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YRR AR T B 1 A U DI A R I SR B R
JTAIRTATPE, ASSCLL 99-1 vhBk A 65, DUKE A
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1.1 RIEH#

AHEFEHT I 99-1 kT 2012 4F 6 H 17 HX
5T BR VU A o AR P B BB o SRR 2 R R 20~
25 MER TR OGRS, BHARAA T 2CH
P o BERE 1 ORIORE 1 Ik, RRRBENLIZEL 45~
60 N TCHERBEAFE S . FEHURE 6 TR, 300 AN s
1.2 RIS R

E5071C W24 534« 85070E A ity JT 4 [ £
SLA85070 #A4:( Agilent Technology, B34 PH VA ) ;
PRI101oME 7MY (Atago Co. Ltd., HAZLHZD
F M s wr 2% B A0 B Matlab 7.14.0.739
(R2012a, Math Works, FEEIhEESEMN) 5 Fdkib
PRRAE Unscrambler v9.8 (CAMO, M)
1.3 MR

RIS AR M BN = B, H B SkAKIEDE
T, BWFEET%E (2442) CF 5h &4, B
{FRESIRE R T 2 %6 . i E8071C PIL% /0 HiX
Lh G, 2RI R A& 50 Q Fafont HomsuE;
JA 3 85070 HAF, Ffvk el AR EE N 20~
4500 MHz, {EXFECAAR T AR ZEEL 101 M
RJE TR (RIS Rk M 25°C BB TKIR
HE 85070E 445k, M+ 25°C 5 T /KI S5,
522 50 LA DUAIWT 75 75 B R e vt . 1R
(L SR SEIE = 25" RN

W — A 58 BTS00 Il BRAE b R A ) 2 S 4
by P SCERAT RRER S T B R RCSK BR
fik, I A A TE AR LE 20~4 500 MHz [7] ()
AEUREPE, Bl AR R L 90°, JEHUFI AN 3 Al
o 4 AR S EUR B AE A % PRRE S
e g5 S . B 2K T S s F1 22 I e A g 2R
B, WHERERN, HEMHERSET, REH
PR10To A4S A & vt v s M 2 75 s
FRS AR 3K, 4 112 IRER P AE A FE S
B

AHFFTLL 1 101 MEVENFEAR IR 101 AR
5, "M 101 MEHFEARR G 101 MR &, R
AP AR AR 202 A,

1.4 HES RGBS ZE
141 HAXa7 &

AR EEA R 07 A 3T x-p JEAERE B
IIREA KN 4) 771k (sample set partitioning based on
joint x-y distances, SPXY) . SPXY £ —FiLb#s

HRWIREARRN 3071, O&) izis T g sbeik
REA R 23 U7, R L2 L) Kennard-Stone 7
ENFEG, LG8 T x AR SN y AR SRR G B,
BET 58 FE AL (R 7> TAENS . Hg R ae T
A R o 2 e TR], R RS R IE SR AT
SRICACEE, AT RORHE i B2 ) P 25 R

1.4.2 Ao Ra® ik

1) 3% 4 $ % B 75 (successive projection
algorithm, SPA) 7t SPA "', ¥ JciEFH—MHILHM
B, RGBSR — MR, HBIREOA 3w
e (5 IE S, W 2 kAR, EEH AR
R DA s, Mo BES, LSRR
B BRFVEA B S 2B T KREMESE
B PR B AR R,

2) Tof5 BAZEWFRYE (uninformative variables
elimination, UVE) UVE J& & T /> 3 [0 3 &
HORPRAT R, LR RI e H P 76k Ay
I, UVE Zi55 8 T A H PRk S B, Bkt
BCEMSE o AR Z8 1% L I 1 A 1 AR AR
Ko IR 3T — 5 fR b=
1.4.3 #iFik

1) /N —- 7€ (partial least squares, PLS) PLS
ML E T, el M e 22
7 RSP 2 LA

2) SCFEEEH (support vector regression,
SVR)  SVR sk T35 ) AL I 2% PR e RS oK
()P AR UG 7%, AR K TR A b e
(4, S g L 46 2 5 R B /b AR AL 2
SOY I, TS ST T SRR 5 S T
BB A, AT K 34320 H

3) MBR 222 #Hl Cextreme learning machine,
ELM) ELM s BlBfox 8 5 2 i it 99 2% (18 4
%, Moyt TS5 ) T AFAE I 2 BENg . 75
Gy AN RN ot 2 ) FRBURE Gk i, PRI AT
P, ZARERELT AR P, ELM M4
i N J 5 62 ) P 2 AU AE o 282 76 [ 7 1 1 #4
SRS 1, DRI T RO & Z P E o Al
AR IE AR IR G AT e Ui, DRI A1/ 22 A0k
R T ) BT,

1.5 1EBEIEIEF

AR IEAEAE S OB IEAH R R B (R AL IR
TR 2% (root mean square error of calibration set,
RMSEC) VLS IIAAE G (R S0 AHOC R4 (R,
T ) 77 AR % % (root mean square error of
predication set, RMSEP) /£ TEHUT B BE 45 R o
Py ) R F R, 84T 1, RMSEC F1 RMSEP
AN, TR R
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=35 % b. Influence of frequency on &”
=2 i 3 & s Ay o
- B 1 ERERE R F A o oreg e
2 o0f Fig.1 Influence of frequency on ¢’ and ¢” of postharvest
nectarines at different storage days
501
aol . . y K1 R, e BEPA A HE T S: T e”
107 * - - i , S o L % >3
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b N e
. BT SR FEATRE L
a. Influence of frequency on ¢’
F 1 TG E RSN RN RS R A R
Table 1 Significance analysis on dielectric parameters influenced by storage and frequency
75 9K TN o By)7 Fif P e
Source of variation Sum of square cgree o Mean square F value P value Significance
freedom
o A 130444.15 100 1304.44 1691.86 <0.01 wox
AR A v 5 Frequency
& e el I 1) .
Relativ; Stored time 339.16 5 67.83 87.98 <0.01
dielectric. % Error 385.51 500 0.77
constant &
& Total 131168.82 605
iR
Fre/;ujncy 185977.01 100 1859.77 3680.89 <0.01 *x
S HHURE R 7 R
[ D
&" **”ﬁ(;ﬁ"ﬂ 170.19 5 34.04 67.37 <001 *x
Dielectric loss Stored time
factor & 1% # Error 252.63 500 0.51
it Total 186399.83 605

e o#* P<0.01, KRR
Note: ** means the item is significant at P<0.01.

1 UL, AE 0.01 1R S 7K AR B ik g
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BLas 27 SR ) LU 2% 14 Js 4 i v S i
ARRAR I I el S MEAf P 5 (A B 2 RaT A
FEREA S IR ICRAT AR MAEAA T NI IESE, T
ST (TR R SRS PER ST . Dk, A
WFFUEIR T H TR ORI SPXY JA %70
A, RIEL SRR, 4:1, R0
SR 2.

& 2 i LUEH, ANERRIELIEE TN,
TN FE AR SSC FHAIH 1 s M AR AN BH A2, (HFFA
REULHAMA A B B0 SSC 2 A1 K R o
2.3 MAXGEETEHEBREMELTE

¥ UVE AL A= 148 5 H50ise 5 A i A\ A%
MYEEL 202(101 MHIEE ST 1) ¢ Fl e”)o AHIFFTIEHL
T80 15, UVE %848 1L 2.

B LR 22 202 N N R R e E gk, A
M4 202 AMEEHLAR R e Mgk, B 2 K BE
ez AR TG B R, TUAIRR. Sh
i 7 108 MEEAEAFAL R, L 55 4 ¢
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Table 2 Statistic results of SSC in calibration and predication sets
K IE4E Calibration set T4 Predication set
JEBINTE WHERZE bt 22
sored  AHC g e mt swndad PP i moki s Stnda
time/d P Mean/% Max/% Min/% deviation P Mean/% Max/% Min/% deviation
number 1% number %
0 41 11.7 16.2 6.7 2.0 10 12.5 14.9 9.0 1.7
2 40 11.4 15.2 8.3 1.5 10 11.6 14.4 10.1 1.2
4 40 10.8 16.0 7.1 2.1 9 11.4 15.1 9.1 1.6
6 46 11.9 159 8.4 1.8 10 12.2 15.2 9.9 1.6
8 36 11.6 16.5 7.4 2.1 9 11.9 13.3 9.8 1.3
10 40 11.0 14.7 7.4 1.8 11.4 134 9.9 1.1
Gt
243 11.4 16.5 6.7 1.9 57 11.8 15.2 9.0 1.5
Total
[ 4
20 F ?
[ 35
601
£ 3 %, 30
2 40k .=
= = w -3
i § L o2 25
# 5 200 2z
He | 235 20
® 3 i =
= e B o |5
10
=40 1 . 1 I Il I 1 1 1 5 | | 4 {
0 50 100 150 200 250 300 350 400 0 10 20 30 40 350 60 70 80 90 100
i A B LA A it

Input variables Random variables

e LR EEPIIBE. RIEREAA e R A, BUE N 4.
Note: Dotted lines mean the threshold values of selected variable.
According to the stability factor, the threshold was 4.

B2 ERS5EH 15 AR ERZHRFNIEEMS A &
Fig.2 Stability distribution of uninformative variables
elimination algorithm considering with 15 main components

2.4 NAESREEFEIFIETE

W SPA MWIRHIEA 4N 3~25. RMSEC {H
Bl A T AR 3 i AW, CASEAN T 0 25
ZINISS B2 A A S PR IR AR 45 . RMSEC Fifi SPA
TR R AE AR AU AR Ak 2R ] 4 o

BT BHKT 14 1) RMSEC /N2, 1
WA 2SI R e, A8, M
BAERFIER BHON 14, FTIERRN 14 NFIEAR 8 K&
FRFAEAR 55 BT Ak (PR DL 3

80~

FRAT S HL AL €
Relative dielectric constent &'

0 ' 10 20 30 40 50 60
EhRS

MNumber of variables

a. EFEIN 554 €

a. Selected 55 variables of €"

7080 90 100

Number of variables

b. R 554 "
b. Selected 53 variables of &"
B 3 UVE k8 554 eFo 53 4 "% %

Fig.3 Selected 55 variables of ¢’ and 53 variables of ¢” by UVE
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ey
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Selected characteristic variable number

e

B 4 RMSEC Hi SPA i B9 4F 4R 5 2 4k TAL 2%
Fig.4 Changed RMSEC with selected characteristic variables
by SPA
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AR A SR E 1 7 V20 o e /S 3R 1Y)
PRy EMGE T ER, MR w4 ) B A R 2
T SCRF i U . AR B — 28 B DU B EY
T (o) AfAshAEE (g) o # ELM M1
W By sigmoidal PR M 22 YK HE 5 A
i€ ELM W28 B2 15 fiBl. e T4l (full
frequency range, FF) F14 UVE fl SPA 4b# ~H]
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T A PLS B T3, SVR S50 5 ELM M 2%
B R e R e LR 4.
=3 MRS ERARN 14 MHIT S R HERSRE

Table 3  Selected 14 characteristic variables by successive
projection algorithm (SPA) and frequencies where the variables

located
A JITAE At JITAE
. v . i
’E% 3 A5 Frequency @E% 3 A gt Frequency
Variable . where Variable - where
Variable . Variable .
number variable number variable
located located
/MHz /MHz
1 g 123.5 8 e" 886.3
2 &' 494.1 9 g" 1077.4
3 &' 39354 10 g" 1632.8
4 e 4123.6 11 g" 2289.7
5 g 76.1 12 g" 2618.2
6 g 224.7 13 g" 2806.3
7 & 589.8 14 g" 4500.0

F 4 mEN5k. ScFFE & EIFMRRF SIEESEENRE
Table 4 Modeling parameters of partial least squares(PLS), support
vector regression (SVR) and extreme learning machine (ELM)

fhidee /N =

T SR (A B2 S HL
S0ty PLS SVR ELM
Pret {{Ct t TN Kz Enta
retreatmen " A A Fy e L Fy
method on ¥4& 2 'JJE'& EE A Fﬁﬁ REI=E4
variables actor o T Input | Hidden
Number ¢ g pu layer utpu
nodes nodes
nodes
20% FF 6 1.000  0.063 202 30 1
22 | A
E;;E%—é 5 2.000 0.063 108 20 1
V4L A
li%;i*s&jiﬁ 3 5.657  0.250 14 10 1

2.6 EIERMRMLESH

3T SPXY LKA RS IEARFE S I A A0t DL
Je# UVE 8 SPA HFAE R iEAR &, S H] PLS.
SVR & ELM i 99-1 JiAJk rrpsi S dhA T A%, S H it
LEMIRE AR T A TIOAE,  HEBSUR £ 5 FR.
%5 REINIR. OHEBEIRARRS SRR R

Table 5 Comparison of modeling results using partial least
squares(PLS), support vector regression (SVR) and extreme

learning machine (ELM)
RELR gy W RIEE B m
ki TR iR A% B
Pretreatment ~ Modeling =x e ZH g
method on method - ks - kS
variables R.  RMSEC R, RMSEP
PLS 0.864 0753 0853  0.824
i
45};;}“ SVR 0.896 0870  0.827 1.144
ELM 0.795  1.181  0.856  0.857
Jofs B E PLS 0.872 0959  0.854 0818
bEIERES SVR 0.896 0.869 0.841 1.212
UVE ELM 0846  1.038 0879  0.79%
SR PLS 0.856  1.012 0803  0.922
S SVR 0.887 0901  0.867 1.274
SPA ELM 0.844  1.044 0887  0.782

HiF ELM (S HUEBEHUEEUN, IS RAT

—E MWD AWFFCRIE AL 50 K, EH—
A Il TR I Oy e e 4 IR

& 5 ATLUEH, A4t N SVR @il
2 UVE A FEH SVR B2 5 K1 R, #4174 0.896,
1M UVE AL SVR @A R, B4 (0.841) o

A ST R T B R GRS R, EAK
SRATAEME T4, B ES SN E. h T RAA
ARE (202 ) AR, [RIULPTEAR 14 2 4%, UVE
HAR R T KEMTCE BAR R, sl R AR,
WEAR T A, (HBT AR EARARIROK (108 /N
Uk, BIRERE LR R, MET N T DA,
[ AR SUV ALFEAHEL, SPA AbFEfEAG U H M3
KR AEATE ) 202 MR AHIE Y 14 MG R,
PRI A T B, 8 T Y A A s i R i 5
7E4 SPA Ab#E, 735%H PLS. SVR Al ELM Jirt
() 3 RS R, SR ELM 2856 B A e KR Rp(0.887)
Fiig/IN RMSEP (0.782) , i#] SPA-ELM 7 HAY
B U TRINAE B o 11 F SPA-UVR Fi A8 i B A o
KIF) R, (0.887) Flfg/Nr) RMSEC (0.901) , {Hj&
H RMSEP gk (1.274) o KU PLS TRl Rp
/N, UH SPA-PLS Ft A AL 7Ll 1 i B 25 .
SPA-ELM B[RS 1E S Pl 45 R an il 5 o

[ R=0.844
e o
16l RMSEC=1.044
£ 14
o
2R
== 7
=2
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EZ 10
&
8L
6l | L L s | '
6 8 10 12 14 16 18
S:MISsC
Measured SSC/%
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15
R =0.887
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2 12
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23 nt
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£ 10
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8 1

9 l0 T iz 13 1415 16

S SsC
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b. TR
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AREHE AT &L F 99-1 bk SSC #9 = MME S & A

SPA-ELM {4 9 b4z
Measured SSC vs. predicted SSC for 99-1 nectarines in
calibration set and prediction set by SPA-ELM

B s

Fig.5
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4 7 A SCH ) UVE FI SPA AR kb BE 5 1E4b,
SN G SR 2 5o A Wi B AT Ab B
(HIL AL F A R — o IX 3R W T o o BT AE A AT
HHE 0 B 2 Tk R rp AT RIS K TR A (1) 2 T LA
B, SEERSORAR 2, 1 UVE M SPA BJREAEE:
U M AE R U G s 58 1 SE Aty L 0K 31 B 4 1) H
[y, JEIHE SPA ORI/ T AL 4L, itk T4
B, BETieHE.

3 & it

1) £ 20~4 500 MHz [i], B MRS S0
IR, IR AR A F o E s ek, 1T A FAD
FEDRI 7080/ R B8 K5 3 sy [) RT3 340 6] e Ak 1)
NS W .

2) ETCA AR BT BR R FE SR Sk A
N o ARG R 202 N AR R HERECH T R A4
s B 108 ANAT 14 AN, [FIJE S AR R
BRI L, LR BRGSO FE AT A
WATTACE . JLACHERCR b Aa e, AR QR UEAR Y 1
TURE FE (R0 N AR HB BRI T Fr N s 45,
R AL T AR

3) FESEBY VI T4 SRR 2 A A AR
P22 STHU R B R R LU B B o e S B Sk
g5 G W PR 2 S ML BT s A 8 5L A S K 11 T A 5% &
0 (0.887) /NI MR IR Z (0.782) .
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Non-destructively detecting sugar content of nectarines based on
dielectric properties and ANN

Shang Liang®, Gu Jingsi®, Guo Wenchuan*
(1. College of Mechanical and Electronic Engineering, Northwest A & F University, Yangling 712100, China; 2. College of Food
Science and Engineering, Northwest A & F University, Yangling 712100, China )

Abstract: Sugar content is the main attribute of a fruit’s internal qualities. It is usually determined by soluble
solids content (SSC). Since the traditional method used in detecting SSC with an Abbe-refractor is destructive, it
is not suitable for on-line detection. To find a method to measure SSC nondestructively and quickly, the dielectric
properties (relative dielectric constant and dielectric loss factor) of intact postharvest 99-1 nectarines at 1 day
intervals during 10 days’ storage were measured with a vector network analyzer (E5071C) and an open-ended
coaxial-line probe (85070E) at 101 discrete frequencies over the frequency range of 20~4500 MHz. The sugar
content of the fruit juice of each sample was measured with a digital refractometer. Altogether, 300 nectarines
were used in the study. One-hundred and one relative dielectric constant values and 101 dielectric loss factor
values at 101 discrete frequencies for each sample were used as variables to build models. A significance analysis
was done to investigate whether frequencies and storage time had a significant influence on the values of
permittivities. Sample set partitioning based on joint x-y distances (SPXY) was used to subset partitioning.
Uninformative variables elimination (UVE) and successive projection algorithm (SPA) were applied to extract the
characteristic variables from the original dielectric spectra of dielectric constant and dielectric loss factor. The
modeling methods, such as partial least squares (PLS) and artificial neural network technology, such as support
vector regression (SVR) and extreme learning machine (ELM) were applied to establish models for predicting
SSC from permittivities. The experimental results showed that as the frequency increased, the relative dielectric
constant of nectarines decreased, but the dielectric loss factor changed from decreasing to increasing. The analysis
of variance indicated that storage time and frequency had a significant influence on dielectric properties. Based on
SPXY, 243 samples were partitioned to a calibration set and 57 samples to a prediction set. One-hundred and
eight variables were selected from 202 variables with UVE, and 14 characteristic variables were extracted with
SPA. SPA was more effective than UVE in selecting useful information from the whole spectra of dielectric
constant and dielectric loss factor and in simplifying a model for predicting SSC. Contrasted with PLS, SVR and
ELM had better performance in predicting SSC under the SPA pretreatment method. SPA-ELM gave the highest
correlation coefficient of predication set (0.887) and the lowest root mean square error of predication set (0.782).
The study indicates that dielectric spectra combined SPA and artificial neural network technology could be
applied in determining the sugar content of nectarines. It offers useful knowledge for developing nondestructive
sensors for fruits’ sugar content based on the frequency spectra of permittivities.

Key words: nondestructive examination, dielectric properties, models, nectarine, soluble solids content, artificial
neural network, support vector regression, extreme learning machine

(TTiE% 4 XIm k)



