In order to extract characterized wavelengths, there are three different approaches have been used: principal
component analysis (PCA), successive projections algorithm (SPA), and CARS. Furthermore, partial least square(PLS)and extreme learning
machine (ELM) on the basis of

The results of tests implicated t

ree different characterized wavelengths were used to build the model for identifying the species of nectarines.

the performance of CARS-PLS and CARS-ELM classification model was optimized using optimal

characterized wavelengths of CARS algerithm. The PLS and ELM model correlation coefficient (Rp), the root mean squared error (RMSEP) of
er‘942, 0.205 and 0.931,0.119, respectively. It indicated that CARS algorithm was one of the effective methods for exacting

wavelengths,and. ELM model prediction ability was equivalent with conventional PLS model. It approves that the

prediction

the characteriz

hyperspectral imaging technology combined with CARS-ELM s feasible to discriminate the nectarine varietiesn.
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Table 1 Prediction results of PLSR models after different

pretreatment methods
P BIEE i DIE S
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MSC 0.73 0.4666
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Table 2 Accumulated contribution rate of the first 6 principal components

ERSHK PC-1 PC-2 PC-3 PC-4 PC-5 PC-6
BTk &% 74.25 88.90 97.98 98.87 99.27 99.52

283



MK EmBHL

Modern Food Science and Technology

2017, Vol.33, No.10

0.65r
Final number of selected variables: 5 (RMSE=0.41051)

0.60

0.55

RMSE

0.50

0.45

.4 L L 1 L 1 —
0 01 2 3 4 5 6 7 8 9

Number of variables included in the model
E 3 EKBESHARIREXRE
Fig.3 The relationship between wave number and root mean
square error

0.20
0.18
0.16
0.14
0.12
0.10
0.08
0.06
0.04
0.02
0.00 Dmatuie

0 50 100 150 200 250 300 350 400 450 500
Variable index
& 4 5 MHEEKSTE
Fig.4 Distribution of five special wavelengths
223 FEHEMEAEREmREE
s B IE RN E AR (CARS) 2 Xk
SCHEAL I8 2 A O R =-
AR . KR AR ER B A R
H & N OE ALK FE HR (Adaptive  Reweighted
Sampling, ARS)fifiiz i PLS AL 1) 1] )= R 4 (i
UNIIE'S = AIRY/NEITEER KN E 'S = SR 2
HEFHIES R R I SRR, JERHTIRE

T

T

First calibration object
=~ Selected variables

T T T T 17

NESHIEIE H PLS AT 38y 7 ARR ZE (B /N AR T
£, Eﬂ; %&@Ei?%
a 500
z
=
=
g
3
{=9
E
=
B
=]
B
E
=3
=
U L L ' 1 1 1 I
0 5 10 15 20 25 30 35 40 45 50

Number of sampling runs

284

b 1.0 -

>

9]

& ost

=

=1
0.0 1 L 1 1 1 1 1 L L ]
0 5 10 15 20 25 30 35 40 45 50

Number of sampling runs

200 I

Regression coefficients path ©

1 L L L 1 L L i a
15 20 25 30 35 40 45 50
Number of sampling runs

[E]5 CARS K EILF

Fig.%&i’iables selection results of CARS

CARS B (WEZFFRP RFEIREL N=50) 7£
Matlab: R2014b # iz T RNl 5 frs: & ba
P2 Bt T S SR I R I e AR B
AW I, At 460 /M RAEERE A1 0
AR 134y, HONBEEEE AR EINE; K] 5b Hhm]
PUE HHTE 1~22 YCRFEISFEH, RMSECV 23T [
P, R IS FE TR AR R S Ak R ARG
KIMEE, MM 23 JCRIEITS, RMSECV By
K, S i I AR AR RS Ak it AR 5%
A RER: B 5c A KA ERE TR &KL=
ENEE R IR A = I TIPS AR A=A
RMSECV fE#/Mb. LA RMSECV /NNt Ar ik
BRG], WSS 22 YCRFEORER R ORISR 0 )i
BRI SR 3L 13 A4S, e 442, 446,
466. 467. 477. 503. 505. 517. 534. 537. 575. 620
A1 658 nm YK AL

2.3 F AR BT 5 TN AT
SEIGHEATE 208 4, FIH Kennard-Stone HiEH
=Mk LLRZ 3:1 EeB o MR IESE RN TN AR .

FREEEREAKE IESE 50 > TRIAE 19 4 Bt 7 SFF
AFZIELE 48 A, THIEE 19 4N, BEEFEARGIELE 52




MK EmBHL

Modern Food Science and Technology

2017, Vol.33, No.10

AN TINEE 20 4. SRJE 2 ELLE IR, R
JEMMEN 1, Ft 7 SN 2, BEOLEDN 3.

231 PLS#EAZ
a

35 - sessssssssssssssssas
3.0t &HUAT-
25+ Loy «ME
5 20r —~— AN
B = BRI
5 1.5+ e BORTR B
(e] - TRLT T R
1.0k - A QAN
| T
0.5+ ~pa
— Gk
0.0+ - IR
0 10 20 30 40 50 60
Sample
b 3.5 - ssssssssssssssssssss
3.0 W
T
251 i ]
oty T
5 20} Tl — R
& " e R M
S 15k ..z - RETS
le) iy ,t'ﬂ". - RIETH M
1.0k / - WAL
: i - w;i;mm
- SriHR
G5E s Iy
-~ SR
0.0+ - SR
0 10 20 30 40 50 60
C 15,
3.0
25
E 20 = L7 !
L < F
5 1.5 : i
LR S VARVARY 3 i
(i Rt w0 | — I, /
-~ i S
0.0k — e
0 10 20 30 40 50 60
[#] 6 SPA-PLS. PCA-PLS #n

PCA-PL
i /)N xﬂif (PLS) S Pt (BT A,
HAZ0 FERLIME B 7 2 A5, B
Bl AT N AR LR ML A 5 o] F R R iZ X Ik
FHRAE . PLS IR R/ NEAR B SR n] R,
FAREARAS B S5 RN 7> BAA R AR, HA
AHERREE R, BRI, e VR R R R T
Gk EG S . The Unscrambler X10.1 A4
H143 I LA SPA BRI 5 MR K . PCA SHykide
HUK 6 AN K5 CARS $EEL 13 M A& LL Kk
BMEVE NN, BT PLS AR AR AT F0m) o
F AR B Pl 25 SR AR B, B DB E 0.5 1
R NIRES AR, BRI S5 R a2 i) %

{E/NF 0.5 BHERAIE NIERFEAR . PLS ST S245
Rk 3, Kl 6a. b ¢ 7374 SPA-PLS. PCA-PLS
A1 CARS-PLS HETU T AEFE A L 55 1

232 ELM#zZAE
a _ SRR 51 LG UL (SPA-ELM) PLAAK
4.0 (mse=0,085138 R=0.90351) = Li)lﬁ {L!
ail : o Tl il
3.0F
25
(=]
& 20}
=]
O 15t
1.0
]
05 & |
0.0 ' ' ' ! I I
o 10 2 30 4 S50 6
Sample number
SHBLI P RHME R (PCAELM) g e
b 35 (mse=0.13283 R*=0.81952) +#1;ij
: . —&- TR 1H
3.0r il 8 \
f
25 l' l l
E- | .I 1| 1|
(=] | o * I
2 20 |4tk | ]
(3 \ | ' |
1.5 | (11 |
: [
Lok i I ./
0.5 ' ' I I
o 10 2 30 4 S50 6
Sample number
c = i B 5 23155 L (CARS-ELM) ]
1 (mse=0.11934 R*=0.93098) :]%;;TJ}I&
L
o q
(=]
g
=]
S
.
0.5 ' 0 I I
o 10 2 30 4 S50 6

Sample number
(& 7 ELM #REUFIFIEER
Fig.7 The discrimination results of ELM mode

MRPRZESIHL (ELMD 25T FRER S R AT It 22
24 (SLFN) RJEAZARI— R AP 2 > A,
A7 ELM AR U7 SR E — AN To IR AT Ut ek B E
B 2 RO U ek 2, (8 7T LA SIME— R e
filt, XARSER T SLFN ML IIIIZEE, g T
SLFN B4R HE RS f NI 27 > FR e PR U ]
W HFFER XTI M4 @B VER T BP A
LA LS-SVM S, ELM TECRIES: STAE R
BIHR T AR SR 2 ) S sk, DAk, 7EAEiR
SN 2

B 5T & BL “Sigmoid” ¥ & R £ £ “Sine”
“Hardlim 58§ 24 58 w5 (0 TS o A s ), st

285



MK EmBHL

Modern Food Science and Technology

2017, Vol.33, No.10

56 3% £ “Sigmoid” I AL E N ELM [0S R 2. 7E
Matlab R2014b 714351 PA SPA SLIEHREL 5 N HIRFER
£, PCA BIEHREUM) 6 NEHsr. CARS $2HUT 13
MRV, kR A T RERR
EEMZTCABIE A 20, LL 10 B KA N4 150

(RIEEMEAED . 2t 2 kiafT4E R, —Fhdayk
(B FERR S R A e AN B0 Bl E S 40 30 AT 40.
K 3 NAFEIT I RHER A BT ELM BRI
TEAESE 2% R MRS IR 7 WA 25 LK T 42 Frg 1
AE, T CARS-ELM Tl 8 () dts b il 1EAf 26 A
1. I 7a. 7b. 7c F i rT 1, SPA-ELM. PCA-ELM
A1 CARS-ELM g R CARS-ELM R IEAE I
SERH R K, RMSECV=0.119. fifbL, 2550l 115
th CARS-ELM [RIZ54A TilllAs B2 ey, SPA-ELM
it T CARS-ELM, PCA-ELM TR R 45 B i 2=
Wi CARS FIESEHUIRFIEAR B AR AR U AR AU B
1A RS B

2.3.3 PLS A= ELM AR M8 b
% 35 H T AR R AE A A N AR N

PLS BIAYAT ELM BRIk AP AIREE . AR
R LAE H, 5T CARS BEER AR K 2 ) Tt
WAL, IXAE RN SPA BVEFT PCA HAIE SRS
AR B BRARR S I8 K TG AR 1D ) B oy — A A S
MR T, 1M CARS BIEFRHUT 13 Mt s s feft
B IR AE D o A TR S A AR 1 T 1 RESR
CARS-PLS LRI {1 FilIAS i f% 75..0.9425 CARS-ELM
R FRIKS B vk 2 0.931; MIEEIME e S0,
CARS-ELM 7] RMSEPA 0.119 /XX T SPA-ELM

(0.085), CARS-PLS N 0.205; CARS-PLS f5ifii1
CARS-ELM 7Y 1 I HERf R AH [F] 3
N 94.8%, LiEEAY Re THI4ES
iR RMSEP L% A4 SIS = 0547,
RIHTEIIY ELM AT i Mkt b 445 551 () Tl 4 e A
PLS Hi8—Ff Al s

< 3 PLS TSRS ELM FURIAERY M geEL 4R

Table 3 Performance compari

of PLS and ELM madels

w4

MR AL A F A 5

e Re RMSEP s SRl EAE%
SPA-PLS 0.798 0.327 58 8 86.2
PCA-PLS 0.870 0.165 58 6 89.7
CARS-PLS 0.942 £8 3 94.8
SPA-ELM 0.904 58 4 93.1
PCA-ELM 0.820 58 6 89.7
CARS-ELM 0.931 58 3 94.8
3 CARS-ELM BEA R EAL TR, $ S AL r ks
B, HARTERE T AL S PLS BERARGESE, Juihpk
AHIE TR m e UG E AT =ik (6. A AP POE . TEPREE R AL T B .
iy = S =8/ = 2 + oA
iﬂrﬁ?lﬁ? SHAIEEG) AT AT SR S x

31 N AT SRS T, R EmR L, XJR
W REEUL T, B PLSR BB 2%
L34 155) Baseline, AL TN BE etk

32 N T Uik H R R KPR B RAE SR AR (5 BRI AR
&, A B H A S R A . X8 Baseline
FRACFE S 5 2 B A SPAL PCA Al CARS g%
HURHIEDG, S8 it LA G (1) @A 732 PLS AT
R ELM BRI MERE, I2efie CARS SHyEHEHT)
REIEB K AR

33 JT CARS-ELM HAIFTMIAE R RMSEP LA
FFI R HERER 43758 0.931. 0.119 1 94.8%, F#T
CARS-PLS iR TAE Row RMSEP LA ) 5 HER
A9 0942, 0.205 A1 94.8%. LG PN TEARTSH!

286

[11 BB IRIBUA A — A Bk A B BRRE R S G i AR R
[0 AP U 4%, 2015,46(11):252-259
HUANG Feng-hua, ZHANG Shu-juan, YANG Yi, et al.
Application of hyperspectral imaging for detection of natural
defective features in nectarine fruit [J]. Transactions of the
Chinese Society for Agricultural Machinery, 2015, 46(11):

252-259
[2]1 JXue, S Zhang, H Sun, et al. Study of Malus Asiatica Nakai’s
firmness during different shelf lives based on

visible/near-infrared spectroscopy [J]. Mathematical and
Computer Modelling, 2013, 58: 1829-1836

[3] Rodriguez-Pulido F J, Barbin D F, Sun D W, et al. Grapes
seed characterization by NIR hyperspectral [J]. Postharvest



MK EmBHL

Modern Food Science and Technology

2017, Vol.33, No.10

(4]

(5]

(6]

[7]

(8]

Biology and Technology, 2013, 76: 74-82
AT, 00, FLB & I LD A1 i M R PR 4
P IR i P[] 4R b TFE %4, 2013,29(20):270-277
ZHANG Chu, LIU Fei, KONG Wen-wen, et al. Fast
identification of watermelon seed variety using near infrared
hyperspectral imaging technology [J]. Transactions of the
Chinese Society for Agricultural Engineering, 2013, 29(20):
270-277

ALY, TR R AR 55 S CARS T SPA BVERT g
SSC & & NIR Yl P A s & L REAR T[] 127
553tk 434r,2015,35(2):372-378

LI Jiang-bo, ZHANG Bao-hua, ZHAO Chun-jiang, et al.
Near-infrared spectra combining with CARS and SPA
algorithm to screen the variables and samples for
quantitatively determining the soluble solids content in
strawberry [J]. Spectroscopy and Spectral Analysis, 2015,
35(2): 372-378

Baranowski P, Mazurek W, Wozniak J, et al. Detection of
early bruises in apples using hyperspectral data and thermal
imaging [J]. Journal of Food Engineering, 2012, 110(3):
345-355

TR, B, 522 M 55w RO R Doy 39
HEEE R[] DA C B i AH,2014,30(8):59-63

GUO Zhi-ming, HUANG Wen-gian, PENG ' Yan-kun, &t al.
Impact of region of interest selection for hype

imaging and modeling of sugar content in apple [J
Food Science and Technology, 2014, 30(8): 59-63

X, B, 801 i G BB G BB X ) Bk
B PSRRI 2 PRS2 e 3] AR FT iz, 2016,32(4):223-228
ZHAO Fan, DONG lJin-lei GUO Wen=chuan. Effect of
spectral extraction regio

yperspectral images on the
precision.i content of kiwifruits [J].
Modern Food Science and Technology, 2016, 32(4): 223-228

L

determining the su

6]

[10]

[11]

[12]

[13]

[14]

Araujo M, Saldanha T, Galvao R, et al. The successive
projections algorithm for variable selection in spectroscopic
multicomponent analysis [J]. Chemometrics and Intelligent
Laboratory Systems, 2001, 57(2): 65-73
AN L mOCEHARSE & CARS HARIFR/K
A AL A E B E [J] 6 5 1 434, 2014,
34(10):2752-2757

ZHAN Bai-shao, NI Jun-hui, LI Jun.
technology combined with CARS algorithm to quantitatively

Hyperspectral

determine the SSC in korla fragrant pear [J].-Spectroscopy
and Spectral Analysis, 20145 34(10):2752-2757

XG4, i 5= S, 55 A T CARS BRI rla i [E
,2013,44(9):138-144
ine NIR detection

in navel orange
based on CARS [J].“Transactions of the Chinese Society for
Agricultural-Machinery, 2013, 44(9): 138-144

Cho B-K, Kim M'S, Baek I-S, et al. Detection of cuticle
defects on cherry tomatoes using hyperspectral fluorescence
imagery
40-49
MR B[, iU/ A T oG IR S ELM A3
FBE KCOF 58 T 4 BT [3]. 4% ol LB 2 ),2014,45(7):
272-277

SUN Jun, WEI Ai-guo, WU Xiao-hong, et al. Discrimination

Postharvest Biology and Technology, 2013, 76:

of lettuce leaves’ nitrogen status based on hyperspectral
imaging technology and EIM [J]. Transactions of the Chinese
Society for Agricultural Machinery, 2014, 45(7): 272-277
Huang M, Zhu Q, Wang B, et al. Analysis of hyperspectral
scattering images using locally linear Embedding algorithm
for apple mealiness classification [J]. Computers and
Electronics in Agriculture,2012, 89: 175-181

287



	1  材料与方法
	1.1  实验材料
	1.2  实验仪器
	1.3  高光谱数据采集
	1.4  光谱数据分析软件
	1.5  模型评价

	2  结果与讨论
	2.1  光谱预处理
	2.2  提取特征波长
	2.2.1  主成分分析
	主成分分析（PCA）是通过少数几个相互独立且含有原来变量大部分信息的新变量，来最大限度的表征原变量数据结构特征的分析方法，目的是去除波段之间的冗余信息，实现数据降维。本实验在The Unscrambler X10.1软件中以基线校正后的数据作为输入，进行主成分分析，提取前6个主成分的累计贡献率如表2所示。由表2可知前六个主成分的累计贡献率已经达到99.52%，表示这六个主成分可以解释原始光谱99.52%的信息。
	2.2.2  连续投影算法
	2.3.1  PLS建模

	2.3.2  ELM建模

	3  结论

