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Detection models of mildew degree in honeysuckle based on

hyperspectral imaging technology
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Abstract: Hyperspectral imaging technology was applied to develop a
rapid, accurate and non-destructive detection method for honeysuckle
mildew degree levels. The original spectral data were analyzed by
three pretreatment methods with Savitzky-Golay (SG) convolution
smoothing, Multiple Scatter Correct (MSC) and SG-MSC. A com-
parison was made among SG, MSC and SG-MSC based on Partial
Least Squares (PLS). of which the best pretreatment method was
SG-MSC. The Successive Projection Algorithm (SPA) and Competi-
tive Adaptive Reweighted Sampling (CARS) were used to extract the

characteristic wavelengths after SG-MSC pretreatment. Partial Least
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Square Discriminant Analysis (PLS-DA) and Last Squares Support
Vector Machine (LS-SVM) were applied to build discriminant
analysis models based on characteristic wavelengths. The results
showed that the LS-SVM model based on CARS performed the opti-
mal discriminant performance for honeysuckle” s mildew degree
levels, with the accuracy of 100% for training set and validation set.
Therefore, hyperspectral imaging technology can be used to identify
mildew degree in honeysuckle effectively and non-destructively based
on characteristic wavelengths.
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Figure 1  Average spectrum of honeysuckle with

different moldy degrees
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Table 1 Discriminant results of PLS-DA models based

on full wave band
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Table 2 Discriminant results of PLS-DA models based on the characteristic wavelengths of SPA extraction
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Table 3 Discriminant results of LS-SVM models based on the characteristic wavelengths of SPA extraction
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Table 4 Discriminant results of PLS-DA models based on the characteristic wavelengths of CARS extraction
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Table 5 Discriminant results of LS-SVM models based on the characteristic wavelengths of CARS extraction
) ) Il 448 Ik 4R
#ﬁi $1ﬁ 4 b4 =4 > z] =54 P-q b4 N
XA RIEEA PEHEA HEED At XHH  REST hEEET BEEET A1t
X A A~ 60 0 0 0 60 30 0 0 0 30
e E AR A~ 0 60 0 0 60 0 30 0 0 30
i B AR A~ 0 0 59 2 60 0 0 30 0 30
YA ™ 0 0 3 59 60 0 0 0 30 30
F ) 3 % 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0

63



F3MEESH s

T A« T 6 B AR R B4 4 B A 7 A ) A R

AL RN TE 4 0 ) B E f R R B T 100% ., A5 F
CARS B3 75 $ 04 43¢ AE 38 1 T 2 57 9 46 I A A LS-SVM 35
LT PLS-DA 5k,

% 2~5 " LA . 5832 | SPA Fl CARS 2 F 5k
a3 3@ S7 Y PLS-DA HI LS-SVM 4G I AR 7 e, Xof B 21 4%
HAGHETTU S PEREE EEELSBET X ST
e Ko 2 AR Z RIA LG FEAR R )5 2 AREA
[ [ B e TR AR B A A3 M IR 4 o 33X W R 2 4 AR A 7E T 0
01 FE 7 2 T W WA A T B0 B8 T K G - BEARE AR TR L 5 B
PR 6 7K 43 SR TN £ T SR A L S S R R S
A RO S04 7 A A B R A AR e Y e ) P R A LA
S B TV o T I 2R K T B — A3 O B B R A P S R 43
HEAMRAE HILRE h X R 5REFEEHUR S = E
(O3 RS 5 T I A T ) ) S K, 8 T AT R A T X 500 A
o B A W A VA T TR L 0 K i A R
23 B T ) e A T AR KRR B A4 R A 2 AR AR S
5 2 HIREAR Z A B HE B4 Y B4

MG 2~5 WL Zad 2 B B4R U AR AR I , BT 2
57 PLS-DA F1 LS-SVM ki il A5 84 i I 25 42 ) 1 1 4 2% 1y
IR F] 90.4 9% LA b, B IE AR B ) 0 IE B AR AE 92,52 DL B U
WA X 560 ST S 7. 4 RS T A 7 35) R AR Gyt 68 1) 4 AR AL B AR R
AR S i W B K YK R - SPA-PLS-DA, CARS-PLS-DA,
SPA-LS-SVM,CARS-LS-SVM, Hy @4 45 5 7] %1, LS-SVM
FFU R BAR F PLS-DA B, UL LS-SVM 3% iy AT 8K
RFUF 48 SPA i g sy iy 5 AL, H 45 RBHIL F 4 CARS fi g
ST U] CARS JIr 8 £R AR AE I 1< 57 RE 7R B0 A [R) 25 A8 2 1 4
RAEFEA Z 0] (1 25 5, HE T 4% BT 1 S S AR . ik &
SG-MSC Bk 4 WAk ¥ J5 15 B 19 A6 3% B4k  fif F CARS $2HUHR
TR 4 I e 5 LS-SVM ) 53| 43 H7 455 784 4y O[] 85 A 72 3 4
A6 B A BT | A8 T R 4% s 47 o S R 43 26
3 &k

AR T LU [ 35 78 A8 B 42 AR A A BF 9 0 4 ok T e i
BLARHA AR R AR 1 63855 & ] SG.MSC 1 SG-MSC 3
Fh T340 3 7 3, B 42 i BOG RS {5 B g 5 PLS A R, 45
F| SG-MSC i ab B &L e f . 4% 4 SG-MSC i b B8 5 1%
F ) 6% SPA FIl CARS 2 FlE vk R 47 B 28 40 311, 343 31
FEHCT 10 ASH1 29 DB AR N RRAE B BL . 43 B dsr T PLS-
DA 1 LS-SVM | 51| 43 B A5 4, 3] 51465 A0 25 B 35 7 90.4 %%
Phbo ZEA B B0 o B i B 25 1L 15 8] CARS L F SPA,
LS-SVM i F PLS-DA, B, ot £ SG-MSC fii &b # 5
fifi F SPA $2BURAE I K I 8 57 LS-SVM J) 51l 2 B 455 584 g AR
[7) 7 A i AR T S £ A ) A L, LI 2 R 5 8 U 4 1 ) )
E#f Y5 F 100.0%.

RS AE W] O B AR B R R 68 S8 A ) A R
S ER AL 1 PR TEH A RO R B 58 AN A P DG B AR BN
[ S AR R Y A AR AE MR AT BRI R W R MR fE B
W TE 5 S F 5T AT g EEOG IR E B R G ok EAT S R AR
7 R 0 S TR g S T AT

64

2% 30k

(1] MR MmE G 2. he NRIERAEZ M. —FIM]. 2015 4 ).
bt P EEZ R AL, 2015: 28-29, 205-206.

[2] KONG De-xin, LI Yan-qun, BAI Mei, et al. Correlation
between the dynamic accumulation of the main effective compo-
nents and their associated regulatory enzyme activities at
different growth stages in Lonicera Japonica Thunb [ ] ].
Industrial Crops and Products, 2017, 96 16-22.

(3] B, W& T, RIC¥, 55 &AL S A0 YR 6l 3h ) 2 0F
FEl)]. RS, 2017, 33(7) . 111-116.

[4] B L, SR . s M ke [T ], @b
25K 2A4R . 2016, 35(5): 86-88.

(5] ZRA00 . SR . 2564 %5 0 S 3 1 7 05 e DR Z3 Ar L0 ). v o
2y, 2011, 36(24); 3 397-3 401.

L6 ] WA 5 TP IV, 55, o0 it T R 09 20 1 L 3 B ™ B ik
J13 ML, op Rl A AR . 2012, 27C6): 110-114.

L70 N, MRS, 8940, 45, 400 250 8 70 w5 R &R L g L.
FEZG . 2016, 26(1): 44-46.

(8] M, JR#E. T A Xt S MM S BTy m [T ], i AR o B2 40
2011(3): 197-198.

[9] WU Di, SUN Da-wen. Advanced applications of hyperspectral
imaging technology for food quality and safety analysis and as-
sessment ; a review part 1I; applications[ J]. Innovative Food Sci-
ence and Emerging Technologies, 2013, 1 15-28.

[10] WU Di, SUN Da-wen. Advanced applications of hyperspectral
imaging technology for food quality and safety analysis and as-
sessment; a review part I; fundamentals[J]. Innovative Food
Science and Emerging Technologies., 2013, 19. 1-14.

[11] BARANOWSKI P, JEDRYCZKA M, MAZUREK W. et al.
Hyperspectral and thermal imaging of oilseed rape (Brassica na-
pus) response to fungal species of the genus alternaria[ J]. Plot
One, 2015, 10(3) . 1-19.

[12] GOWEN A A, ODONNELL C P, CULLEN P J. et al. Hyper-
spectral imaging-an emerging process analytical tool for food
quality and safety control[J]. Trends in Food Science & Tech-
nology, 2007, 18(12); 590-598.

(137 s, sk, FRWRAS. 0 T 3% ik B S 5 A8 A o] L3 21 41
FE BRI ], B 5P, 2017, 33(6): 135-138.

[14] g8 R, A3, U, . T @ G i AR 19 R 7] 2 A8 72 Al
TR S [0, o [EDROIh 24 42, 2017, 32(8): 123-130.

[15] ZHANG Dong-yan, LIN Fen-fang, HUANG Yan-bo., et al.
Detection of wheat powdery mildew by differentiating back-
ground factors using hyperspectral imaging [ ] ]. Inernaltion
Journal of Agriculture & Biology, 2016, 18(4): 747-756.

[167] SIRIPATRAWAN U, MAKINO Y. Monitoring fungal growth
on brown rice grains using rapid and non-destructivehyperspec-
tral imaging[ ] ]. International Journal of Food Microbiology.,
2015, 199(16): 93-100.

[17] XIONG Zhen-jie. SUN Da-wen, PU Hong-bin, et al. Non-de-
structive prediction of thiobarbituric acid reactive substances
(TBARS) value for freshness evaluation of chicken meat using
hyperspectral imaging [ ] ]. Food Chemistry, 2015, 179 (1)
175-181.

(F#% 78 1)



F3MEESH 5

A < T TR AL 28 L 4 KOK S A I R I Y A RE T T

S TREAL i ML T TR R B O BT S AR B T 2%

S TE R A L R 10 S BUR 2 L S S B RE S BRI
PIPESHC L AR U 5T T 4R A S BRI TS R —
VRG> 4 T 220 T 45 44 2 JOR Al TR 30 e O 46 14 BE A2
I IsF A9 0 e A R O A ) L o O S B 2 X IR
BRS80S T RS 7 32 TR SR BT 5 op AT #R

S % 3k

L] BEIEf% . 226 F, ME . 55, JORVER Y &5 4 (AL 5 LT .
R I AE . 2004(2) ¢ 21-27.,

[2] JEARTE . TR ROK VA Y B BB A £ Tl vp g 1o LT .
PN ST, 2012(11) : 191-193.

(30 vk, BRI, PET IR, 45, AN [ ELHE U2 B & f KOK 32 M L J5T 1 BF
FELT]. Ba TR . 2015, 36(9): 72-75..

[4] CHUNG H J, LIU Q. LEE L. et al. Relationship between the
structure, physicochemical properties and in vitro digestibility of
rice starches with different amylose contents[J]. Food Hydrocol-
loids, 2011, 25(5): 968-975.

(5] Wik, B, MALE . 55, TR AL &R 5 B e A W B 1 J5 1y
52000, fr iRk, 2008, 29(11): 122-124.

[6] S, 5o, B+ -2 8 DT TE & Bk o T2 956 35 #0201 B
BLJ]. B3R 540K, 2015, 38(S1): 220-222, 227.

[7] RASTOGI K., SAHU J N, MEIKAP B C Meikap, et al.
Removal of methylene blue from wastewater using fly ash as an
adsorbent by hydrocyclone[ J]. Journal of Hazardous Materials,
2008, 158(2/3): 531-540.

(8] Bl il A ME. WAk 07 i F T R MR 20 b 40 Ak B (0 3 56 BF
FELI] RIS R R 5804, 2002, 3(5): 12-14.

(9] BRG], 3B, 2@ an, 4. MM 4 13k CeO: AL A LA B

B E YR K LT, THRERF L, 2009, 40(10) 2 1 709-1 712.

[10] MONDAL P K, CHAUHAN B. Microbial degradation of dye-
containing wastewater[ ] ]. Environment Science and Engineer-
ing, 2012, 12, 317-338.

C11] Bkt XUpcall . SE 8K, 5. o0 2 0 Mk 1 o 4 S xS R
FEREW B A ST L] B TR SR, 2011, 5(11): 2 447-
2 452.

[12] sk &, skele. FKOR ZFLUE Ry & R oK 2 7L TR 1k Ve k0 W B 45 1
MmgEl)]. & Tk ARk, 2011, 32(8); 108-111.

[13] GUO Lei, LI Gui-ying, LIU Jun-sheng, et al. Adsorption de-
colorization of methylene blue by crosslinked porous starch [J].
Carbohydrate Polymers, 2013, 93(2): 374-379.

(147 i fhsc, 2 BOF. e & T /- fom WOk sl g 22 e i) . & 5
BB, 2006, 22(5): 76-74, 92.

(151 28], 21k, B B3R, 2 RES By g0t ke ok sk B4k ok i
Bsgm L) ], oA ol B2, 2011, 39(25): 15 796-15 798,
15 827.

[16] PRyERE ., WEHEME. MRATOE, S5, 430 0 VA IR 5 B 0 R %o T R 3k
T I B B FEMLBBF5E[T ], i e % . 2010, 27(3): 1 116-
1 121.

L17] £ 5, 8%, WEAE . 5. 7K I e 45 [ W 53 85 R P 0 BUE B4
SHeA6[)]. & S HUM . 2018, 34(1) . 78-83. 208.

L18] &M, sy B At 5 A& LM, dbat: b2 Tl s fietd: . 2008
38-40.

[19] 2Tk, =2 BUB. 52K 7 e Ui d 4> B PERE R R 40 A L0 ). AL T
2R, 2005(5) ; 11-13.

(200 X¥E . EIRBE. K I3 REVE & 73 8 R0 52 w0 (K R W A 5 gk J [T .
WARHLEL . 2016, 44(2) . 39-42.

(217 g, (O], BHRTE, 5. JEk 28 8 5 ) 6500 i 2 & 40 B
MeREMFZE[)]. B 5P, 2017, 33(9): 99-103.

(k3% 64 70

(18] My, Z/NEL. Wi e, &, SRS T Y BTE & w i A il o 22
IR EETTE LT ] Ol AU AR . 2012, 43(2): 128-133.

[19] DONG Jin-lei, GUO Wen-chuan. Nondestructive determination
of apple internal qualities using near-infrared hyperspectral re-
flectance imaging[J]. Food Analytical Methods. 2015, 8(10):
2 635-2 646.

[20] sCf, BEME, 2R, % BT moBkBoR 09 &AL RS A IR i R
FIEEAAGILT]. Folk TRE2E4R, 2015, 31(18): 233-239.
[21] GUO Wen-chuan, ZHAO Fan. DONG Jin-lei. Nondestructive
measurement of soluble solids content of kiwifruits using near-
infrared hyperspectral imaging[ ] ]. Food Analytical Methods.

2016, 9(1) . 38-47.

[22]) #efkoe, FAE0, MRk, 5. BB A LA & Rtk RURH AR
U0 R AR SR AT ], Rk TR 444, 2009, 29(1): 127-131.
(23] R BT . EIRAS . 2. w8 il 1B 15000 A 4 BR B A A AR

B OSOH I A KA KX [T a2, 2016, 37(3):
137-144.
(247 7FA8, BOBI. X6, & T @ Lk A K R 7 3% 20 J6 B
Ko [J]. A f, 2016, 35(4) . 34-40.
[25] 332, FEAF. #HE. % OGREHHIE B K SPA SEIAIEE T SVM
78

1A 6 K R 2 78 B B M RN L) . i % 50k 4 . 2016,
36(1): 226-230.

[26] NIE Li-xing, DAI Zhong, MA Shuang-cheng. Enhanced
accuracy of near-infrared spectroscopy for traditional chinese
medicine with competitive adaptive reweighted sampling [ ] ].
Analytical Letters, 2016, 49(14): 2 259-2 267.

[27] W&DC, ERA IMIT, 55 BTN GE RS A S L 1 A
MLT] gl TR 4. 2017, 33(3): 272-280.

[28] PU Hong-bin, SUN Da-wen, MA Ji. Using wavelet textural
features of visible and near infrared hyperspectral image to dif-
ferentiate between Fresh and frozen-thawed pork[J]. Food &.
Bioprocess Technology, 2014, 7(11). 3 088-3 099.

[29] DONG Jin-lei, GUO Wen-chuan. Nondestructive determination
of apple internal qualities using near-infrared hyperspectral re-
flectance imaging[ ] ]. Food Analytical Methods, 2015, 8(10):
2 635-2 646.

(300 EFWE. OhA 5. 5KO5 . S5, 4 B AL 6t 53 72 v 1y 56 i 18 I
BELTT AR A B, 2017, 49€9) ¢ 82-87.

[31] EywAng ., skiIH. BT 125 B oy & i A8 Ak 1t 4 HLTE 25 b 4 0L
WL, A E 255, 2017, 28(12): 1 677-1 680.



