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Abstract: Hyperspectral imaging technologies in the food and agricultural area have been evolving
rapidly over the past 15 years owing to tremendous interest from both academic and industrial
fields. Line-scan hyperspectral imaging is a major method that has been intensively researched
and developed using different physical principles (e.g., reflectance, transmittance, fluorescence,
Raman, and spatially resolved spectroscopy) and wavelength regions (e.g., visible (VIS), near infrared
(NIR), and short-wavelength infrared (SWIR)). Line-scan hyperspectral imaging systems are mainly
developed and used for surface inspection of food and agricultural products using area or line light
sources. Some of these systems can also be configured to conduct spatially resolved spectroscopy
measurements for internal or subsurface food inspection using point light sources. This paper reviews
line-scan hyperspectral imaging techniques, with introduction, demonstration, and summarization
of existing and emerging techniques for food and agricultural applications. The main topics include
related spectroscopy techniques, line-scan measurement methods, hardware components and systems,
system calibration methods, and spectral and image analysis techniques. Applications in food safety
and quality are also presented to reveal current practices and future trends of line-scan hyperspectral
imaging techniques.
Keywords: hyperspectral imaging; spectroscopy; visible; near infrared; reflectance; fluorescence;
Raman; scattering; food safety; food quality

1. Introduction
Hyperspectral imaging technique is capable of acquiring both spatial and spectral information
from a target by combining traditional imaging and spectroscopy methods, making it a powerful
tool for many food and agricultural applications. Hyperspectral images are three-dimensional
(3-D) in nature, with two spatial dimensions and one spectral dimension. The 3-D hyperspectral
image data can be collected by three major image acquisition methods: point-scan, line-scan,
and area-scan methods [1]. Since food commodities usually move along processing and production
lines, the line-scan hyperspectral acquisition method naturally fits to inspect the individual moving
food items. The hyperspectral imaging concept was brought to the food and agricultural field
by scientists of the U.S. Department of Agriculture (USDA) in the late 1990s [2]. The practical
implementation of line-scan hyperspectral imaging (particularly for reflectance and fluorescence
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techniques) for inspecting food and agricultural products was fulfilled in the early 2000s [3]. Since then,
line-scan hyperspectral imaging techniques have drawn tremendous interest from both academic
and industrial areas, and have been intensively researched and developed for food and agricultural
applications during the past 15 years [1,4]. With the introduction of new measurement concepts and
instruments, line-scan hyperspectral techniques are continuously evolving to expand the scope of their
applications. For example, by using a newly available high-power narrow-linewidth line laser and
dispersive Raman imaging spectrograph, macro-scale line-scan hyperspectral Raman imaging was
recently realized [5], which opens a new avenue for rapid and high-throughput evaluation of food
safety and quality.
This paper reviews line-scan hyperspectral imaging techniques in the food and agricultural area,
with an emphasis on food safety and quality applications under indoor controlled lighting conditions.
There is an introduction for the spectroscopy techniques (i.e., reflectance, transmittance, fluorescence,
and Raman) and line-scan hyperspectral measurement methods (i.e., imaging and spatially resolved
spectroscopy) in Section 2, giving basic concepts and ground rules for the rest of the paper. The focus
of the paper is put on the introduction, demonstration, and summarization of existing and emerging
line-scan hyperspectral imaging techniques for practical food and agricultural applications, including
major hardware components (i.e., light sources, imaging spectrographs, and image sensors) working
in different wavelength ranges (e.g., visible (VIS), near infrared (NIR), and short-wavelength infrared
(SWIR)) in Section 3.1, representative imaging systems and spectral and spatial calibrations in
Section 3.2, and techniques for analyzing hyperspectral images (i.e., typical hyperspectral image
data, image preprocessing, band selection, and target identification) in Section 4. Applications for
food and agricultural products are reviewed in Section 5 to reflect current practices and future trends.
Conclusions in Section 6 present a summary and address future development of line-scan hyperspectral
imaging techniques for food and agriculture.
2. Line-Scan Hyperspectral Measurement Techniques
2.1. Spectroscopy Techniques
Based on the nature of the interaction between the light energy and the sample, there are three
major types of spectroscopy techniques for which line-scan hyperspectral imaging methods are
currently in use for food and agricultural applications: reflectance and transmittance spectroscopy,
fluorescence spectroscopy, and Raman spectroscopy. These spectroscopy techniques are presented in
the following sections.
2.1.1. Reflectance and Transmittance Spectroscopy
Light interaction with biological materials, such as food and agricultural products, is a complicated
phenomenon. When a biological sample is exposed to an illumination source (e.g., halogen light),
a small amount of the incident light is reflected at the outer surface, causing specular reflectance.
The remaining incident energy goes into the sample, and the photons undergo multiple scattering
actions before they are absorbed or reflected back to reemerge from the sample surface, generating
diffuse reflectance. Hence the reflectance measurement generally involves both specular and diffuse
reflectance signals. When the sample is small and the illumination light is strong enough, the incident
light can also result in diffuse transmittance through the sample. Reflectance and transmittance signals
are normally acquired as a function of wavelength and presented in the form of spectra. Reflectance
and transmittance spectroscopy techniques can work in a broad wavelength range from ultraviolet
to infrared. The spectral constitution of the illumination light is not altered during light-sample
interactions. Sample information can be obtained based on the intensity changes due to light reflection,
absorption, and scattering at different wavelengths. Reflectance spectroscopy is usually used for
sample surface inspection, while transmittance spectroscopy is useful for evaluating internal attributes
of the sample.

Appl. Sci. 2017, 7, 125

3 of 22

2.1.2. Fluorescence Spectroscopy
Fluorescence is the emission of light from a compound when a sample is excited by absorbing
radiation energy. In general, the excitation wavelength is fixed, and high-intensity narrowband light
(e.g., ultraviolet (UV) radiation) is usually used as a fluorescence excitation source. The emitted light,
which normally has lower energy than the absorbed light, is often observed in a broad spectral range
towards longer wavelengths, and it carries the composition information of the sample. The fluorescence
signals are typically presented as an emission spectrum, which is a plot of the fluorescence intensity
versus wavelength. The fluorescence intensity is generally proportional to the concentration of the
fluorophore in the sample. When excited by the UV radiation, many plant and animal tissues (e.g., fat,
leaves, and fruits) emit fluorescence emissions in the visible spectral region. The fluorescence emission
maxima from biological materials typically appear in the blue, green, red, and far-red regions of
the spectrum [6], and can be used to analyze the sample compositions. Fluorescence spectroscopy
is considered to be a sensitive optical detection technique since it can measure subtle changes of
biological samples.
2.1.3. Raman Spectroscopy
High-energy monochromatic light (e.g., a laser) will be absorbed, reflected, and scattered when
its photons interact with molecules of a sample. The scattered light consists of both elastic and
inelastic scattering. The vast majority of scattering is elastically scattered light (Rayleigh scattering),
which has the same frequency as the incident radiation. A very small portion of the photons will
lose energy to the sample molecules when exciting them from the ground state to the excited state
(Stokes scattering) or gain energy in the opposite process (anti-Stokes scattering). The Stokes and
the anti-Stokes scattering are collectively called Raman scattering [7]. Typical Raman measurements
only acquire the longer-wavelength Stokes scattering signals owing to the much higher intensity of
Stokes scattering compared to that of anti-Stokes scattering. Since the probability of a Raman photon
appearing is on the order of one out of 106 –108 scattered photons, the Raman scattering intensity is
very weak, and it is proportional to the laser intensity and the reciprocal of the fourth power of the
excitation wavelength [7]. A typical Raman spectrum features a series of narrow and sharp peaks.
The Raman peak positions are correlated to particular molecular vibrations at different frequencies,
and they can be used to determine the sample compositions. The intensity of the Raman peak is
linearly proportional to the concentration of the molecule, which can be used for quantitative analysis
of the analyte.
2.2. Line-Scan Measurement Methods
Line-scan hyperspectral imaging can be arranged in different configurations to satisfy different
detection requirements. Reflection and transmission measurements (Figure 1a) are two basic modes
used in line-scan hyperspectral imaging techniques. In a reflection mode, a source and a detector
are placed on the same side of the sample. The detector collects signals reflected from the sample,
such as specular and diffuse reflectance, fluorescence, and backscattering Raman, which are commonly
used for sample surface inspection. In a transmission mode, a source and a detector are arranged on
opposite sides of the sample. The detector acquires transmittance signals passing through the sample,
which can be used to assess bulk composition of the sample, especially for small individual items
with an internal condition of weak absorption. For either reflection or transmission configurations,
the line-scan hyperspectral imaging method (i.e., the pushbroom method) simultaneously acquires
a slit of spatial information as well as full spectral information for each spatial point in the linear
field of view (FOV) illuminated or excited by line or area light sources. A special 2-D image (y, λ),
with one spatial dimension (y) and one spectral dimension (λ), is collected from each scan (Figure 1a).
A complete hypercube (x, y, λ) is built line by line as the scan is conducted along the direction of
motion (x) to cover the whole surface of the sample.

spatially resolved spectra. Line-scan hyperspectral imaging techniques provide a flexible and
efficient method for spatially resolved spectroscopy measurement [11,12]. The method collects a
series of spectra all together in a broad offset range with a narrow spatial interval using one CCD
exposure (Figure 1b). The scattering image (y, λ) acquired from a single scan is a complete set of the
spatially
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Figure 1. Line-scan hyperspectral measurement methods for (a) reflectance and transmittance
Figure 1. Line-scan hyperspectral measurement methods for (a) reflectance and transmittance imaging
imaging and (b) spatially resolved spectroscopy.
and (b) spatially resolved spectroscopy.

3. Line-Scan Hyperspectral Imaging Instruments
Hyperspectral transmittance imaging is able to obtain overall internal sample information.
However,
it generally
cannot differentiate the information from individual sample layers due to
3.1. Major System
Components
lack of variations for the transmittance signals. Spatially resolved spectroscopy is a technique that can
obtainLight
subsurface
3.1.1.
Sourcesinformation from a layered sample. The basic principle is to separate a point light
source and a detector to allow light to travel through a deeper area of the sample (Figure 1b). Spatially
Illumination and excitation sources are two major types of light sources used in line-scan
resolved spectra are collected from a series of surface positions laterally offset from the point source,
hyperspectral imaging systems. Broadband lights are commonly used illumination sources, and
allowing compositions of the individual layers to be evaluated. The concept has been adopted for
their spectral constitutions are not changed during light-sample interactions. Quartz tungsten
different spectroscopy techniques, such as spatially resolved diffuse reflectance [8], spatially resolved
fluorescence spectroscopy [9], and spatially offset Raman spectroscopy [10]. Measurement methods
using optical fiber probes are either slow (single fiber probe with mechanical movement) or restricted
in offset range and interval selection (fiber probe array) for acquiring the spatially resolved spectra.
Line-scan hyperspectral imaging techniques provide a flexible and efficient method for spatially
resolved spectroscopy measurement [11,12]. The method collects a series of spectra all together in a
broad offset range with a narrow spatial interval using one CCD exposure (Figure 1b). The scattering
image (y, λ) acquired from a single scan is a complete set of the spatially resolved spectra with sufficient
spatial and spectral information for subsurface evaluation of heterogeneous or layered food samples.
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3. Line-Scan Hyperspectral Imaging Instruments
3.1. Major System Components
3.1.1. Light Sources
Illumination and excitation sources are two major types of light sources used in line-scan
hyperspectral imaging systems. Broadband lights are commonly used illumination sources, and their
spectral constitutions are not changed during light-sample interactions. Quartz tungsten halogen
(QTH) lamps produce a smooth spectrum in a broad wavelength range from visible to infrared,
and have been widely used as illumination sources in various reflectance and transmittance imaging
measurements. Broadband light-emitting diodes (LEDs) have also been used to illuminate food and
agricultural products for different hyperspectral applications. On the other hand, narrowband lights
are usually used as excitation sources. High-intensity monochromatic light can excite biological
materials during light-sample interactions to generate low-intensity light in a broad wavelength
range (e.g., fluorescence emission and Raman scattering). Lasers are powerful excitation sources
ideal for fluorescence and Raman measurements owing to their highly concentrated energy, perfect
directionality, and true monochromatic emission. Narrowband LEDs are emerging excitation sources
that offer many advantages such as long lifetime, low power consumption, low heat generation,
small size, fast response, robustness, and non-sensitivity to vibration. Other light sources—such as
ultraviolet (UV) fluorescent lamps, high-pressure arc lamps, and low-pressure metal vapor lamps—can
also be used for excitation purposes.
Line-scan hyperspectral imaging systems generally have a line-shaped instantaneous field of
view (IFOV). Area and line lights from illumination or excitation sources can be projected on the
samples to cover the linear IFOV for line-scan surface evaluations. Point sources, which are usually
generated using optical fibers and focus lenses, are required in line-scan spatially resolved spectroscopy
measurements for subsurface evaluations, since spectral data need to be collected from a series of
positions laterally away from the source. Figure 2 shows line laser and point laser excitation sources
used in a line-scan hyperspectral Raman system. The 785 nm line laser (Figure 2a) with a maximum
power of 5 W is created by spreading a high-intensity laser beam using a scanning mirror. The laser
line, normally projected on the sample surface via a 45◦ dichroic beamsplitter, is about 1 mm wide
and 24 cm long at a vertical distance (i.e., from beamsplitter to sample) of 28 cm. The line laser serves
as the excitation source for line-scan Raman imaging measurements. On the other hand, the 785 nm
point laser (Figure 2b) is delivered and focused on the sample surface using an optical fiber and a
laser focus unit. The laser point is projected on the sample surface with an incident angle of 30◦ ,
and is approximately 1 mm in diameter with a maximum power of 350 mW. The point laser is used in
line-scan spatially offset Raman spectroscopy measurements.
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Figure 2. Excitation sources for a line-scan hyperspectral Raman system: (a) a 785 nm line laser for
Figure 2. Excitation sources for a line-scan hyperspectral Raman system: (a) a 785 nm line
Raman imaging measurement; and (b) a 785 nm point laser for spatially offset Raman spectroscopy
laser for Raman imaging measurement; and (b) a 785 nm point laser for spatially offset Raman
measurement.
spectroscopy measurement.

3.1.2. Imaging Spectrographs
An imaging spectrograph is an optical wavelength-dispersive device that spatially separates
broadband light into different wavelengths. The imaging spectrograph acquires a line of spatial
information from a target via an entrance slit, and it is the core component of line-scan hyperspectral
imaging systems. Transmission and reflection gratings are two major types of diffraction gratings
used in imaging spectrographs for wavelength dispersion. A transmission-grating-based imaging
spectrograph is shown in Figure 3a. Incoming light is first collimated by a front lens and then
dispersed at a prism-grating-prism (PGP) component, where light propagation direction is dependent
on wavelength. The dispersed light is projected onto a detector through a back lens, creating a
special 2-D image: one dimension represents spatial and the other spectral. Figure 3b shows a
reflection-grating-based imaging spectrograph, which is specifically based on an Offner configuration.
The spectrograph includes a pair of spherical mirrors and a convex reflection grating. The lower
mirror guides light from the entrance slit to the reflection grating, where the beam is dispersed into
different wavelengths. The upper mirror then reflects the dispersed light to the detector, where a
continuous spectrum is formed for each spatial point along a scanning line on the sample. Dispersive
imaging spectrographs are commercially available for different spectral regions, such as ultraviolet
and visible (UV-VIS: 250–500 nm), visible (VIS: 380–800 nm), visible and near infrared (VNIR:
400–1000 nm), near infrared (NIR: 900–1700 nm), short-wavelength infrared (SWIR: 1000–2500 nm),
and mid-wavelength infrared (MWIR: 3000–5000 nm). Imaging spectrographs working in narrower
wavelength ranges (e.g., Raman spectrographs in 770–980 nm) are also available for particular
applications (e.g., high spectral resolution).
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3.1.3. Image Sensors
3.1.3. Image Sensors
For line-scan hyperspectral systems based on dispersive imaging spectrographs, an image
For line-scan hyperspectral systems based on dispersive imaging spectrographs, an image
sensor is generally used with one dimension parallel to the wavelength dispersion direction for
sensor is generally used with one dimension parallel to the wavelength dispersion direction for
spectral information collection and the other parallel to the spectrograph entrance slit for spatial
spectral information collection and the other parallel to the spectrograph entrance slit for spatial
information collection. Charge-coupled devices (CCDs) are currently the mainstream image sensors.
information collection. Charge-coupled devices (CCDs) are currently the mainstream image sensors.
Spectral responses of the CCDs are mainly governed by the sensor substrate materials. Silicon CCDs
Spectral responses of the CCDs are mainly governed by the sensor substrate materials. Silicon CCDs
have adequate quantum efficiency (QE) in visible and short-wavelength near-infrared (NIR) regions
have adequate quantum efficiency (QE) in visible and short-wavelength near-infrared (NIR) regions
(e.g., 400–1000 nm). Deep depletion CCDs can improve the spectral response toward the red end of
(e.g., 400–1000 nm). Deep depletion CCDs can improve the spectral response toward the red end of the
the visible region. Indium gallium arsenide (InGaAs) CCDs are the major image sensors used in the
visible region. Indium gallium arsenide (InGaAs) CCDs are the major image sensors used in the NIR
NIR region. Standard InGaAs CCDs have fairly flat and high QE in the region of 900–1700 nm.
region. Standard InGaAs CCDs have fairly flat and high QE in the region of 900–1700 nm. However,
However, by altering the percentages of InAs and GaAs in the sensors, InGaAs CCDs can also be
by altering the percentages of InAs and GaAs in the sensors, InGaAs CCDs can also be used effectively
used effectively in SWIR range (i.e., 1000–2500 nm). Detectors working in the MWIR region (i.e.,
in SWIR range (i.e., 1000–2500 nm). Detectors working in the MWIR region (i.e., 3000–5000 nm) are
3000–5000 nm) are also available, such as lead selenide (PbSe), indium antimonide (InSb), and
also available, such as lead selenide (PbSe), indium antimonide (InSb), and mercury cadmium telluride
mercury cadmium telluride (MCT). Low-light hyperspectral imaging applications usually need
(MCT). Low-light hyperspectral imaging applications usually need high-performance CCDs, such as
high-performance CCDs, such as electron-multiplying CCDs (EMCCDs) and intensified CCDs
electron-multiplying CCDs (EMCCDs) and intensified CCDs (ICCDs). Aside from CCDs, CMOS
(ICCDs). Aside from CCDs, CMOS (complementary metal-oxide-semiconductor) cameras have
(complementary metal-oxide-semiconductor) cameras have emerged as alternative image sensors.
emerged as alternative image sensors. A CMOS sensor includes both a photodetector and an active
A CMOS sensor includes both a photodetector and an active readout amplifier in each pixel (called
active pixel), making it much faster for signal transfer than the vertical and horizontal registers used
by CCDs to shift the electric charges. Hence the CMOS cameras are particularly suitable for high
speed hyperspectral imaging applications, such as real-time inspection of food safety and quality on
processing lines.
3.2. Line-Scan Hyperspectral Systems and Calibrations
Currently both commercial and custom-designed line-scan hyperspectral imaging systems are
used for food and agricultural applications. The commercial integrated systems offer all-in-one
solutions for more narrowly defined applications, and are increasingly adopted for routine evaluation
of food and agricultural products. Meanwhile, custom-designed systems, which use modular
components—such as light sources, imaging spectrographs, image sensors, and sample handling
units—can provide more flexibility and versatility than the commercial systems since system
components and configurations can be modified and optimized for different applications.
Figure 4 shows two custom-designed line-scan hyperspectral imaging systems working in the
visible and near-infrared (VNIR) region (Figure 4a) and the short-wavelength infrared (SWIR) region
(Figure 4b) [13]. In each system, a 150 W quartz tungsten halogen lamp (Dolan Jenner, MA, USA) is
used as the illumination source for reflectance imaging. The light is conveyed from the lamp enclosure
via a fiber assembly to form two thin fiber optic line lights (250 mm long each), which are arranged
parallel to the transverse direction. Two UV-A (365 nm peak) fluorescent lamp assemblies (Spectronics,

system components and configurations can be modified and optimized for different applications.
Figure 4 shows two custom-designed line-scan hyperspectral imaging systems working in the
visible and near-infrared (VNIR) region (Figure 4a) and the short-wavelength infrared (SWIR)
region (Figure 4b) [13]. In each system, a 150 W quartz tungsten halogen lamp (Dolan Jenner, MA,
USA)
is used as the illumination source for reflectance imaging. The light is conveyed from the lamp
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A custom-designed line-scan hyperspectral Raman system [14] is shown in Figure 5. The system
can be configured for either a Raman chemical imaging (RCI) mode for surface evaluation (Figure 5a)
or a spatially offset Raman spectroscopy (SORS) mode for subsurface evaluation (Figure 5b). In the
RCI mode, a 785 nm line laser (Innovative Photonic Solutions, Monmouth Junction, NJ, USA) serves as
an excitation source, which is normally projected on the sample surface via a 45◦ dichroic beamsplitter.
The SORS mode uses a 785 nm point laser (Innovative Photonic Solutions, Monmouth Junction, NJ,
USA), which is delivered and focused on the sample surface with an incident angle of 30◦ using an
optical fiber and a laser focus unit. The RCI and SORS configurations share a common detection module
consisting of a transmission imaging spectrograph (ImSpector R10E, Specim, Oulu, Finland) and a
1024 (spatial) × 1024 (spectral) pixel CCD camera (iKon-M 934, Andor Technology, South Windsor, CT,
USA). A C-mount lens is attached to the spectrograph for aperture and focus adjustment. Two identical
785 nm long-pass filters are used to block the light at and below the laser wavelength (i.e., Rayleigh
and anti-Stokes scattering). The system covers a wavenumber range from −674 to 2865 cm−1 with a
spectral resolution of 14 cm−1 . In the RCI mode, a one-axis motorized positioning table moves the
samples to collect hyperspectral Raman data using multiple line scans. In the SORS mode, a single
line scan is performed to acquire a Raman scattering image using one CCD exposure for subsurface

Andor Technology, South Windsor, CT, USA). A C-mount lens is attached to the spectrograph for
aperture and focus adjustment. Two identical 785 nm long-pass filters are used to block the light at
and below the laser wavelength (i.e., Rayleigh and anti-Stokes scattering). The system covers a
wavenumber range from −674 to 2865 cm−1 with a spectral resolution of 14 cm−1. In the RCI mode, a
one-axis
motorized
positioning table moves the samples to collect hyperspectral Raman data using
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multiple line scans. In the SORS mode, a single line scan is performed to acquire a Raman scattering
image using one CCD exposure for subsurface inspection applications. In-house software developed
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Spectral and spatial calibrations are needed for line-scan hyperspectral imaging systems to
Spectral and spatial calibrations are needed for line-scan hyperspectral imaging systems to
acquire meaningful data. The spectral calibrations map the pixel indices along the spectral
acquire meaningful data. The spectral calibrations map the pixel indices along the spectral dimension
dimension of the image sensor to the wavelengths or wavenumbers. Spectral calibration lamps are
of the image sensor to the wavelengths or wavenumbers. Spectral calibration lamps are common
common tools used in spectral calibrations. For hyperspectral Raman systems, the spectral
tools used in spectral calibrations. For hyperspectral Raman systems, the spectral calibrations use
calibrations use relative wavenumbers as references instead of wavelengths used in absolute
relative wavenumbers as references instead of wavelengths used in absolute spectral calibrations.
spectral calibrations. A single-wavelength laser and chemicals with known relative wavenumber
A single-wavelength laser and chemicals with known relative wavenumber shifts are usually used to
shifts are usually used to calibrate the Raman systems. The relationship between pixel positions and
calibrate the Raman systems. The relationship between pixel positions and corresponding wavelengths
or wavenumbers can be established using linear or nonlinear regression models. On the other hand,
the spatial calibrations are useful to adjust the field of view and estimate the spatial detection limit.
The spatial resolution along the direction of sample movement depends on the step size of the
movement, and the spatial range is determined by the step size and the number of scans. For the
direction parallel to the scanning line, the length of instantaneous field of view (IFOV) determines the
maximum sample width that can be covered, and it can be changed by adjusting the focal length of
the lens and the lens-to-sample working distance. Figure 6 shows a spatial calibration example for
a line-scan hyperspectral imaging system using a piece of paper printed with parallel lines spaced
2.5 mm apart. Under a setting using a lens with a 35 mm focal length and a working distance of 200 mm,
the spatial resolution is 0.07 mm/pixel, and the IFOV length is 71.68 mm (Figure 6a). When a 23 mm
lens and a 355 mm working distance are used, the spatial resolution is reduced to 0.20 mm/pixel,
and the IFOV length is extended to 204.80 mm (Figure 6b). Hence the system can be arranged for
either high spatial resolution or large field of view to accommodate different resolution and sample
size requirements.
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Figure 6. Spatial calibrations for a line-scan hyperspectral imaging system under settings of (a) high
Figure 6. Spatial calibrations for a line-scan hyperspectral imaging system under settings of (a) high
spatial resolution; and (b) large field of view.
spatial resolution; and (b) large field of view.
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extracted along the vertical and horizontal dimensions of the scattering image. Light absorption and
scattering properties of the apple, which are quantified respectively by the absorption coefficient (µa )
and the reduced scattering coefficient (µs ’), can be determined using a curve fitting method for the
spatial profiles at all the wavelengths based on a diffusion theory model, and they can be used to
evaluate apple internal quality attributes, such as fruit firmness and soluble solids content [15].
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4.2. Hyperspectral Image Preprocessing
Original hyperspectral data are generally not suitable for direct qualitative/quantitative analysis
since artifacts, noises, and undesired signals are also collected owing to test environments and
imperfect components in the imaging systems. Spectral and image preprocessing procedures aim to

Appl. Sci. 2017, 7, 125

11 of 20

4.2. Hyperspectral Image Preprocessing
Original hyperspectral data are generally not suitable for direct qualitative/quantitative
analysis
since
artifacts, noises, and undesired signals are also collected owing to test environments
Appl. Sci. 2017,
7, 125
12 of 22
and imperfect components in the imaging systems. Spectral and image preprocessing procedures
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Figure 8. Line-scan hyperspectral Raman imaging measurement of a carrot slice: (a) color image;
Figure 8. Line-scan hyperspectral Raman imaging measurement of a carrot slice: (a) color image;
(b) original; and (c) fluorescence-corrected Raman images at 1513 cm−1; (d) carotenoid color map
(b) original; and (c) fluorescence-corrected Raman images at 1513 cm−1 ; (d) carotenoid color
image based on pixel intensities of the 1513 cm−1 corrected image; and (e) original; and (f)
map image based on pixel intensities of the 1513 cm−1 corrected image; and (e) original; and
fluorescence-corrected Raman spectra of the major carrot tissues. Reproduced with permission from
(f) fluorescence-corrected Raman spectra of the major carrot tissues. Reproduced with permission
[14], Copyright Elsevier, 2017.
from [14], Copyright Elsevier, 2017.

4.3. Hyperspectral Band Selection
4.3. Hyperspectral Band Selection
Redundant information exists across tens or hundreds of bands in 3-D hyperspectral images.
Redundant information exists across tens or hundreds of bands in 3-D hyperspectral images.
Spectral dimension reduction and useful information retrieval are critical to analyze hyperspectral
Spectral dimension reduction and useful information retrieval are critical to analyze hyperspectral
image data for qualitative/quantitative analysis. To fit multispectral imaging solutions for online and
image data for qualitative/quantitative analysis. To fit multispectral imaging solutions for online and
real-time rapid inspection applications using simple detection algorithms, a small subset of
real-time rapid inspection applications using simple detection algorithms, a small subset of important
important bands (usually less than 10) must be selected. In the visible and near-infrared wavelength
bands (usually less than 10) must be selected. In the visible and near-infrared wavelength range, typical
range, typical reflectance, transmittance, and fluorescence spectra naturally exhibit broad and
reflectance, transmittance, and fluorescence spectra naturally exhibit broad and overlapped spectral
overlapped spectral peaks and shoulders. Hence, it is generally not straightforward to identify the
peaks and shoulders. Hence, it is generally not straightforward to identify the important bands that
important bands that are optimal for specific hyperspectral imaging applications. Mathematical
are optimal for specific hyperspectral imaging applications. Mathematical optimization algorithms
optimization algorithms and multivariate analysis techniques are usually required to reduce the
and multivariate analysis techniques are usually required to reduce the spectral dimension and
spectral dimension and identify the key wavelengths. Commonly used methods include principal
identify the key wavelengths. Commonly used methods include principal component analysis (PCA),
component analysis (PCA), partial least squares (PLS), linear discriminant analysis (LDA),
partial least squares (PLS), linear discriminant analysis (LDA), correlation analysis (CA), artificial
correlation analysis (CA), artificial neural networks (ANN), genetic algorithm (GA), sequential
neural networks (ANN), genetic algorithm (GA), sequential forward selection (SFS), etc. In general,
forward selection (SFS), etc. In general, spectra from all hyperspectral image pixels or selected
spectra from all hyperspectral image pixels or selected regions of interest (ROIs) are extracted to
regions of interest (ROIs) are extracted to form a 2-D spectral data matrix on which multivariate
form a 2-D spectral data matrix on which multivariate analysis and band selection methods can be
analysis and band selection methods can be directly conducted to determine important wavelengths.
directly conducted to determine important wavelengths. It should be noted that Raman spectra are
It should be noted that Raman spectra are naturally characterized by narrow and sharp spectral
naturally characterized by narrow and sharp spectral peaks appearing at fixed wavenumbers with
peaks appearing at fixed wavenumbers with easy-to-understand physical/chemical meanings. Thus
easy-to-understand physical/chemical meanings. Thus the band selection for hyperspectral Raman
the band selection for hyperspectral Raman images is usually more straightforward without using
images is usually more straightforward without using the aforementioned advanced mathematical
the aforementioned advanced mathematical algorithms, especially for Raman spectra after
algorithms, especially for Raman spectra after fluorescence baseline correction.
fluorescence baseline correction.
Figure 9 shows an example of using correlation analysis to select important bands for
Figure 9 shows an example of using correlation analysis to select important bands for
hyperspectral fluorescence images to detect organic residues on poultry processing equipment surfaces.
hyperspectral fluorescence images to detect organic residues on poultry processing equipment
Fluorescence images were collected in the spectral region of 500–700 nm (42 bands in total) from
surfaces. Fluorescence images were collected in the spectral region of 500–700 nm (42 bands in total)
chicken residues on stainless steel sheets by a line-scan hyperspectral system using high-power
from chicken residues on stainless steel sheets by a line-scan hyperspectral system using high-power
400 nm blue LEDs as an excitation source [18], which is similar to the system illustrated in Figure 5a
400 nm blue LEDs as an excitation source [18], which is similar to the system illustrated in Figure 5a
except for the 365 nm UV-A fluorescent lamps. Chicken fat, blood, four types of feces, and stainless
except for the 365 nm UV-A fluorescent lamps. Chicken fat, blood, four types of feces, and stainless
steel exhibited different emission patterns in their representative fluorescence spectra (Figure 9a).
steel exhibited different emission patterns in their representative fluorescence spectra (Figure 9a).
Correlation coefficients were calculated between designated label values (i.e., “1” for organic residue
Correlation coefficients were calculated between designated label values (i.e., “1” for organic residue
samples and “0” for stainless steel sheets) and two-band ratios of the fluorescence spectra in an
samples and “0” for stainless steel sheets) and two-band ratios of the fluorescence spectra in an
exhaustive way (i.e., evaluating all possible two-band combinations from the 42 wavebands). In the
exhaustive way (i.e., evaluating all possible two-band combinations from the 42 wavebands). In the
contour plot of the correlation coefficients (Figure 9b), the two-band ratio between 503 and 666 nm
(F503/F666) was found to give the maximum absolute correlation value of 0.94. Two-band ratio
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contour plot of the correlation coefficients (Figure 9b), the two-band ratio between 503 and 666 nm
(F503/F666) was found to give the maximum absolute correlation value of 0.94. Two-band ratio images
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4.4. Hyperspectral Target Identification

Hyperspectral
target identification intends to recognize sample substances utilizing both
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spectral and spatial information from the collected images. In various food and agricultural
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it is usually needed to identify target pixels on sample surfaces. The important wavelengths
example shown in Figure 9 demonstrated that ratio fluorescence images using two selected bands
determined by band selection methods can be used to develop simple algorithms (e.g., band ratio)
can be used to detect chicken organic residues on stainless steel sheets. However, the two bands may
for simple
fast detection
purposes
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spectral angle mapper and spectral information divergence [19]. After spectral matching, a 2-D rule
from hyperspectral images are often necessary for precise target identification. The hyperspectral
image is usually generated, and image postprocessing procedures (e.g., thresholding, spatial
pixels can be recognized based on statistical comparisons between the extracted spectra and reference
spectra of interesting targets using spectral matching methods, such as spectral angle mapper and
spectral information divergence [19]. After spectral matching, a 2-D rule image is usually generated,
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and image postprocessing procedures (e.g., thresholding, spatial filtering) are often used to create the
final results for identification, classification, and mapping tasks. On the other hand, spectral signals
from line-scan spatially resolved spectroscopy measurement for heterogeneous or layered samples are
normally mixed. Curve resolution and mixture analysis methods can be used to segregate and resolve
Appl. Sci. 2017, 7, 125
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5. Food Safety and Quality Applications
Over the past 15 years, line-scan hyperspectral imaging techniques have been intensively
researched and developed for measuring physical, chemical, and biological properties of a broad
range of food and biological materials. The application scope has been expanded rapidly into many
food and agricultural areas such as food safety and quality evaluation, plant maturity and disease
monitoring, raw material screening, food processing assessment, and equipment sanitation inspection.
Table 1 lists many such line-scan hyperspectral imaging applications. The selected applications, which
are representative rather than exhaustive, were categorized based on the underlying spectroscopy
techniques used in the line-scan hyperspectral imaging measurements. It should be noted that
these applications are generally under indoor-controlled lighting conditions (e.g., laboratory and
food processing plant). Outdoor and field applications of the hyperspectral imaging techniques
(e.g., plant cultivation and phenotyping) [22,23] are beyond the scope of this review. Food and
agricultural products are complicated systems that can be considered mixtures of different types
of molecules. The interesting molecules in a food matrix can be investigated based on different
types of spectral information. Reflectance, transmittance, fluorescence, and Raman spectroscopy
and imaging techniques can be used to analyze many intrinsic compositions (e.g., proteins, fats,
carbohydrates, carotenoids, fatty acid, and inorganics) and extrinsic components (e.g., bacteria,
adulterants, and contaminants) of the food and biological samples.
As shown in Table 1, one main application area is food surface inspection. Reflectance imaging in
the visible and near-infrared region, fluorescence imaging in the visible region, and Raman imaging
in the near-infrared region can all be utilized to inspect exterior characteristics of different types of
food and agricultural products, such as inspecting bruises on apples using reflectance [24], detecting
fecal contamination on apples using fluorescence [6], and screening for chemical adulterants in
food powders using Raman [25]. Transmittance imaging in the visible and near-infrared region
using high-intensity light sources is suitable to assess overall interior attributes of small or thin food
samples, such as detecting insect damage in soybean [26] and mapping fat distribution in pork belly
and salmon fillet [27]. Integration of different spectroscopy techniques into hyperspectral imaging
measurements can provide more detection capacities and achieve more accurate results than those
using a single imaging mode, such as evaluating both external and internal quality of pickling
cucumbers using integrated reflectance and transmittance imaging [28] and detecting aflatoxins in
corn kernels using combined reflectance and fluorescence image data [29]. Besides imaging, spatially
resolved spectroscopy techniques based on line-scan hyperspectral acquisition methods can be used
for obtaining internal or subsurface information from heterogeneous or layered food samples, such
as firmness assessment of peach fruit using spatially resolved diffuse reflectance spectroscopy [30]
and through-plastic-package inspection of cane sugar using spatially offset Raman spectroscopy [21].
In addition, line-scan imaging systems working in both hyperspectral and multispectral modes
have been developed, in which the number of bands, central wavelengths, and bandwidths can be
controlled via software in the multispectral mode [31,32]. Such systems can scan hundreds of lines per
second using CCD exposure times at the millisecond level, making them particularly useful to inspect
fast-moving food items on the processing lines in real time.
Figure 11 shows an example of using line-scan hyperspectral/multispectral reflectance imaging for
online wholesomeness inspection of freshly slaughtered poultry carcasses on a high-speed commercial
chicken processing line [32]. The inspection system used a pair of high-power white LED line lights
to illuminate chicken carcasses hung from shackles (Figure 11a). A sensing unit—which consisted of
a C-mount lens, a transmission imaging spectrograph, and an EMCCD camera—was used to collect
hyperspectral reflectance images line by line in 55 bands (389–753 nm) from the chicken carcasses that
were moving at a speed of 140 birds per minute (bpm). Single-band 2-D spatial images (Figure 11b)
were compiled from the acquired line-scan hyperspectral images for offline image and spectral analysis,
such as region of interest (ROI) optimization and key band selection. Analysis of two-band ratios found
that using the pairing of 580 and 620 nm (R580/R620) gave the largest difference between the average
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ROI reflectance spectra of the wholesome chickens and the systemically diseased chickens. The selected
two wavelengths were then used by the same imaging system in multispectral imaging mode in a
poultry plant. During continuous operation for over 100,000 chickens on a commercial 140-bpm kill
line, the multispectral system achieved over 99% accuracy in identifying wholesome chickens and over
96% accuracy in identifying unwholesome chickens. The system can improve chicken product safety
by preventing most unwholesome birds from entering the evisceration line and also by reducing the
routine workload for food safety inspectors working in the chicken processing plants.
Table 1. Representative food safety and quality applications using line-scan hyperspectral imaging.
Technique

Product

Application

Wavelength

Reference

Reflectance
imaging

Apple
Chicken
Apple
Cucumber
Pork
Chicken
Fish
Mushroom
Beef
Citrus
Pathogen
Tea
Wheat kernel
Potato
Grape
Banana
Milk powder
Beef

Feces detection
Feces and ingesta detection
Bruise detection
Chilling injury detection
Quality evaluation
Wholesomeness inspection
Moisture and fat evaluation
Bruise detection
Tenderness evaluation
Canker disease detection
Campylobacter detection
Quality classification
Fusarium damage detection
Cooking time prediction
Quality evaluation
Quality and maturity evaluation
Melamine detection
Chicken adulterant detection

450–851 nm
400–900 nm
900–1700 nm
447–951 nm
430–1000 nm
430–750 nm
460–1040 nm
400–1000 nm
400–1000 nm
450–930 nm
400–900 nm
408–1117 nm
400–1700 nm
400–1000 nm
400–1000 nm
400–1000 nm
990–1700 nm
400–1000 nm

[33]
[34]
[24]
[35]
[36]
[32]
[37]
[38]
[39]
[40]
[41]
[42]
[43]
[44]
[45]
[46]
[47]
[48]

Transmittance
imaging

Cherry
Clam
Soybean
Radish
Pork and salmon

Pit detection
Parasite detection
Insect damage detection
Black heart detection
Fat mapping

450–1000 nm
400–1000 nm
400–1000 nm
400–1000 nm
760–1040 nm

[49]
[50]
[26]
[51]
[27]

Fluorescence
imaging

Apple
Chicken
Apple
Walnut
Bacterial biofilm
Corn kernel
Chicken residues
Cherry tomato
Cucumber seed
Cotton

Feces detection
Skin tumor detection
Quality evaluation
Shell and meat differentiation
Equipment surface inspection
Aflatoxin detection
Equipment surface inspection
Cuticle defect detection
Seed viability identification
Foreign matter detection

425–775 nm
425–710 nm
500–1040 nm
425–775 nm
416–700 nm
400–600 nm
500–700 nm
400–700 nm
425–700 nm
425–700 nm

[6]
[52]
[53]
[54]
[55]
[56]
[18]
[57]
[58]
[59]

Reflectance and
transmittance
imaging

Cucumber
Chicken
Onion
Blueberry

Quality evaluation
Bone fragment detection
Internal quality evaluation
Internal quality evaluation

400–1000 nm
364–1024 nm
400–1000 nm
400–1000 nm

[28]
[60]
[61]
[62]

Reflectance and
fluorescence
imaging

Apple
Apple
Corn kernel

Defect and feces detection
Maturity and quality evaluation
Aflatoxin detection

400–1000 nm
500–1000 nm
400–878 nm

[31]
[63]
[29]

Raman imaging

Food powders
Carrot

Adulterant detection
Carotenoid mapping

102–2865 cm−1
102–2865 cm−1

[25]
[14]

Spatially resolved
spectroscopy

Peach
Milk
Apple
Beef
Sugar

Firmness evaluation
Fat content evaluation
Internal quality evaluation
Microbial spoilage detection
Through-package detection

500–1000 nm
530–900 nm
500–1000 nm
400–1100 nm
102–2865 cm−1

[30]
[64]
[15]
[65]
[21]
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Figure 11. Line-scan hyperspectral/multispectral reflectance imaging for online poultry carcass
Figure 11. Line-scan hyperspectral/multispectral reflectance imaging for online poultry carcass
inspection: (a) a photograph of the system on a commercial chicken processing line operating at a
inspection: (a) a photograph of the system on a commercial chicken processing line operating at
speed of 140 birds per minute; and (b) compiled line-scan images of one wholesome chicken and one
a speed of 140 birds per minute; and (b) compiled line-scan images of one wholesome chicken and
systemically
diseased
chicken
at at
selected
wavelengths.
[32],
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chicken
selected
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Reproducedwith
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Copyright
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2008.
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6. Conclusions
6. Conclusions
Line scanning is a major hyperspectral imaging measurement method that is well-suited for
Line scanning is a major hyperspectral imaging measurement method that is well-suited for
inspection of food and agricultural products, especially for food items moving along the processing
inspection of food and agricultural products, especially for food items moving along the processing and
and production lines. Driven by interest from both academic and industrial areas, line-scan
production lines. Driven by interest from both academic and industrial areas, line-scan hyperspectral
hyperspectral imaging techniques have been evolving rapidly over the past 15 years in the food and
imaging techniques have been evolving rapidly over the past 15 years in the food and agricultural
agricultural field. The techniques have been intensively researched and developed with use of
field. The techniques have been intensively researched and developed with use of different physical
different physical principles and wavelength ranges. Various custom-designed line-scan
principles and wavelength ranges. Various custom-designed line-scan hyperspectral imaging systems
hyperspectral imaging systems have been developed around the world, and successfully used to
have been developed around the world, and successfully used to measure physical, chemical,
measure physical, chemical, and biological properties of a broad range of food and agricultural
and biological properties of a broad range of food and agricultural products for the purposes of surface,
products for the purposes of surface, subsurface, and internal evaluations. As the technologies
subsurface, and internal evaluations. As the technologies mature, integrated line-scan hyperspectral
mature, integrated line-scan hyperspectral imaging systems have become commercially available to
imaging systems have become commercially available to provide all-in-one inspection solutions,
provide all-in-one inspection solutions, helping to further expand the scope of practical food
helping to further expand the scope of practical food applications. Existing and emerging techniques
applications. Existing and emerging techniques in this area were reviewed to reflect current
in this area were reviewed to reflect current practices and future trends of line-scan hyperspectral
practices and future trends of line-scan hyperspectral imaging for food safety and quality
imaging for food safety and quality applications. Advances in both high-performance hardware
applications. Advances in both high-performance hardware components and fast data analysis
components and fast data analysis methods and software will drive the future development of
methods and software will drive the future development of line-scan hyperspectral imaging
line-scan hyperspectral imaging techniques.
techniques.
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