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Abstract The current lifestyle and a greater awareness of
the benefits of proper nutrition demand requirements for
products offered in the market, being very important the
safety, sensory attributes and composition of these respect
to the benefits from their constituents, which in most of
cases can only be assessed using techniques that require
high investment of human, technological and time resour-
ces. This has caused the food industry to seek to develop
products, besides the aforementioned requirements, which
use technologies with less product loss during the analysis.
Of all the available options, hyperspectral imaging tech-
nology is shown as one of the most promising alternatives,
being a nondestructive analysis technology that can easily
engage in productive processes. In this review, we collect
the most important studies conducted using the hyper-
spectral imaging technology in assessing the quality and
safety of food products, such as fruits and vegetables,
legumes, cereals, meats, dairy and egg products.
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Introduction

The current food industry is focused on developing innocu-
ous products that meet the quality requirements demanded
by the market, but using technologies quick and accurate
response [99], with less product loss during the analysis.

Of the many available technologies, hyperspectral
imaging (HSI) is shown as a promising alternative, offering
speed, accuracy, reliability, besides being a nondestructive
analysis technology that can be attached along the different
production processes [28], obtaining information immedi-
ately, something that other technologies cannot do.

To this must be added the efforts of the scientific
community that directed significant research toward opti-
mizing the adaptability of HSI to the food production
processes, which is evidenced by the different studies
published in the last decade (Fig. 1).

Figure 1 shows that from the year 2011 there have been a
considerable increase in number of studies on the application
of HSI in life sciences. This indicates that, as an alternative
technology, the acceptance of HSI by industry was increasing,
thanks to the advantages already mentioned above.

The objective of this review is to gather the most
important studies conducted on the application of HSI in
the evaluation of the quality and safety of food, referring
first to the fundamentals of this analytical technology and
then detailing its application to different food groups.

Fundamentals of Hyperspectral Imaging (HSI)

This technology had its origins between the 1970s and
1980s with the beginnings of the mineral mapping and the
development of airborne imaging spectrometer (AIS) in
identification works on surface of materials using remote
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Fig. 1 Publications of scientific articles on the application of
hyperspectral imaging (HSI) in the food industry. Information
obtained from the database Scopus (search criteria: ALL FIELDS:
“hyperspectral imaging” and ARTICLE TITLE, ABSTRACT,
KEYWORDS: “each group of food”)

sensing imagery conducted by the team Alexander Goetz at
the California Institute of Technology [33].

Later, this technology showed its versatility to applica-
tions other than remote sensing, with applications in fields
such as environment, geology, pharmaceutical industry [28],
medical sciences [38] and food industry [50, 77, 96, 115].

Hyperspectral imaging, also called spectroscopic imag-
ing or imaging spectrometry, is a powerful spectroscopic
technique for nondestructive analysis that involves the
acquisition of a stack of images of the same object at dif-
ferent spectral bands. The combined nature of the images
and spectroscopy provides simultaneously physical and
geometrical characteristics such as shape, size, appearance
and color of the sample under analysis and the chemical
composition thereof through spectral analysis [28, 122].

Besides the HSI, there are other kinds of spectral images:
multi-, super- and ultraspectral [44], which are classified
according to the number of bands and the spectral width of each
band (Table 1). In all cases, the spectral image is a stack of
images of the same object, each in a different spectral band. The
smaller the width of each band, the better the spectral resolu-
tion, because reflectance continuous spectra are obtained.

Multispectral images consist of not more than ten
spectral bands, while hyperspectral images contain hun-
dreds of contiguous bands and regularly spaced. Therefore,
hyperspectral images are a better source of information,
providing a complete and broad spectrum in each pixel of
the image [5].

All spatial characteristics of the samples under analysis
can be viewed in different wavelengths (spectral dimension),
so that an image can be analyzed in a single wavelength or by
a combination of different wavelengths. No image on a
single wavelength has sufficient information to fully
describe a sample, which explains the advantage of HSI in
food analysis because of the complexity of their structure and
composition [28, 52].

During sample analysis, electromagnetic radiation inci-
dent on them generates spatial maps called hypercubes [28,
105, 106], obtaining three-dimensional databases com-
prising two spatial dimensions (x rows by y columns) and a
spectral dimension (wavelength 1) (Fig. 2a).

Each hypercube consists of 50-300 images acquired at
different wavelengths with a spectral resolution of
1-10 nm (Table 1). The basic criteria commonly applied to
collect spectral information are: (a) the sequential acqui-
sition of two-dimensional images at different wavelengths
within a specific range of the spectrum, or (b) obtaining the
full spectrum of each pixel of a line or area of an image at
specific spectral region [66].

The basic principle of HSIis that all samples reflect, scatter,
absorb and emit electromagnetic energy obtaining different
patterns in specific wavelengths due to the difference in
chemical composition and physical structure. For a con-
stituent, if the percent reflectance is plotted against wave-
length, the resulting curve is referred to as “spectral
signature” or “fingerprint spectrum” of that constituent
(Fig. 2b). Each component has a characteristic spectral sig-
nature reporting its chemical composition, which can be used
to characterize, identify and discriminate between classes or
types, in each pixel of the image [102]. Differences in the
concentration of the chemical constituents of the sample have
different reflectance values (or absorbance) in some key wave
lengths. Figure 2b shows that the main constituents are totally
different in terms of the reflectance values in the spectrum due
to the different concentrations of chemical constituents such
as water, proteins, fats that could have samples.

Evaluation of Food Through Hyperspectral
Imaging

External attributes such as size, shape, color and surface
texture can be easily evaluated by image analysis, but the
prediction of parameters such as moisture content, fat or
protein is difficult [23]. Spectroscopy alone is applicable in
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the characterization of homogeneous materials, providing
mean values of the sample properties. If the sample is
heterogeneous in composition, different values depending
on the location of the measurement are obtained. Indeed,
this heterogeneity in the sample does not follow unless the
spectroscopic measurement is repeated many times in a
systematic way. This is inefficient in a practical application
that must be controlled throughout the sample surface [76],
besides involving greater investment of resources in the
form of money, personnel and time.

It is also important to check the presence of extraneous
agents which may represent a hazard to the consumer,
which means ensuring food safety, so that these products
do not cause any harm, either by adulteration, for the
synthesis of harmful components as a result of deteriora-
tion, or by the presence of external contaminating agents
[20, 31, 50, 55, 108].

In this sense, HSI has been applied in the evaluation of
different types of food (Fig. 1); however, numerous
investigations and optimization of their applications con-
tinue to be developed to adapt to a wider range of products.
In this section, specific applications for different food
groups in which this technology is used in both quality
assessment and safety are described.

Fruits and Vegetables

In the food chain, fresh fruits and vegetables must undergo
numerous processing steps, such as harvesting, cleaning,
sorting, grading and packing before being shipped to
markets. Throughout these steps, these are generally sus-
ceptible to extensive damage, which are not limited to
mechanical damage but extend to pathogen invasion [67]
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or contamination by other external agents which may
represent a hazard to consume.

Some damage is not easy to recognize by naked eye;
moreover, the large number of fruits that pass through
processing lines generates considerable difficulties that can
lead to significant error during the inspection, which, if
done manually, is expensive, inefficient, inconsistent and
subject to human error.

The solution to this problem is to look for alternatives to
help eliminate the disadvantages of traditional systems.
Such defect detection systems must be fast, consistent,
accurate and sensitive to detection of various defects from
the onset of symptoms. Hyperspectral images have the
potential to detect some defects automatically even before
they are visible to the human eye [28].

The principle of applying the HSI in the evaluation of
fruits and vegetables is the absorption of incident light,
related to the chemical constitution of the sample, such as
sugar content, while the light scattering is influenced by
physical/structural characteristics such as the density, par-
ticle size and cell structure [94].

Numerous studies such as those shown in Table 2 have
shown great potential in determining quality parameters
and defect detection using different HSI acquisition modes
and different ranges of wavelengths (1) ranging from the
visible spectrum to near infrared, all aimed at optimizing
the application of this technology to fulfill quality
requirements through automated inspection and imple-
mentation of classification systems that are fast, reliable,
nondestructive and inexpensive. In this regard, HSI has a
remarkable performance for estimating physical attributes
such as strength, the presence of bruises and injuries, dry
matter, soluble solids, pH.
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Table 2 Some applications of HSI in assessing the quality and safety of fruits and vegetables

Product Parameter 2 (nm) Accuracy References
Fruits

Grape: red/white

Red grape

Strawberry

Mango
Apple

Peach
Orange

Banana

Vegetables
Cucumbers

Tomato

Mushrooms
Spinach
Onion
Potato
Cabbage

Total phenols

°Brix

Titratable acidity

pH

Extractable total phenolic content
Extractable anthocyanin content
Anthocyanins content
Anthocyanins content
Discrimination between different grape varieties
Detection of bruises

Moisture content, total soluble solids and pH
Skin damage

Detection of bruises

Detection of bruises

Detection of bruises

Firmness

Firmness/soluble solids
Firmness/soluble solids

Chilling injury

Sugar content

Starch index

Fecal contamination

Firmness

Soluble solids

Soluble solids

Moisture

Firmness

Detection of bruises
Internal defects

Chilling injury

Chilling injury

Firmness and ripeness
Skin damage

Chilling injury
Escherichia coli detection
Detecting skin sour
Prediction of cooking time

Bacterial contamination

950-1650 R? = 0.89/0.80 [771
950-1650 R? = 0.99/0.95 [77]
950-1650 R? = 0.98/0.93 (771
9501650 R* = 0.94/0.94 [77]
900-1700 R* = 0.82 [78]
900-1700 R*=0.79 [78]
900-1700 R* =094 [12]
400-1000 R*=0.65 [30]
950-1650 86 % [79]
650-1000 90.7 % [74]
400-1000 R = 0.87, 0.80 and 0.92 [24]
650-1100 91.4 % [114]
400-1000 94 % [25]
400-1000 86 % [125]
900-1700 94 % [62]
500-1040 R =074 [80]
450-1000 R = 0.89/0.88 [86]
500-1000 R = 0.84/0.86 [95]
400-1000 98.4 % [26]
685-900 R =091 [135]
1000-1700 80.8 % [69]
400-1000 100 % [54]
500-1000 R? = 0.58 and 0.77 [63]
700-1100 R? = 0.96 and 0.998 [59]
400-1000 R*=0.85 (98]
400-1000 R* =087 [98]
400-1000 R* =091 [98]
900-1700 82-93 % [4]
400-1000 99 % [6]
447-951 93 % [13]
447-951 90 % [58]
500-1000 R = 0.66 [94]
1000-1700 96.4 % [57]
400-1000 98 % [35]
400-1000 R* =097 [109]
950-1650 87 % [116]
400-1000 R? = 0.94-0.96 [75]
700-1100 R =095 [110]

R correlation coefficient, R? coefficient of determination

An important aspect to consider in the quality of the
fresh food is the outer appearance, which is the first attri-
bute perceived by consumers when choosing them. This is
why the control and selection of defective products is a
vital task. For example, a lesion on the skin of foods carries

the risk of contamination by pathogens [57]. The applica-
tion of the HSI can be a valuable tool for detection of
defective products as this may not possible by visual
inspection, especially at an early stage. This would prevent
future losses during distribution or sale of the product.
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These defects are more common in products susceptible
to mechanical damage, such as mango, whose mechanical
damage to the skin were evaluated [114], obtaining better
detection of skin damage in the range of 700-800 nm, with
a rate of correct classification of 91.4 % (Fig. 3a). In
similar studies developed to detect bruises by hyperspectral
imaging in other products, Nagata et al. [74] at wave-
lengths in the range of 650-1000 nm identified 90.7 %
bruises in strawberry using two key wavelengths (825 and
980 nm). In apples, various studies were carried out, as
developed by ElMasry et al. [25], Lu [62] and Xing et al.
[125], who obtained detection accuracies of 94, 94 and
86 %, respectively, as shown in Table 2.

Also, bruises in vegetables such as cucumbers were
successfully detected by Ariana et al. [4]. Principal com-
ponent analysis (PCA), band ratio and band difference
were applied in the image processing to segregate bruised
cucumbers from normal cucumbers. Best detection accu-
racies from the PCA were achieved when the spectral

Fig. 3 a Images of mango skin (A)
damage captured at different
wavelengths. RGB: image red,
green, blue; adapted from Vélez
et al. [114]. b Absorption
spectrum of tomato in three
different states: green, ripening
fruit and mature; adapted from
Qin and Lu [94]

region was 950-1350 nm (95 %). The best band ratio of
988 and 1085 nm had detection accuracies between 93 and
82 %, whereas the best band difference of 1346 and
1425 nm had accuracies between 89 and 84 %. More
recently, Lee et al. [57] evaluated the use of hyperspectral
NIR reflectance imaging (1000-1700 nm) for detecting
cuticle cracks on tomatoes, obtaining 96.4 % accuracy to
classify tomatoes with and without crack defects.
Detection of other defects due to chilling injury, internal
lesions, microbial contamination, among others, is another
challenge which is considered as a critical issue as these
defects can be the source for decay and microbial growth.
Regarding microbial contamination in fruits like apples,
recently has been developed a hyperspectral system (fluo-
rescence and reflectance imaging) to detect fecal spots on
artificially contaminated apples, with a detection rate of
100 % by fluorescence imaging and 99.5 % by reflectance
imaging [54]. Likewise, early detection of pathogenic
contamination in packaged fresh vegetables can be useful

700 nm

-

780 nm

1080 nm

1070 nm

-o- Tlomato (Green)
—— Tomato (Pink)
—— Tomato (Red)
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to prevent the intake of contaminated products, as
demonstrated Siripatrawan et al. [109], who evaluated the
capability of hyperspectral imaging to detect the presence
of Escherichia coli into packaged spinach samples, mea-
sured by a colony count (CFU) and a hyperspectroscopic
technique at 400-1000 nm. The coefficient of determina-
tion obtained was R* = 0.97.

With respect to vegetables spoilage, “sour skin” (pro-
duced by Burkholderia cepacia) is a major postharvest
disease for onions and causes substantial production and
economic losses. A shortwave infrared hyperspectral
reflectance imaging system was explored by Wang et al.
[116] to detect sour skin (950-1650 nm), which discrimi-
nated 87 % healthy and sour skin-infected onions.

Chilling injury is a disorder manifested as a discol-
oration of the peel, color change in the pulp and the
endocarp (seed coat), and cell disorganization and death in
tissues, that may occur at any time due to harmful envi-
ronmental conditions during the numerous processing steps
such as harvesting, cleaning, sorting, grading and packing
before being shipped to markets, or even in a home
refrigerator. Several studies have been developed to clas-
sify different fruits to detect firmness changes due to
chilling injury.

ElMasry et al. [26] applied hyperspectral imaging
(400-1000 nm) for detecting chilling injury in apples,
obtaining an average classification accuracy of 98.4 % for
distinguishing between normal and injured apples. In other
similar studies to detect chilling injured spots in cucum-
bers, Cheng et al. [13] and Liu et al. [58] obtained classi-
fication accuracies of 93 and 90 %, respectively, working
at wavelength in the range of 447-951 nm. Meanwhile,
Gowen et al. [35] used a pushbroom line-scanning HSI
system (400-1000 nm) to detect chilling injury in white
button mushrooms, with 98 % of freeze-damaged samples
correctly classified.

With respect to internal defects, Ariana and Lu [6]
developed a method for detecting internal quality of
pickling cucumbers using simultaneous reflectance and
transmittance hyperspectral imaging. They found that the
transmittance mode detected the internal defect better
compared to the reflectance mode. The simultaneous
reflectance and transmittance combined the advantages of
the two methods for internal defect detection. Average
classification accuracy of 99 % was achieved.

The absorption of incident light, related to the chemical
composition of a sample, allows quick answers to certain
parameters in the evaluation of fruits and vegetables; for
example, at wavelengths in the range of 670-710 nm, the
absorption is higher in the presence of chlorophyll, a pig-
ment that can be used as an indicator of maturity in dif-
ferent fruits such as bananas [98], apples [25] or peaches
[63]. In vegetables at a wavelength of 675 nm, higher light

absorption occurs by the presence of high concentrations of
chlorophyll, for example in tomatoes in the green state
(Fig. 3b). In ripe tomatoes, which contain more antho-
cyanins, greater light absorption occurs at a wavelength of
535 nm, which can be exploited by applying HSI to iden-
tify and select a sample of this vegetable when optimal
maturity is evaluated [94].

Another aspect to consider in the quality of the fresh
fruits and vegetables is the firmness. For example, firmness
is related to scattering of incident light when the HSI is
evaluated, showing greater light scattering in firm products,
which Qin and Lu [94] related to the high content of pectin
present in the structure of cell walls. In regard to tomatoes,
the authors correlated firmness and ripeness using spectral
data obtained by a hyperspectral system at wavelengths in
the range of 500-1000 nm, with the maximum correlation
coefficient R = 0.66, obtained at 790 nm.

The firmness also can be used as an indicator of maturity
in different fruits such as bananas, apples or peaches. In
this sense, hyperspectral imaging technique was used suc-
cessfully to predict the quality attributes such as total sol-
uble solids, moisture and firmness of the banana fruits, with
coefficients of determination (R2) of 0.85, 0.87 and 0.91,
respectively, working at wavelengths of 400-1000 nm
[98]. Moreover, Tallada et al. [111] conducted a NIR
hyperspectral investigation for firmness prediction of
strawberry at wavelengths of 650-1000, with a correlation
of 0.79. Besides, it highlighted the importance of chloro-
phyll absorbance, around 680 nm, like was mentioned
previously.

On the other hand, hyperspectral imaging was used by
Noh and Lu [80] in the range of 500-1040 nm for the
determination of firmness in apples with a correlation
coefficient equal to or greater than 0.74. A similar study
was done by Peng and Lu [86], who developed an optimal
model for predicting quality attributes of apple fruit at
wavelengths of 450-1000 nm, obtaining correlation coef-
ficients of 0.89 and 0.88 for firmness and soluble solids,
respectively. Similar results for firmness and soluble solids
in apple (R =0.84 and R = 0.86, respectively) were
obtained by Qin et al. [95], working with hyperspectral
scattering images, as shown in Table 2.

In another kind of fruit, Lu and Peng [63] utilized
hyperspectral images (500—1000 nm) for the prediction of
peach firmness and obtained the best prediction model at a
wavelength of 677 nm (chlorophyll absorption), with val-
ues for R? of 0.77 and 0.58 for two different varieties of
peach, respectively.

It is possible to determine the moisture content at dif-
ferent stages of fruit ripening. For example, while banana
matures, the water content in the shell is declining,
affecting the amount of reflected light at certain wave-
lengths; for example, the reflectance is less between 800
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and 960 nm [98]. HSI has also been applied to assess the
moisture content, total soluble solids and pH in strawber-
ries in the spectral range of 400-1000 nm, with correlation
coefficients (R) of 0.87, 0.80 and 0.92, respectively [24].
Thus, determining the moisture in fruit with HSI, it allows
to take appropriate measures to prevent possible defects
associated with high moisture content, a critical aspect in
terms of stability during food preservation [2].

For its part, Zhao et al. [135] predicted sugar content in
apples by hyperspectral imaging (685-900 nm) and
obtained optimum spectral range of 704—805 nm for sugar
content with R = 0.91. Liu et al. [59] measured the soluble
solids of orange using a hyperspectral laser-induced fluo-
rescence imaging technique (700-1100 nm). They gave
good results with the correlation coefficient of 0.998 and
0.96 for two different varieties of orange, respectively.
Besides, Menesatti et al. [69] successfully applied NIR
hyperspectral imaging (1000—1700 nm) to evaluate starch
index in apple, which is very crucial for maturity and
harvest time determination. They obtained average classi-
fication accuracy of 80.8 %.

On the other hand, many fruits and vegetables, beside be
consuming in fresh condition are destined for the produc-
tion of other types of food and because of that they should
present an ideal condition of maturity which is going to
determine that the obtained product is a suitable quality
product. For example in the development of red wine,
grape must present adequate technological maturity, in
addition to important parameters such as sugar content,
acidity, pH and above the content of phenolic compounds
[70]. In this regard, various studies have approached the
study of the anthocyanin content in red grapes by applying
HSI, which traditionally is done by physical and chemical
methods that require investment of time and are of a
destructive nature.

Nogales-Bueno et al. [77] developed a model to corre-
late spectral data with grape skin total phenolic concen-
tration, sugar concentration, titratable acidity and pH in red
and white grapes by modified partial least squares regres-
sion (MPLS) at wavelengths in the range of 950-1650 nm.
The coefficients of determination (R®) obtained for red
grape samples for total phenolic concentration, °Brix for
sugar concentration, titratable acidity and pH were 0.89,
0.99, 0.98 and 0.94, respectively. For white grape samples,
the R? values were 0.80, 0.95, 0.93 and 0.94, respectively.
Later, the same team [78] developed a model to correlate
spectral data (900-1700 nm) with red grape skin
extractable polyphenols. The obtained results (R*) for the
developed models were 0.82 for extractable total phenolic
content, 0.79 for extractable anthocyanin content and 0.82
for extractable flavanol content. Also, they achieved the
differentiation of four red grapes varieties (Garnacha,
Graciano, Mazuelo and Tempranillo), for which 86, 52 and
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86 % of the samples were correctly classified using
anthocyanin profile, color image analysis and NIR hyper-
spectral imaging (950-1650 nm), respectively [79].

Similar studies were carried out to demonstrate the
capability of hyperspectral imaging in predicting antho-
cyanin content changes in wine grapes during ripening.
Chen et al. [12], working at wavelengths in the range of
900-1700 nm, obtained a R? = 0.94, highest value than
R? = 0.65 obtained by Fernandes et al. [30].

Legumes, Cereals and Other Grains

Compared to other traditional techniques such as spec-
troscopy, the HSI has the advantage of conducting applica-
tions in individual grains, which is quite difficult to measure
due to the heterogeneity of their structure [28]. Numerous
applications have been achieved using this technology, as
shown in Table 3, since the classification of grains and
damage detection to analysis of certain constituents.

The hardness can be used to classify the grains, such as
the work done by Williams et al. [120], who detected vit-
reous endosperm (hard) and floury (soft) in corn kernels
using two hyperspectral imaging systems at wavelength in
the range of 960-1662 and 1000-2498 nm, with coeffi-
cients of determination values of 0.85 and 0.76 %,
respectively, similar to work developed by Manley et al.
[68], who evaluated the texture of yellow maize endo-
sperm, using a system HSI at wavelengths between 1000
and 2498 nm, with a R> = 0.85.

Traditionally, cereals assessment is performed based on
the morphological characteristics of the core, such as size,
shape, color and appearance. Moreover, the protein content
is one of its most important characteristics, which has an
effect on the functional properties of processed products,
such as bread [66]. It has also evaluated the chemical
composition of corn kernels [118] by acquiring reflectance
images in a spectral range of 950-1700 nm, to predict
concentrations derived from oleic acid in grains of corn,
with R? of 0.68 and 0.65 for oil and oleic acid content,
respectively. Similar studies were done on detection of oil
content by NIR hyperspectral imaging in single maize
kernels [18] at 750-1090 nm with R* = 0.54 and in sesame
seeds [124] at wavelengths between 974 and 1734 nm with
high classification accuracy (>96 % of classification rate).

Also, HSI technology was evaluated for predicting the
moisture content in single kernels of maize [18], with a
coefficient of determination R*> = 0.87, and in soybean [41,
42], with a correlation coefficient R = 0.97, as shown in
Table 3.

Besides, Mahesh et al. [64] investigated the feasibility of
using the NIR hyperspectral imaging (960-1700 nm) for
identifying different wheat classes. Classification accura-
cies were greater than 90 %. Later, Choudhary et al. [16]
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Table 3 HSI applications in Product  Application

2 (nm) Accuracy References

evaluating the quality and safety

of cereals, legumes and other Wheat  Identification of classes 960-1700  >92 % [16]
graims Identification of classes 960-1700 90 % [64]
Identification of classes at different moisture levels 960-1700  72-100 %  [65]
Detection of insect damage 1000-1700  85-100 %  [104]
Detection of midge damage 700-1000  95-99 % [105]
Detection of insect damage 700-1100  91-100 %  [106]
Aspergillus niger 1000-1600 93 % [133]
Aspergillus glaucus 1000-1600 87 % [133]
Penicillium 1000-1600 99 % [133]
Detection of fusarium damage 400-1700 95 % [21]
Prediction of a-amylase activity 1000-2500 80 % [126]
Corn Moisture content 750-1090 R*>=0.87 [18]
Oil content 750-1090 R*=0.54 [18]
Oil content 950-1700 R*>=0.68 [118]
Oleic acid content 950-1700 R*> = 0.65 [118]
Classification based on the endosperm hardness 960-1662 R*> = 0.85 [120]
Classification based on the endosperm hardness 1000-2498 R?*=0.76 [120]
Endosperm texture in maize kernels 1000-2498 R*=0.85 [68]
Fusarium infection 1000-2498 R*> =098 [119]
Analysis of aflatoxin B1 400-2500 R*>*=0.80 [31]
Analysis of aflatoxin Bl 400-1000 98 % [115]
Analysis of aflatoxin Bl 1100-1700 97 % [51]
Barley Analysis of aflatoxin Bl 400-2500 R*>=0.85 [31]
Rice Growth of Aspergillus oryzae 400-1000 R*=0.97 [107]

Soy Color
Moisture content
Sesame  Oil content

400-1000 R = 0.86 [41]
400-1000 R =097 [42]
874-1734  >96 % [124]

R correlation coefficient, R? coefficient of determination

identified wheat classes using bulk sample images taken
from the NIR hyperspectral (960-1700 nm) with high
average classification accuracies (>92 %).

The HSI has also been used to analyze the presence of
external contaminants that may constitute a danger to the
proper conservation of cereals and consumer. In this
regard, Singh et al. [104] developed a method for sorting
wheat grains, healthy and contaminated by insects, using
NIR HSI to 1000-1700 nm, and high classification accu-
racy (85-100 %) in identifying healthy and insect-damaged
kernels of wheat was obtained. Later, the same team [105]
assessed the potentiality of shortwave NIR hyperspectral
imaging (700-1000 nm). The highest classification accu-
racies were 95-99 % to discriminate healthy and midge-
damaged wheat kernels. Other studies focused on the
control of parasites in products such as soybeans and other
legumes [11, 46].

In food safety, an application of the HSI is the detection
of mycotoxins and aflatoxins produced by Aspergillus fla-
vus and Aspergillus parasiticus that grow naturally in corn,

peanuts and a wide variety of grains. The conventional
method of determining aflatoxin requires ground grain and
chemical analysis. Preliminary results revealed that the HSI
technology has the potential to quantify the levels of afla-
toxin contamination [81, 115]. It has been suggested that
the presence or absence of the toxin can be determined
from the HSI technique combined with UV radiation. This
is because certain photosensitive components are excited to
fluoresce in the visible and UV [131]. Fernandez-Ibafiez
et al. [31], applying the HSI at wavelengths between 400
and 2500 nm, obtained coefficients of determination (Rz)
of 0.80 and 0.85 for aflatoxin B1 in samples of corn and
barley. Similar work was developed by Kandpal et al. [51]
and Wang et al. [115] who reached high rates of classifi-
cation of infected kernels (97 and 98 %, respectively),
operating at wavelengths of 400-1000 and 1100-1700 nm,
respectively.

In another investigation, Zhang et al. [133] evaluated the
classification of wheat kernels infected by different fungal
species using NIR hyperspectral images at a wavelength
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region of 1000-1600 nm. Classification accuracies of 93,
87 and 99 % were achieved for identifying wheat kernels
infected by A. niger, A. glaucus and Penicillium spp.,
respectively. Similar result (classification accuracy of
95 %) was obtained by Delwiche et al. [21] who detected
fusarium damage in wheat at wavelength between 400 and
1700 nm.

In other cereals, Williams et al. [119] evaluated corn
kernels infected with Fusarium verticillioides, applying
NIR hyperspectral imaging (1000-2498 nm), with a coef-
ficient of determination R* = 0.98. Besides, it highlighted
two prominent peaks at 1900 and 2136 nm, related to
changes in starch and protein compositions in the presence
of Fusarium. Similar work was done by Siripatrawan and
Makino [107], who developed a method for monitoring
spoilage fungal growth on stored brown rice inoculated
with Aspergillus oryzae using hyperspectral imaging at
400-1000 nm. HSI was able to rapidly identify infected
rice, although the samples showed no symptoms of fungal
infection, with a coefficient of determination R*> = 0.97.

Meats

In today’s markets, the demand for quality products and
safety of the consumer is increasing. This is making the
food industry to implement technologies that permit eval-
uation and quality control more quickly; control is done
manually in many meat products, which is labor intensive,
costly, slow and subject to human error.

Table 4 shows some research in the evaluation of the
quality of meat, including tenderness analysis, microbial
contamination, chemical composition.

A property with which a consumer qualifies meat is
tenderness, a property manifested by a low resistance to
breakdown in chewing. The opposite is the hardness, which
is a textural property manifested by resistance, high and
persistent breaking in chewing [45]. In cooked meats,
texture involves two main components: tenderness and
juiciness. With less juice, meat is considered less tender
[22]; hence, it has become a challenge for the meat industry
to measure this important parameter of quality effectively,
accurately and noninvasively [73]. Techniques such as
spectroscopy have shown a reasonable ability to predict
meat tenderness [3]. Likewise, computer vision as a basis
for predicting the characteristics of texture, marbled and
color [43]. For its part, the HSI has proved to be a tech-
nique of wide applicability in this respect, since it simul-
taneously collects muscle structure and biochemical
information that has a high degree of relationship with the
softness of the flesh. Muscle structure and biochemical
properties include muscle pH (that influences the activity
of proteolytic enzymes), sarcomere length (an indication of
the degree of muscle contraction in rigor), the degree of
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proteolysis, the amount and insolubility of tissue connec-
tive (collagen) and composition [29].

In several studies, the HSI has been applied to predicting
the tenderness in the meat, based on indirect prediction of
tenderness by extracting spectral data in some regions of
the fillets and then interacting with actual values of ten-
derness determined by specialized instruments [28]. In this
regard, Naganathan et al. [71, 72] used in the HSI spectral
ranges of 400-1000 and 900-1700 nm to predict the ten-
derness of the cooked meat after 14 days of aging. The HSI
obtained related to tenderness values obtained by shear
force, predicting the different categories of meat samples
depending on the tenderness in soft, medium and hard, with
accuracy of 96.4 % [71]. Furthermore, wavelengths (1074,
1091, 1142, 1176, 1219, 1365, 1395, 1408 and 1462 nm)
for the absorption of fat, protein and water were identified,
although in this case the overall prediction accuracy of
tenderness was only 77 % [72].

Other studies carried out to predict the tenderness in
beef were developed by [73], at wavelength between 450
and 900 nm. The accuracy obtained was 93 %. Correlation
coefficients of 0.67, 0.94 and 093, respectively, were
obtained by Cluff et al. [17], Peng and Wu [87] and Tao
et al. [112], working at similar spectral bands, as shown in
Table 4.

Various studies were carried out to demonstrate the
capability of hyperspectral imaging for identification and
authentication of different red meat species. In this regard,
Kamruzzaman et al. [48] achieved classification of beef,
pork and lamb by images acquired at 900-1700 nm from
longissimus dorsi muscle of these species. Classification
accuracies of 99, 93 and 97 % were obtained. Also, the
same work team [49] developed a nondestructive method
for detecting adulteration in minced lamb meat, obtaining a
coefficient of determination of 0.98.

Another parameter evaluated using HSI is the presence
of tumors in poultry [52, 56], which are difficult to detect
with the naked eye or by any technical traditional optics. In
this regard, Kim et al. [52] developed a system of fluo-
rescence HSI at wavelengths between 425 and 711 nm to
detect tumors in the skin of chicken carcasses with a suc-
cess rate of 76 %, but were not able to detect some tumors
with a diameter of less than 3 mm. In other studies, at same
wavelengths, best detection rates of tumors were obtained
by Kong et al. [56] and Kim et al. [53], with values of 82
and 98 %, respectively. Also, the presence of bones in
chicken fillets was evaluated by Yoon et al. [132], who
obtained a 100 % of accuracy, applying HSI at
400-1000 nm.

Due to its richness in nutrients, meats are susceptible to
microbial contamination, which can affect preservation and
constitute a danger for the consumer. Currently, there is no
technology to detect quickly and accurately bacterial
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Table 4 Applications of HSI in assessing the quality and safety in meat and meat products
Product Application A (nm) Accuracy References
Beef Prediction of tenderness 496-1036 R =0.67 [17]
Prediction of tenderness 400-1000 96.4 % [71]
Prediction of tenderness 900-1700 77 % [72]
Prediction of tenderness 450-900 92.9 % [73]
Prediction of tenderness 400-1100 R =094 [87]
Identification and authentication 900-1700 99 % [48]
Determination of pigments 328-1115 R* = 0.95 [129]
Total viable count of bacteria 400-1100 R? = 0.96 [89]
Total viable count of bacteria 400-1000 R?> =095 [88]
Pork Meat quality 400-1000 85 % [90]
Meat quality 430-980 87.5 % [91]
Identification and authentication 900-1700 93 % [48]
Recognition of freshness 900-1700 98 % [8]
Drip loss 430-980 R =10.77 [92]
pH of meat 430-980 R =10.55 [92]
Color of meat 430-980 R = 0.86 [92]
pH in salted meat 400-1000 R?>=0.79 [60]
Moisture content in salted pork 400-1000 R =092 [61]
Total viable count 900-1700 R> =082 [7]
Psychrotrophic plate count 900-1700 R*=0.85 [7]
Prediction of tenderness 400-1100 R =093 [112]
E. coli contamination 400-1100 R =0.88 [112]
Chicken meat Detection of bone in fillets 400-1000 100 % [132]
Detection of skin tumors 425-711 76 % [52]
Detection of skin tumors 425-711 82 % [56]
Detection of skin tumors 425-711 98 % [53]
Detection of fecal contamination 400-1000 99 % [40]
Detection of fecal contamination 430-900 96 % [84]
Detection of fecal contamination 400-900 97 % [83]
Classification of fecal and ingesta contaminants 400-900 90 % [85]
Detection of diseases 400-900 93.5 % [130]
Difference between free-range and broiler chicken 328-1115 93 % [127]
Lamb Classification of muscle 900-1700 100 % [47]
Identification and authentication 900-1700 97 % [48]
Detection of adulteration 900-1700 R*> =098 [49]
Fish meat and marine products Freshness of cod 892-2495 R? =0.59 [10]
Content of water 760-1040 R =094 [27]
Content of fat 760-1040 R =091 [27]
Oxidation of lipid 400-1000 R*=10.83 [15]
Total viable microorganisms in carp 400-1000 R* = 0.90 [14]
Total viable microorganisms in salmon flesh 400-1700 R>=0.99 [123]
Freshness in frozen/unfrozen prawns 400-1000 95 %/98 % [19]

R correlation coefficient, R? coefficient of determination

contamination; available methods are slow and destructive.
In this regard, several studies have been conducted to
assess impairment, as developed in porcine meat by Wang

et al. [117], who explored the potential of HSI obtained by

reflectance to predict the presence of total

viable

microorganisms achieving a high prediction (R* = 0.94).
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Similar results were obtained in beef steaks, with coef-
ficients of determination R* of 0.95 [88] and 0.96 [89], both
working at 400-1000 nm, while in porcine meat, lower
values of R? were obtained by Barbin et al. [7] for total
viable count (TVC) and psychrotrophic plate count (PPC),
with values of 0.82 and 0.85, respectively, at spectral
region between 900 and 1700 nm. For its part, Tao et al.
[112] obtained a correlation coefficient R of 0.88 in a
nondestructive method for determination of Escherichia
coli contamination in porcine meat, working with HSI of
pork samples collected in the range of 400-1100 nm.

In fish meat, coefficients of determination R? of 0.90 for
fresh grass carp [14] and 0.99 for salmon flesh [123] were
obtained, as shown in Table 4.

Another form of contamination of the meat is through
fecal matter, primarily in channels poultry. In this case,
detection of contaminants basically depends on the spectral
difference between contaminated skin and normal skin [83].
In this regard, Heitschmidt et al. [40] and Park et al. [§3-85]
have developed methods to detect fecal contamination in
chicken meat using HSI at wavelengths between 400 and
1000 nm, in which the classification accuracies obtained
were greater than 90 % in all cases, as shown in Table 4.

On the other hand, the quality of meats involves other
parameters such as freshness, color, drip loss, water and fat
contents, or pH. Regarding drip loss, pH and color of meat,
Qiao et al. [92] investigated the potential of hyperspectral
imaging (430-980 nm) for measuring these important
parameters in porcine meat, getting correlation coefficients
of 0.77, 0.55 and 0.86, respectively, while, in other work,
Liu et al. [60] obtained in the same spectral band a coef-
ficient of determination R* = 0.79 for pH in salted meat of
pork.

With respect to the freshness, various studies were
carried out in different classes of meat. For example,
Barbin et al. [8] achieved a correct classification of 98 %
for discrimination between fresh and frozen-thawed pork
based on reflectance in the NIR wavelength range of
900-1700 nm.

Besides, freshness is recognized as a main element of
fish quality. The direct key functions of storage time and
temperature have a significant influence on fish freshness.
Chau et al. [10] evaluated the freshness of codfish, based
on color changes of the eyes, fillets and gill filaments, as a
function of days on ice, by HSI at wavelength of
900-2500 nm, information that correlated with color
parameters obtained by CIELAB system, getting a coeffi-
cient of determination of 0.59. An increase in the lightness
as the color of the eyes changed rapidly from black to
cloudy white during the period of storage was observed.
Besides, as might be expected, the main color change in
fillets during storage was an increase in yellowness, while
gill filaments showed a typical characteristic change from a

@ Springer

deep red color to a pale yellow color with time. In a recent
study, Dai et al. [19] investigated the potential of visible
and NIR hyperspectral imaging (400-1000 nm) as a rapid
and noninvasive method to differentiate freshness of
prawns. The results demonstrated a satisfactory classifica-
tion rate of 98 and 95 % for prediction samples in unfrozen
and frozen groups, respectively.

Another application in meat of the HSI is the charac-
terization and distribution of different chemical attributes.
For a detailed analysis of food, the concentration gradients
of certain chemical components are more easily measured
than the average concentrations due to the heterogeneity of
the sample, as in the case of meat and meat products. In
this regard, the HSI constitutes a great potential to deter-
mine the chemical composition in meat products as
demonstrated in previous studies [27, 82].

It is known that fat and water concentrations vary in
different parts of the fillet, so that a system that provides
the exact chemical composition and spatial distribution that
allows real-time online monitoring, is a necessity. This
would ensure proper classification and control manufac-
turing processes, such as controlling the fat and salt content
in the salted and smoked salmon, as shown by previous
studies, in which good prediction levels were obtained,
with a correlation coefficient R = 0.97 and a prediction
error of 1.95 %, for fat content [100], and R = 0.86 and a
prediction error of 0.56 %, for NaCl content [101], using
near-infrared (NIR) interactance imaging. For its part, Liu
et al. [61] used HSI (400-1000 nm) for predicting the
moisture content of porcine meat during salting process,
obtaining a R* = 0.92.

In fish fillets, the water and fat contents also have been
measured [27], using a nondestructive method of spectral
imaging (760-1040 nm). The correlation coefficients
obtained for water content and fat content were 0.94 and
0.91, respectively.

Similarly, it is possible to determine the content of
intramuscular fat in pork using the HSI in a spectral range
of 1193-1217 nm [41, 42]. The intramuscular fat content
affects the quality of pork, affecting the flavor and juici-
ness, and even health, determinants of consumer satisfac-
tion. Therefore, different levels of fat content may result in
different levels of acceptance.

After slaughter, the pH is one of the most important
parameters to evaluate meat [60], which has an influence
on the texture, water-holding capacity, resistance to
microbial growth and color [34, 37]. So, setting a pH level
of about 5.5 is very important to inhibit certain critical
enzymes (such as phosphofructokinase) and cease meta-
bolic reactions (such as glycolysis) [103]. Anaerobic gly-
colysis postmortem is the metabolic pathway that occurs in
the muscle of the slaughtered animal, leading to the for-
mation of lactic acid and a decrease in pH.
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The relationship between the chemical composition and
texture and other sensory attributes of the meat is not limited
to the presence of fat or pH, but also includes the occurrence
of other compounds, such as collagen. Hydroxyproline,
collagen constituent amino acid, was also analyzed using
HSI at wavelengths between 400 and 1000 nm [128].

HSI has been used for the detection of parasites in fish
fillets, which are regarded as a quality problem in the
fishing industry. The traditional way to detect them is by
manual examination. The HSI has proven to be an effective
technique for automatic detection of parasites and blood
stains on fish fillets, by the difference between the spectral
patterns of these defects and healthy meat [28]. With HSI,
it is also possible to determine the spatial distribution of
these parasites in the fish meat, which facilitates the pro-
cess of removing these defective sections [39].

One of the pioneering studies in this regard was that
developed by Wold et al. [121], to assess cod fillets using
multispectral imaging at wavelengths between 400 and
1000 nm, detecting parasites inside the fillets up to 6 mm
deep. Greater depth of detection, 8 mm, was subsequently
achieved by applying hyperspectral images at wavelengths
of 350-950 nm [39]. This shows the great advantage of the
HSI compared with multispectral imaging, since it can
detect parasites in greater depth, and obviously greater
depth than is usually achieved by visual inspection, widely
used in the industry.

The meat stored can be hazardous to the consumer. With
HSI, it is possible to assess the deterioration of meat at dif-
ferent storage conditions. In this regard, Cheng et al. [15]
evaluated lipid oxidation in fillets carp (Ctenopharyngodon
idella) using HSI to determine the value of thiobarbituric
acid (TBA) at wavelengths of 400-1000 nm with a
R* = 0.83. Increasing TBA is caused by the formation of
secondary products resulting from lipid oxidation, such as n-

alkanes, especially the malonaldehyde [113], considered
carcinogenic substance.

Dairy and Egg Products

Traditional technologies such as spectroscopy were used to
characterize quality parameters and composition in dairy
products [28]. Unlike other food groups, studies conducted
with application of HSI in dairy products are rare; however,
Table 5 shows some examples.

In dairy products, it is possible to measure the chemical
composition based on the spectral information of each
constituent, which can, for example, classify cheeses based
on their fat content (half and full fat) [36], using an HSI
system spectral range 400-1000 nm, for comparison with
RGB images of the cheese samples studied (obtained using
a digital camera). The results indicated that images
acquired from the full-fat products reflect more light in the
visible (500-950 nm) wavelength range. These spectral
features may be used to classify each pixel of the HSI into
one of two or more groups. Qin and Lu [93] used a HSI
system for measuring the absorption and scattering prop-
erties of turbid food materials over the visible and NIR
region of 530-900 nm. Values of the absorption and
reduced scattering coefficient at 600 nm were highly cor-
related to the fat content of the milk samples, with corre-
lation coefficients of 0.995 and 0.998, respectively.

In another work, Burger and Geladi [9] predicted the
composition of commercial cheeses, using an HSI system
at wavelengths between 960 and 1662 nm, based on the
specific spectral information of each constituent. Root-
mean-square error of prediction (RMSEP) was used as a
general indicator to predict the cheese constituents, getting
RMSEP values of 1.8, 0.7 and 1.3, respectively, for pro-
teins, fats and carbohydrates contents.

Table 5 Applications of HSI in

evaluation of dairy and egg Product  Application A (nm) Accuracy References
products Cheese  Prediction of protein 960-1662 RMSEP = 1.8 [9]
Prediction of fat 960-1662 RMSEP = 0.7 [9]
Prediction of carbohydrates 960-1662 RMSEP = 1.3 [9]
Milk Content of fat 530-900 R = 0.995 [93]
Detection of melamine adulteration in milk powder 990-1700 <200 ppm [32]
Eggs Content of omega-3 fatty acids:
a-Linolenic 900-1700 R = 0.94 [1]
EPA 900-1700 R = 0.73 [1]
DHA 900-1700 R = 0.87 [1]
Freshness 380-1010 R* = 0.87 [134]
Internal bubbles 380-1010 90 % [134]
Scattered yolk 380-1010 96 % [134]

R correlation coefficient, R? coefficient of determination, RMSEP root-mean-square error of prediction,
EPA eicosapentaenoic acid, DHA docosahexaenoic acid
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HSI was also used to evaluate the presence of external
agents which may present a danger to the preservation of
the product and the consumer, for example waste plastic
products remaining after the production process. In this
regard, Gowen et al. [36] detected plastic remains (3 mm
of plastic) based on the spectral pattern of cheese samples
at a range of 950-1650 nm. The plastic contaminant
exhibited a sharp absorption band at around 1170 nm.

Also, detection of adulteration in milk was studied by Fu
et al. [32], who achieved detection of melamine adulteration
in milk powders at very low concentrations (<200 ppm)
using NIR hyperspectral imaging at wavelength in the range
0f 990-1700 nm, and the most significant spectral difference
between melamine and milk was observed at around
1473.8 nm, which is due to the aromatic amine structures.
Melamine was recently found to have been deliberately
added to milk formula and animal feed to increase the
apparent protein content of the products, causing illnesses
and deaths for a significant number of infants [97].

In regard to eggs, important parameters related to
internal quality were evaluated by Zhang et al. [134], who
developed a nondestructive test based on hyperspectral
imaging (380-1010 nm), to determine the internal quality
of eggs, including freshness, bubble formation or scattered
yolk. For freshness, they achieved a coefficient of deter-
mination R* = 0.87, while eggs with internal bubbles and
scattered yolk could be discriminated with identification
accuracy of 90 and 96 %, respectively.

Another important aspect in the modern food industry is the
design of food, the consumption of which not only provides
the nutrients the body needs, but also provides other benefits
that help maintain optimal health, such as functional foods. In
this sense, the HSI can also be applied to characterize these
types of foods, such as to assess the content of certain mole-
cules that give character to the functional food. In this regard,
the content of omega-3 eggs was evaluated at wavelengths
between 900 and 1700 nm [1], which achieved correlation
coefficients of 0.94, 0.73 and 0.87, respectively, for o-li-
nolenic, eicosapentaenoic and docosahexaenoic acids.

This study would classify products for their high content
of omega-3 to be marketed as functional foods to a higher
sales price, achieving greater economic benefits. This could
also be applied to other foods with significant omega-3
levels, such as olive oil, flaxseed, some nuts, or also applied
to other molecules that give certain foods a functional nature,
such as anthocyanins, dietary fiber, vitamins, phytosterols.

Current and Future Challenges
HSI applications in food are showing a positive trend,

especially since 2011 (Fig. 1), and focusing more and more
on new types of food. In terms of food groups, the
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preference has always been on the fruit, then the meat and
then vegetables. It is important to note that since 2010,
dairy products have begun to appear with a large propor-
tion of published research (Fig. 1), perhaps because it is
now important to study the application of HSI on products
that are mostly consumed by society.

This could be happening in response to a demand for
technology of the following characteristics: (a) reliable and
accurate, (b) adaptable to different processes, (c) rapid
retrieval of information, and (d) cheaper. As a new tech-
nology, the HSI still faces challenges to its full exploita-
tion, such as difficulty in handling large amounts of data,
low-speed and high-cost calculation, aspects that must be
addressed in future research in order to optimize its
application in food industry.

Current studies are aiming at identifying optimal
wavelengths for each food or food constituents, so they can
design systems to obtain real-time information necessary to
facilitate better decision-making regarding product features
to develop, which must comply with quality and safety
requirements established. Similarly, given the large amount
of data from the wide range of spectral bands in which the
HSI works, continue developing new models that allow
rapid discrimination data and get only information of
interest. In the immediate future, it is expected that these
problems can be overcome, as well as related to the high
cost of implementing the HSI in the different processes in
the food industry, so that it is possible to access this
technology and maximize its benefits.

Thus, it is expected that the use of this technology to
evaluate the quality and safety of food becomes necessary
for industry. All these could result in improvements of the
products in real time, without having to stop the processes
that require high costs to industry.

Conclusions

In the modern food industry, the requirement for adequate
control of attributes such as size, shape, color and texture
of foods is greater. This requirement is fulfilled by auto-
mated or by visual inspection techniques, which often can
lead to human error. Furthermore, evaluation of parameters
related to the food composition such as moisture content,
fat, protein often requires destructive analysis that demands
the use of both human and technological resources that
make them unworkable in practice.

These parameters can be measured simultaneously by
the HSI, which allows to obtain data on a larger number of
spectral bands, making them a better source of information
for assessing the external attributes and predicting the
composition and spatial distribution of the various con-
stituents within the food, besides providing speed,
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reliability, accuracy, reduced human error in the analysis
and not be destructive.

HSI offers the advantage of evaluating samples of
heterogeneous nature, by other techniques, such as simple
spectroscopy, which would be limited only to the charac-
terization of homogeneous materials, which is inefficient in
a practical application that must control the entire surface
of a sample.

Finally, despite presenting some disadvantages such as
long time that is required for data acquisition and pro-
cessing of this information, it is anticipated that the use of
this technology will become indispensable in the industry,
to evaluate the quality and safety of food, providing that
improvements are made in terms of real-time control and
safety control requirements.
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