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Fig. 2 The original and pretreated spectra
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Fig. 3 Flow chart of SVM parameters optimized by SSA
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Table 1 Precision comparison of preprocessing models

T RMSEP R} RMSEC R?
N-PLS 0.313 6 0.924 4 0.129 3 0.963 5
Standardization-PLS 0. 286 9 0.927 7 0.120 7 0.965 4
MSC-PLS 0.2616 0.931 6 0.105 4 0.968 9

2.2 SPA HiEHEERE
i S 52 B 1 (successive projections algorithm, SPA)7E
1 S ARSI 43 BT H w8 TR R, BE A A £ B Bk T
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2.4 AW

TN SH c AR g BRIFFMEN P MAEESH,
R0 A T RE T (RGBS R, SR BURE I ¢ il g 2 SVM
Pl s, R AR TAR SRt SSA SRk ik SVM 47
o GRER, BREFLENSHORE R RERE N=20,
5 K IER B Max_iteration=200; SVM 1 1E ST 28 ¢ FilAZ%
PR e BUENERI R2 7, 2° ], BARBNBEESHEN:
=3.4825, g=0.031 2, Wk 2ul, MMEiERN c Mg {E,
SSA-SVM #i B (14 & fie 5 o

T % %% SSA-SVM B[ FIN M BE . 3 B PLS A 5t
LR (GA) . B TR W (PSOY AL 9 SVM A 51 bk, %
CARS F1 SPA 7 I H 19 27 F0 17 AR AE 3 B AE R JLAS
R A S s GA-SVM WISl c=7.221 8, g=
0.043 5, PSO-SVM Wi fE &8 K c=17.187 2, g =
0.051 2, ¥ S HMRABAL, BOMAFPWEARS =, @
Sk R A AR T A R RIRE B 328 BB LS e O P A 4 2 B
AR,

of bt R T TR BE . 4 U B RO 1 A A AR
W, SSA-SVM 4 PLS Bk MERI KR & T 5.83% . &
SVM % 8 fE 1 R 48 & 6.03% ., 8 GA-SVM & 3 #l PSO-
SVM Bk e R DI E T 2. 68% F1 5. 2% . # W] SSA-
SVM 2= W4 25 14 I3 Jo e 1) TOU 00 A A0, AT DA A A T 2 %
hAEAR S . WK 6\ LLE 1 SSA-SVM & 12 1 & b ¥ (A
W 35 7 2 35 X U B in 2 7 U B AR, B 3 SR A A S AR
RE.,

) SSA-SVMIi it £k
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Fig. 6 Fitness curve

Fitness value

2 WK AE 125 DB . CARS $2EUHY 27 D HFAE P
Bl SPA R IR 17 AR AL 3¢ BE 7 5 A D iy A . R ]
T Fob A ] #9500 A% o 4= 3 8 B TN R R bl . 2 Ax ik
BeAF g A, SSA-SVM KRS 8 J50 & HE B AT LA 2
Wi E SR, R*=0.988 9, RMSE=0. 009 2, #£H} 6.056 9 s,
SVM., PLS ¥ F 25 st ] 5 45 B4 4% I 24, fH v Al 38 LIRS
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5A-SVM Fil PSO-SVM B K B te 58 SVM 15 314 &, 3
AR TFASCIR I 1 SSA-SVM i1, Jf A m . hi3k 2
A LA O 1) A M S ) TR e Sk A B 5 1 T sk AR, T
BORHE T B SSA-SVM > GA-SVM > PSO-SVM > PLS >
SVM, HYEFRAEB; B e £E ), CARS BRI T SPA, ML)
SSA-SVM g T #5784 fif . CARS 36 5 1 3 BEAE o g A8
WS H SPA SR EEE 0.12%, AW BE 1.07%,

iR K], SSA BT GA, PSO Bk X SVM 1 ik
I RARE, REDEARMEML, A%Ea THEPES
TR B A . ELk AR R4 B B 4 J . PLS A SVM
Bk BARR A, (A B AESE AL, AW O B R A
EERV eI

F2 BEREBEEIL

Table 2 Precision comparison of different models

BT B RMSE R? Time/s
Full-PLS 125 0.091 4 0. 930 6 6.132 1
CARS-PLS 27 0.037 6 0.959 8 5.755 4
SPA-PLS 17 0.052 7 0.956 1 5.269 7
Full-SVM 125 0.105 4 0.928 6 4.231 1
CARS-SVM 27 0.040 1 0.957 1 3.987 1
SPA-SVM 17 0.053 3 0.948 6 3.236 7
FullFGA-SVM 125 0.029 7 0.9621 16.326 9
CARS-GA-SVM 27 0.015 3 0.979 8 13.143 2
SPA-GA-SVM 17 0.023 1 0.968 7 10.052 7
Full-PSO-SVM 125 0.088 4 0.936 9 13.2411
CARS-PSO-SVM 27 0.031 6 0.964 9  10.2311
SPA-PSO-SVM 17 0.037 6 0.959 8 8.534 1
Full-SSA-SVM 125 0.009 2 0.988 9 6.056 9
CARS-SSA-SVM 27 0.001 1 0.999 6 4.112 1
SPA-SSA-SVM 17 0.004 8 0.998 4 4.052 7

% 2 W[ 1. CARS-SSA-SVM Ky il il % 5 i 8, R* =
0.999 6, RMSE=0.001 1, i}y 4. 112 1 s, F 45 5% 4n &
7R,
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Hyperspectral Analysis of Milk Protein Content Using SVM Optimized by
Sparrow Search Algorithm

LIU Mei-chen, XUE He-ru” . LIU Jiang-ping, DAI Rong-rong, HU Peng-wei. HUANG Qing, JIANG Xin-hua
College of Computer and Information Engineering. Inner Mongolia Agricultural University, Huhhot 010000, China

Abstract Milk contains many nutritional elements needed by the human body, such as fat, protein, calcium, etc. Therefore,
analysing nutritional elements in milk is a key part of milk safety detection. Hyperspectral technology can effectively identify
nutritional elements in milk by combining image and spectral data. In order to quickly and accurately predict protein content in
milk, the Competitive Adaptive Reweighted Sampling (CARS) algorithm was used to select characteristic wavelengths. A
method based on Sparrow Search Algorithm (SSA) to optimize Support Vector Machine (SVM) was proposed to predict milk
protein content. The reflectance spectra of milk (400~1 000 nm) extracted by the hyperspectral spectrometer were used for the
experiment, During Normalization (N), Standardization and Multiplicative Scatter Correction (MSC), the original milk data are
used for spectral noise reduction to improve spectral utilization. The successive projections algorithm (SPA) and the competitive
adaptive re-weighting algorithm were used to extract the feature wavelengths from the processed milk spectral data. The
correlation coefficients between proteins and the spectrum were calculated and ranked by importance to obtain the important
feature wavelengths. In the end, through SVM, the Genetic Algorithm (GA)-SVM, Particle Swarm Optimization (PSO)-SVM
and Partial Least-Regression (PLS) algorithm was used to predict milk proteins and compare the prediction results. In order to
improve the accuracy of protein prediction and model stability, SSA was proposed to optimize the kernel function G and penalty
parameter C of SVM. Root Mean Squared Error (RMSE) was used as the fitness function, and the optimal regression
parameters were selected through iteration to train the model. The results of milk data prediction showed that the optimal
combination model was MSC-CARS-SSA-SVM. The determination coefficient R* of the model test set was 0. 999 6, the root
means square error RMSE was 0. 001 1, and the time was 4. 112 1 seconds. The results show that the CARS algorithm can
extract the characteristic bands and eliminate redundant information., thus improving the efficiency of the model and simplifying
the algorithm’s complexity. The SSA algorithm optimizes SVM’s parameters and can quickly obtain the global optimal solution
by iteratively updating the optimal position. Compared with SVM, GA-SVM, PSO-SVM and PLS. the prediction accuracy and
model stability are significantly improved, which meets the accuracy requirements of milk detection, and is a feasible new method
for fast detection of milk protein. It provides a theoretical reference for the optimization of spectral models and the improvement

of prediction model accuracy.

Keywords Hyperspectral; Milk protein; Competitive adaptive reweighted sampling; Support vector machine; The sparrow

search algorithm

* Corresponding author (Received Apr. 16, 2021; accepted Jul. 16, 2021)



