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a b s t r a c t

Hyperspectral imaging was exploited for its potential in direct and fast determination of Pseudomonas

loads in raw chicken breast fillets. A line-scan hyperspectral imaging system (900–1700 nm) was

employed to obtain sample images, which were then further corrected, modified and processed. The

prepared images were correlated with the true Pseudomonas counts of these samples using partial least

squares (PLS) regression. To enhance model performance, different spectral extraction approaches,

spectral preprocessing methods as well as wavelength selection schemes based on genetic algorithm

were investigated. The results revealed that extraction of mean spectra is more efficient for

representation of sample spectra than computation of median spectra. The best full wavelength model

was attained based on spectral images preprocessed with standard normal variate, and the correlation

coefficients (R) and root mean squared errors (RMSEs) for the model were above 0.81 and below

0.80 log10 CFU g�1, respectively. In development of simplified models, wavelengths were selected by

using a proposed two-step method based on genetic algorithm. The best model utilized only 14 bands

in five segments and produced R and RMSEs of 0.91 and 0.55 log10 CFU g�1, 0.87 and 0.65 log10 CFU g�1

as well as 0.88 and 0.64 log10 CFU g�1 for calibration, cross-validation and prediction, respectively.

Moreover, the prediction maps offered a novel way for visualizing the gradient of Pseudomonas loads on

meat surface. Hyperspectral imaging is demonstrated to be an effective tool for nondestructive

measurement of Pseudomonas in raw chicken breast fillets.

& 2013 Elsevier B.V. All rights reserved.
1. Introduction

Chicken fillets are one of the popular meat products valuable for
human nutrition and health. Due to their high perishability, there is a
need to develop innovative techniques such as refrigeration methods
[1-6] and processes [7-11] to enhance their quality and safety, there is
also a need to develop novel detection methods to ensure their food
safety. Pseudomonas is one of the bacterial genera most isolated in
high numbers on spoiled poultry. Pseudomonas is a genus of rod-
shaped and Gram-negative bacteria that require only simple nutrition
for growth and such easy-to-survive characteristic has contributed to
its wide distribution in the environment [12]. Pseudomonas is closely
associated with food waste due to spoilage species causing food
spoilage [13,14]. Pseudomonas is greatly suitable for utilizing low-
molecular-weight compounds such as glucose which was metabo-
lized into 2-oxo-gluconate or gluconate via the pathway of Entner–
Doudoroff metabolism [15]. With the progressing of interaction
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between meat and microbes, pseudomonades start to use amino
acids which can then lead to increase of ammonia and pH. Due to its
fast growth rate, at the time of spoilage, Pseudomonas is the
predominant bacterial genus on animal carcasses, modified atmo-
sphere packed meat, meat products and even occasionally on the
vacuum stored meat [16]. Consequently, it is very important to
determine Pseudomonas in the food matrix either to verify the
spoilage stage or to identify the safety condition of food. Current
methods for determination of Pseudomonas, including standard
plate count techniques, polymerase chain reaction methods as
well as enzyme-linked immunosorbent assay approaches, are nor-
mally destructive, tedious, time-consuming and procedure-
complicated [12]. Therefore, a fast, non-destructive and precise
method is greatly needed for better food quality and microbiological
safety control.

By combining the advantages of computer vision [17–21] and
spectroscopic technique, Hyperspectral imaging (HSI), or chemical
imaging, is a promising technology that is being intensively explored
in many fields [22–26]. Unlike traditional spectroscopic or imaging
technologies that can only record spectral or spatial information, HSI
attains both spectral and spatial knowledge of the objects under
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study and therefore provides versatile opportunities for data analyses
so that the features of interest can be better interpreted. However,
since HSI is the combination (or compromise) of spectroscopy and
traditional computer vision, its signal quality is not always warranted
to be as high as the above two individual technologies [23]. To solve
this problem, spectral preprocessing methods, including standard
normal variate (SNV), multiplicative scatter correction (MSC),
detrending (Detrend) as well as first and second derivatives (Der1
and Der2) can be utilized [27]. Another disadvantage for HSI is the
huge image size which demands high-quality hardware for storage
and processing. Solutions for this problem can be bifurcated: either to
employ good equipment at high costs or to reduce image sizes
without losing significant variance in the image (or hypercube). The
latter can be achieved by retaining single-band images at certain
wavelengths and these particular bands can be selected by diverse
variable selection methods. For example, the regression coefficients
from partial least squares regression (PLSR) can be utilized to identify
important wavelengths by allocating dominant peaks and valleys in
the curve [28–31]. Among others are methods based on PLS (partial
least squares) variable importance metric [32], stepwise regression
[33], bound and boundary [34], successive projection algorithm [35],
and others [31,36,37]. Use of these variable selection methods can
possibly result in better model performance and meanwhile enable
the development of multispectral imaging systems so that detection
can meet industrial requirements.

In terms of applications in food analyses, hyperspectral ima-
ging has been successfully employed to inspect fecal contamina-
tion and wholesomeness of chicken carcasses [33,37,38], to
determine meat quality [39–41] as well as to detect defects and
contamination of fruits and vegetables [42–44], and so on.
However, its efficiency in direct determination of microbial loads
in food is still not well explored though a limited number of
studies have demonstrated its feasibility [31,45,46]. Up to the
knowledge of the authors, no research has been carried out on the
use of hyperspectral imaging for detecting Pseudomonas in food.
With respects to hyperspectral image analyses, spectral prepro-
cessing methods have been concluded as useful in improving final
predictions in some studies [47], however, there are also some
studies reporting the inefficiency of these methods [28]. More-
over, most of the wavelength selection methods precipitate
allocation of separate individual wavelengths and use of these
selected variables for predicting new samples in new systems
may produce more errors than when several wavelength ranges
are utilized. This is because the former spectral parameters are
more susceptible to the disturbance of either random noise or
instrumental shift than the latter, which has a smoothing effect
on such changes. Therefore, the objective of the current study
was (1) to investigate the potential of hyperspectral imaging
for nondestructive quantification of Pseudomonas loads in raw
chicken fillets; (2) to apply different spectral preprocessing
methods to test its usefulness in enhancing model performance;
(3) to select vital wavelengths using proposed two-step schemes
based on genetic algorithm (GA), and (4) to establish and validate
full-wavelength and simplified PLS calibration models for pre-
dicting Pseudomonas counts.
Table 1
Parameters of hyperspectral imaging system for acquisition of images.

Parameters Values

Spectral range 897–1752 nm

Spectral increment 3.34 nm

Spectral resolution 6 nm

Image resolution 0.575 mm pixel�1

Moving speed of the translation stage �46 mm s�1

Spatial dimension of images 280�320 pixels

Frame rate 98 fps

Exposure time 0.02 s
2. Materials and methods

2.1. Chicken samples and microbiological experiment

Chicken breast fillet samples (12 packages) were purchased at a
local supermarket and prepared in the same way as mentioned in an
earlier study [31]. The fillet blocks were stored in a fridge at 4 1C for
up to 9 days. In order to capture large variations of bacterial loads
during the spoilage process of meat, imaging and microbiological
experiments were carried out at daily basis during the first six days
and every 12 h during the last three days. To determine the
reference Pseudomonas counts in chicken samples, each sample
(weighing approximately 10 g) was homogenized with ca 90 ml of
buffered peptone water (CM1049, Oxoid, Basingstoke, Hampshire,
England) in a stomach bag. The prepared initial solution was then
subsequently diluted at a factor of 10�1. Duplicate aliquots of 0.1 ml
appropriate dilutions were then transferred to and spread evenly
on Pseudomonas agar, which was prepared with Cetrimide agar
(105284, Merck, Darmstadt, Germany) and Pseudomonas CFC Selec-
tive Supplement (107627, Merck, Darmstadt, Germany). The inocu-
lated plates were then inverted and incubated at 30 1C for 48 h. The
Pseudomonas counts were calculated based on plates where the
number of typical colonies fell in 25 and 250. Finally, a total of 52
samples were obtained.

2.2. Hyperspectral imaging system

The hyperspectral imaging system utilized in this study was a
laboratory-based pushbroom imaging equipment, and its config-
uration has been introduced in detail in previous studies [48–51].
Briefly, the main components include: a spectrograph with PGP
optical structure (ImSpector, N17E, Spectral Imaging Ltd, Finland),
a 12-bit CCD camera (V-light, Lowel Light Inc, USA) cooled by a
peltier cooling device, an illumination unit with two 500 W
tungsten-halogen lamps (V-light, Lowel Light Inc, NY, USA) and
a translation stage controlled by a step motor (GPL-DZTSA-1000-X,
Zolix Instrument Co, China). The harmonious work of the integral
system was assured by using control software (SpectralCube,
Spectral Imaging Ltd., Finland). Parameters for image acquisition
are summarized in Table 1.

2.3. Image processing

The raw images acquired by the HSI system were initially in
radiance unit. To improve the comparability and robustness of
models to be subsequently built, as per the following equation,
the raw images (I) were corrected as reflectance images (IC) by
using two external reference images, a white image (W) with
�100% reflectance acquired on a tile and a dark current image (D)
with �0% reflectance obtained when the lens of camera were
completely covered [52].

IC ¼
I�D

W�D
ð1Þ

Based on the corrected images, the meat portions should be
isolated from the background so that meat spectra can be
extracted and calculated to represent the sample. In this study,
the isolation was conducted by constructing a mask produced by
thresholding (global threshold value of 0.22) a difference image,
which was a subtraction of a sub-band image of lower reflectance
(at 944 nm) from another single-band image of higher reflectance
(at 1395 nm) in the same hypercube. Image open was also



Fig. 1. Procedure for image masking. (a) sing-band image at 944 nm; (b) sing-band image at 1395 nm; (c) difference image of (a) and (b); (d) segmented image

(threshold¼0.22); (e) final meat mask after image open operation; (f) masked hypercube.
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implemented to remove the redundant parts due to Petri dishes.
The resulting masks characterized the meat portions as 1 s and
the background as 0 s. The whole procedure is illustrated in Fig. 1.
When the developed masks were applied to the original hyper-
cubes, new hypercubes were produced, where the reflectance
values in meat portions remained the same while the values for
background were suppressed to 0 s.

Furthermore, a representative spectrum was calculated as
either the mean or median of the spectra (or preprocessed
spectra) in the identified meat portions in the corresponding
sample and all these sample spectra were further correlated with
measured Pseudomonas counts in order to establish quantitative
models. Since two different spectra (mean and median) were
computed to stand for the same sample, the two spectral extrac-
tion methods were compared on their capability for representa-
tion of sample spectra in terms of contributing to a better
prediction of the microbial loads.

2.4. Spectral preprocessing

The purpose of spectral processing is to enhance the quality of
instrumental measurements as well as to reduce or eradicate
information that is present in the spectra but has trivial correlation
with the target values to be modelled (e.g., Pseudomonas loads in
chicken fillets). In this study, standard normal variate (SNV), multi-
plicative scatter correction (MSC), detrending (Detrend), derivatives
and their combinations were investigated. SNV and MSC are capable
of correcting multiplicative noise (e.g., particle size influence, scatter
interference and path length effect) arising from the physical
structure of samples [53, 54]. Detrend is a polynomial baseline
correction method for suppressing the baseline shifting and curvi-
linearity in spectra [55]. Moreover, derivative methods, normally
first and second derivatives, are powerful to eliminate background
noise as well as to separate overlapped peaks, thus enhancing
spectral resolution [56, 57]. All the preprocessing methods were
implemented in Matlab (The Mathworks Inc., Natick, MA, USA).
2.4.1. Standard normal variate (SNV)

SNV transformation is performed based on individual spec-
trum, which requires the calculation of the mean and standard
deviation (SD) values of the specific spectrum. The corrected
spectrum is obtained as:

XSNV ¼ ðX�XÞ=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i ðXi�XÞ2

n�1

s
ð2Þ

where X and XSNV are the original and SNV-corrected spectra,
respectively; X is the mean of the n spectral values along the
whole wavelength range of X.

2.4.2. Multiplicative scatter correction (MSC)

To apply multiplicative scatter correction, a reference spec-
trum is needed. Rather than in the case of near-infrared spectro-
scopic analysis where the reference spectrum is normally
obtained as the mean spectrum of all spectra in a calibration
set, in preprocessing of hyperspectral images with MSC, the
reference spectrum (Xref) is calculated as the average of the meat
spectra for each image (a sample). Given the reference, a hyper-
cube can be corrected by transforming individual spectrum using
the following equation:

XMSC ¼
X�a

b
ð3Þ

where a and b are the regression coefficients obtained from the
following regression function:

X ¼ aþbXref ð4Þ
2.4.3. Detrend

Spectral detrending is a process that a linear pattern is
removed from the original spectral signal. This pattern usually
indicates a systematic shift due to sensor drift. In the present
study, the trend was computed as best least-squares fit of
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respective spectra [58]. Detrend was also combined with SNV and
MSC for pretreatment of spectral images.

2.4.4. Derivatives

Derivative methods (e.g., first (Der1) and second (Der2) deri-
vative of spectra) can facilitate distinguishing overlapped spectral
peaks while removing baseline offsets and/or slops. Considering
derivative methods are prone to exaggeration of noise, Savitzky–
Golay algorithm was employed with a third-order polynomial
fitting within a moving window of a width of 15. Moreover, SNV
and MSC were also performed on the raw spectra prior to the
application of derivative methods.

2.5. Chemometrics

Prior to establishment of calibration models, the attained
samples (n¼52) were divided into two sets, namely calibration
set (n¼42) and prediction set (n¼10). The method employed for
data partitioning was SPXY, which considered both spectra and
reference values [59]. In this study, partial least squares regres-
sion was utilized to predict Pseudomonas counts in raw chicken
breast fillets.

2.5.1. PLS calibration

PLS regression is a powerful method for revealing the linear
relationship between spectra (X) and parameters under investiga-
tion (Y). During PLS analysis, both X and Y matrices are first
transformed into new spaces, and the obtained data called X

scores and Y scores are then carefully selected and correlated in
an attempt to maximize the interpretation of Y scores by X scores.
Afterwards, the predicted Y scores are subsequently employed to
produce the prediction of Y. Details about PLS regression can be
found elsewhere [60]. Consequently, one can use the following
simple function to feature the best linear relationship between X

and Y.

Y ¼ Xbþe ð5Þ

where b is the regression coefficients and e is the prediction error.
As indicated above, when regression coefficients b is finally

determined for a specific problem, the Y values for new samples
can be predicted with reasonable errors by multiplying the
spectra (X) of these new samples with the obtained regression
coefficients.

2.5.2. Genetic algorithm for variable selection

Inspired by the evolution theory, genetic algorithm aims to
reach the global optimum for a problem by sifting ‘best’ indivi-
duals in the population using mutation and cross-over operations
[61]. A detailed description of GA can be found elsewhere [62,63]
and the parameters adopted in this study are given in Table 2.

The nature of randomness in GA leads to the variation in the
selected wavelengths during different implementations,
Table 2
Parameter settings for genetic algorithm.

Parameters Description

Population 30

Number of runs 100

Number of variables selected in the same chromosomes r30

Deletion groups 5

Probability of mutation 0.01

Probability of cross-over 0.5

Window width for smoothing 3

Data Autoscaled

Regression method PLS regression
therefore, GA programs were executed repeatedly to select the
initial wavelength candidates [63]. It is assumed that the common
wavelengths selected by most of the different runs of GA are of
exceptionally great importance in accounting for the targets of
interest. In this study, some majority consensus rules, as shown in
Fig. 2, are proposed. Specifically, after five runs of GA programs,
the five wavelength sets produced were compared and the
common wavelengths agreed by no less than 3, 4 and all the five
sets were allocated for further investigation, and the correspond-
ing models established were denoted as GA-PLS-3, GA-PLS-4 and
GA-PLS-5 models, respectively. In addition, all the candidate
wavelengths and individual wavelength sets initially selected
were also used to explore their potential for establishing stable
and precise calibration model to predict the loads of Pseudomonas.
The model based on spectral data with all possible selected
wavelengths was called GA-PLS-Any model and GA-PLS-BT was
noted for the best model gained from different wavelength
combinations during trials.

2.5.3. Model assessment

Statistical criteria, including correlation coefficients (R) and
root mean squared errors (RMSEs), were computed to evaluate
the performance of established models. These parameters are
defined as follows:

R¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1�

P
ðyi,pred�yi,actÞ

2P
ðyi,pred�yÞ2

vuut ð6Þ

RMSE¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xm

i

ðyi,pred�yi,actÞ
2

vuut ð7Þ

where yi,pred is the predicted Pseudomonas loads and yi,act is the
actual Pseudomonas count for the ith sample; n is the number of
samples; yð Þ stands for the average of the actual loads of all
samples.

Besides, prediction errors of sum of squares (PRESS) for leave-
one-out full cross validation were calculated to optimize the
number of latent variables (LVs) that should be employed in PLS
regression. It was defined as follows:

PRESS¼
Xm

i

ðyi,pred�yi,actÞ
2

ð8Þ

The best number of latent variables was determined in light
of the work by Haaland and Thomas [64] where the smallest
number of LVs whose corresponding PRESS was not significantly
different from the global minimum PRESS was selected. In this
study, the significance level for F-test was set as 0.35.

2.6. Prediction visualization

The visualization of Pseudomonas loads on chicken breast
fillets comprised of three steps as illustrated in Fig. 3. First, if full
wavelength models were to be used, the original hypercubes (x,
y, l) were preprocessed using spectral pretreatment methods
described above. If simplified models were utilized, the original
hypercubes were prepared into multi-band images (x, y, l0) in
light of the wavelengths selected. Second, to facilitate model
application, the transformed images were reshaped into a two-
dimension matrix (x� y, l0), which was then multiplied by the
vector of regression coefficients derived from the calibration
model. After model application, the predicted bacterial loads
were recorded in a new vector that can be reshaped back to a
two-dimensional image. By masking the background with pre-
viously created masks and endowing the response values in the
meat portion with corresponding colors, a prediction map for the
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Fig. 3. The procedure for visualizing Pseudomonas loads in chicken using hyperspectral imaging.
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sample is thereafter generated. This visualization map enables
insights into concentration distribution of targets under study,
and therefore it provides foundation for quality and safety control
in the food industry.
3. Results and discussion

3.1. Sample and spectra

The chicken samples were stored for nine consecutive days
during the experiment and this allowed for the acquisition of
good variance of samples specifically in terms of chemical
changes due to microbial spoilage. Such variations were con-
firmed by large standard deviation (1.36 log10 CFU g�1) of mea-
sured microbial counts.

Fig. 4a depicts the raw spectra of all samples in the calibration
set, where two evident absorption peaks were found at near 960
and 1200 nm. The 960 nm band, known as water absorption band,
is due to combination transition of symmetric and antisymmetric
O–H stretch [65], while the band at 1200 nm could be ascribed to
fatty acids or protein content that arises from C–H second over-
tone stretch [66]. Despite the similarity, the studied original
spectra were different from each other due to great scatter effect
as indicated by the large distance between spectral plots [67]. To
correct the scatter effect, different spectral pretreatment meth-
ods, namely, SNV, MSC, Detrend, Der1, Der2 and their combina-
tions, were employed and the resulting spectra are shown in
Fig. 4(b-l). It is apparent that all the methods successfully
suppressed the scatter effect except MSC, which hardly produced
any improvement by presenting a similar pattern to that in the
original spectra. Several studies reported that SNV and MSC
worked similarly in data preprocessing [68,69], however, this
conclusion was normally drawn in spectroscopic analyses, where
the transform was carried out on the final averaged sample
spectra. In this study, the individual spectrum at each pixel of a
given sample image was firstly preprocessed and the average of
all the pretreated meat spectra was then used to represent
the sample. In other words, the preprocessing in traditional
spectroscopic analyses is an among-samples method and the
method applied in this study is within-sample-based. Since the
reference spectrum for each implementation of MSC was chosen
as the average of the spectra of only one sample image, the scatter
effect corrected by using MSC is the local ‘noise’ within the
sample other than among samples. Besides, MSC was also found
to tend to induce spectral outliers [70]. The application of SNV
does not need any reference spectrum and produces spectra with
zero-mean and unit variance thus can work among samples and
show better stability and generalization. Nevertheless, when
Detrend, Der1 and Der2 were used following MSC, the scatter
effect was also greatly diminished and the performance was quite
similar to the corresponding cases when SNV and these methods
were combined. It should be noted that the spectra shown in
Fig. 4 are the mean-version spectra, however, sample spectra
calculated as median spectra exhibit a similar form, and therefore
they are not shown here.

In Fig. 4, it is also very easy to discover that derivative methods
are the most effective in reducing scatter effects on sample
spectra as illustrated by the concentrated plots, and this agreed
well with some previous study [67]. Besides, derivative methods
are also useful methods for revealing some new bands that may
be important indicators of chemical information within sample
spectra. Two sharp peaks around 930 and 1140 nm revealed from
derivative spectra may be ascribed to C–H stretching third over-
tone and the overlap of the second overtone stretching modes of
C–H and N–H groups [71], respectively.

3.2. PLS full-wavelength models

The performance of calibration models based on full wave-
lengths and different spectral preprocessing methods is shown in
Table 3. Generally, models derived from mean spectra tended to
have better performance than those based on median spectra
with less number of latent variables involved. Such advantageous



Fig. 4. Raw and preprocessed spectra of chicken meat at 910–1700 nm.

Table 3
Performance of full wavelength models based on different preprocessing methods.

Spectra Preprocessing RC RCV RP RMSEC (log10 CFU g�1) RMSECV (log10 CFU g�1) RMSEP (log10 CFU g�1) LVs

Mean Raw 0.89 0.81 0.74 0.59 0.75 0.91 5

SNV 0.88 0.83 0.81 0.60 0.71 0.80 4
MSC 0.89 0.82 0.75 0.58 0.73 0.90 5

Detrend 0.88 0.83 0.81 0.59 0.71 0.78 4

SNVþDetrend 0.88 0.83 0.80 0.60 0.71 0.79 4

MSCþDetrend 0.89 0.83 0.68 0.59 0.72 1.01 4

Der1 0.85 0.77 0.62 0.64 0.77 1.09 3

SNVþDer1 0.93 0.86 0.83 0.48 0.65 0.75 5

MSCþDer1 0.85 0.77 0.62 0.64 0.77 1.09 3

Der2 0.96 0.82 0.79 0.37 0.83 0.93 11

SNVþDer2 0.91 0.83 0.87 0.54 0.74 0.64 5

MSCþDer2 0.96 0.85 0.87 0.38 0.75 0.83 11

Median Raw 0.93 0.85 0.53 0.47 0.68 1.25 6

SNV 0.87 0.81 0.75 0.62 0.74 0.92 4

MSC 1.00 0.83 0.61 0.11 0.73 1.20 15

Detrend 0.88 0.81 0.78 0.59 0.74 0.86 4

SNVþDetrend 0.88 0.83 0.70 0.59 0.72 1.02 4

MSCþDetrend 0.94 0.87 0.63 0.42 0.65 1.13 6

Der1 0.84 0.78 0.62 0.64 0.75 1.10 3

SNVþDer1 0.78 0.74 0.60 0.76 0.82 1.13 2

MSCþDer1 0.85 0.79 0.61 0.63 0.74 1.12 3

Der2 1.00 0.86 0.84 0.09 0.69 0.84 15

SNVþDer2 1.00 0.81 0.82 0.06 0.81 1.18 17

MSCþDer2 1.00 0.81 0.82 0.05 0.78 1.01 17
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trend was tenable when considering various spectral preproces-
sing methods though when the spectra were pretreated with first
and second derivative alone, the prediction performance of
models based on mean spectra was not as good as the corre-
sponding models based on median spectra. In addition, it is
clearly shown in Table 3 that the models based on median spectra
in this study were generally poor or tend to be severely over-
fitted. Of particular attention were MSC-PLS, Der2-PLS, MSCþ
Der2-PLS and SNVþDer2-PLS models where RC were as close
as 1.00. Since these models utilized too many LVs (Z15),
it was believed that the good calibration performance was a
result of modeling the noise that was not eliminated by the
corresponding pretreatments [72], therefore, these models were
not reliable and the good performance was meaningless. Only the
models based on mean spectra are to be discussed in the
following sections.

In terms of models based on mean spectra, using most of the
spectral preprocessing methods would lead to calibration models
of better prediction capacity than that when raw spectra were
used. However, application of certain pretreatment methods, e.g.,
Der1, MSCþDetrend and MSCþDer1, degraded the prediction
precision. This was probably because the information removed by
applying these methods may be useful indicators for measuring
the target of interest [73]. Moreover, as expected from the
spectral plots in Fig. 4 where similar patterns were found
between MSC-processed spectra and the original spectra, the
performance of models based on these two spectral matrixes also
gave comparable results. Much better models were found when
the spectral images were preprocessed with SNV, Detrend,
SNVþDetrend, SNVþDer1 and SNVþDer2 where RP were all
larger than or equal to 0.80. This finding demonstrated that SNV
is a useful tool for improving model performance by correcting
scatter effects, which agreed well with the study by Taghizadeh
et al. [74]. Though preprocessing using SNV combined with either
Der1 or Der2 would result in higher correlation coefficients, the
relatively large difference between RMSEC and RMSECV would
indicate less stability of such models. Considering SNV is a simple
method to apply, it was favoured as an efficient pretreatment
method in prediction of Pseudomonas loads on chicken fillets
using hyperspectral imaging. Its corresponding full wavelength
model was denoted as SNV-PLS model.

3.3. GA-PLS models

Simplified models were developed by using a few wavelengths
that were identified by the proposed selection scheme based on
GA. Wavelengths were only selected based on the raw images
rather than preprocessed hypercubes considering that statistics
(e.g., mean, SD and/or fitting parameters) across the whole
wavelengths will be required but absent when dealing with
multispectral images. The performance of established simplified
calibration models is given in Table 4. It is clear that most of the
simplified models outperformed the one based on full-
wavelengths especially in regards of prediction. The only excep-
tion was found when a ‘Z3’ rule was applied during secondary
selection, where RP and RMSEP were 0.71 and 1.01 log10 CFU g�1,
Table 4
Performance of PLS models based on selected wavelengths. Wavelengths were selecte

RC RCV RP RMSEC (log10 CFU g�1)

GA-PLS-BT 0.93 0.87 0.88 0.48

GA-PLS-3 0.91 0.84 0.71 0.53

GA-PLS-4 0.91 0.87 0.88 0.55
GA-PLS-5 0.87 0.82 0.87 0.62

GA-PLS-Any 0.88 0.82 0.85 0.65
respectively. The noticeable improvement may be ascribed to the
elimination of chemical information that is not related to the
detection of Pseudomonas loads as well as to the good combina-
tion of chemical information at the selected wavelengths. How-
ever, despite the reasonable calibration performance of GA-PLS-3
model, the degradation of prediction indicated its lack of adapt-
ability for new unknown samples. The best prediction was gained
after applying the GA-PLS-4 model, where the correlation coeffi-
cients and RMSEs were 0.91 and 0.55 log10 CFU g�1, 0.87 and
0.65 log10 CFU g�1 as well as 0.88 and 0.64 log10 CFU g�1 for cali-
bration, cross-validation and prediction, respectively. Although the
GA-PLS-BT model produced a comparable result, it utilized more
wavelengths (24 wavelengths in nine discontinues segments) than
GA-PLS-4, where only 14 wavelengths in five discontinues segments
were employed (Fig. 5a). Moreover, GA-PLS-4 model was also
considered to be better in terms of smaller difference in RMSEs
between calibration and cross validation or prediction when com-
pared with that for the GA-PLS-BT model.

Fig. 5 gives an overview of the GA-PLS-4 model. The red bar
in Fig. 5a illustrates the selected wavelengths that fall in five
regions, i.e., 1138–1155, 1195–1198, 1392–1395, 1452–1455
and 1525–1529 nm. As mentioned above, the region of 1195–
1198 nm can be assigned to fatty acids or protein and it can be
easily found in the original spectra. In the meantime, the region
between 1138 and 1155 nm, which could be associated with
some aromatic groups due to C–H stretching second overtone as
well as amino acids due to second overtone N–H stretch [71,75],
were also proved to be important in analyzing Pseudomonas loads
in chicken. The wavelength segment near 1450 nm can be
ascribed to water content and 1525–1529 nm is closely related
to proteins [71,76]. In addition, the two bands (1392 and
1395 nm) are due to combination of C–H stretching and deforma-
tion vibration modes [75]. Fig. 5b shows that 4 LVs were used
for the best model. However, it should be noted that it is a
coincidence that the number of LVs corresponding to the global
minimum PRESS was selected since when less LVs were used,
their corresponding PRESS values were all significantly different
from the global minimum (po0.35). The remaining two plots in
Fig. 5 further elucidated the good precision of the GA-PLS-4 model
in both calibration and prediction by showing sample plots
scattered around the ideal line (dotted). The added ideal line
suggests that the predicted and measured parameters are per-
fectly the same. GA-PLS-4 model was thus recognized as the best
simplified model and it was used to visualize the distribution of
Pseudomonas loads on chicken fillets.

3.4. Prediction visualization

After calibration models were established, only the best
models were used for producing prediction maps where the
distribution of Pseudomonas loads on chicken meat surface
became visible. In this study, both optimal models based on full
wavelengths (SNV-PLS model) and GA-selected wavelengths (GA-
PLS-4) were used. The resultant visualization maps on three
samples representing different levels of microbial loads are given
in Fig. 6. For comparison, conventional colour images (RGB
d by using the proposed two-step selection scheme based on GA.

RMSECV (log10 CFU g�1) RMSEP (log10 CFU g�1) Bands

0.64 0.67 24

0.68 1.01 20

0.65 0.64 14
0.74 0.65 11

0.79 0.74 47



Fig. 5. The performance of the best simplified models (GA-PLS-4). (a) indication of selected wavelengths; (b) Scree plot for selection of optimal number of LVs;

(c) measured vs. predicted plot for calibration and cross-validation and (d) measured vs. predicted plot for prediction.

Fig. 6. Traditional colour images (RGB images) of samples and their corresponding

prediction maps by applying the optimal full wavelength model (SNV-PLS) and the

best simplified model (GA-PLS-4). (For interpretation of the references to color in

this figure legend, the reader is referred to the web version of this article.)
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images) of the same samples taken by a conventional camera as
described by Valous et al. [77] are also given in the first row of
Fig. 6. By checking RGB images, one can easily read the colour and
shape information but can hardly obtain any message about the
microbial condition of the samples. In marked contrast, the
prediction maps in the following two rows of Fig. 6, resulting
from the SNV-PLS model and the GA-PLS-4 model, respectively,
clearly exhibit the distribution gradient of Pseudomonas loads in
the samples. Such visualization should be owed to the superb
merit of hyperspectral imaging for retaining both spectral and
spatial information of samples [78–80]. For the prediction maps,
guided by the colour scale on the right-hand side of Fig. 6, the
changes of bacterial loads could be easily accessed by scrutinizing
the colour variations, where evolution of colour from dark blue to
dark red would indicate the transition of bacterial loads from very
low (0 log10 CFU g�1) to very high (10 log10 CFU g�1) levels. The
background was artificially set to black colour to avoid any
confusing information. By using HSI for bacterial determination,
it was supposed that the system was recording the chemical
changes in meat other than the compositional components of
bacteria since the mass of bacteria was too trivial to be detected
(approximately 0.01 mg for 107 cells). The chemical changes of
meat were mostly caused by the bacteria metabolizing meat
compounds and therefore the chemical variations of meat should,
to some extent, reflect the growth of bacteria (i.e., changes in
number). Moreover, the calibration models were established to
find out the relationship between spectral images and Pseudomo-

nas counts, therefore, when a good model was established and
applied for prediction, it should lead to maps illustrating the
predicted bacterial loads rather than certain chemical components.

Generally speaking, applying the two models has led to two
consistent visualization maps. The colour for the maps of the
sample with low bacterial load (3.72 log10 CFU g�1) is mainly
blue or cyan, while yellow and red are leading in the maps for
samples with bacterial loads of 5.51 and 7.39 log10 CFU g�1,
respectively. Moreover, unanimous trend was found between
two groups of maps where the predictions in specific areas of
samples in one group could normally be well reflected in the
maps of the other group. Of particular interest are two small red
or orange spots with yellow halos in the prediction maps for the
sample with microbial loads of 3.72 log10 CFU g�1. Another inter-
esting phenomenon is that the edges of meat are always
entrusted with much higher or much lower predicted loads (in
comparison with the measured values). By checking the original
images, the red spots were actually the predictions of bacterial
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loads on chicken fat tissues rather on the muscle. Since the
spectra of fat and muscle are quite different [49], it may be
interesting to investigate the effect of fat on detecting bacterial
loads on meat in future studies. Another point, i.e., how edge
effect is affecting the prediction of microbial loads, can also be
investigated. In spite of similarities, difference was found
between maps for the same samples, and such difference was
believed to be the result of difference in models, where GA-PLS-4
outperformed SNV-PLS as indicated by Tables 3 and 4.
4. Conclusions

Near-infrared hyperspectral imaging is a useful tool for quan-
tification of Pseudomonas loads in raw chicken breast fillets. In
development of full wavelength models, different approaches for
extracting spectra and various spectral preprocessing methods
were employed to enhance model performance. It was demon-
strated that use of mean spectra as feature spectra for model
calibration was a better choice when predicting Pseudomonas

loads in raw chicken breast fillets. The optimal and most stable
model was gained when the spectral images were pretreated with
SNV and average spectra were computed to represent samples.
The correlation coefficients and RMSEs of the resultant SNV-PLS
model were 0.88 and 0.60 log10 CFU g�1, 0.83 and 0.71 log10

CFU g�1 as well as 0.81 and 0.80 log10 CFU g�1 for calibration,
cross-validation and prediction, respectively. In terms of the
simplified models where wavelengths were selected by a two-
step scheme based on genetic algorithm, an even better model
was gained. It utilized only 14 wavelengths in 5 narrow discon-
tinues wavelength ranges and gave correlation coefficients higher
than 0.87 and RMSEs lower than 0.65 log10 CFU g�1. The two
consistent prediction maps produced by applying the two optimal
models illustrated the promising capability of hyperspectral
imaging and feasibility of multispectral imaging for visualizing
the distribution of Pseudomonas on meat surface, which cannot be
realized by either conventional imaging or spectroscopic technol-
ogies. However, future research should be carried out to further
verify the effectiveness of hyperspectral imaging and to investi-
gate the feasibility of multispectral imaging systems for real-time
predicting Pseudomonas loads in chicken or other meat.
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(2004) 217–227.
[69] F. Zhu, S. Cheng, D. Wu, Y. He, Food Bioprocess Technol. 4 (2011) 597–602.
[70] T. Fearn, C. Riccioli, A. Garrido-Varo, J.E. Guerrero-Ginel, Chemom. Intell. Lab.

Syst. 96 (2009) 22–26.
[71] C.E. Miller, Chemical principles of near infrared technology, in: P. Williams,

K. Norris (Eds.), Near Infrared Technology in the Agricultural and Food
Industries, American Association of Cereal Chemists, Minnesota, USA, 2001,
pp. 19–37.

[72] H. Martens, M. Martens, Food Qual. Preference 11 (2000) 5–16.
[73] J.S. Shenk, J.J. Workman, M.O. Westerhaus, Application of NIR spectroscopy to

agricultural products, in: D.A. Burns, E.W. Ciurczak (Eds.), Handbook of Near-

Infrared analysis, CRC Press, Boca Raton, Florida, USA, 2008.
[74] M. Taghizadeh, A. Gowen, P. Ward, C.P. O’Donnell, Innovative Food Sci.

Emerg. Technol. 11 (2010) 423–431.
[75] B.G. Osborne, T. Fearn, P.H. Hindle, Practical Near Infrared Spectroscopy with

Applications in Food and Beverage Analysis, second ed., Longman Group,
Burnt Mill, Harlow, Essex, England, UK, 1993.

[76] D. Alexandrakis, G. Downey, A. Scannell, Food Bioprocess Technol. 5 (2012)
338–347.

[77] N.A. Valous, F. Mendoza, D.-W. Sun, P. Allen, Meat Sci. 81 (2009) 132–141.
[78] Y.-Z. Feng, D.-W. Sun, Talanta 105 (2013) 244–249.
[79] P. Menesatti, A. Zanella, S. D’Andrea, C. Costa, G. Paglia, F. Pallottino, Food

Bioprocess Technol. 2 (2009) 308–314.
[80] F. Zhu, D. Zhang, Y. He, F. Liu, D.-W. Sun, Food Bioprocess Technol. (2012)

1–7.




