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Abstract ; The protein content of milk will affect the quality of milk. The feasibility of predicting the pro-
tein content of milk is studied by using the spectral feature information of hyperspectral image. In this
paper,a prediction modeling method (CARS-SPA-BP) based on competitive adaptive reweighted sam-
pling (CARS) and successive projections algorithm (SPA) combined with multilayer feedforward neural
network (back propagation,BP) is proposed. In the experiment,250 groups of hyperspectral data of five
kinds of milk were collected by the visible/near infrared hyperspectral imaging system. Through the ex-

perimental comparison, the standardized method was used to preprocess the obtained absorption spec-
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trum,and then the CARS combined with SPA was used to select the characteristic wavelength, 18 char-
acteristic wavelengths are obtained. Through experiments, the determination coefficients K. and R. of
training set and test set of CARS-SPA-BP model reach 0. 971 and 0. 968 respectively,and the root mean
square error of calibration (RMSEC) and root mean square error of prediction (RMSEP) reach 0. 033
and 0. 034 ,respectively. It is found that the prediction results of multilayer back propagation (BP) neural
network model based on CARS and SPA are not significantly lower than that of full wavelength model,
Therefore,the CARS combined with SPA for wavelength screening and BP neural network can basically
complete the prediction of milk protein content. In order to verify the prediction ability of CARS-SPA-BP
model , the traditional partial least squares regression (PLLSR) is used to model under the same data envi-
ronment. The experimental results show that CARS-SPA-BP has significantly improved R’ and RMSEP
compared with PLSR. The results show that CARS-SPA-BP can make full use of the spectral character-
istics of milk to achieve high-precision detection of milk protein content.

Key words: milk protein; spectral analysis; characteristic wavelength; competitive adaptive reweighted

sampling (CARS) ; successive projections algorithm (SPA); back propagation (BP) neural network;

prediction model

1 3]

XFELH S E R RIS B EEM
Ehrgi e mE & &, FUEN AT H & A
W0 T Y AR 5T W A R R HE B () 8 ™ S e
ATl Y & R AT R Y B R fd BT, R B R
Ui RN S s e S Wil AUl Iy i F | A 102
AEEEZ L.,

S o AT AR AR LD | TR T A R AR
Feal a0l (B2 B AE 2 A S )T 2 N
MOFEHAE 4 FE A B & & AW gk B A
B, RT RO AT EA RGN — R EL S
S BR D R G AR AR FE AT
L FRBUE IR 6 1 BCHE s 2) X 3% BOHE AT 0E Y
P A B B T P B O X s E AT R 4E s 3)
SF WU AR B T AR R BN R O 1 A b 9k R AR
WAy & B G R A D T O 4
A A F AL 4 7l I3 (partial least squares regres-
sion, PCR) Hl £z /)y — 3¢ 3 #F 7] & ML (least squares-
support vector machine, LS-SVM) # 57 4= 1 & 1 i
T RSO T 22 ) A R O AR A R R
X B AR L T 2T A0 GO R B T i e /)
.3 [a] IH (principal component regression, PLS) &
RURE I AR5 b 38 L B & m ARE T & . AT
SR O T O 0 R R R R T D vk R
PLS A1 N-PLS #5573 A 4= 75 o fig 17 7 &

H A K s 5 R T4 05 09 o 5 b, R
SR I 32 B 43 43 A 2 X8 R O 5 BOHE B 4R L 9K S R
FUA% 58 1 BL 4 5 > 55k g 57 [a] )5 5 A, fn PLS,
PCR. ¥ #f ] & [0] I (support vector regression,
SVR) & 2k M 32 W43 43 B 125 0 J5L 46 't 1% £ 4
Yk W R ML IR T s 06 il 42 B SE B 1) ) B

T

S, R B ARG F I B R E A & R
WA TR B R AT o B T . 3 A P 2 T DR A
AT A E AR S w AR, S
IR N R Y LD O Ry LR sl = BT oL N £0)]
WF 5 A 8 . P AR SCHE X DR R O 5 AT bR
HEAL TUAL B A LAl b R TR I SE B B IS N
B IAL & (competitive adaptive reweighted sam-
pling, CARS) 45 & 1% 22 % 5% 8 1% (successive projec-
tions algorithm, SPA) i ¥ 4§ 1 3 & . 3 1 & BP
(back propagation) f1 2 W 4% ) g A @ 2 4R
JOT P VRO AR R, S B 45 B IR T AR SC ik By a]
1T

2 MRS

2.1 BEAHISEESHERE

SEE SR T bR UL 5 AR S RS O R
JBAE R QQ B ORI 5 B i B O W] 2 BT
WeRE I Al A5 HAE 1 B B 400 o 3.0 g/100 mL,
3.6 g/100 mL.3.2 g/100 mL.3.2 g/100 mL.3.3 g/
100 mL. F¢ 5 13 5 J5 08 T R IR LA fil A AR
SR 4F HyperSpee. PTU-DASE & 't 3 i A& AL i
Fr 4 R R GERY G IE L F D 400—1000 nm (7] 1L
J-IELLAR TG FED L A 125 A I B, R S B 1T
XF G AR R G AT TR AR IES . i ENVI
BT A AR AT IR R X B B (region of inter-
est, ROD , {3 B A K] 43 50 A~ K/NAH [R] #9 ROT,
LRAR250 e EdE . B 1A 5 MERAGIE AL,
2.2 AR

3 0 X 46 O 1% AT A8 & AR fE 4R (standardl-
ize) . 2 JC B 9t %F IE (multiple scatter correction,
MSC) ., #1.0> 4k (mean_ centralization) . Savitzky-Go-
lay (S-G) V-1 Tl gb 31, A7 638 Ak #2013 &



S5 1IN WG A - BP B I 4 45 5 7 B Ry A A g A 1S AR e Y T . 25

FERERITT 2 AR T Y 45 R A5 0L R AR v 1k Ak 2
e R A 2 A AR 45 2R R fe 0 A9 L D I T g AR
BB IR AR R A T bR AL UL B

Reflectance
[} (=] (e} — — —
2B o0 0 ©o O B

S
[}

400 500 600 700 800 900 1000

Wavelength/nm

1 FmtiEE

Fig.1 Spectrogram of samples

AR SCBP 28 ) 265 A R BF 45 A AL A TR E AR L

(R*) FN 4 )7 M T 1% 2% (root mean square error of
prediction, RMSEP),R* # X ,RMSEP i/}, 3
RS A A 15 2 DN E A R B S TR H Y
Filt T3 v Pk 3 2K 1 R AR I AR ] BP o 28 ) 45 A
2.3 FHERKIER

o1 TGS R U Bt 2 B R IR
ZTE] A AR DG M B PR O SR FH A DR A ST B R
A%, JF HORG AR . R FH 28 & R 45 5 1, BB AT &80 1o A
W8 1 SR S AH OC I R AR B A L X ik K AR i R AT R
a5 AL BRI G5, B A R i . R CARS 454
SPA i & 4 W R AR B

CARS 2 — 455 5245 K 2 RAERE A PLS 1y
FRAF P K e B 35 . CARS 238 i [ 1% N 5 AL
K #f (adaptive reweighted sampling, ARS) 3% A fiff 1%t
th PLS #5570 v 0] 5 2R %4 %o {8 K ) % R A8 o, L BR
P /N B I 72 i, R A ) 58 SUR IR 28 58 S
54 ¥ 5 MR 1R 22 (root mean square error of cross-
validation, RMSECV) L fe i) 14 - DT £ i 45 18
1) ' T e

®1 BPHENKZERFMEARSENTNREITNER

Tab.1 Evaluation results of BP neural network model for prediction of milk protein content

Training set Test set
Spectral

pretreatment method R? RMSEC/(g + (100 mL)™") R RMSEP/(g « (100 mL)™")

Standardlize 0.983 0.025 0. 980 0.026

MSC 0. 900 0.062 0.586 0.122

mean_centralization 0.964 0.037 0.951 0.042

Savitzky-Golay 0.709 0.106 0.663 0.110

None 0. 829 0. 081 0.762 0.093

R IR s ) S 2 i /N i SPAL HAL R 2
AEFR A BE 2 SRR AR B K T BR TR B B & AT
2% AT LA 0 v 4 BB 35 A R AE D R
2.4 BP LML

i Rumel Lhart il McCelland 40 5 i) — Bl 2%
/N T 1986 4FE42 ) (BP, back propagation) W 4%,
T2 Z 0002 W 4, HA R A5 A Z R
&2 A 2 R R Bl 2 T TE & 2 Z (8] ST A i
Pl o S R R R T R L S T b 9
S5z 16 A2 A 00 2% A AS(EL N I (L, D I/N iR 22 . BP i 42
0 £ 7 100 £ B 18 R 8 5 T 44 B U (H A 2
B RN R — A B BP b2 I 2K 45 4
&l 2 s .

B2 BPHZAZMELEWN

Fig. 2 Structure of BP neural network
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Fig. 3 Characteristic wavelength of milk sampling:
(a) Number of sampled variables: As the number
of runs increases,the number of variables
gradually decreases; (b) RMSECV:As the number of
samples increased,the RMSECYV of a single
PLS model decreased first
and then increased,and the minimum
value can be reached when the number of samples was 17;
(c¢) Regression coefficients, where

the dotted line means the lowest RMSECYV value
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Tab. 2 Ealuation results of prediction model of milk protein content

based on BPneural network model with different spectral data

Training set Test set
Spectral data ‘ ,
R? RMSEC/(g+ (100 mL) ") R} RMSEP/(g+ (100 mL) ")
Standardlize-spectra 0.983 0.025 0.980 0.026
CARS 0.972 0.032 0.979 0.027
CARS+SPA 0.971 0.033 0.968 0.034
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Tab.3 Evaluation index of each model
Training set Test set
Model ) N
R? RMSEC/(g + (100 mL)™") R; RMSEP/(g + (100 mL)™")
CARS-SPA-PLSR 0.946 0. 045 0.926 0.053
CARS-SPA-BP 0.971 0.033 0.968 0.034
. nal,2014,35(1) :44-5+50.
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