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Breast Fillets Using Hyperspectral Imaging
and Generative Adversarial Network
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(College of Mechanical and Electronic Engineering, Nanjing Forestry University, Nanjing 210037, China)

Abstract: Chicken meat was widely favored by consumers for its excellent texture and reasonable price. However, the fre-
quent occurrence of white striping (WS) myopathy significantly impacted its quality and marketability. In this study, the
comprehensive myopathy index (CMI) was developed as a quantitative predictor of WS myopathy using multiple physico-
chemical parameters, including pH, shear force, cooking loss, drip loss, and color. In combination with hyperspectral imag-
ing (HSI), a CMI prediction model was developed to achieve rapid and non-destructive identification of WS myopathy. To
address the limitation of insufficient samples, a regression generative adversarial network (RGAN) was proposed. Spectral
data and the corresponding CMI values were generated simultaneously. And the generated data were highly consistent with
the real data in spectral features, t-distributed stochastic neighbor embedding (t-SNE), and CMI values. The comparison of

models showed that the convolutional neural network regression (CNNR) model achieved the best performance (Rlz, of
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0.835, RMSEP of 0.057) when 300 generated samples were added. This result confirmed the effectiveness of RGAN in im-

proving modeling accuracy and generalization. In conclusion, the proposed CMI prediction method integrating HSI with

RGAN enabled accurate quantification of WS myopathy in chicken breast. It would also provide an effective solution for

intelligent detection under limited sample conditions.

Key words: white striping; hyperspectral imaging; comprehensive myopathy index; generative adversarial network;

convolutional neural network regression
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Fig.l1 Grading standards for white striping defects in chicken
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Fig.3 Main steps for spectral information extraction
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Fig.6 Spectral curves of chicken breast fillets with different
levels of defects
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WS-M. WS-S) XS RIFEAS I BT - SE0 A an e 1 or
o AR, pH BEERBEARREERG I TS, WS-S
2 (P<0.05) T N Al WS-M, 7] GEH 8 AL LA H
W ASZ B | LR s/ b, JET 3380 pH T2
FEABIIN K IIIAE =2 R] 25 57 W 35 (P<0.05), &
BH sk AR I 1 55 T LR RO K BB s (i)
T, WS-S 2H L™ 3% = T HAWLH (P<0.05), iIXJEH R
A W5 DURR G SO CHU, — 2 R 4T T WSS
BEPY, 55 Y] J1 2R ] U i 35 25 5 (P>0.05 ), =M A 5 Fil
ZEAR LR ANEITE—E RS FHRIH T Ler sl
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Table 1 Distribution of quality parameters for samples with
different levels of defects
Jrieie 214 N WS-M WS-S
pH 5.8540.09° 5.8940.07° 5.95+0.11°
AR (%) 27.31+1.45° 31.00+1.12° 32.91+1.68°
KRR (%) 2.92+0.21° 3.22+0.17° 3.30+0.24°
L 58.18+0.92° 59.54+0.77° 60.94+0.85¢
a 0.59+0.06° 0.78+0.09° 0.89+0.07°
b 2.23+0.14° 3.52+0.19° 3.18+0.17°
591 (N) 28.1742.63 29.88+3.15° 31.76+2.74°

TE: [FATIRLR b/ NG SRR R L £ 8 35 22 57 (P<0.05)
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CMI=0.57681,+0.18891,
Horr X AGER LHH, X, fU5R pH, X AUSRZE 0
K, X AR AR, X AR oH, X 103 b71HE,
X, AR YI ).

2 AN T AR AN TS 22 STk
Table 2 Eigenvalues and variance contributions
of different factors

W FRAEAE Tr 2ETEHRA (%) T TR (%)
1 4.0375 57.68 57.68
2 1.3223 18.89 76.57
3 0.8178 11.68 88.25
4 0.4471 6.39 94.64
5 0.2592 3.70 98.34
6 0.0890 1.27 99.61
7 0.0272 0.39 100.00
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N 4, SrAmms iy A8, R LU T O & 2k —
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Fig.8 Box line plot of CMI values of chicken breast fillets with
different levels of defects
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Table 3 PLSR model based on different preprocessing methods

WbE  Lvs  RZ

EHREE 11 0785 0.069  0.778 0.069 0.762  0.071
MSC 8 0.771 0.071 0.764 0.071 0.756  0.073

RMSEC R% RMSECV R2 RMSEP

IR BGPEF, FRWIGRE 24 > Ik A e e G B e 5
A BTGRP R HA T R N RS

F 4 FETGERN CMI FNRHAERE
Table 4 Performance of CMI prediction models based
on full-spectrum

BB B R? RMSEC R’ RMSECV R> RMSEP

PLSR  LVs=9 0.797 0.068 0.791  0.068  0.782 0.069
c=32.9

SVR =002 0.796 0.068 0.793  0.068  0.787 0.070

ELM H=35 0.769 0.073 0.752  0.075  0.753 0.075

CNNR 1r=0.0002 0.801 0.065 0.799 0.066 0.794 0.066
epoch=437

SNV 0.797  0.068  0.791 0.068 0.782  0.069
FD1 0.743  0.077  0.725 0.079 0.716  0.080
SG 13 0766 0.074 0.754 0.075 0.747  0.075
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Fig.9 Spectral curves of the generated data under different Epochs
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Performance of four models constructed based on generated data
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Table 5 Performance of CNNR model with different amount of data added
FEAK R? RMSEC RZ, RMSECV R RMSEP PERESRT(RD . RMSEP)
180 (R LA %) 0.801 0.065 0.799 0.066 0.794 0.066 0.0

+30 0.809 0.063 0.803 0.064 0.801 0.064 +0.007, -0.002

+50 0.813 0.061 0.811 0.061 0.809 0.064 +0.015, -0.002

+100 0.822 0.060 0.813 0.061 0.812 0.061 +0.018, —0.005

+200 0.839 0.057 0.831 0.058 0.823 0.059 +0.029, —0.007

+300 0.842 0.054 0.841 0.056 0.835 0.057 +0.041,-0.009

+500 0.841 0.056 0.840 0.057 0.834 0.058 +0.040, —0.008

+800 0.838 0.059 0.837 0.059 0.832 0.058 +0.038, —0.008

+1000 0.831 0.058 0.831 0.058 0.828 0.059 +0.034, -0.007
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