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a b s t r a c t

A rapid method based on hyperspectral imaging for detection of Escherichia coli contamination in fresh
vegetable was developed. E. coli K12 was inoculated into spinach with different initial concentrations.
Samples were analyzed using a colony count and a hyperspectroscopic technique. A hyperspectral cam-
era of 400–1000 nm, with a spectral resolution of 5 nm was employed to acquire hyperspectral images
of packaged spinach. Reflectance spectra were obtained from various positions on the sample surface
and pretreated using Sawitzky–Golay. Chemometrics including principal component analysis (PCA) and
artificial neural network (ANN) were then used to analyze the pre-processed data. The PCA was imple-
apid detection
ackaged spinach
. coli
hemometrics

mented to remove redundant information of the hyperspectral data. The ANN was trained using Bayesian
regularization and was capable of correlating hyperspectral data with number of E. coli. Once trained, the
ANN was also used to construct a prediction map of all pixel spectra of an image to display the number
of E. coli in the sample. The prediction map allowed a rapid and easy interpretation of the hyperspectral
data. The results suggested that incorporation of hyperspectral imaging with chemometrics provided a

roach
rapid and innovative app

. Introduction

Fresh spinach and other raw or minimally processed vegetables
re under increasing demand by consumers due to their popu-
ar perception as a healthy food. However, fresh vegetables are
ommon vehicles for fresh produce-associated foodborne illness.
resh spinach has been implicated in outbreaks of Salmonella spp.
1], Escherichia coli O157:H7, Listeria monocytogenes, and Shigella
exneri infections as well as other communicable diseases in recent
ears [2–5]. Although the precise means by which the bacteria
pread to the spinach remain unknown, these contaminations may
ccurred through different steps and processes, including field
ontamination or cross-contamination during processing. Such
ncidents have caused considerable mortality, morbidity and finan-
ial losses [2,6].

Pathogenic detection is crucial to implement disease control
easures. Early detection of foodborne contamination directly
n packaged fresh vegetables can be useful to prevent the
ntake of contaminated products. Recently, research has focused
n development of rapid and accurate techniques to identify
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pathogens in food products [7,8]. Yang et al. [9] used a minia-
ture microfluidic flow cytometer integrated with several functional
micro-devices capable of sample purification and detection by
utilizing a magnetic bead-based immunoassay to recognize and
capture target microorgnaisms. Cheng et al. [10] used biofunc-
tional magnetic nanoparticles combined with ATP bioluminescence
for detection of E. coli. Hong et al. [11] developed QCM-DNA
biosensor to detect a main viral RNA encoding G protein in viral
haemorrhagic septicaemia infection. These current pathogenic
detection techniques are rapid, specific and sensitive. However,
most are technically complicated and costly, and require well-
trained specialists. Therefore, a rapid, simple, and inexpensive
detection and identification method of pathogens in food is still
needed.

Near infrared (NIR) spectroscopy is a rapid and non-destructive
multi-component analytical technique enabling several determi-
nations to be made simultaneously without requiring extensive
sample preparation [12]. NIR spectroscopy has been used for food
quality evaluation and analyses of microorganisms including deter-
mination of the content of ergosterol and fumosin B1 in maize [13],
evaluation of bacterial contamination in shredded cabbage [14],
and detection and discrimination of E. coli K12 and E. coli 25922

[15]. However, conventional NIR spectroscopic instruments are
considered as point-based scanning instruments as they provide
one spectrum of the target sample without giving any information
about the distribution of the chemical composition of a sample,
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nd thus spectra obtained from NIR instruments do not give spatial
nformation [16–18].

Hyperspectral imaging (HSI) is an emerging technique that
ssimilates spectroscopy and imaging to provide both spectral and
patial information on the distribution of the components of an
bject. Compared to NIR, hyperspectral imaging is a more power-
ul technique. HSI generates data cubes from which the pertinent
ualitative and quantitative information can be obtained [19–21].
SI hypercubes are a three dimensional pattern of data, comprising

wo spatial and one wavelength dimension. Spatial information is
mportant for monitoring of the sample as it can be used to extract
he chemical mapping of the sample from a hypercube [18,20,22].
or food safety applications, HSI has been successfully used for
etection of fecal contamination of apples [16], contaminant clas-
ification of poultry [23], and early detection of toxigenic fungi on
aize [24].
Heretofore, no study has been reported on using HSI for detec-

ion of foodborne pathogens in fresh spinach. Therefore, the
bjective of this study was to develop a rapid, non-destructive,
nd accurate method based on HSI integrated with chemomet-
ics for an early detection of E. coli in packaged fresh spinach. The
rinciple underlying this approach was based on the assumption
hat the metabolic activity of microorganisms on spinach results in
iochemical changes with the concurrent formation of metabolic
y-products which potentially indicate the contamination. Hence,
he HSI analysis of these metabolites would provide characteris-
ic fingerprint which can be used to indicate the contamination of
. coli in the samples. This present research is an important step
owards the development of a rapid and nondestructive method
or detection of pathogenic contamination in packaged fresh veg-
tables with minimal sample manipulation.

. Material and methods

.1. Preparation of stock culture and inoculated vegetable

The nonpathogenic strain E. coli K12 (NBRC 3301) was obtained
rom the National Institute of Technology and Evaluation Biologi-
al Resource Center (Chiba, Japan). Before use, E. coli was cultured
n Luria Bertani broth (Becton, Dickinson and Company, Sparks,

D, USA), and incubated at 37 ◦C for 8 h in a program incubator
IN801, Yamato Scientific Co., Ltd., Tokyo, Japan) with an agitation
ate of 100 rpm using a desktop rotary shaker (Invitro, TAITEC Co.,
td., Saitama, Japan) and centrifuged using a refrigerated micro-
entrifuge (MX-301, Tomy Seiko Co., Ltd., Tokyo, Japan). Broth was
oured from the culture and the sedimented pellet was resus-
ended in sterile Butterfield’s phosphate buffer which was used
s a dipping suspension. Preliminary experiments were conducted
o determine the population of E. coli necessary in the dipping sus-
ension to result in an initial population of ∼5 to ∼7 Log (CFU/g)
n spinach leaves. According to our previous work [15], it has been
uggested that NIR spectroscopy was able to detect E. coli when its
umber is higher than 5 Log (CFU/g).

Spinach (Spinacia oleracea L.) leaves were purchased from a local
upermarket earlier on the day of the experiment and stored at
◦C until use. Spinach leaves with decay, cuts, or bruises were dis-
arded, and only fresh unblemished leaves were used. The leaves
ere washed and drained several times before use. They were

hen placed in screened baskets, and submerged in the suspen-
ion containing E. coli for 5 min. Different sample subgroups were
repared, including non-inoculated spinach (control) and spinach
noculated with different concentration of E. coli (K12A, K12B,
12C and K12D). The uninoculated control was similarly treated
xcept sterile phosphate buffer was used in place of the inocu-
um. Fifty grams of spinach were then packed into a commercial
ta 85 (2011) 276–281 277

100 mm × 70 mm × 0.08 mm low density polyethylene (LDPE) bag
and sealed. The samples were incubated at 10 ◦C for 48 h in order
to allow E. coli to grow.

2.2. Microbiological analysis

The microbial cell count was determined on all packaged sam-
ples. Spinach leaves were aspetically removed from plastic bags
and placed in phosphate buffer. Leaves were stomachered for
1 min on high using a Stomacher Lab-blender (Pro-media SH-001,
Elmex, Ltd., Tokyo, Japan) to remove microbes from the leaf sur-
face. Serial dilutions were prepared from the stock suspension, and
Petri plates were inoculated with those dilutions expected to give
countable colonies. Inocula consisting of each of a dilution serials
were deposited on prepared plates in duplicate using 3 M Petrifilm
Aerobic Count Plates (3 M; St. Paul, MN, USA) for determining aero-
bic bacteria and 3 M Petrifilm E. coli/Coliform Count Plates (3 M; St.
Paul, MN, USA) containing Violet Red Bile nutrient agar as an indi-
cator of glucuronidase activity for E. coli. All plates were incubated
at 37 ◦C for 48 h. Plate counts are recorded as colony forming units
per gram (CFU/g).

2.3. Hyperspectral imaging system

A hyperspectral imaging system (JFE, Techno-Research Corpora-
tion, Tokyo, Japan) was used to produce full contiguous spectral and
spatial information and project it on a 12 bit charge coupled device
(CCD) camera. The Pentax C33500 having a 16 mm focal length for
2/3-inch CCD C-Mount camera was used. The lens has an aperture
range of f/1.6–f/16 which provides both low-light sensitivity and
depth of field control, covering a narrow 14.76◦ horizontal view. The
light sources consisting of 150 W Tungsten halogen lamp (ColdSpot
PCS-UHX, NPI, Tokyo, Japan) and 150 W Xe lamp (Super Bright 152S,
SAN-EI Electric, Osaka, Japan), fixed at 45◦ angles from the imaging
area were used as illumination sources.

The system is attached to a stage control unit (Model SGSP 26-
200, Sigma–Kaki Co., Ltd., Tokyo, Japan), so that a hyperspectral
image cube can be build by scanning in the direction perpendicular
to the spatial plane. The ImSpector (Model V10, Spectral Imaging
Ltd., Oulu, Finland) which creates a spectrum from 400 to 1000 nm
with a spectral resolution of 5 nm was used to align the imaging
system, acquire images, and store hyperspectral image data in a
12-bit binary file.

The SpectrumAnalyzer (Version 1.8.5, JFE, Techno-Research Cor-
poration, Tokyo, Japan) software was used to control the stepper
table and to construct the hyperspectral images. The program
stores the imaging system setup, wavelength range and number
of wavelength slices along with the hyperspectral imaging data in
a file. The hyperspectral data were acquired through a Dell Vostro
Intel(R) computer (Dell Inc., Tokyo, Japan).

2.4. Data analysis

Data were made up of 150 samples from 5 subgroups, includ-
ing non-inoculated spinach (Control) and spinach inoculated with
E. coli (K12A, K12B, K12C and K12D). Each subgroup had 30 repli-
cate samples collected from several cultivations. The detector
signal intensity counts were transformed into reflectance units.
Reflectance spectra of each sample treatment were obtained from
various positions on the sample surface and pretreated using
Sawitzky–Golay. Chemometrics including principal component
analysis (PCA) and artificial neural network (ANN) were then used

to analyze the outcome of hyperspectroscopic technique.

The PCA was used for compressing the wavelength variables.
The ANN based on multilayer perceptrons (MLP) with back propa-
gation algorithm was used to predict the number of E. coli from the
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ig. 1. Aerobic bacteria and E. coli (Log (CFU/g)) in the packaged spinach samples.
alues represent mean (±SD) of measurements made on 30 independent samples
er treatment.

yperspectral reflectance. The data sets were partitioned into two
ubsets: a training set and a validation set. The training set is a set
f samples used to adjust the network weights. The performance of
he neural network was confirmed by measuring its performance
n an unseen, independent validation set.

In order to facilitate a rapid and easy interpretation of the
yperspectral data, the prediction map of the number of E. coli
ontamination was performed with each pixel on the spatial plane
f a hyperspectral image. The prediction map was constructed in
ccordance with sample subgroups using the developed ANN pre-
iction algorithm and was performed on an unseen independent
et of data. All matrix calculations were performed using MATLAB
Mathworks, Inc., Natick, MA, USA) routines written by the authors.

. Results and discussion

.1. Microbial cell counts

The cell counts of aerobic bacteria and E. coli on spinach are
hown in Fig. 1. All samples had a high number of total aerobic
acteria. The numbers of E. coli from K12A to K12D were varied
rom 5.1 to 7.4 Log (CFU/g).
.2. Data pre-processing

Fig. 2 is shown the hyperspectral data of one spinach sam-
le, covering the effective spectral range of 400–1000 nm and a

ig. 2. Hyperspectral data covering the effective spectral range of 400–1000 nm and
total spatial distance.
Fig. 3. Average spectra of all samples for each sample subgroup (a), Averaged pre-
processed reflectance (b) using Sawitzky–Golay with a second order polynomial.

total spatial distance in which the intensity of the image is illus-
trated as the third dimension in addition to the spatial and spectral
dimensions. A vertical line parallel to the spectral axis represents
a spectral profile taken from a specific distance on the spatial hor-
izontal axis. On the other hand, a horizontal line parallel to the
spatial axis represents a spatial profile of a specific wavelength.
Accordingly, each hyperspectral image is comprised of a number
of spectra representing different spatial or pixels on the spinach
surface, and thus each pixel in a hyperspectral image contains the
spectrum of that specific position. The resulting spectrum can be
thought of as a fingerprint which can be used to characterize the
composition of that particular pixel.

Fig. 3(a) presents average raw signals of each sample subgroup.
The detector signal intensity counts (SD) were transformed into
reflectance (R) units by comparing with spectra of dark current
(Dk) and dividing by similarly corrected total reflectance spectrum
(Rf100) using Eq. (1). Reflectance spectra of each sample treat-
ment were obtained from various positions on the sample surface
and pretreated using Sawitzky–Golay. The averaged preprocessed
reflectance using Sawitzky–Golay with a second order polynomial
is shown in Fig. 3 (b). The mean spectrum was used to represent the
spectral features of the hyperspectral image. Mean reflectance of
control sample was discernible from that contaminated with E. coli,
probably due to metabolic compounds generated by inoculated
E. coli during the incubation period.
R = (SD − Dk)
(Rf100 − Dk)

(1)
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.3. Data processing

HSI generates data cubes from which the relevant qualitative
nd quantitative information could be extracted when optimal data
nalyses are applied. Such information could not be extracted by
lassical NIR spectroscopy because the quantification is performed
n the integration of a signal over the sample surface and the
patial information is lost. The hyperspectral data have two pixel
oordinates and a variables index (wavelength value) making a
hree-dimensional array (hypercube).

PCA was implemented to reduce the spectral dimension of the
yperspectral data. The method generated a new set of variables
amed (PCs). In order to apply chemometric techniques to the
yperspectral data, the hypercube was first unfolded and then

estructured into a two-dimensional matrix. The standardization
as then applied to the unfolded spectra, followed by projection

f the data into the direction defined by the PCs (Fig. 4a). The scree

ig. 4. PCA of hyperspectral data: (a) eigenvector coefficients for PC1 PC2 and PC3;
b) scree plot and percent variance explained of each PC; and (c) sample distribution
n the new space obtained from the PCA.
ta 85 (2011) 276–281 279

plot of the PCs was generated and is shown in Fig. 4b. In this study,
three PCs were extracted, as they explained a cumulative variance
of 98% of all wavelength variables.

PCA searches for lower dimensional spaces which reflect as
much as possible the original data. The projections of each sam-
ple onto the new space of the resulting PCs from the PCA analysis
are shown in Fig. 4c. The principal component scores represent the
transformation of the original observations into the new coordi-
nate space defined by the principal components. They provide a
measure of distance indicating how closely each sample conforms
to the mode of variability represented by each principal component.
Since each of the principal components captures variability across
all wavelengths, not all wavelengths are required to reconstruct
the original data set within a given level of accuracy. Therefore, it is
possible to reduce the dimensionality of the data matrix and retain
only those principal components that reflect the primary modes of
variation.

3.4. Prediction of E. coli contamination

A MLP neural network based on back propagation was used
to predict number of E. coli from the hyperspectral data. The net-
work architecture created for the E. coli data matrix comprised an
input layer, one hidden layer of neurons, and an output layer. Based
on preliminary analysis, the best performance of the network was
obtained when there were 3 neurons in the input layer, 3 neurons
in the hidden layer, and one neuron in the output layer.

In mathematical terms, a neuron k can be described by Eq. (2).
The inputs to a neuron include its bias and the sum of its weighted
input. The output of a neuron depends on the neuron’s inputs and
on its transfer function. The transfer function in the hidden layer
was a hyperbolic tangent and a linear function was used in the
output layer.

yk = ϕ

⎛
⎝

m∑
j=1

wkjxj + bk

⎞
⎠ (2)

where yk is the output, ϕ(.) is the transfer function associated with
the neuron k, bk is the bias, and xj is the input signal, and wkj is the
weight connection of neuron j and neuron k.

The retained components calculated from PCA were used as
the inputs and the numbers of E. coli were used as the outputs.
The difference between target value and actual neural output was
propagated back through the network to the input. The error was
minimized by adjusting the weight. In the learning process, the
updated value of weight is computed by

wkj(n + 1) = wkj(n) + �ek(n)xj(n) (3)

where wkj(n + 1) is the weight applied to the synaptic weight at
time step n + 1, ek (n) is the mean square error at time step n, xj(n)
is the element of the input vector at time step n, and � is the learning
rate parameter.

The neural network was trained using the Bayesian regulariza-
tion which was used to avoid overfitting. The training started with
different initial random weights, and was optimized during train-
ing. The learning process continued until the synaptic weights and
bias level of the network stabilized and the average square error
over the entire training set converged to the minimum value. The
performance of the trained network was evaluated by measuring
the errors in the validation sets. The performance function used
during training of the feed-forward neural network was the mean
sum of squares of the network errors (MSE).
MSE = 1
N

N∑
i=1

(ti − ai)
2 (4)
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Fig. 6. Prediction map of each pixel on the spatial plane of the sample image indicat-
ing the number E. coli contamination determined using ANN algorithm. The color
corresponds to the number of E. coli, expressed as Log (CFU/g), as shown on the
color bar. Color intensities are mapped to the full scale values of RGB color space.
The target color map of the expected values is depicted on the left of each prediction
map.
Fig. 5. Predicted versus true values of E. coli contamination.

here a is the network output, t is the targets, and N is the number
f samples.

Regression analysis was performed between the predicted val-
es and the true values. Fig. 5 shows the predicted versus true values
f the numbers of E. coli contaminated on the packaged spinach. The
oefficient of determination (R2 = 0.97) between the outputs and
argets indicates a very good fit between true and predicted data.
he goodness of fit of the approach was also evaluated by the mean
quare error (MSE = 0.038), which measures the average deviation
etween observed and predicted values. The smaller the value of
his index the better the fit of the model to the experimental data.

.5. Prediction map

Hyperspectral data obtained from the spinach sample com-
rised contiguous wavebands for each spatial position of a target
tudied and each pixel of the image contained the spectrum of
hat specific position. The resulting pixel spectra can be thought
f as a fingerprint which can be used to characterize the biochem-
cal compositions and concentrations ascribed by E. coli present
n the sample. Therefore, an individual hyperspectral image can
e mapped to provide spatial information of E. coli contamination.
he developed ANN algorithm was used to determine the number
f E. coli contamination of each pixel on the spatial plane of a hyper-
pectral image in order to produce a prediction map in accordance
ith different sample subgroups.

To construct the prediction map, a rectangular region-of-
nterest (ROI) of 240 pixels was selected. The hypercube was
nfolded, all pixel spectra were computed, and the ANN predic-
ion algorithm was applied to calculate number of E. coli. The color

ap was then constructed on the original spatial locations of the
ource pixel spectra. A visualization of different sample subgroups
s displayed in Fig. 6. Each pixel was colored with respect to the
alculated number of E. coli, expressed as Log (CFU/g), as shown on
he color bar on the right of the prediction map. For comparison
urposes, the target color of the expected values was depicted on
he left of each prediction map. A wide range of target color was dis-
layed, representing the numbers of E. coli depicted in the dataset.
he prediction map with intensity scaling shows a direct correla-
ion with the numbers of E. coli present in the sample. The color
atching between expected and predicted values was agreeable.
lightly inhomogeneous areas could be easily noticed from changes
n coloration of the images.
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Construction of prediction map based on chemometric tech-
iques used in this study allowed a rapid and easy interpretation
f the HSI data. The simplified visualization of results is encourag-
ng and has potential to be complementary to food safety control
ystem.

. Conclusion

The results in this study demonstrated that hyperspectral imag-
ng integrated with chemometrics could be used as a rapid and
ffective tool for detection of target bacteria in packaged fresh
pinach. Hyperspectral imaging could provide spectral data and
patial image information to the spectra acquired. PCA was suc-
essfully implemented to remove redundant information from the
yperspectral images of all samples. The ANN developed in this
tudy could predict number of E. coli from the HSI data. Prediction
ap of the E. coli number to pixel spatial information allowed rapid

nd convenient data interpretations.
The proposed HSI detection method has high potential to pro-

ide a simple, economical, and real-time detection system for
athogenic contamination in packaged fresh vegetables with min-

mal sample manipulation, and may become a powerful tool for
onitoring the safety of packaged fresh vegetables in the food

ndustry.
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