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Abstract: Pseudomonas spp. and Enterobacteriaceae are dominant spoilage bacteria in chicken during cold storage (0°C-4°C).
In this study, high resolution spectra in the range of 900-1700 nm were acquired and preprocessed using Savitzky-Golay
convolution smoothing (SGCS), standard normal variate (SNV) and multiplicative scatter correction (MSC), respectively, and
then mined using partial least squares (PLS) algorithm to relate to the total counts of Pseudomonas spp. and Enterobacteriaceae
(PEC) of fresh chicken breasts to predict PEC rapidly. The results showed that with full 900-1700 nm range wavelength,
MSC-PLS model built with MSC spectra performed better than PLS models with other spectra (RAW-PLS, SGCS-PLS,
SNV-PLS), with correlation coefficient (Rp) of 0.954, root mean square error of prediction (RMSEP) of 0.396 log;, CFU/g and
residual predictive deviation (RPD) of 3.33 in prediction set. Based on the 12 optimal wavelengths (902.2 nm, 905.5 nm,
923.6 nm, 938.4 nm, 946.7 nm, 1025.7 nm, 1124.4 nm, 1211.6 nm, 1269.2 nm, 1653.7 nm, 1691.8 nm and 1693.4 nm) selected
from MSC spectra by successive projections algorithm (SPA), SPA-MSC-PLS model had Rp of 0.954, RMSEP of
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0.397 log;y CFU/g and RPD of 3.32, similar to MSC-PLS model.

The overall study indicated that NIR spectra combined with

PLS algorithm could be used to detect the PEC of chicken flesh in a rapid and non-destructive way.
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1 Introduction

Due to high protein, low fat and cholesterol, as well as good
flesh taste, chicken is consumed in large quantities and has become
one of the most popular meat products!?. Raw fresh chicken
flesh is preferred and consumed by human beings within several
days after slaughter. However, chilled chicken is easy
contaminated by microorganisms during production, transportation,
sales and storage under the current conditions, because of a good
environment that contains sufficient moisture, protein and other
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nutrients for microbial growth and reproduction, especially
dominant spoilage microorganisms, which always results in the
flesh spoilage and quality losses.

In our preliminary experiment, it was found that Pseudomonas
spp- dominant  spoilage
microorganisms in chicken at early days during cold storage (0°C-
4°C), which is in accordance with other reports® 7.
spp. is one kind of gram-negative, rod-shaped and aerobic
organism and can grow and reproduce with simple nutrients®.
Enterobacteriaceae is one group of facultatively anaerobic and
gram-negative rod-shaped bacteria without spores and can
transform carbohydrates into acids and gas during fermentation®.

and Enterobacteriaceae are two

Pseudomonas

With the contamination caused by the two kinds of bacteria, the
color, smell and appearance of chicken flesh deteriorate gradually,
and that could influence the consumer desire to purchase, as well as
cause the potential harm for human health. The total counts of
Pseudomonas spp. and Enterobacteriaceae (PEC) can be used for
the spoilage evaluation of chicken flesh.

Many conventional methods are currently available to detect
microbial spoilage such as the standard colony-counting method!'®,

0 and

polymerase chain reaction (PCR) immunology-based
approaches!'>'*!.  The colony-counting method is a common
method of counting live bacteria, which is based on the
phenomenon that a colony is formed by microorganisms on solid
culture medium. This method is a classical counting method with
good repeatability, good parallelism, large linear range and low

technical requirement. Polymerase chain reaction (PCR) is an in
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vitro DNA or RNA amplification technique with high specificity,
high sensitivity and high efficiency. Immunology-based
approaches are new detection method based on antigen-antibody
specific immune reaction combined with fluorescence technology
and chromatography technology. It has the advantages of high
efficiency, no pollution and high accuracy. As is well known,
these methods are useful, effective and reliable, but they are
destructive, laborious and require more time. In addition, these
methods are not suitable for the large-scale and on-site quick
microbial evaluation of chicken products. New technologies or
methods should be developed to meet the increasing requirements
for rapid and nondestructive determination. Several advanced
optical technologies have been studied and reported in meat quality
evaluation with satisfying results, such as computer vision!'*'*]
near-infrared (NIR) spectroscopy! 18 and Raman
spectroscopy“”l].

Among, NIR spectroscopy as one effective and non-contact
technique has been investigated for meat quality assessment,
mainly in terms of chemical and physical attributes?>*).  Also,
NIR spectroscopy has been used for the detection of chicken meat
products.  Alexandrakis et al.”®! was able to correctly classify
spoilage samples from day 8 and day 14 by using near-infrared
spectroscopy combined with principal component analysis through
the degree of proteolysis but failed to completely discriminate
between pre-spoilage day 0 and day 4 samples. Jia et al.l*”)
predicted the pH value of fresh chicken breast pieces
nondestructive by using visible near-infrared spectroscopy
combined with partial least squares and competitive adaptive
reweighting sampling method, and the values of R, RMSEP and
RPD measured by the independent test set were 0.73, 0.29 and 3.55,
respectively.  Xiong et al.”® predicted the reference value of
thiobarbituric acid in chicken with partial least squares and
successive projections algorithm within the range of 400-1000 nm,
and obtained acceptable results with Rp of 0.801 and RMSEP of
0.157 mg/100 g. There are few studies on chicken PEC. Given
this, this study attempted to mine the data from high resolution
spectra for the PEC evaluation. The specific objectives of this
study were to:

(1) Acquire high resolution NIR spectra of chicken samples in
the range of 900-1700 nm at different cold storage time using a
hyperspectral imaging system;

(2) Carry out the spectral pre-processing to eliminate the
interference from the instrument itself and the surrounding
environment;

(3) Mine useful information from the NIR spectra using partial
least squares (PLS) algorithm to relate to the reference PEC values
measured by standard pour plate method;

(4) Select optimal spectral information using the successive
projections algorithm (SPA) to optimize the PLS model.

2 Materials and methods

2.1 Sample preparation

Sixty fresh raw chicken breasts were supplied by Dayong
Food Co., Ltd., Hebi, Henan, China and the size of all chicken
breasts was measured with the length of (15£1.0) cm and width of
(9£1.0) cm. All the chicken samples were vacuum-packed and
transported on ice to Meat Processing & Quality Control Lab,
Henan Institute of Science and Technology, Xinxiang, Henan,
China. Then, each sample was cut into cubed samples (~10 g)
with a size of 3 cmx3 cmx1 cm (lengthxwidthxthickness). A
total of 132 samples were finally achieved, labeled and stored at

0°C-4°C for 7 d. Figure 1 is the original image of the chicken
breast taken before collecting HSI images. As can be seen from
Figure 1, the microbial spoilage of chicken becomes more and
more serious with the increase of storage time.

Day 1 Day 2 Day 3

Day 4 Day 5 Day 6

Day 7
Original image of the chicken breast at 0°C-4°C for 7 d

Figure 1

2.2 Spectral data extraction

In this study, the spectra of chicken samples were collected by
a NIR (900-1700 nm) hyperspectral imaging system
(HSI-eNIR-XC130, Isuzu Optics Corp., Taiwan) which consists of
a spectrograph (ImSpector V10E, Spectral Imaging Ltd, Oulu,
Finland), a CCD camera (DL-604 M, Andor, Ireland), a lens
(OLE2, Schneider, German) a moving table (IRCP0076-1COMB,
Isuzu Optics Corp, Taiwan, China), illumination units (Illumination
Technologies Inc, New York, USA) and a computer installed with
Spectral Image software and HSI Analyzer software (Isuzu Optics
Corp, Taiwan) (Figure 2).
source. In-chip binning performed. F-number of the lens was
set 2.0 during image acquisition. The distance from the lens to the
moving table was 45 cm.

The illumination unit is a halogen

CCD camera
Computer and software

Figure 2 Schematic diagrams of main components of the
hyperspectral imaging systems

Spectrograph

Lens

Light source

Sample

Moving table

Before spectral data collection, a number of samples to be
tested should be taken from the refrigerator at 0°C-4°C and placed
at room temperature until they return to room temperature. For
the collection procedure, the samples were first put on the moving
table and then scanned by the system with the moving speed of
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6.33 mm/ms, the spatial resolution of 0.25 mm and the exposure
time of 4.25 ms. After scanning, the hyperspectral images
reflecting the light intensity were first obtained and then calibrated
into reflectance images by using the following equation:
Ly
I,—1,
where, [ is the calibrated hyperspectral image; I is the RAW

(M

hyperspectral image; /; is the dark image collected by covering the
camera lens completely (~0% reflectance); 7, is the white image
collected by scanning the white calibration tile (300 mmx25 mmx
10 mm, HSI-eNIR-XC130, Isuzu Optics Corp., Taiwan) with the
reflectance of about 99.9%.

HSI Analyzer is the self-contained software of the
HSI-eNIR-XC130 hyperspectral imaging system for the processing
of hyperspectral images and the extraction of information.
Samples one by one were scanned and then the images were
calibrated by HSI Analyzer. In specific, when the image
separation was done, the spectra within the calibrated image were
extracted and averaged by HSI Analyzer software. One mean
spectrum (486 wavelengths with an interval of 1.65 nm)
corresponding to one cubed sample was achieved and a total of 132
high resolution spectra were finally prepared.

2.3 Spectral data pre-processing

Before further spectral information mining, it is necessary to
conduct spectral pre-processing to eliminate the interference of
noise produced from the instrument itself and the surrounding
environment during the spectral information acquisition. In this
study, Savitzky-Golay convolution smoothing (SGCS), standard
normal variate (SNV) and multiplicative scatter correction (MSC)
were applied for the spectral data pre-processing by software
Unscrambler 9.7 (CAMO, Oslo, Norway).

SGCS is commonly used to eliminate random noise and
improve the signal-to-noise ratio®%.  The spectra of the samples
were treated by SGCS with the number of smooths 3, the number
of smoothing points of 3 and the polynomial order of 0. SNV
performs well in removing the additive baseline and the
multiplicative signal effects caused by light scattering and can

improve the accuracy of spectral data®'%.

MSC is mainly used
for light scattering correction and aims to remove multiplicative
noise caused by the physical structure of samples?’*.  The
equation for MSC is as follows:

(1) Calculate the average spectrum of all sample spectra
— 1 n
A== 4 )
i=1

(2) Linear regression was performed on the spectrum and
average spectrum of each sample to obtain the regression
coefficients m; and b;

A=m Ab (3)
(3) Calculate the corrected spectrum
A —b;
Ai(MSC) = g (4)
In the above equations, i=1, 2,-:, n, n is the number of

samples; j is the number of waves; A is the average spectrum of
sample spectra, nm; A is the spectrum of a sample, nm; m and b are
the regression coefficients of linear regression.
2.4 Microbial determination

After the image acquisition, the microbial determination was
carried out using the standard plate colony counting method. In
specific, each sample was immediately put into a sterile blender

bag (Stomacher, London, UK) and homogenized with 90 mL
buffered peptone water (0.1% peptone+0.85% NaCl). Decimal
dilutions were then obtained by adding 1 mL bacteria suspension
into 9 mL buffered peptone water. Subsequently, 0.1 mL bacteria
suspension was quickly taken and added into plate count agar, and
then spread bacteria solution evenly with sterile inoculation rods.
Pseudomonas ~ was  incubated by  CFC-selective  agar
(CM559+SR103, Oxoid, Basingstoke, UK) at 25°C for 48 h and
Enterobacteriaceae was incubated by Violet Red Bile Glucose
Agar (VRBGA, CM0485, Oxoid, Basingstoke, UK) at 37°C for
24 h. After cultivation, the microbial colony count between 30
and 300 was recorded and transformed into common ten-based
The PEC was the total of
Pseudomonas counts and Enterobacteriaceae counts. The PEC
population changes during storage at 0°C-4°C for 7 d are shown in
Figure 3.

logarithm values (log;y CFU/g).
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Figure 3 Population changes of PEC during storage at 0°C-4°C
for7d

2.5 Model establishment and assessment

Partial least squares (PLS) algorithm is commonly useful and
effective in spectral data mining when the number of wavelengths
is larger than the number of samples and meanwhile there is high
collinearity among the wavelengths®¥. In this study, PLS was
adopted to mine the extracted NIR spectra (900-1700 nm) to
establish the quantitative relationship between spectral data and the
reference PEC values.

The performance of PLS models was assessed and compared
by correlation coefficient (R) and root mean square error (RMSE)
in calibration set (Rc and RMSEC) and prediction set (Rp and
RMSEP), respectively. In general, a good PLS model always has
high R values (Rc and Rp) and low RMSE values (RMSEC &
RMSEP).
can also be used to evaluate the performance of the model.
Robustness is indicated by the value of the | RMSEC-RMSEP | B3,
A low absolute difference between RMSEC and RMSEP also
indicates good robustness of PLS model. RPD is the ratio of the
standard deviation of the prediction set to the RMSE®®.  When
the value of RPD is between 1.75 and 2.25, the performance of the
When the value of RPD is between
2.25 and 3.00, the performance of the model is moderately
When the value of RPD is between 3.00 and 4.00, the
When the value of RPD
is greater than 4.00, the performance of the model is excellent.

2.6 Optimal wavelength selection and model optimization
The hundreds of spectra extracted from hyperspectral images

Robustness and residual predictive deviation (RPD)

model is moderately useful.

successful.
performance of the model is successful.

often contain large amounts of redundant information and similar
spectral information among contiguous wavelengths, which are not
helpful in data processing and model performancel®”. Therefore,

it is necessary to conduct wavelength selection to retain the most
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useful spectral information and remove the useless information
from the full wavelength range, which will accelerate the data
calculation speed and also improve the model prediction
accuracy,

Continuous projection algorithm (SPA) is a forward cyclic
variable selection method, which starts with one variable, each
cycle, and calculates the size of the projection of this variable on
other unselected variables, and introduces the variable with the
largest projection vector into the wavelength combination until the
cycle is N times. When the number of wavelengths and the
RMSE is minimized, the variable combination with the least
redundant information is selected to solve problems such as
information overlap and collinearity™***!. By using this method,
the optimal wavelengths in the 900-1700 nm range were selected
via software Matlab R2010a (The Mathworks, Inc., Natick, MA,
USA), and the PLS models established with full 486 wavelengths
were optimized with the selected optimal wavelengths to predict
PEC in chicken. The performance of the optimized PLS models

was also evaluated and compared in terms of R and RMSE values.
3 Results and discussion

3.1 Reference PEC values

The reference PEC values of the 132 cubed samples were
obtained and shown in Table 1. All the values were then sorted
from smallest to largest, and one in four was taken into the
prediction set and the remains were put into the calibration set*?.
As a result, 99 samples were used for calibration and the rest of 33
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Reflectance

900 1000 1100 1200 1300 1400 1500 1600 1700
Wavelength/nm

a. RAW spectra

Reflectance
(=1
i
T

1 A L 1 1 L 1 i L ]
900 1000 1100 1200 1300 1400 1500 1600 1700
Wavelength/nm

c. SNV spectra

samples were used for prediction, which can be seen in Table 1.
As shown in Table 1, the maximum value of the correction set and
the prediction set are 8.681 log;o CFU/g and 8.041 log;y CFU/g, the
minimum value of the correction set and the prediction set are
3.079 log;, CFU/g and 3.146 log;, CFU/g, and the standard
deviation of the correction set and the prediction set are
0.134 log;o CFU/g and 0.226 log;o CFU/g, respectively.

Table 1 Reference PEC values (log;y CFU/g) measured by the
standard pour plate method

Sample set  Number of samples Maximum Minimum Mean SD
Calibration set 99 8.681 3.079 5412 0.134
Prediction set 33 8.041 3.146 5.370 0.226

Note: SD: Standard deviation.
3.2 Spectral features of chicken samples

All the extracted average spectra of cubed chicken samples in
the region of 900-1700 nm are shown in Figure 4. The changing
trends of spectra were similar before and after pre-processing. As
can be seen, for the four plots, there are two obvious absorption
peaks at around 980 nm and 1200 nm which are attributed to O-H
stretching second overtone and C-H stretching second overtone,
respectively?4], However, typical protein absorption
information was not found as it was masked by water information,
resulting from the over 70% of the water in chicken flesh.
Although no absorption peak was found regarding PEC,
appropriate chemometric algorithms could be used to mine the
spectra from the full range to relate to PEC.

0.50
040 F
030 F

0.20 |

Reflectance

900 1000 1100 1200 1300 1400 1500 1600 1700
Wavelength/nm

b. SGCS spectra

0.40

0.30

Reflectance

0.20 |

0.10

i L 1 1 L 1 i L 1 i
900 1000 1100 1200 1300 1400 1500 1600 1700
Wavelength/nm

d. MSC spectra

Figure 4 Average spectra characteristics of chicken samples in the region of 900-1700 nm

3.3 PLS model for predicting PEC values using full wavelength

To find the quantitative relationship between spectra and
reference PEC values, PLS algorithm was implemented by
inputting a matrix with 132 samplesx486 wavelengths. Where,
the sub-matrix of 99 samplesx486 wavelengths was used for

calibration and the rest sub-matrix of 33 samplesx486 wavelengths
was for prediction. With RAW, SGCS, SNV and MSC spectra,
four full wavelengths PLS models were established and their
performances were evaluated and shown in Table 2. It can be

seen that the R values (Rc and Rp) of all the four PLS models are
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~0.950, which indicates a good linear correlation between spectra
and PEC values. The similar values of |RMSEC-RMSEP| also
showed similar performance of the four PLS models in predicting

indicating that the four models were moderately successful. In a
word, the high R and RPD values and the small |RMSEC-RMSEP|
values indicated the good ability of the PLS models in predicting

PEC values. Besides, the RPD values were larger than 3, PEC values of chicken breasts.
Table 2 PLS models for predicting PEC by using the full range spectra
Calibration set Prediction set
Spectra Model N““iber °hf IR—Rp|  |RMSEC-RMSEP| RMSEP/RMSEC  RPD
wavelengths Re RMSEC Rp RMSEP
RAW RAW-PLS 486 0.967 0.340 0.949 0.415 0.018 0.075 1.220 3.18
SGCS SGCS-PLS 486 0.970 0.324 0.952 0.405 0.018 0.081 1.250 3.26
SNV SNV-PLS 486 0.967 0.339 0.954 0.396 0.013 0.057 1.168 3.33
MSC MSC-PLS 486 0.967 0.339 0.954 0.397 0.013 0.058 1.171 3.32

3.4 Optimal wavelengths selected by SPA

The optimal wavelengths from the RAW, SGCS, SNV and
MSC spectra were respectively selected by using SPA method
among the full 900-1700 nm range. The results are shown in
Figures 5-8. Figure 5a, Figure 6a, Figure 7a and Figure 8a show
the RMSE values with the increase of the number of optimal
wavelengths selected from the RAW, SGCS, SNV and MSC
spectra, respectively. And Figure 5b, Figure 6b, Figure 7b and
Figure 8b show the specific positions of the optimal wavelengths

selected from the RAW, SGCS, SNV and MSC spectra,
respectively. Different pretreatment spectra have different
optimal wavelength screening results. The optimal wavelength
number of four pretreatment spectra screened by SPA method is
between 12 and 13, and the wavelength reduction is between 97%
and 98%. The minimum number of optimal wavelengths was 12
for SGCS and MSC spectra and 13 for Raw and SNV spectra.
These optimal wavelengths were considered as the most useful
wavelengths for the prediction of PEC in chicken.
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Figure 5 Selection of optimal wavelengths from RAW spectra
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Figure 6 Selection of optimal wavelengths from SGCS spectra
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Figure 7 Selection of optimal wavelengths from SNV spectra
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Final number of selected variables: 12 (RMSE=0.45282)
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Figure 8 Selection of optimal wavelengths from MSC spectra

3.5 PLS model for predicting PEC values using optimal
wavelengths

Based on the above selected optimal wavelengths, four
optimized PLS models were respectively established. Their
performances in predicting PEC of chicken are shown in Table 3.
As can be seen, all four PLS models show good accuracy and
robustness in PEC prediction. Besides, the four optimized PLS

models (RAW-PLS, SGCS-PLS, SNV-PLS, MSC-PLS) showed
similar good performance in predicting PEC with full wavelength
PLS models (SPA-RAW-PLS, SPA-SGCS-PLS, SPA-SNV-PLS,
SPA-MSC-PLS), although the wavelength number reduced by
97% (486 vs. 13), 98% (486 vs. 12), 97% (486 vs. 13) and 98%
(486 vs. 12), for RAW, SGCS, SNV and MSC spectra,
respectively.

Table 3 PLS models for predicting PEC by using the optimal wavelengths

Number of Calibration set

Prediction set

Spectra Model wavelongths IRc-Rp|  |RMSEC-RMSEP| RMSEP/RMSEC  RPD
Re RMSEC Rp RMSEP

RAW  SPA-RAW-PLS 13 0.956 0.393 0911 0.586 0.045 0.193 1.491 2.25

SGCS  SPA-SGCS-PLS 12 0.955 0.395 0.942 0.450 0.013 0.055 1.139 2.93

SNV SPA-SNV-PLS 13 0.945 0438 0.923 0515 0.022 0.077 1.176 2.56

MSC  SPA-MSC-PLS 12 0.943 0.443 0.954 0.397 0.011 0.046 0.896 332

Among the four optimized PLS models, the SPA-MSC-PLS
model using 12 optimal wavelengths selected from MSC spectra
showed the best performance in PEC prediction, with the lowest
value of |[Rc—Rp| and RMSEC—-RMSEP| and the largest value of
RPD. The F-test on the optimal result of PEC values was
conducted for the sake of statistical soundness. As shown in
Table 4, the SPA-MSC-PLS model test result of F is 1.05>1 which
indicated the test on the right side, F<"F (one-tailed critical
value)=1.80", p (F<f)=0.45>0.05. There was no significant
difference in precision between the two groups of data of the
optimal models (reference value and predicted value). As shown
in Figure 9, forty contaminated chickens have been added to verify
the established SPA-MSC-PLS prediction model, and the effect is
expected. With the 12 wavelengths (902.2 nm, 905.5 nm,
923.6 nm, 938.4 nm, 946.7 nm, 1025.7 nm, 1124.4 nm, 1211.6 nm,
1269.2 nm, 1653.7 nm, 1691.8 nm and 1693.4 nm), the PEC value
can be predicted by the following equation:

Table 4 F-test two-sample analysis of variance of optimization

models
Optimization Item Reference Predicted
model value value
average 5.37 5.31
variance 1.74 1.66
Observed value 33.00 33.00
SPA-MSC-PLS df 32.00 32.00
F 1.05
p(F<f) 0.45
F (one-tailed critical value) 1.80

Note: df: Degree of freedom.
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Figure 9 Test results of 40 contaminated chicken samples
4 Conclusions

Evaluation of bacterial spoilage plays an important role in
In this work, the
potential of high resolution NIR spectra in the wavelength range of

guaranteeing chicken quality and safety.

900-1700 nm was investigated for the rapid prediction of PEC in
chicken breast. By applying PLS algorithm to respectively mine
the RAW, SGCS, SNV and MSC spectra. Four full wavelength
PLS models were established to interpret the linear relationship
between spectra and PEC values, leading to good performance with
high Rs and low RMSEs. Based on the optimal wavelengths
selected by SPA from the RAW, SGCS, SNV and MSC spectra,
four optimized PLS models were also respectively established and
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similar prediction accuracy was obtained.

By comparison,

SPA-MSC-PLS model built with 12 optimal wavelengths selected
from MSC spectra showed the best performance with Rp of 0.954,

RMSEP of 0.397 log;, CFU/g and RPD of 3.32.

The whole

results indicated the great potential of NIR for the prediction of
PEC in chicken breast in a rapid and non-destructive way.
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