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Detection of Pressed Damage on Apples Based on UV/VIS Spectroscopy

SHANG Jing, ZHANG Yan, MENG Qing-long

(Guiyang University, Guiyang 550005, China)

ABSTRACT: The work aims to establish the discriminant models of Fisher, K nearest neighbor (KNN) and partial least-
square discriminant analysis (PLS-DA) for the pressed apples based on ultravioletradiation/visible spectroscopy technology
combined with pattern recognition algorithm. With pressed apple and intact apple as the study object, the optical fiber
spectrum system was used to acquire the spectral reflectance of these two kinds of apple. The effect of different spectral
pretreatment methods (Second Derivation (SD), Standard Normal Variation (SNV) and Multi-Scatter Calibration (MSC))
on the recognition effect of each model was comprehensively compared, and the principal component analysis (PCA) was
applied for the dimensionality reduction of the pretreated spectral data, and the characteristic spectrum that could reflect
the pressed apple was extracted. The results showed that the first 7 principal components (P1—P7) with cumulative
contribution rate of 99% were selected as the characteristic spectral data by the principal component analysis, and the
dimensionality reduction of the spectral data was well realized. The preprocessing effect of Second Derivation on spectral

reflectivity was the best, and three models could all meet the practical requirements, especially both SD+Fisher and

: 2019-03-18
: BRARFF AL (61505036 ); M AFH TS AL (BAHA LH F[2014]7174 5 ); M A& F T &5+
FAT KRB (B34 KY F[2018]1290); MA@ SHFERIEMATCRAA (H3s KY F[2016]017); JtFaw
MH I T EERFAS AL SRR [ SY-2019]
M (1988—), %, Ald, HMFRMK, TEZHRF EAHRT LN,
;R (1977—), K, Hd, TMPREIR, TEHRFT @ AHRKT BRG],



26 - £, %% T FE

20194E 7 H

SD+PLS-DA models had the optimal recognition performance with a total correct recognition rate of 100% for the samples

of calibration set and prediction set. The research results are conductive to the fast recognition of pressed apples.
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Fig.1 Test areas of apple sample
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Fig.2 Schematic diagram of spectral acquisition system

PRI S SRR A B 7 SRSk 48 RPH-1 %
T ( SCETER Sk i RPH-ADP 3 it %5 [ 58 16 5 S5k
4 RPH-1 I, FEERCGHRL R RMZ) 1em ), P
EOE LA 1o 5 DN 25 50 B Ry S8 4G
RN 2% 1A B R B SR AR I S R S %, IRER
AL B W ST EE LSRR IE A AT AL, i RER
GLRVAIEEE] R 110 ms, FFHRECH 8, 13
YIGERE R 1o TESLEPRR T, T RER AL SRR
AR E TR S, 1T UK R AR AR e e 5 1 2 4
AT SR

1.3

W H R B T AL B Oy ik A B B
( Second Derivation, SD ). FpifEIEZAZE#e ( Standard
Normal Variation, SNV )FIZ2 JCH i £ 1F( Multi-scatter
Calibration, MSC ) %[V, FHorr, Z il R THBR
M FERS s SNV AT LU SR AR 63 b R 7
KR ZE; fE MSC BAb3E 5 kb, ALk B e
W BRSO IS ER N 2 5 B ARG R R, HE
FLIE A« PRAR B2 o iRAF 20/, 385 0T DIk HAEAR
JETEE R A 1 - Bk ik s . 158 R F Matlab
R2016b A4 52 OGS i AL 3
1.4
H A W B B = TR ) O i D OVEL F D e/ — e
I 43 Fr: ( PLS-DA ). Fisher I 5%E DL K K i 4B
% (KNN ), HHr, PLS-DA ¥ F 28 i X ( FEARAYHEAE
BiE) 5 Y (FEARMZENGEE, LLo, 1 ATRmE

e ) 05— 5 EE 3 B B 17 O dre /N —Fe [ml I 434, ik
IMARAT BN FEAR 255 BRI, 2R PR B % 2 5]
R SRS 1 T A AR R A SRR AR
& TIPS, MEEAR THrh e, WHZ AT 5 5
Y AN TR 1, BEET 0,

Fisher 1 5175 f& —F 2 55 2 25 1] 1) 5 1) I 24 25 ]
BOE WL, W AE 2 RAEARGE S Z A SR — i
ooy BT, AR REARLE s AE 120 H0TH b s 1k 2 i
RBRBE R 4351, [) B R S AR A P 0 0 2 180 B 3K 3 e
JIN i A5 2 ] B i R A P IS /N )
MIFR A Fisher #EN] . BREEFEA S AYRRIEICH Xig, B
Abi=1, 2...p Cp HEEA%L), g=1, 2 (g FRREH]),
k=1, 2...mg (k IEERNTFS, mg b g EEAREL),
FEA B n=n1+ny, mi 28 1 BOREAR BB, my B2 2
BUAREAS B %, Fisher 5 pRECH

p
Dy () =D &%, 9=12k=12..n (1)
i=1

X, o=(o, 0,..0,)"

FE KNN 500, R I ZR4R rh A 2 A )
R, RIFH KRR G S & REOIEER,
AREAS 5T FE MR — S F 0 B B fdls , RABEA L E T
MRS, Sobk H—Fh i 1k B 8% FRE LWL, BT
KNN Ui BRI 2R th B 2R AC S F 00K
L SRS FINR IR A S5 A 2R HO PR . R
AR O R G, U8 TS, LA e
TEXIRER AT 4028, WIXEF 1A g JElmld, 26 j 254
EEEI’JE/D%:I Cj (le, Ci2... Cjp )o

1 & . .
cjizn—Zxkj i=L,2..p;j=1L2..9 (2)

K TNEFIRT S AT n s | A
KHEEARH
15

FEAAR BTG SR R EEH OceanView ( Ocean
Optics, copyright 2013 ) FIFREAL, R TEIGIEEL
i J5 7E Matlab R2016b A4 Hh X BEAS 1Y I 4 '3 A 7
TALFR, TR EE T PR AY

2

2.1

T T B S A Y i A G st AR AR i W R Y S,
PRI K JEFEITE 204.7~997.6 nm 1Y) 1024 D IEEAE K
A BT DX 1A i — 2 I A [ 8 D Tk
PRI (SD, SNV, MSC ) X J i Y i &4 2517 fi 4k
B, DA B3 G3E B A e B J 2R A R e S
WA, AR SR R RO EE, A B TR
ST BB A R o SE SRR B R LR S R



©28 - 3% T R 20194 7 H

(KBl 3a), UUlezit SD (B 3b), SNV (&l 3¢) F1 FU ML 2 ERsr5 500 ULE 4. Kl 4a Hra]

MSC ( [¥ 3d) HAbBEG G RO Rt 2 W 3, VA H, e kst PCA B35, 5 1 FI%
22 2 EMO RIS AR HOTH), NS S HIEAREL

TRBIERY ;B X R ARG IG BE T AL L, 1
SERAEAR B IR G KE DL & 45t SD, SNV Al 22 PCA 7R 515 20 W) 4 2845 5L BAT B3 1 B 0 25%%
MSC Fiiab B 5 A6 15 B P48 PCA B4 /5 1956 1 B WA 4b,

100 0.2
0.1
- B
S5 =
g =
= oy
|_'>\( juexg
= o
-0.2
200 400 600 800 1000 200 400 600 800 1000
A mm I /mm
a JEIRETE h SDTiLb B
2 0.8
0.6
e #0004
1
= 2o
= iaY
= S
0
4 -0.
200 400 600 800 1000 200 400 600 800 1000
i mm W nm
¢ SNVTRALbEE d MSCTRALHL
E 3 Jeik gl 4
Fig.3 Spectral reflectance curves
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Tab.1 Contribution rate of principal component score
1% 1%
Pi 73.91 73.91
P2 14.81 88.72
P3 5.65 94.37
P4 2.28 96.65
Ps 1.4 98.05
Pe 0.72 98.77
P7 0.29 99.06

2 Fisher KNN

PLS-DA

2.3
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@57 TSR PLS-DA, Fisher, KNN iHBIRAI 43
Sl K 52 - TG A5 RN AN [R) R 8 5% s 403 40 S SR AR i A TR
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Tab.2 Recognition results of samples in prediction set using discriminant models of Fisher, KNN and PLS-DA

100 N (80 ) 125N (80 ) (80 ) 0
/% /% 1%
SD+Fisher 80 100 80 100 80 100 100
SD+KNN 73 91.3 74 92.5 80 100 94.6
SD+PLS-DA 80 100 80 100 80 100 100
SNV+Fisher 78 97.5 79 98.8 80 100 98.8
SNV+KNN 74 92.5 78 97.5 80 100 96.7
SNV+PLS-DA 79 98.8 80 100 80 100 99.6
MSC+Fisher 78 97.5 80 100 80 100 99.2
MSC+KNN 75 93.8 78 97.5 80 100 97.1
MSC+PLS-DA 79 98.8 80 100 80 100 99.6
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