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Fig. 1 Flow chart of the identification of FT-LPS-BFs

based on MSI technology
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Table 2 Performance parameters of SVM and NN models based on ( [ ) ROIs-1 full spectra,
(1) ROIs-2 full spectra and ([ ) ROIs-2 key spectra

EST e Fe DS W o %
REE RS e REE LS 5 /%
1 SVM FT-LPS 0. 84 0. 89 0.95 0. 47 0.41 0.67 55. 56
FT-LPS-SBF 0. 96 0. 84 0.91 0. 47 0.78 0.93
FT-LPS-IBF 0.78 0. 85 0.93 0.73 0.58 0.73
NN FT-LPS 0. 98 0. 99 0. 98 0.70 0.75 0. 54 71
FT-LPS-SBF 0. 96 0. 96 0.92 0. 55 0. 96 0. 86
FT-LPS-IBF 0.93 0. 99 0. 98 0. 85 0. 86 0.79
I SVM FT-LPS 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 100
FT-LPS-SBF 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00
FT-LPS-IBF 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00
NN FT-LPS 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 100
FT-LPS-SBF 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00
FT-LPS-IBF 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00
I SVM FT-LPS 0. 98 1. 00 1. 00 1. 00 1. 00 1. 00 100
FT-LPS-SBF 0.98 1. 00 1. 00 1. 00 1. 00 1. 00
FT-LPS-IBF 1. 00 0. 96 0. 98 1. 00 1. 00 1. 00
NN FT-LPS 1. 00 1. 00 1. 00 1. 00 0. 88 0.93 100
FT-LPS-SBF 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00
FT-LPS-IBF 1. 00 1. 00 1. 00 0. 87 1. 00 1. 00
%3 ETF ROIs2 $51E ik 4> 2 FI-LPSs #1 FT-LPS-BFs ) SVM 1 NN £ 2 38 3% 45 b5
Table 3 Confusion matrixes of SVM and NN models for the classification of
FT-LPS and FT-LPS-BFs based on key wavelengths
- N UE%S HURE RS
a2 HZER FT-LPS FT-LPS-BF FT-LPS FT-LPS-BF B/ %
SVM FT-LPS 49 1 15 0 100
FT-LPS-BF 0 100 0 30
NN FT-LPS 50 0 15 0 95. 56
FT-LPS-BF 0 100 2 28
x4 ETEGHENSYM i NN BRSFER AR B B AR

Table 4 Results of SVM and NN models

based on image information

WA R H 2 5 R KRR OBKEE

FT-LPS FT-LPSBF [ % H& /%

SVM  FT-LPS 59 6 0.91 0.91 0.95 93.8
FT-LPS-BF 6 124 0.95 0.95 0.91

NN FT-LPS 59 6 0.91 0.89 0.95 93.33
FT-LPS-BF 7 123 0.95 0.95 0.91

FEPTET B S BRI FH R A0 B AR I 25 BR A8 AR o 0
B0, WA RGE % PCA BRI &8O, R R o B K ak
4Bk FT-LPS fl FT-LPS-BF Wi sk i 484t %% , FT-LPS-
SBF 3 — 1745 — 1) R 8 iy / 405 4 21 20 55 R 19 1% 26 45 1E
ol FHemEg W, X RS Rm AN EERNERZ
— . FT-LPS-IBF (4 — 1755 =51 [ o B 3 45 7 B 1% 2 1 4k
B Ry FT-LPS, 3A] RS B 0 3 88 14008 1Y ' M i vk e
KT 2 MBS . 254 EHR M5 B SVM B R (L
A LARE B U 00 R A R R R, R BE AR A e AR g R,

FT-LPS-SBF FT-LPS-IBF

B J= el
e lNeNe

B4 ETERERNSVMRRSIHTE

Fig. 4 Images of typical samples in SVM models
based on image information
3 &4 ®
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Non-Destructive Identification of Hazardousbone Fragments Embedded in
the Frozen-Thawed Pork Based on Multispectral Imaging

ZHANG Hua-feng', WANG Wu' ?*, BAI Yu-rong', LIU Yi-ru', JIN Tao', YU Xia', MA Fei' *”

1. School of Food and Biological Engineering, Hefei University of Technology, Hefei 230009, China

2. Agricultural Chemical Engineering Research Center of Ministry of Education, Hefei University of Technology, Hefei
230009, China

Abstract Frozen-thawed pork was widely used as a raw material for processing boneless meat products. The hazardous bone
fragment (1~2.5 cm) embedded in the pork can risk processing equipment and consumer health. Therefore, it is necessary to
study the feasibility of multispectral imaging technology (405~970 nm) for rapid and non-destructive identification of the bone
fragments embedded in frozen-thawed pork. In this work, 195 lean pork slices (LPSs) were prepared into 65 samples of boneless
LPSs, 65 samples of bone fragments embedded in the surface of LPSs and 65 samples of bone fragments embedded in the inner of
LPSs, and then the multispectral images of them were captured after freeze-thaw treatment. These images were segmented by
canonical discriminant analysis (CDA) and converted into two types of regions of interest(ROIs-1 and ROIs-2), then extracted
their spectral and image information. Finally, the identification models of hazardous bone fragments embedded in the frozen-
thawed LPSs were established by support vector machine (SVM) and neural network (NN). The results showed that the whole
spectra extracted from ROIs-2 had better identification ability of bone fragments than that extracted from ROIs-1 and could be
used to establish SVM and NN models with 100% accuracy, indicating that the region segmentation was closely related to model
accuracy. The bone fragments in pork could be identified with 100 % accuracy using the spectra extracted from ROIs-2 at six key
wavelengths (505, 590, 700, 850, 890 and 970 nm) that were selected by successive projection algorithm (SPA) ., implying that
the testing efficiency was further improved. The image information had a significant advantage because it could establish the
SVM model with 93. 8% accuracy and the NN model with 93. 33% accuracy for identifying the bone fragments that were lower
than those established by the spectral information and obtain visible results. In conclusion, the bone fragments embedded in the
frozen-thawed pork could be precisely identified based on multispectral imaging technology, which would provide a theoretical

basis for industrial online detection.
Keywords Bone fragment; Frozen-thawed pork; Multispectral imaging; Chemometric
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