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ABSTRACT

Hyperspectral imaging (HSI) is an emerging advanced technology in food
engineering, especially in food quality and safety analysis and control. The ability of
Hyperspectral imaging to obtain both spectral and spatial information of the object
of interest makes it a non-destructive, objective, and real-time method for food
quality and safety assessment. The present review highlights the fundamentals of
HSI; recent advances in the HSI configuration and application of HSI in the food
industry; description of image acquisition and processing; and potential for food

safety and quality control.
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INTRODUCTION

With the current need for reduced cost
of production, the food industry is
facing to a number of challenges
including maintenance of high-quality
standards and assurance of food safety
while avoiding liability issues. Meeting
these challenges has become crucial in
regards to grading food products for
different markets. Food companies and
suppliers need efficient, low-cost,
quality and safety inspection
technologies to enable them satisfy
different markets' needs, thereby raising

their competitiveness and expanding
their market share.

Quality and safety are usually
defined by physical attributes (e.g.,
texture, color, marbling), chemical
attributes (e.g., fat, moisture, protein
contents, pH, drip loss), and biological
attributes (e.g., total bacterial count).
Traditionally, assessment of quality and
safety involves human visual inspection
and/or chemical and  biological
determination  experiments.  Visual
inspection is subjective measurement
which can be difficult and unreliable
and has poor repeatability of results.
Chemical and biological determination
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experiments are  tedious, time-
consuming, destructive, and sometimes
harmful to the environment. Therefore,
it is desirable to develop an accurate,
non-destructive, and real-time technique
for food quality and safety assessment.
Recently, hyperspectral imaging has
been used to evaluate food quality and
safety. This technique was originally
developed  for remote  sensing
applications as a mean of overcoming
the limitations of spectroscopic and
machine vision techniques (Goetz et al.,
1985). According to Gowen et al. (2007),
HSI has several merits over RGB, NIR
and multispectral imaging. Applications
for food quality and safety control
include detection of contaminations
(Kim et al., 2002, 2004), identification of
defects (Xing et al., 2005; Nagata, Tallada
& Kobayashi, 2006), analysis of
constituents (Qiao et al., 2005), and meat
quality evaluation (Qiao et al., 2007).
Recently, the technique has become
more and more popular due to the
consumer demands as well as the
challenge of market segmentation and
legal restriction. Thus, HSI has shown a
strong potential as a powerful detection
technique.

Hyperspectral imaging

Hyperspectral imaging (HSI) combines
traditional imaging and spectroscopy
technology and can be used to obtain
spectral and spatial information of an
object of interest over the ultraviolet,
visible, and near-infrared spectral
regions (200 nm-12 um) (Bannon, 2009).
Hyperspectral imaging systems provide
hyperspectral images consisting of
numerous spatial images of the same
object at different wavelengths. The
hyperspectral ~ image, also called

hypercube, is a three-dimensional data
cube which is achieved through the
superimposition of the spatial images
collected by the hyperspectral sensors.
These images are composed of vector
pixels, and represent the composition
and appearance of that particular food
sample. Spectra from the data cube of
different samples can be compared.
Similarity between the image spectra of
two samples indicates similarity of
chemical composition and physical
features. The hypercube usually can be
constructed in three ways: area scanning,
point scanning, and line scanning (Gowen
et al., 2007). Due to the presence of
conveyor belts (for in-line inspection) in
most food processing plants, line
scanning is the preferred method of
image acquisition.

Typical hyperspectral imaging
system comprises of hardware and
software. The specific configuration may
vary depending on the object to be
assessed and the technique of image
acquisition. Most hardware platform of
HSI systems share common basic
components as shown in Figure 1: an
illumination to provide light source
(usually produced by halogen lamps);
light irradiation either directly or
delivered by optical fiber; detector (e.g.
CCD or CMOS camera, InGaAs based

array detector) which obtains both
spectral ~and  spatial  resolution
simultaneously; spectrograph to

disperse the wavelengths of the light
and deliver signals to the photosensitive
surface of the detector; an objective lens
to adjust the range of light acquisition;
an objective table fixed to a conveyer
belt to hold and transport the sample;
and a computer to compose and store
the three-dimensional hypercube.
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Figure 1. Configuration of a hyperspectral imaging system

Hyperspectral imaging system can be
operated either in reflectance or
transmittance modes. To acquire images
in transmittance mode, thin sample
sizes are usually used in order to allow
light travelling through the sample.
Thick sample can be used in reflectance
HSI measurements. Thus, food materials
can be inspected as a whole in
reflectance mode without the need to
make slices. Examples include apples
(Peng and Lu, 2008), cucumbers (Ariana
and Lu, 2010a), mushrooms (Gowen,
Taghizadeh and O’Donnell, 2009), and
chickens (Chao et al., 2008).
Hyperspectral imaging system
can work in different spectral range
such as VIS/NIR range and NIR range.
Different detectors are used for different
HSI systems due to their sensitivity to
the light at different wavelengths. At
present, the CCD and CMOS camera
(300-1100 nm) are most widely used
VIS/NIR detectors in food quality and

safety analysis, while the InGaAs array
detector (900-1700 nm, 1000-2200 nm,
and 1200-2500 nm) is used for NIR
hyperspectral imaging that may provide
increased accuracy for assessment and
analysis of food quality and safety.

Analysis of hyperspectral images

The hypercube contains a mass of
information with large dimensionality.
The main purpose of hyperspectral data
analysis is to reduce the dimensionality
and retain the wuseful data for
discrimination or measurement analysis
of food quality and safety. Many image
processing techniques and chemometric
methods can be used to reach the
detection goal. Figure 2 illustrates the
process of hyperspectral data analysis,
including reflectance calibration,
segmentation of ROI, image processing
and spectral analysis, and classification
(qualitative analysis) or prediction
(quantitative analysis).
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Figure 2. Flow diagram of hyperspectral data analysis process

All hyperspectral images need to be
corrected from the dark current of the
camera prior to the following data
analysis. At the stage of reflectance
calibration, the dark response D and
the bright response W are obtained
respectively by covering the lens with
the cap and by taking an image from a
uniform high reflectance standard (a
standard white reference). The corrected

reflectance value R of the original

reflected signal | is calculated on a
pixel-by-pixel basis as follows:

R=(1-D)/\W -D).

After the reflectance calibration, the
region of interest (ROI) will be
segmented from the background for the
further image processing and spectral
analysis. Some image processing
algorithms can be used to segment ROI,
including thresholding, edge detection,
filtering, mathematical morphological
algorithm, and so on (Martin and
Tosunoglu, 2000).

Image processing and spectral
analysis will be applied on segmented
ROI to extract useful information for

food quality and safety analysis. Image
processing algorithms such as GLCM
(Qiao et al., 2007), Gabor filters (Liu et
al., 2010) and line detection (Liu et al.,
2012) can be used to extract image
features which can characterize various
meat quality attributes at different
wavelength bands. Before spectral
analysis, the nonchemical biases, i.e.
interference  signal (baseline  drift,
particle deviation, surface
heterogeneity) should be removed from
the spectral information using the
spectral processing techniques such as
Savitzky-Golay derivative conversion,
multiple scattering correction (MSC),
and the first or second derivative
(Zeaiter, Roger & Bellon-Maurel, 2005).
After removing the spectral noise,
different statistical procedures such as
the analysis of variance (ANOVA),
principal component analysis (PCA),
linear discriminant analysis (LDA),
stepwise regressions, and partial least
squares regressions (PLSR) can be used
to analyze the spectral data to determine
the spectral features which correspond
to the various meat quality attributes.
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Application of HSI in practice
may be limited due to the resulting large
and computationally excessive
hypercube. Thus, it is necessary to extract
the characteristic ~wavelengths by
operating qualitative or quantitative
analysis for establishment of the
relationship between food quality traits
and image/spectral characteristics. For
qualitative analysis, discriminant
analytical tools such as PCA and LDA
and machine learning methods such as
artificial neural networks (ANNSs) and
decision trees, are usually employed for
classification and evaluation (Camps-
Valls & Bruzzone, 2005). Some new
methods are also proposed and studied
for hyperspectral detection, e.g. the
partial least squares discriminant
analysis (PLSDA) (Ariana and Lu,
2010a) and  spectral information
divergence (SID) based classification
algorithm (Qin et al, 2009). For
quantitative analysis prediction,
multivariate analytical tools such as

PCA, PLSR, stepwise multi-linear
regression  (SMLR), are usually
employed for chemical content

prediction (Cen and He, 2007). PCA and
PLSR are the most used and reliable
modeling methods. Some advanced
techniques such as radial basis function
(RBF) (Peng et al., 2008) and PLSDA
(Ariana and Lu, 2010a) are also used for
prediction and measurement of food
quality traits. Table 1 presents a
summary of algorithms wused for
qualitative and quantitative analysis in
hyperspectral imaging application for
food quality and safety analysis since
2008.

Application of hyperspectral
imaging in food analysis

As an emerging process analytical tool,
HSI is well suited for food quality and
safety control. Recently, intensive
research has been carried with regards
to the big potential for hyperspectral
imaging application in the food

industry. Table 1 describes the recent
advances in the application of
hyperspectral imaging on quality and

safety analysis of different food
products since 2008. An extensive
review about the research work

reported before 2008 can be found in
Gowen et al. (2007).

Fruit

Most of the products studied with
hyperspectral imaging are fruits, e.g.
apples, citruses, pears, and peaches. The
majority of these studies were
conducted in reflectance mode and in
the VIS-NIR range (400-1100 nm), while
some recent research has been carried
out in the NIR range (900-1700 nm)
(Wang et al., 2009; Sugiyama et al., 2010).
For apple, hyperspectral imaging was
used to measure quality attributes such
as firmness, soluble solids content, and
mealiness (Peng and Lu, 2008; Huang
and Lu, 2010). These studies
demonstrated that hyperspectral
scattering technique was potentially
useful for nondestructive detection of
apple quality attributes. The same
spatially resolved diffuse reflectance
HSI system was also used to study
optical ~properties of fruits and
vegetables including apple, pear,
cucumber, tomato (Qin and Lu, 2008).
This research reinforced the potential of
hyperspectral imaging technique as a
convenient attribute classification tools
for fruits as well as vegetables.

Qin et al. (2009) explored the
potential of using hyperspectral imaging
to detect citrus canker lesion. The
hyperspectral images were processed
and classified to differentiate citrus
canker lesion from normal and other
peel diseased conditions including
greasy spot, insect damage, melanose,
scab, and wind scar. The analysis
method was SID based classification and
the overall classification accuracy was
96%. Since this research wused full
spectral information which was not
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desirable for online citrus canker
detection, more work needs to be done
for optimization of waveband selection.

Vegetable

A number of papers about mushroom
quality detection using HSI have been
published since 2008. Hyperspectral
imaging was used to detect the bruise
damage on white mushrooms (Gowen et
al., 2008a) and to identify freeze damage
of mushrooms using PCA (Gowen et al.,
2009). The quality deterioration of sliced
mushrooms during storage was also
measured using HSI in terms of
moisture content, colour and texture
(Gowen et al.,, 2008b). These studies
showed the potential of HSI for damage
detection and quality measurement of
mushroom. Taghizadeh et al. (2010)
investigated the shelf life (using
parameters including weight loss, color,
maturity index) of mushrooms under
different packaging polymer films. This
research demonstrated that
hyperspectral imaging has potential as
an analytical tool for evaluation of shelf-
life of fresh mushrooms. It also
indicated that HSI can be used to

evaluate the effect of different
packaging solutions especially
packaging materials. Hyperspectral

imaging was also applied to predict
polyphenol oxidase (PPO) activity on
mushrooms in the VIS/NIR range
(Gaston et al., 2010). The result of this
study revealed the possibility of
developing a sensor that could rapidly
identify mushrooms with a higher
likelihood to develop enzymatic
browning. This study highlights the
utility of HSI in terms of safety and
quality management in the food
industry.

Ariana and Lu (2010a)
developed a VIS-NIR HSI system to
classify pickling cucumbers and pickles
and detect inner defected pickle pieces.
This system combined reflectance mode
and transmission mode together and

used a moving transport platform. The
results showed the capability of
hyperspectral imaging to identify inner
defects of cucumber and pickles which
was invisible to the naked eyes.

Meat
Most meat researches related to
hyperspectral imaging were performed
on pork and beef. Lamb (Kamruzzaman
et al, 2010) and ham (ElMasry et al.,
2011) have also been investigated.

Hyperspectral imaging was
used to classify pork quality groups and
predict pork quality traits such as
marbling scores (Barbin et al.,, 2012; Liu
et al., 2010, 2012). Barbin et al. (2012)
studied the grading and classification of
three pork quality groups i.e. REN, PSE,
and DFD, using NIR hyperspectral
imaging (900-1700 nm). Six wavelengths
were selected using the 2nd derivative
spectra and PCA was carried out on the
selected 6 wavelengths. The high
accurate results of this study indicated
that pork quality groups could be
precisely discriminated using NIR
hyperspectral imaging. Instead of three
pork quality groups, four pork quality
groups (RFN, RSE, PFN, PSE) were
classified using VIS/NIR hyperspectral
imaging in Liu et al. (2010). Automatic
and objective measurement methods
were established for pork quality
classification and quality trait prediction
by employing advanced image
processing techniques such as Gabor
filters and the wide line detector (Liu et
al., 2010, 2012). The high accuracy of
results indicated the big potential of HSI
in meat quality analysis especially when
combined with advanced image
processing techniques.

The bacterial spoilage process
in meat was also studied using a
VIS/NIR reflectance HSI system (Peng
et al, 2008, 2011). The best prediction
result  (correlation  coefficient=0.95,
standard error of prediction (SEP) =
0.30) was obtained using combination of
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scattering parameters. These studies
demonstrated the great potential of
hyperspectral imaging in bacterial
activity analysis which is related to food
quality change.

Seafood

The shelf life of salmon was studied by
VIS/NIR spectral analysis. Huang et al.
(2011) applied hyperspectral imaging to
predict salmon's storage time. PCA
based K-means clustering and MLR
were developed to relate hyperspectral
data to the storage time and texture
change of salmon, respectively. The
results indicated that it is possible to
predict the texture and storage time
using HSI. Barely any research on
seafood has been reported in last 2
years. Seafood holds promise as an
attractive area for HSI research.

Biofilm detection

Recently, Jun et al. (2010) reported the
utilization of macro-scale fluorescence
hyperspectral imaging to evaluate the
potential  detection of pathogenic
bacterial biofilm formations on five
types of food-contact surface materials:
stainless steel, high density
polyethylene (HDPE), plastic laminate
(Formica), and two variations of
polished granite. These materials are
commonly used to process and handle
food, and sometimes cause biofilm
pollution (such as E. coli O157:H7 and
Salmonella biofilm) on food surface.
This study showed that the
hyperspectral imaging could also be
used to develop portable hand-held
devices for sanitation inspection of food
packaging which has become a big issue
for food processing. It was also noted
that low cell population density may
influence the accuracy of Dbiofilm
inspection of food processing surfaces.
More studies should be conducted on
the HSI biofilm detection in low cell
population density.

CONCLUSION

Hyperspectral ~ imaging  (HSI) s
developing as a platform technology for
food quality and safety analysis in food
processing and packaging. Since the
information are stored in large data
cube ie. hypercube which may slow
down the data processing speed,
increasing the efficiency of data analysis
methods and identifying the key
wavelengths should be the center focus
of upcoming studies in order to make
HSI more suitable for in plant
application.
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Table 1: Summary of measurement mode, product type, analysis type, wavelength region studied and
modelling algorithm employed in papers published on hyperspectral imaging of food since 2008.

Mode Camera Product Yg_;ﬁ:i?ﬁ_;? Analysis type pT:c%essing Modelling Author, Year
Reflectance CCD Almond nut 700-1000, 950-1390 Qualitative Non Band ratio(BR), Support Nakariyakul & Casasent, in
vector machines (SVM) press
CCD Apple 600-1000 Quantitative Thresholding(TH)  Partial least squares Huang & Lu, 2010
regression(PLSR), Partial
least squares discriminant
analysis (PLSDA)
CCD Apple 450-1000 Quantitative Not: red Stepwise multi-linear Peng & Lu, 2008
regression(SMLR)
CCD Apple 400-1000 Qualitative TH Artificial neural networks ElMasry, Wang & Vigneault,
(ANN) 2009
CCD Apple, Peach 500-1000 Quantitative TH Manual analysis Qin & Lu, 2008
CCD Beef 400-1000 Quantitative Co-occurrence Canonical discriminant Naganathan et al., 2008
matrix analysis,
PCA
CCD Beef 400-1100 Quantitative MLD Multi-linear regression Peng et al., 2011
(MLR)
CCD Beef 496-1036 Quantitative MLD SMLR Cluff et al., 2008
CCD Chicken 389-744 Qualitative TH BR Chao et al., 2008
CCD Citrus 400-1100 Qualitative Geometric factor Digital elevation model Gomez-Sanchis et al., 2008a
correction(GFC) (DEM)
EMCCD Citrus 450-930 Qualitative TH Spectral information Qinetal., 2009
divergence (SID) mapping
CCD Mandarin 320-1100 Qualitative GFC Linear discriminant GoOmez-Sanchis et al., 2008b
analysis(LDA), Classification
and regression trees (CART)
CCD Mushroom 400-1000 Quantitative Not-mentioned PLSR Taghizadeh et al., 2010
CCD Mushroom 400-1000 Quantitative TH PCA Gaston et al., 2010
Mushroom 400-1000 Qualitative TH PCA Gowen et al., 2008a
Mushroom 450-850 Quantitative Not-mentioned MLR, Principal components ~ Gowen et al., 2008b
regression (PCR)
Mushroom 450-950 Qualitative Interactive Selection PCA Gowen et al., 2009
CCD Pork 400-1100 Quantitative Not-mentioned Least square support vector ~ Peng et al., 2008
machines (LS-SVM)
CCD Pork 400-1100 Quantitative MLD MLR Wang et al., 2010
CCD Pork 400-1000 Quantitative Gabor-filter, TH PCA, K-means clustering, Liuetal., 2010
LDA
Pork 900-1700 Qualitative TH PCA Barbin et al., In press
CCD Pickling cucumbers 400-740 Qualitative TH PLSDA, K-nearest Ariana & Lu, 2010a
and whole pickles neighbor(KNN)
CCD Salmon 400-1100 Qualitative, TH PCA, K-means clustering, Huang et al., 2011
Quantitative MLR
CCD Whole pickles 400-675 Qualitative TH PCA Ariana & Lu, 2010b
InGaAs Onion 1000-1600 Qualitative TH Manual analysis Wang et al., 2009
InGaAs, Maize 960-1662, Qualitative TH PLS-DA Williams et al., 2009
HgCdTe 1000-2498
InGaAs Strawberry 1000-1600 Qualitative TH LDA Sugiyama et al., 2010
Transmittance CCD Pickling cucumbers 740-1000 Qualitative TH PLSDA, KNN Ariana & Lu, 2010a
and whole pickles
CCD Whole pickles 675-1000 Qualitative TH PCA Ariana & Lu, 2010b
CCD Egg 550-899 Qualitative Not-mentioned PCA Smith, Lawrence &
Heitschmidt, 2008
Fluorescence  EMCCD Microbial biofilm  421-700 Qualitative TH PCA Junetal., 2010

formation




