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Abstract

Rice paper is an element of Vietnamese cuisine that can be used to wrap vegetables and meat.
Rice and starch are the main ingredients of rice paper and their mixing ratio is important for
quality control. In a commercial factory, assessment of food safety and quantitative supply
is a challenging issue. A rapid and non-destructive monitoring system is therefore necessary
in commercial production systems to ensure the food safety of rice and starch flour for the
rice paper wrap. In this study, fluorescence hyperspectral imaging technology was applied to
classify grain flours. Using the 3D hyper cube of fluorescence hyperspectral imaging (fHSI, 420
- 730 nm), spectral and spatial data and chemometric methods were applied to detect and
classify flours. Eight flours (rice: 4, starch: 4) were prepared and hyperspectral images were
acquired ina 5 (L) X 5 (W) X 1.5 (H) cm container. Linear discriminant analysis (LDA), partial
least square discriminant analysis (PLSDA), support vector machine (SVM), classification
and regression tree (CART), and random forest (RF) with a few preprocessing methods
(multivariate scatter correction [MSC], 1¥ and 2™ derivative and moving average) were applied
to classify grain flours and the accuracy was compared using a confusion matrix (accuracy
and kappa coefficient). LDA with moving average showed the highest accuracy at A = 0.9362
(K = 0.9270). 1D convolutional neural network (CNN) demonstrated a classification result
of A =0.94 and showed improved classification results between mimyeon flour (MF)1 and
MF2 of 0.72 and 0.87, respectively. In this study, the potential of non-destructive detection
and classification of grain flours using fHSI technology and machine learning methods was
demonstrated.

Keywords: flour classification model, grain flour, hyperspectral imaging technology,
multivariate analysis, rice paper

Introduction

W(Oryza sativa)® TS B3 obAlo} 2]219] 240 2A 223 35 F shfolch F
oA T B T2 AASHeT] ofal 2 A Ro] u]i Hol AT &7} B
S0] gick 54 1w, & 502 71gsto] AT Y00, ol 1, 2, Aol
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FEZHKim and Shin, 2007). ‘22] FFE= obd 22 gfa vl wstal Fjt |22t A (Yoo et al, 2012),
A4 B2 S 715k i o] EAEA of| TS AT (Park et al,, 2020) 5°] ok Ao Rt =2
et 7Hs ARl Bt AT AHH o2 L= Qo). T AtEE 89 F AR (Kim etal,, 2007), HATA
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£ |43kt 4= lof v 7‘01] 3ol =, Rezlido] go|gk 4 o] -2 A o] AR&E| I tHDelwiche et al.,
1995; Sohn et al., 2004; Bagchi et al., 2016; Sampaio et al., 2018; Lin et al., 2019; Rahman et al., 2019). 7] A|A| Z}-&- o] &5t
Anjo] 7iAE A9, ST, nERE 52 F91E 540t &ale|E Zi (Nohetal, 1997) 2 Zetd/ 342 &
o] &gt &l F954 AlAE] A-L(Kim and Noh, 2010) 5-°] HHE| QT X[ ZFoll= 7] E 24 9] ob o< 9]
23 IS E-E&oto] win| o] 2| A AAHA| 2SS0k Bl Hek A= HhaEE vpE Qo
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Materials and Methods

=M=
Zxo] 7} #hmH, w2 By AEEl et B 7 S8 sEA 2R Aelsto] 2A5gict
A& 5 7H, v, A4 =Y ‘E‘:ﬂ@%(Wamu Korea)oll 4] 219 ®gkor, 11 o] A7 9l 522 Al
A Fofsteict ZetAE 0 2 A2 5 (L) X 5 (W) X 1.5 (H) cm’ 27|12 AFZESo] Gol 3704 #|&5to] 274519
o AlgEol @R AR E A5t H stof Alg Zet Fd= F50IeM, ARE A0t AR HAH S ofelz
2+ g5l thFig. 2). Al &5 AoA C12t C2= A HA] Y3t = BHA] 3d(column)yS 2]U]5HH, R1 - Rd4+= H(row)=
o] gheh A X 59| ¢ ofofoll F&, H271H2] -9 SE =01 -2l 5FATH(SF [strong flour]: 2<%, MF [mimyeon
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flour]: O], WF [weak flour]: BF2]-2, TS [tapioca starch]: EFI] 27} 2

T,

starch]: BF&+&, MS [mungbean starch]: =5-5F35). A& 5 0|H-2 =15 U5k ol A
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T o
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Fig. 1. Schematic flow chart for spectrum preprocessing and developing predicting model using

hyperspectral imaging data.

C1R1, WF C2R1,TS
C1R2, MF C2R2,SS
C1R3, MF C2R3,Cs
C1R4,SF C2R4,MS
(a) (b)

Fig. 2. Rice and starch flour samples mosaic (a) and replica (b and ¢). Left columns from each sample image
represent rice flours and right columns are starch samples. C1 means first column and R1 means first row.
C1R1, weak rice flour (WF), C1IR2, mimyeon flour (MF1); C1IR3, mimyeon flour (MF2); C1R4, strong rice flour
(SF); C2R1, tapioca starch (TS); C2R2, sweatpotato starch (SS); C2R3, chestnut starch (CS); C2R4, mungbean

starch (MS).
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A

B2 =5 sh Jeonju, Korea)oll Al Hlo|E] & 580 &2 Aot 258 =544
F=19] FLGd D5 ¢Iste] ZA| A2FeE UV-A (365 nm) THE2] LED ZHA|AH]
& ARSI oM, A% RE|(XSlide, Velmax, Bloomfield, NY, USA) 2 T-5-5]+= Al & H, C-HH-E 712(Schneider Optics,
Van Nuys, CA, USAYS g2+t 219127 7H2H(Megaluca, Andor Technology, Belfast, Northem Ireland) B 420 - 730 nm
o] st 0 2 65712] -2 2 55H= 87 1(VNIR Hyperspec, Headwall Photonics, Fitchburg, MA, USA)E 5
of o|m]z] 7] 310 X 502 }4-0] FAFS E| S5t

ol

mlI,

g YA E 228 P stolmulolHE 53§ o] = A|AE floto] Hlojg B 435t
(Fig. 1). F&E74 Al 2214, 877 2919] Xpo| 2 I35l WAeh= /4 ol =& A Ast7| isto] A5G H(dark
reference) 2J5-3Z 2ptol7] lsto] Zhlet n7i R vk & SA51elch YRS okl S AP
(raw data)Oll Al 4597 (dark reference) s 2Htoto] ARE-SIQITE BAH F/dolE ol A vl S A A5t ¥l
(ROI, region of interest)= A4St} FA-& o] ZsFsh= &ar2]E-2 Otsu, entropy, min, max, histogram 5 TGS B4
o] AREE] L itk 2 AollM= 7] EarE|E FollA 7Y ] ARE &= 5| AR 1 HHAE o] -&5to] v 2 A
75tek. 55 22 GAtol A 10HA] JAH465.4 nm)Q] 5| AE 1SS 15 5 %] 2] & X|(TH, threshold)S ©]
-83to] ROIE- A7 5}3ITY.

g

et ATl EY L B/ mlolS- 9]5lo] F2AJE-2AY(PCA, principal component analysis) -2 085t 245 4=
Y5tk A2 i EA QI ol g 2k :".‘;_/.\_ AP F 02 A, A2 H tlo|HE9] AAY 33 T
£ 0]-85to] natl Q] Hlo|E & 22 22 3xkY A E X & At sto] E‘HO]ELJ Habo] 71 2 WO 2 A
2 29 A5l Hict. 92 HlolelSo) Batol 7 2 el S5 22 1 FABPCHO.E AL, 1

ﬂ

=
Che 2Ako] WA £28 58 28 /4 E(PC2) 528 AX3ith o] 53}04 2 dlofElo] 2He 45t
ZA] 0 2 go|e] FRZFA A A2 E Eelst 4= 9l thWold et al., 1987).
£ ©o]-&35to] 3214 Sholm HlojElE Q—JE—'%L o] ohgRt 2Hg A, 224 o] ke
4= Utk Ale A 2] dale|E-S o]-&sto] g5 AT E A g5 AAT 4= =t & AollAls thEat
B 7J(MSC, multiplicative scattering correction), 12}, 22} 0] &(1st and 2nd derivative using Savitzky-Golay algorithm), ©]-5-
T (MA, moving average) 52 A-85FTHYang et al., 2011). MSC= -84 E.2] o]/4%| & A7 51aL o] =] 2t A
2] A2 ARISY SRS SIS AL Ol ASlolels] BEUS A8k Y S
Golay &112]5-2 0|85t 485t om, ARG HEIZES 11, BE| 2k4= 221ek4(quadratic filter) S AME-HITE
IS HZ A 2 B A 3 SHIZA, T 520 22 Hotol BEL L WA S X 8hslc

7} Al 23hg s ndl ZiHEES: 9)5to] Mg uhE A (LDA, linear discriminant analysis), 22| AR5 whE 2
AJ(PLS-DA, partial least square discriminant analysis), ]2 E B E{tH 4] (SVM, support vector machine), T8 E 2|(CART,
classification and regression tree) 3! FHE 2| AE(RF, random forest) ¥ 2 AH&-5F THGromski et al., 2014). LDAE
F/gdo] w2 HlolE7 4e F/dste] 2l Aot 2R A E Alktste] 7HE Aol 7F A2 212 A1 LDA
Qo= MR AR LA} SR MpHol e B -8 7K 4 ek Ao hEth PLSDAL o]

Korean Journal of Agricultural Science 47(3) Septembeer 2020 636



Discriminant analysis of grain flours for rice paper using fluorescence hyperspectral imaging system and chemometric methods

E|E- mean centering®t & AF&-Ak(supervisor)Oll 2J5l FoiH 7HE|e] -2 2] SefAglol utet glojel S TESH
t} 2.5 Al Zof AFdSH ko] SHPRESS, PRESS = 5(yi- ) yi= YR, 51+ cllE))0] 7 242 74-9-2] Al (beta
coefficientyS- A1 ESto] wHEol| ARESHCE SVMOllA HloE] T3l & wHEE 4= A= X—W 2 U =29

H (hyper plane)°| 2l o}, ZF 3 of| 4] o] Zig ' | Q| (mhR) Qtol] ] = MEE3 A E W (support vector)2t
1 gtek of 2] 23S whEsh=t A X5 o] Qo 2o nl S Hoigket 4= = & & E0l= 7|
271& 2= S AR, v gho] 00l 7 A4 E £2 AT YR 4 Qloh I E oAM= ThE S

Qs At 2F FA4=E xS (node)2al 5FH, 2t e Eoj|A] ol ARSE]= A 7F A A =™, A 2] o] 25 U
H Eolg7t SeAE 2 ZEAA| Hr HE T AE = 2T whE e 7o) B2 AFAkEo] ¥AlZ 7R AL A
5171 9 plAlelge] g o]k RFE 1) CHRR Blolelol 21gkakA] 94, 2) L o] 83 Fhso] W2 3)
Aee] 0] 7] 2100, 4) 2] clolele] WA 228 O 4 2Ucks BHE 7H13L rkKiatal, 2018) U2
Hlole] 3 Al ¥14-8 o} 35}o] THEE LS T4 HE0] |53t FolA 7V A/} 2 78 Mk s
4] & 21-8-8Fh(Breiman, 2001).

2d 7S 9jsl P55 glojels RHEANEN =39,398)2F RHAZAHEN =39,898)2 o] = 7t
9 740l ALBBSATE e B WS B15H7] Sfo) B R confusion mairi) & S8}, 3t
I (accuracy, A)QP 7FabAl4(kappa coefficient, K)= LEFRICE A el 7hutAl = 10 7W7FE4S 2do] i
’3%50] 94-5hg Uekdich 3249 dAttolE o] Hxe), AmlE] 22 9l Ay yhE elo] oAb 8-S Matlab
(R2016a, The MathWorks Inc., Natick, MS, USA)S AF8519 o, AT EY] glo]g|o] BA] 9l ghdwd 7jdke R
(ver.3.6.2, R Foundation for Statistical Computing, Vienna, Austria)2} CHH & 24 ofj7] 2] £ &85t} 47|t slo|H |
ol ] 2] % whE el 7k 2H-2 Fig. 2a0]] LFEFUI ATt Fig. 2boll A= AHIER] 0 2 7l Heid Hela J4
O 2 Uetl+= M-S UERH I THChen et al., 2019). 12+ CNN (convolutional neural network) s 2@l 7iHRS 23]
Python (www.python.org)Cll 4] AFHE- 7Hs$ ©2i'd 58 2 E 4491 Tensorflow (www.tensorflow.org)2} Keras (keras.
i0)E AH-5FATH

Results and Discussion

<l
oX,

A& Zetd g Fig. 200 RIS & Al 5= 3704 Aldketo] 238 /4= E501eH, 53 9
< 2] S Foll I BAS 7R 2 Al BollA 2B ER] S 25517 ffsto] 5| AR WA o 2 MElE
ROIU R A ERH S 2250k Bl AIAE ol 354 22 10894 533465 nm)y= AFEFLo™ vl
A Bl okAT A2 918l EEX(TH)E 1208 ARSI Fig. 3). XIS AlMFsE] 151 465 nm /gl A 71
o] &2 ROIS| 2B E -3} v 7 9] 5| A& 1S ARE-5FQITHFig. 3a). 465 nm B4 (Fig. 3b)ell ZE X & 24-8-5}0q °]
2F2Fok npA S G242 Fig. 3coll LFEFUIQIT. & 53t 2t A| 51 AHE £9](420 - 730 nm) - A8 E -2 Fig. 40] L
BRI M A Al =oi| A 97]2] ke &3 o] T= the-a ZTh446.2, 4654, 489.4, 51822, 547, 580.6, 623.7, 671.7 nm).
THE g 1) 3 Z 470 - 550 nm= 22 212 Abto] 9l 71 0 2 B 1 Btk Liuetal, 2015). £3], 617, 656, 681
nm= QFEA]OPA 7} 7} 2 H| 12 0] E(Merzlyak and Chivkunova, 2000; Siedliska et al., 2018), & 7}52] & 1]352
Zg 35o] z=gHo] oflg A ol 2HE]l S ERASHES e A ST} gdTto] glom Al z]u) Tl 2
E3F ™S C-H 33F 2B E(880 nm), O-H 22+ 2B E(750 - 900 nm) 2! N-H (962 - 1000 nm) ‘5-°] 2HE & thMaetal.,
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2019; Weng et al., 2020). A& 2 A7}E(CIR1 - CIR4)yE= 365 nm AR Al -2 ZAFSH 72 465 nm2} 489 nm IHof| A
738 @d-2 YER AL Q8- BT 4= ATHLiuetal,, 2015). 2] 739 HPHR(C2R3, =ity & A 2|5kaL JAFSH
132 2oL} AH|7| o7} ATk HE-L 465 nm@} 489 nm F-2ol| A 2] ] 3 9]0l = 547, 580 nm =9} 2] FY =
UFEHE=T] 547 nm @] o] $-AIgh 21 o &2 ket
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Fig. 3. Histogram frequency and intensity between background and grain flours. Threshold 120 (a) was
applied to remove background (BG) and crop the ROI (flour). 10" spectral image (465 nm) (b) and binary
mask image (c) based on threshold 120. TH, threshold.
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Fig. 4. Mean emission spectral data of 8 grain flours taken under 365 nm UV light illumination. C1R1, weak

rice flour (WF); C1R2, mimyeon flour (MF1); C1R3, mimyeon flour (MF2); C1R4, strong rice flour (SF); C2R1,
tapioca starch (TS); C2R2, sweatpotato starch (SS); C2R3, chestnut starch (CS); C2R4, mungbean starch (MS).
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Z G YoM BESH FE7HE Py AdER] o 2 I S 7d6ly] lsto] ARES Bl pHE AT S
Table 101] LFERARATE 2} 23] 2] 8 mello] 52 A (ARt 7AlK) 2= eI oM, 2 Al e = a3t
L % Y 2 Ll ich s r el sk o A= LDAY] o] 5 HFE(MA)C-Z AR 25t 7 -9of 7ML A

HtHA=09362, K=09270). 2717} M 271 oM = 2 52 B o -2 59 % Ax=27]
£ 71 o] A 52 e E80l vl HolA= S 1T = QT FE7HE 8572 TH A oA 1]

H(MF1, ME2)HHoll = SVMo] AJtid 0 2 £2 452 Bl o, 22} nli(D2) 2 & 2|5t 7-¢- ué% T
2 0.7554 (MF1: 0.6666, MF2: 0.8443)2 7} £ T A1HS eI = F70] o] A5k tido =2 il
g 3ol = svmat 23t a0 & M3 2|5 Aol 7 F2 il 452 HATHA = 08672, K =0.7333). 1] A
B74) 60%2] YARS] A 7)(MF1: 128.3 & 0.61 pm, MF2: 7633 + 1.02 pm) X}o]7} Yo Ut B4 0] 315HA1 Q1 AJE 2
s&o] Zpolo] wet T4t P2 WYohs FFo] EFCRE SHS Y O YAke] 7] HY wdol= A
T 0755 YePRIch 5 HA ] 9 2R 8 aE 3 Zuk7}0.931700 HI5H 19% W2 FE e S eI Fig.
5oll4= i 2dll 3 LDAE ARgsto] ZH A s & 7 43St 21+E LD1 LD2 g1tollA] 53T LD1
62%, LD2+=24%2] T ={o] Qli= Z1 0 & YRl Qlom ZH2 E50|A|9t Iz} 37|17} /ol gt MF1et MF27L Y
B ZHE = A ALletal thA 2 A| 54 7o) 2 2 2 & ] Qi Thoverall 86%).
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Fig. 5. Linear discriminant analysis (LDA) W|th moving average result in LD1 and LD2 space. LD1 has 62%
and LD2 has 24% proportion of variance (overall 86% % in the space. WF, weak flour; MF1, mimyeon flourl,
MF2, mimyeon flour2; SF, strong flour; TS, tapioca starch; SS, sweat potato starch; CS, chestnut starch; MS,
mungbean starch.
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Table 1. Discriminant analysis results of UVA accordance with preprocessing methods.

Each grain flour sample®

Model PRE" A K*
CIRI1 CIR2 CIR3 CI1R4 C2R1 C2R2 C2R3 C2R4

LDA NoP 0.9996 0.7054 0.7670 0.9999 1.0000 1.0000 1.0000 1.0000 0.9354 0.9262
MSC 0.9999 0.6726 0.7552 0.9998 1.0000 0.9998 0.9999 0.9992 0.9299 0.9198
MA 0.9996 0.7051 0.7736 0.9999 1.0000 1.0000 1.0000 1.0000 0.9362 0.9270
D1 0.9994 0.7046 0.7656 0.9998 1.0000 1.0000 1.0000 1.0000 0.9353 0.9260
D2 0.9996 0.7004 0.7644 0.9999 1.0000 1.0000 1.0000 1.0000 0.9341 0.9247

PLS-DA  NoP 0.9501 0.3659 0.6897 0.9998 1.0000 0.9998 1.0000 0.9985 0.8784 0.8608
MSC 0.8673 0.3452 0.6121 1.0000 1.0000 1.0000 0.9996 0.9999 0.8559 0.8351
MA 0.9634 0.3622 0.8020 0.9966 0.9994 0.9952 1.0000 0.9984 0.8788 0.8614
D1 0.9144 0.4133 0.5689 1.0000 1.0000 0.9998 1.0000 0.9999 0.8664 0.8472
D2 0.9005 0.3108 0.6658 0.9999 1.0000 0.9998 1.0000 0.9998 0.8613 0.8414

SVM NoP 0.9923 0.6947 0.7924 0.9773 0.9728 0.9853 0.9786 1.0000 0.9254 0.9146
MSC 0.9859 0.6314 0.8146 0.9926 0.9891 0.9869 0.9810 0.9865 0.9220 0.9109
MA 0.9905 0.6384 0.8492 0.9833 0.9745 0.9806 0.9916 0.9992 0.9268 0.9163
D1 0.9915 0.6571 0.8481 0.9779 0.9796 0.9895 0.9802 0.9959 0.9286 09184
D2 0.9998 0.6666 0.8443 0.9870 0.9863 0.9827 0.9888 0.9899 0.9317 0.9219

CART NoP 0.9855 0.5110 0.9138 0.9754 0.9723 0.9853 0.9786 0.9999 0.9162 0.9042
MSC 0.9847 0.4985 0.8774 0.9924 0.9889 0.9868 0.9810 0.9838 0.9126 0.9001
MA 0.9894 0.5053 0.9148 0.9822 0.9733 0.9764 0.9924 0.9885 0.9162 0.9042
D1 0.9967 0.5301 0.8993 0.9741 0.9773 0.9856 0.9822 0.9999 09197 0.9081
D2 0.9952 0.4836 0.8907 0.9857 0.9860 0.9826 0.9888 0.9898 09138 0.9015

RF NoP 1.0000 0.6421 0.7151 0.9958 1.0000 1.0000 1.0000 0.9982 0.9228 09117
MSC 1.0000 0.7223 0.6652 0.9958 1.0000 1.0000 1.0000 0.9982 0.9266 0.9160
MA 1.0000 0.6030 0.8503 0.9979 1.0000 1.0000 1.0000 0.9991 0.9344 0.9249
D1 1.0000 0.6128 0.8182 1.0000 1.0000 1.0000 1.0000 1.0000 0.9322 0.9224
D2 1.0000 0.5987 0.8126 1.0000 1.0000 1.0000 1.0000 1.0000 0.9298 0.9197

LDA, linear discriminant analysis; PLS-DA, partial least square discriminant analysis; SVM, support vector machine; CART, classification and

regression tree; RF, random forest.

" Pre-processing methods such as Non-preprocessing (NoP), multiplicative scattering correction (MSC), moving average (MA), 1¥ derivative (D1),

2" derivative (D2).

*CIRI1, weak rice flour (WF); C1R2, mimyeon flour (MF1); C1R3, mimyeon flour (MF2); C1R4, strong rice flour (SF); C2R1, tapioca starch (TS);

C2R2, sweat potato starch (SS); C2R3, chestnut starch (CS); C2R4, mungbean starch (MS).
YAccuracy.

“ Kappa coefficient.
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Fig. 6. Evaluation of linear discriminant analysis (LDA) classification results on each grain flour samples with
pseudo color and color bar. Calibration result (a), validation result (b) and (c) using the same threshold (TH)
and LDA coefficient.
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Fig. 7. Confusion matrix of validation data (a) has accuracy (A) = 0.93, and (b) has A= 0.91, respectively. CS,
chestnut starch; MF1, mimyeon flourl; MF2, mimyeon flour2; MS, mungbean starch; SF, strong flour; SS,
sweatpotato starch; TS, tapioca starch; WF, weak flour.
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Fig. 8. Confusion matrix (a) and receiver operating characteristic (b) based on 1D CNN. WF, weak flour; MF1,
mimyeon flourl; MF2, mimyeon flour2; SF, strong flour; TS, tapioca starch; SS, sweat potato starch; CS,
chestnut starch; MS, mungbean starch.
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