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Feature Analysis of Detection of Multiple Adulterants Simultaneously
in Infant Milk Powder Using Hyperspectral Images
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Abstract; Milk powder is the hardest hit area for food adulteration. Among them, infant formula milk
powder is expensive and important, with quality being the focus of consumers, manufacturers, and law
enforcement agencies. Near infrared — hyperspectral imaging ( NIR — HSI) technology combined with
chemometrics and machine learning algorithms can detect the content of single adulterant in milk powder.
The quantitative prediction of multiple adulterants ( melamine, vanillin and starch) in different brands of
infant milk powder was studied based on NIR —HSI technology. The hyperspectral images after pixel wise
pretreatment were divided into regions of interest (ROI), and the ROI average spectra were exiracted.
The key variables for modeling were selected based on the classic filtering feature selection algorithms,
i. e. Laplacian score (unsupervised) and ReliefF (supervised). Partial least squares ( PLS) regression

was adopted to establish prediction models. A one-dimensional convolutional neural network (1DCNN)
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model with a self-defined selection layer was developed. The self-defined layer determined the important
wavelength variables according to the multiplicative weight parameters learned after modeling. The root
mean square errors of prediction set of Laplacian score — PLS models to predict milk powder, melamine,
vanillin and starch were 0. 111 0% , 0. 057 0% , 0. 034 9% and 0. 348 1% , respectively. The root mean
square errors of prediction set of ReliefF — PLS models to predict milk powder, melamine, vanillin and
starch were 0. 199 8% , 0.054 0% , 0.045 5% and 0. 182 3% , respectively. The root mean square
errors of prediction set of IDCNN models to predict milk powder, melamine, vanillin and starch were
0.8561% , 0.091 1% , 0.064 4% and 0.294 2% , respectively. The first 15 important wavelengths
selected by Laplacian score, ReliefF and self-defined selection layer were compared and analyzed. The
characteristic wavelength subsets selected by different feature selection methods were different, but the
wavelengths near 1 210 nm, 1474 nm, 1 524 nm and 1 680 nm were selected in more than one method.
The visualization results based on the ReliefF — PLS model demonstrated good predictive ability.

Key words: milk powder adulteration; Laplacian score algorithm; ReliefF algorithm; convolutional

neural network ; near infrared hyperspectral imaging

0 35

Wh 53 1 BT 42 4 IR) i — 2 T 2 QT 4R
Ko BRI TR A 55 3R, HAB 0 T Be & b HA
MERS Y, (045 958y A B B IR AT UK G, OF 2
IR Ay A ER A A

H BT, 83 42 A5OR: T00 SRe T BE ML A | S 36 28 X A
73 R R ACRAR . 28R TR, A
TR s O i kY Rk R
AN L VKL AL S L AR, X S L
TEARAE ST 2L BB A AL B D BRI % B B
18 73 BT AL S5 G B YR ot A 00 Tl LAl
BB 7787 S U M RA <R Rl K NI G S N | = E PN
Pl & Je , FLTC P | P D o S5 R I A A, S LR
BRI ER AL T — 2B T B b, molbil
JAG A e T 5 S 6 A 4 3 R e R — 2 s ) A
J B, B E I 6 3% AR BB T A AR T
FRAEAE B ZERZEY A (kR R R Ok
M) R R AR ) S B G 45
B T RIS R

XF TR B AR A, SCHR [ 12 ] 385 = 0t i A
254 PLS (i fie /) 31 ) Fiik , 78 990 ~ 1700 nm 3%
0 Bl ARG T 45y v 48 A 0 = SR U, kT AT AR
PLS 25 3 |5 F1 15 {8 75 BB 0% 6 MR & A A P Ik 2
0.02% & fix Jit &t 73 BOK F By = 5 UK WUk, X
Hik [ 13 18 3 3w 21 b w5 Ot 3% i 1R £ AR i 2 5t it £y
#E2 (Multivariate curve resolution, MCR) J5 ¥ %f 43
¥y —Jo(FLER GER R R =R AU ) ot (3
Ky FIPRZR ) A =0 (FE Ry IR R MFLIE K ) S5 AR 2
A 0L T BB BRI BEAT T TS . TR TN
e R WS I A B, T Y 2 R W o & o B0 4
X R ZEIMRT 5% o DL EARSE 3R B i 60l iR £ R
S5EIE WA B B AT DU BRI ok AR

MZ LB BAE

i G B EE 1 3 4t T A PR A
DL KT 21 A i DX W Wi e i A S5 R L, 1 G RO A
BT AVRRAE A2 8 B — BOR B AE 55 . AR T RUE
(AR U IR I o4 o) B B T i B g ) A AR
R, WA A BCHE b B 3l 48 R G R A O 22 o, T
S5 Fen] 38 B B AR (RS W K F o SCERL 14 ] F i
LLAM GG 25 5 B T B I PL Y B R B Rl 22
2% ( Convolutional neural networks, CNN) & 4% J5 ¥,
A0 A () ity 22 &)y JLC 5 3 ks o B — 45 2% 11 K i
B AR M = R EURE 5 48 8 ] A 5 i (PLS A% D
fz/N —. 3 ( Kernel partial least squares, K-PLS) Fil
CNN) AH He , Fir 32 0 4 B 77 125 32 B0 Y B 000 8 1 [l
HPERE

S A DL B A X B AR R 4 A6 I AF 5
BRZ EZNIR R — BRI O0, H Y58 A A 1 5 i
FAUI B — T S PR ARG DAL LR A . AT
T4 Fofr it R 22 4l L TEC J7 W ok, 1] He b ) 4B A
SRENE A L X TER 3 R, o3l s kT
FRIE B 16 550 1 22 BUPIL A5 2 >0 B AL RIIR 2 2 o B R
P 25 A5 RY 1) T b 2 e g X AR AR 2 R R
¥ T e B A 5 B3 23 0 ( Laplacian score ) FIAT
B9 ReliefF, 37 PLS BIRY, 44 @ 58 34 17 fif B 1 43
BIF I R I 52 SCIE 2 9 I DCNN R 3 A [
BB T B0 . BE 3 MO R E 090
I x Fme D ABE Y 174 T 45 SR AT AT AAL 4 BT

1 X3

1.1 HmblE

AT L 4 f 2 T S O R T e 3K 4 A R AY
1 BE(0~6 4 H) %ah LB T ik - ACRES) (B(5E
B CON P SE) DS ) o & 22 5O = R FU%
Wy 5 AL 5 5 WA AR WY BB IR W] 4 99. 5%



370 & L

2024 4

Phbo R 1T R R 0k 5 A [W] it o Bmd =
R A 2R MGE SR i & Z B R
#1 BERERPEBRUNEERENY

Tab.1 Mass fractions of different adulterants

in mixed samples %
Wk =R TR TE H
A 94.5 5.0 0.5 0
A 94.5 0 0.5 5.0
B 85.0 5.0 0 10.0
C 79.0 5.0 1.0 15.0
D 62.0 10.0 3.0 25.0

B ROE A WA 3 AR B RS 3R L
(100 mm x 100 mm x 15 mm) #1, ¥ K J2 J& i 24 |5 1%
FRILE BE R 172, F BOME a5 X il & gl 5 ok L — 2R
T A LR FTER A,

ST B S H T A T X A S B UE R i 1 R
RE 7, NI 0 3K I AE 4 A 0% AN [] 4t 1 43 ok A
Mo —REM FEZRWA BEE AR AERHECA
RS w), VE# e A I 25 4R AT Ak 2= R A R | . (]
FEH BRER 1 Pl 7 Jot 2 40 B0 45 TR & W FE i 4 Ry A1 86
SRR o WAL, Ry T — 2D A3 BT AR AL S [ Al R4S
WB A HUN AE J7, 02 2 B, &3t T B B AR
UEAE G o B 0 5o Uk A A i £ BT T 9 3 4 4B R )
55 MR g e e i B AR ), AR & ik T — A4~
BB 55 37 L AT Je 2 i B ds R 4k
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Tab.2 Milk powder brands and mass fractions of

different adulterants of mixed adulterated samples

in new external validation set %
R

3 6 — _ REAR —
Wk = REM F2H TE A

B 94.5 5.0 0.5 0
C 94.5 0 0.5 5.0
C 85.0 5.0 0 10.0
D 79.0 5.0 1.0 15.0
A 62.0 10.0 3.0 25.0

1.2 StiEE&IRE
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SisuCHEMA %Y, Spectral Imaging Ttd. 2\ &, 3% %)
CH D) SRAERE il 1 0636 B R . 6T InGaAs £
B LA 8 = L I A AL (SPECIM FX10 B4, Spectral
Imaging Lid. 27,75 >%) RAERDLIE LI 935. 61 ~
1720. 23 nm JG3& 53 B8R 3. 45 nm, KR 73 P R 2
7 0.26 mm/ 8%,

~
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Fig. 1  Schematic of hyperspectral imaging system
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FRF 2% $% ( Feature selection, FS) ™' 2 i te &5
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RS A FE 1 210 nm &b (1 W oAC e B0 5, i W i 0 5
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Fig.2  Average spectra of pure samples of milk,

melamine, vanillin and starch
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22 (RMSEV) 8 % e L T A2 1 N 1 8. PLS &k
BRI 25 R a3 3 v zs o AT LU Y, 950y L = R
i A 22 R FIGE Ry TN ASE TR0 f) 52 1E A 58 SR IE AR R
AR YL E 8 R™ ¥R T 0.960 0, 3% B & 37 1)
PLS KL BE A% A7 25 WUIR & 1 vh 4% W B & B o AR
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£3 PLS 2 KMBTNLER
Tab.3 Prediction results of PLS models based on

full wavelengths

WA 1 1E 4R 2 X Bk T £

g RIE L BOrR L WO i
R, R, R,

TH 1R 2%/ % /% " WE/%
Wk 7 0.9999 0.1410 0.9998 0.1553 0.9998 0.1605
=HEH: 7 0.9999 0.0380 0.9998 0.0417 0.9998 0.0470
HF2ER 7 0.9993 0.0283 0.9632 0.2132 0.9991 0.0314
TER 6 0.9998 0.1208 0.9998 0.1353 0.9998 0.1333

2.2.2  FLFHRFE A A PLS 5

I FH 79 h R AIE 3% K 7 3% 53 Laplacian score Fil
ReliefF fLE 15 S HFAE P, I 5 T i 2063
PLS BAY, 45 AN 3K 4 s, A R e R0
KT 0.960 0, F50 0 GE 7 W& AR T4 P A B A, {H A5 g
T PAL M T W Ry = R = R AE R . TR
= BN AN TE Ry T v, ReliefF — PLS AR R R
B A 2 R W P, Laplacian score — PLS 5 #U %
REH

54k Bt PLS BEAUAR LY, >R F 0 326 495 11E I 4 10
T3 ¥ 23 KR s/ > S B i K B3 o, 4 T 4 sk A A s B
AsFra] , $2 75 46 0 %% % . Laplacian score £l ReliefF J
P M AE TRy = R U A 22 3R UE A e 0 A5 A v
i 6 B PR AE B RE E A W 3 R .
T Laplacian score Sy 3 Wi B 530 1 0 X A [R] 499 Joi o
TE A LA A [R], T/ 25 5 R H ST R [ A
F14) S DA R i B AL 0 o B AN TR N R 2 380, BT ik i
WK R Z A3 A 7 1 450 ~ 1 550 nm 22 [A] 44 4iF 1%
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Tab.4 Prediction results of multispectral PLS models based on characteristic wavelengths
P b FRAE I K AR ®IE 4 P AN S T 4
R AT 5 R MPRRE2Z/% R, MITRIR%E/% R MOTRIERE/%
sy 15 7 0.999 1 0.358 1 0.998 7 0.449 1 0.998 5 0.1110
=R 15 9 0.999 8 0.0420 0.999 8 0.048 4 0.999 7 0.0570
B Laplacian score 15 9 0.999 2 0.030 4 0.963 3 0.2136 0.998 9 0.0349
TE M 15 8 0.998 9 0.283 4 0.998 5 0.3316 0. 998 4 0.348 1
Wk 15 9 0.999 8 0.1597 0.999 8 0.1880 0.999 7 0.1998
=R AN ) 15 11 0.999 9 0.036 8 0.999 8 0.044 1 0.999 7 0.054 0
FeE feliefl 15 8 0.998 8 0.0358 0.9619 0.2151 0. 998 2 0.0455
TE M 15 12 0.999 8 0.107 5 0.999 8 0.130 1 0.999 6 0.1823

)
1200 1300 1400 1500 1600 1700
I K /nm

clan score

"200 1300 1600 1700
Pl 3 RRAE P AE T 20 i 43 e
Fig.3 Distributions of characteristic wavelengths on
average spectra
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o fi 5 VD AR 5 B R SCREAIE (UL 2.1 719 ) o ReliefF i
TE Y R AE A R e A T 1 213 ~ 1 241 nm
1386 ~1 393 nm,1 428 ~ 1 456 nm D) Az 1527 ~
1541 nm, K 1224 nm 5F 2K d ) C—H
BEAT 56K 13931 4461 450 nm 55 5 43 1 ()
O—H Bt (9 LA AR B A7 677 o R[] 9y o4 7
X IV B R A K 43 A #4535 . Laplacian score Fl
ReliefF 77y Bk 28 2. 1 19 0 518 2 i 4 A I i e
1213 nm Fl 1524 nm [ffiE %K
2.3 CNNBER&ERZET
AR & 28R 27 SO IR ) 20 1+ 1

BEAL A 0 o DI 56 Ul 4R R FTI 4E |, 345 2 )1 R 4R
70 ZKETE (14 2% x5 Fh) Bk £ 35 A0 3E (7 4% x
5 ) LATINAE 30 Z0LiE (6 5% xS Fl) o Wik,
RN A 22 R Ry L T A P B L 9 CNN g
TR P25 R AN S P o P AR B e R A0 1
0.9950 LA I, UM A4CR i IR T 42 I PLS BERY AN 22
il PLS BEIRY, B AT L4 B O PEBE . AR A B 5 X
PR JZ B R B W, U A 15 MR IE S I
FFARTEAEFEEE I L (E4) .
®5 CNNEBWHNER
Tab.5 Prediction results of CNN model

eSS AN S il 42
Y5 ,  BIR , HIR , IR
R R R
O R%E/% R/ % TR/ %

Wk 0.9963 0.7860 0.9968 0.7534 0.9958 0.8561
ZWEME 0.9999 0.0714 0.9996 0.1068 0.9998 0.0911
F2HE 0.9985 0.0725 0.9990 0.0754 0.9981 0.064 4
TERY 0.9994 0.2482 0.9994 0.2466 0.9994 0.2942

0 1200 1300 1400 1500 1600 1700
K /mm
5 4 CNN BRI [ 8 S Pk 0 R AiE I 1K AE T 3 06 1%
&l 11 43 A

Fig.4 Distribution of characteristic wavelengths selected
by self-defined layer in CNN model on average spectra
XFLE I 3 il 4 AT 4% CNN A AU X R i 6 H i
15 4N K 5 B 43 4 8¢ Laplacian score 1 ReliefF Jy
e 4y W, 6 T 5 Ry 1 AR Y Laplacian score |
ReliefF Fl [ & 2% 7 1524 nm fE N FRIEAE &
T =R EF AL A Laplacian score £l H & X JZ
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Bk 7 1474 nm, SCHR[28 | R W1 IE K 5 N—H
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score Fl [ & 2P T 1210 nm(C—H #E3h) >,
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B ReliefF i 1 (9 ¢ AiF 9 4 T 20008 iy A A4 2 47 1) A
N 22Ot PLS #5280 45 3] & SR 3R S0 I 1Y 1) 5

FgT

¥ /0%

2.5 EBEIIGIE
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T AR A1 6 E £ A H b U6 UE 42 A T &% SR 4n
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F10.999 6 [& 4 0.9374 F10.654 1 ;34 5 M 1% 2% iy J
K1 0.199 8% Fil 0. 182 3% #8 K- 4.380 8% FlI
6.059 0% ) ,AFL W5 o3 475 AR A5 45 B AL A T 285 5L, U
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HZ SRR REA 22 53 F 800 . BRI SR 30TE 4 b
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] 4 A4 S 150 x 150 6 [ & 48, JF i 181, 15 3 A
[F] 49 Jo Jox 2t 43 A AT IR 45 2R an 8 S s . DS
rh AN [ 23 €8, 728 b 2R s A5 U X6 A . ) I S0 BT A 4y
B, B Sa s BRI X BT 53 5 62% (79% |
85% I 94. 5% 1 5y 1ty T WAk 151 H 5 3] Ve 2 31 B 4%
ARk B I, R A B 62% Wk 4k R P i R R
M2, RTINS A 8 F AR Th AR K2 65% i
T, BT AR 94, 5% Wik A R vh E Oy E 4k
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K Shi s B4 Biit 3800 5% il 10% = 5z 1)
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Fig.5 Visualization of predicted contents of four substances based on ReliefF — PLS models

& 6 ReliefF - PLS & St i & 2 3 B H R K B T 45 R
Tab.6 Prediction results of ReliefF — PLS multispectral

model for different datasets

SRS B 4 4 AN I 4
LN e PR ” #5718 & #9718
TR % C RS % R/ %

gk 0.9997 0.1998 0.9374 4.3808 0.7953 6.9816
BEM: 0.9997 0.0540 0.2712 3.7630 0.0757 4.6258
22#E 0.9982 0.0455 0.2201 3.9428 0.2688 4.0121
TE M 0.9996 0.1823 0.6541 6.0590 0.7952 6.0768
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