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m Abstract We review nondestructive techniques for measuring internal and external quality attributes of fruit and
vegetables, such as color, size and shape, flavor, texture, and absence of defects. The different techniques are
organized according to their physical measurement principle. We first describe each technique and then list some
examples. As many of these techniques rely on mathematical models and particular data processing methods, we
discuss these where needed. We pay particular attention to techniques that can be implemented online in grading

lines

1. INTRODUCTION

The late Joseph Juran defined quality as “fitness for use,” where fitness is defined by the
customer (Juran 1951). This concept was the basis of the ISO 9000 standard that defines
quality as the “degree to which a set of inherent characteristics fulfills requirements of the
customer” (http://www.iso.org) . Although every actor in a typical horticultural chain can be
considered a customer, it makes sense to focus on the consumer, as he or she is the ultimate

customer that drives the flow in the chain. For practical use, quality may be described as
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some mathematical function of a series of quality attributes; the consumer assesses these
quality attributes and consciously or unconsciously assigns a score and then mentally

calculates an overall quality score for future purchase decisions (Sloof et al. 1996). The

assessment of quality attributes is thus an essential component of the quality appreciation
that we focus on in this article.

External quality attributes relate to the appearance of the product and include properties
such as color, shape, size, and the absence of surface defects. They determine the purchase
behavior of consumers by and large, as these properties may be inspected readily by the eye.
As such, most commercial quality systems are based on external quality attributes only.
Internal quality attributes include texture properties such as firmness and crispiness, taste,
aroma, and absence of internal defects. These attributes determine the organoleptic
satisfaction of consumers. But more elusive quality attributes such as freshness, safety,
nutritional value and health-promoting properties, chemical residues, production system,
authenticity, convenience, and ethical aspects may affect the quality perception of
consumers on a more abstract and cerebral level. These attributes may be particularly
important but are often difficult to measure and even to define.

Expert and consumer panels are used widely to assess the quality of fruit and vegetables

(Meilgaard et al. 2006). The former consist typically of 10—15 experts that are trained to

score a list of quality descriptors that they have either derived themselves or obtained from
the literature. They can be considered human sensors to quantitatively measure the quality
attributes of the product. A series of ISO standards is available to select descriptors, train
panelists, evaluate their performance, and statistically analyze the data. Consumer panels
consist typically of hundreds of consumers that represent the group of consumers that is
considered relevant for the test. They only provide preference scores that can be used to
subdivide the consumers into preference segments and associate them, for example, with
certain cultivars of a fruit or vegetable species. The preference scores, however, only
become meaningful when related to quality attributes measured by trained sensory panels.
The advantage of both expert and consumer panels is that they address the quality attributes
of fruit and vegetables similarly to the ultimate consumer. However, even when obtained by

a well-trained quantitative descriptive expert panel, the scores are prone to large variability
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and may drift over time, the capacity of the panel is limited to typically 6--8 objects per
session, the procedure is slow, and the cost is high.

Instrumental techniques may be used as alternate methods for measuring quality
attributes of fruit and vegetables. These techniques do not suffer from many of the
aforementioned disadvantages of human panels. However, their success often depends
critically on how their measurement principle mimics humans’ perceptions of a particular
property. Laboratory colorimeters have been successful in this regard, as they are based on
the three-component theory of human color perception that was elaborated by the

International Commission of lllumination in 1931 (Smith & Guild 1931). However, there

are many quality attributes for which there is no such measurement principle readily
available. Mealiness---a texture attribute describing the sensation of dryness and granularity
due to cell debonding rather than fracturing during mastication---is such an example. It is a

challenge to measure such properties (Barreiro et al. 1998). Instrumental techniques may

replace quantitative descriptive panels to some extent; nonetheless, they do not provide an
alternative to consumer panels.

Quality attributes can be measured by both destructive and nondestructive techniques.
Nondestructive techniques are often fast, reduce waste, and have the particular advantage
that the actual measurement does not affect the characteristics of the fruit. The immediate
benefit is that such techniques can be used for grading individual fruit and vegetables with
respect to quality prior to sale. Because of the large biological variability of the quality
attributes of fruit and vegetables, grading individual products is essential to meeting
consumers’ expectations. Color and size grading by visual inspection has been used for ages
to remove products that would not meet the minimal requirements for quality and to
simultaneously enhance uniformity. Over the years, this has been automated, and high-
speed grading lines using sensors for external quality attributes such as color, size, and
appearance are now used widely by growers, cooperatives, and packing houses worldwide.
The advent of nondestructive methods to measure internal quality attributes such as texture
properties or flavor, as well, opened up exciting new marketing possibilities for horticultural
products, provided, of course, that the properties they measure correspond to their human
analogs. Nondestructive techniques are also very useful for developing models of changes

in quality attributes during postharvest storage, to optimize postharvest processes. As the
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same fruit can be monitored in time, the interfruit variability can be separated easily from
the time effect. This improves the estimation of the kinetic parameters greatly (Hertog et al.
2007).

In this article, we review nondestructive techniques for internal and external quality
attributes. The text is organized according to physical principle rather than quality attribute,

as some measurement techniques can be used to measure widely different quality attributes.

2. OPTICAL TECHNIQUES

2.1. Visible/Near-Infrared Spectroscopy
As with most biological materials, fruit and vegetables are opaque to radiation in the visible
(Vis) and near-infrared (NIR) regions of the electromagnetic spectrum. In these media, a
complex interplay between absorption and scattering of the electromagnetic waves (light)
guides the light-matter interaction. Absorption and scattering depend on the spectral and
spatial changes in the complex refractive index at the microstructure level (Bohren &

Huffman 1983). The tissue structures made up of the cells and intra/extracellular

environments are responsible for the scattering. As photons are most strongly scattered by
structures whose size matches the photon wavelength, the nuclei, mitochondria, vesicles,
membranes, and cell walls play crucial roles in the scattering of Vis/NIR light by fruit and
vegetable tissue. The absorption is caused mainly by the C-H, O-H, and N-H bonds of the
main compounds (water, sugars, chlorophylls, carotenoids, etc.). As a photon can be
absorbed only if it has the right energy to excite one of the vibrational states of the
molecule, each molecule has its own specific absorption spectrum. However, the
fundamental vibrations of these bonds occur in the infrared region; thus, the absorption in
the Vis/NIR region is caused by overtones and combinations of these fundamental
vibrations. This yields absorption peaks in the Vis/NIR region that are broad and
overlapping. Moreover, the peaks can shift a few nanometers due to H-bonding. The
combination of these effects means that the Vis/NIR spectra of complex mixtures such as
fruit and vegetables are hard to interpret. Therefore, advanced chemometric techniques are
needed to extract information on the concentrations of the major components from these
spectra. As the absorption by water is relatively low in the Vis/NIR range compared to the

UV and mid-infrared ranges, the electromagnetic radiation can penetrate quite deep (up to a

27



few centimeters, depending on the wavelength) into biological tissue. Conversely, scattering
is remarkably larger, and this enables electromagnetic radiation to diffuse in the sample
volume and to be reemitted at the tissue boundaries. A drawback of NIR spectroscopy is
that for each fruit species and cultivar, a new calibration model is required, and the
calibration models should be based on large datasets incorporating different orchards,

seasons, cultivation systems, etc. (Peirs et al. 2002). The prediction accuracy also depends

on temperature (Peirs et al. 2003). Finally, the calibration models depend on the

spectrophotometer, such that model transfer even between different spectrophotometers of
the same brand and type is not straightforward.
NIR spectroscopy has been used successfully to nondestructively measure the soluble

solids contents of various fruit, including apple (Lammertyn et al. 1998), cherry (Lu, 2001),

kiwifruit (McGlone & Kawano 1998), mandarin (Kawano et al. 1993), melon, and

pineapple (Guthrie & Walsh 1997), and peach (Slaughter 1995). The root mean squared

error of prediction is typically 0.5--1.0°Bx. Acidity, texture, and other fruit properties are
much more difficult to measure by means of NIR spectroscopy; however, some reports have
been published in which a reasonable accuracy was obtained (e.g., Peirs et al. 2002). Nicolai
et al. (2007) give a full account of NIR applications in fruit and vegetables. Fruit grading

lines equipped with NIR sensors are made available commercially by Aweta (IQA,
http://www.aweta.nl), Greefa (iFA, http://www.greefa.nl), Mitsui-Kinzoku
(http://www.mitsui-kinzoku.co.jp), Sacmi (F5, http://www.sacmi.it), TasteMark

(http://www.taste-technologies.com ), and others.

2.2. Time- and Space-Resolved Spectroscopy
Advanced techniques, such as space-resolved and time-resolved spectroscopy (SRS and
TRS, respectively), improve the classical approach to Vis/NIR spectroscopy (Patterson et al.
1989, Kienle et al. 1996). The main feature of SRS and TRS is their ability to retrieve

information on the photon path length in a diffusive medium, which is generally much
larger than the geometrical distance between the source and the detector. The typical values
of the optical properties of fruit and vegetables in the Vis/NIR region correspond to average
photon path lengths, in the order of a few meters.

SRS collects photons at multiple source-detector distances (e.g., in the range 1--10 mm)

using an optical fiber arrangement or a camera as detectors (Nguyen et al. 2011). TRS
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measures the distribution of photon time-of-flight (related to photon path length by the
speed of light in the medium) at the picosecond or nanosecond timescale and at a fixed
source-detector distance (e.g., 15 mm). This is done with pulsed laser sources (duration of
tens of picoseconds) and fast detection techniques (e.g., time-correlated single photon
counting) (Torricelli et al. 2008).

The use of SRS or TRS, in combination with proper models for photon migration,
enables the complete optical characterization and simultaneous nondestructive measurement
of the optical properties (absorption and scattering) of a diffusive medium. This can be
particularly important for most fruit and vegetables because information derived by TRS
and SRS refers to the internal properties of the medium and is not so much affected by

surface features as is traditional spectroscopy (Cubeddu et al. 2001, Saeys et al. 2008). It is

hypothesized that the absorption properties are related to the chemical composition, whereas
the scattering properties are related to the microstructural features such as the topology of
the intercellular space and the size and shape of the cells. This could enable a means for
nondestructively assessing texture, as these features affect the overall mechanical
properties. However, other maturity- and ripeness-related features such as biochemical
changes in the cell wall--middle lamella complex also affect the mechanical properties, and
attempts to predict texture properties based on scattering properties have not been very
successful thus far.

TRS has been explored as a potential method for the nondestructive quality evaluation of
fruits such as apples, pears, nectarines, etc. (Cubeddu et al. 2001; Nicolal et al. 2008b;
Rizzolo et al. 2009; Eccher Zerbini et al. 2002, 2006). In the case of SRS, measurements

based on a multispectral or hyperspectral camera have been used to acquire spatially
resolved diffuse reflectance spectra for the prediction of fruit quality attributes (Qin & Lu
2008, Qin et al. 2009).

2.3. Machine Vision
The process of sorting and grading fruit and vegetables at farms, in distribution, and even by
consumers still relies mostly on visual inspection. Several researchers have investigated the
potential of machine vision to automate this visual inspection and make it more objective

(Brosnan & Sun 2004). A machine vision system consists essentially of a digital camera

that is connected to a computer and software for image analysis. Monochrome digital
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cameras produce a 2D array of intensity values corresponding to the different positions in
the image; a digital color image consists of three 2D arrays of intensity values: one for the
red band, one for the green band, and one for the blue band. To detect objects (fruit, bruise,
stalk, leaf, etc.) in the image, the pixels should be clustered or discriminated based on some
features. The simplest way to classify pixels is by placing a threshold on the intensity values
of one of the waveband images (red, green, or blue). A major disadvantage of this approach
is that a change in the illumination intensity will change the classification result if the
threshold is not adapted accordingly. To avoid this problem, it is better to separate the
information on the perceived color from the information on the luminosity. This can be
achieved with a nonlinear transformation from the red, green, blue (RGB) color space to the
L*a*b* color space. In this color space, L* is the axis ranging from black to white, a* is the
axis ranging from green to red, and b* is the axis ranging from blue to yellow. This system
has become popular in the food industry as it enables the accurate discrimination of red
from green independent from the illumination intensity. One such application of this system

is for the prediction of the lycopene content in tomatoes (Arias et al. 2000). Wu & Sun

(2013) provided a detailed account of color measurement by machine vision.
Alternative segmentation approaches have been proposed that try to exploit the properties

of the object’s contours, such as concaveness (Bai et al. 2009) or an intensity gradient

(Granitto et al. 2005). When the pixels have not all been correctly classified, morphological

operations such as erosion and dilatation can be used to remove small groups of pixels that
have been misclassified as an object or to fill small holes in detected objects (Gonzalez &
Woods 2007 ). For these detected objects, morphological parameters such as area, largest
length, or shortest width can be calculated easily. Alternatively, geometrical models such as
spheres, rectangles, or ellipsoids can be fitted to the detected object, thus identifying the
shape parameters. Applications of machine vision to fruit and vegetables are vast (see, e.g.,
Brosnan & Sun 2004). Sorting lines with machine vision systems for detecting color, size,

shape, and surface defects are made available by all major sorting line manufacturers.

2.4. Multispectral and Hyperspectral Imaging
Although digital color cameras (RGB) have been designed to acquire the same red, green,
and blue bands captured by the human eye, the extraction of quality aspects corresponding

to small contrasts in the images (bruises, ripeness stages, etc.) remains very challenging.
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These very small differences might be detected with more advanced image processing
algorithms; however, the computation costs are very often too high for use in the food
industry. Instead of trying to detect these very small differences, it might be more efficient
to enhance the contrast. Multi- and hyperspectral imaging aims to combine the spectral
information content and discriminating power of point spectroscopy with the spatial
information content of machine vision. In multispectral imaging, images are acquired at a
small number of wavebands (5--10), whereas many more wavebands are included in
hyperspectral imaging (Sun 2010).

The data acquired by hyperspectral imaging are called a hypercube. This is a 3D block of
data, comprising two spatial dimensions and one wavelength dimension. There are two
ways to obtain the data needed for a hypercube. The most straightforward approach is to
sequentially acquire the images at different wavebands by placing different filters or a
tunable filter in front of the camera. In the second approach, a line spectrograph is placed in
front of the camera. This spectrograph consists of a narrow slit and a dispersive element
(prism and/or grating). The light entering the slit is split into its wavelength components and
projected onto the camera chip. Thus, each acquired image has a spatial axis and a spectral
axis. The hypercube is then built by scanning the second spatial dimension line by line. This
approach is ideally suited for mounting over a transportation system such as a conveyor belt
or for sorting and grading lines. Hyperspectral reflectance imaging is the most common type
and is carried out in the Vis/NIR (400--1,000-nm) or SWIR (1,000--2,500-nm) range to
detect defects, contaminants, and quality attributes of fruit and vegetables (Nicolai et al.
2007, Wu & Sun 2013).

Because many, often highly correlated, spectral variables are acquired for every pixel, the
same multivariate calibration and classification techniques commonly used in point
spectroscopy are also used to convert the acquired hypercubes into virtual images with
maximal contrast. Applications in fruit and vegetables include detection of bitter pit and

bruises in apples (Nicolai et al. 2006, Xing et al. 2007) and defects in cherries (Guyer &

Yang 2000). Elmasry et al. (2012) review more applications.

3. MECHANICAL TECHNIQUES
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Mechanical techniques have been used for many years to gain information about the internal
quality of fruit and vegetables in a nondestructive way. These techniques usually focus on
estimating a product’s firmness and maturity (which are related). In general, mechanical
techniques can be divided into two broad classes: a first class using local force-deformation
characteristics of a fruit after application of an external force and a second class that focuses
on the response of the fruit as a whole after it has been excited. For both classes, several
means of inserting energy into the fruit as well as for measuring the resulting response have
been described in the literature and are reviewed here. Other mechanical techniques that are

reported in the literature are also discussed briefly.

3.1. Impact Analysis
Fruit deform locally after being impacted by an external load and, if the load is below a
certain threshold, will eventually converge back to the initial state once this load has been
removed. On the basis of Hertz’s contact theory (Hertz 1882), the maximal deformation,
maximal force, and contact time between impactor and sample provide information about
the mechanical properties of the fruit.

The external load is typically provided using a low-mass impact device with a spherical
tip made from a material with known and constant physical properties. An integrated force
sensor measures the maximal force and the contact time of the impact and is processed
further to derive local firmness values. Because mainly force readings are used, fruit must
be impacted with a constant energy, and a precise control of the impact device that can
handle different sizes and shapes is essential. Different methods based on the above
principles have been investigated in great detail under laboratory conditions (Chen et al.
1985) and are translated into commercial sensors that allow both offline and online quality
control of fruit and vegetables (e.g., the Sinclair 1Q Firmness Tester; see Shmulevich et al.

2003). As an alternative to low-mass impact, the fruit can be dropped from a small height
onto a flat surface connected to a force cell, and impact duration can be determined

accordingly (De Baerdemaeker et al. 1982, Delwiche et al. 1987). Another method involves

the use of compressed air to generate the load on the fruit surface. The main advantage of
this method is that it is completely contactless; however, it requires an alternative to a force
sensor to derive local fruit response. Precise laser distance sensors can be used for this

purpose; their working principle is based on laser triangulation, which can reveal
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deformations in the order of magnitude of micrometers (Prussia et al. 1994, Hung et al.

1999). On the basis of Hooke’s law, the force-deformation relation is translated into local
stiffness.
Applications of impact analysis on a broad range of fruit and vegetables from peaches

(Delwiche et al. 1987), tomatoes (De Ketelaere et al. 2006), apples (Shmulevich et al.

2003), and kiwi (Ragni et al. 2010) to fruit with more complex shapes such as mangos (De

Ketelaere et al. 2006) have been reported. That the method is not sensitive to overall fruit

shape is its main advantage over vibration analysis, which is discussed in the next section.
In contrast, for products with a high firmness, the deformation after a low-mass impact will
be very small and the contact time very short, so that the signal-to-noise ratio is low,

pinpointing the main weakness of the methodology.

3.2. Vibration Analysis
Consumers sometimes estimate the ripeness of melons by analyzing the sound that results
when they gently tap the fruit: Higher tones are associated with less mature and, hence,
harder fruit. This simple phenomenon is useful for studying a broader class of fruit and was
first described by Clark & Mikelson (1942). Later, several researchers performed more in-

depth research and proved that after impact, the fruit will vibrate according to a well-
defined pattern of mode shapes, each associated with a certain resonance frequency (Abbott
et al. 1968; Finney 1970, 1971; Cooke 1972; Cooke & Rand 1973). Most research has
focused on spherical fruit; the (acoustic) stiffness of the fruit S, defined as fr2m?3, where fr

is the resonant frequency of the vibration in hertz and m is the fruit mass in grams, is used
as a firmness indicator. If the fruit has an irregular or significantly nonspherical shape,
interpreting the vibration response of the fruit is not straightforward (Chen & De

Baerdemaeker 1993, Jancsok et al. 2001); in this case, the above formula is not useful as a

firmness indicator.

Usually, a small impactor with a high stiffness is used to excite the fruit so that the
impact duration is short and a broad range of frequencies is excited (at least as high as the
resonant frequency used in the formula for stiffness above). The simplest way to record the
vibration of the fruit is with a microphone placed optimally with respect to the impactor,
such that that the vibration mode shape of interest, usually the spherical mode, is addressed.

This setup is used for offline measurements and online grading of up to 10 fruit per second.
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Alternative means of registration are accelerometers (Peleg 1993) and piezoelectric

transducers (Shmulevich et al. 1996); although, both are contact methods. In an alternate

setting, a range of frequencies is scanned using a sinusoidal input, and the detection of the
response signal on the other side of the fruit is performed with a pick-up rod or an

accelerometer (Finney & Norris 1968). Those methods are more time consuming and

require the attachment of sensors to the fruit, which is less desirable for high-speed grading.
Laser Doppler vibrometry is one contactless method to measure vibrations of excited fruit
(Landahl & Terry 2012); however, because of its high cost, this method will likely be used

exclusively by laboratories.

The measurement principle explained above is based on mechanical resonance---the fruit
vibrating at its natural frequency after being excited. Before the fruit reaches this stage of
equilibrium, transient behavior is observed, during which a surface wave travels along the

surface. Sugiyama et al. (2005) used this transient behavior, more specifically the speed of

this surface wave, to derive fruit firmness.
There are numerous applications of vibration analysis on fruit and vegetables, but apple
(Abbott & Liljedahl 1994), melon (Sun et al. 2010), and tomato (De Ketelaere & De

Baerdemaeker 2001) are the most researched specimens, mainly because of their almost

spherical shapes, which best facilitate the interpretation of the mechanical resonance pattern

observed. Foerster et al. (2013) used different setups for vibration analysis to determine the

presence of hollow spears in asparagus. For softer fruit, a large portion of the impact energy
will be absorbed during deformation, and only a minor fraction will be transformed into
vibration energy; thus, the method is less suitable. The clear advantage of this method is the
fact that it is based on the integrated response of the whole fruit, whereas impact analysis is
a local method (De Ketelaere et al. 2006). This suggests combining the two techniques in

order to cover a wide firmness and shape range. De Ketelaere et al. (2006) already showed

the advantage of such a combination by quantifying the repeatability of both methods. More

recently, Mendoza et al. (2012) performed a large-scale experiment on apples, concluding

that the fusion of signals from different sensors adds prediction power; however, their
comparison was between optical and mechanical techniques.
The stiffness is actually a scaled version of the elastic modulus of the fruit; it is a measure

of the force required to cause a certain deformation of the fruit while squeezing it. It is,
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however, not necessarily related to the firmness as measured with a Magness-Taylor
penetrometer---the gold standard for firmness measurements of many fruit, including apple.
The latter measures a combination of compression strength and shear properties. This is
shown in Figure 1, where the Magness-Taylor firmness is plotted against the acoustic
stiffness for the apple cultivars Jonagored and Delbard Estival. For the latter, a more or less
linear relationship is evident, whereas for Jonagored, there clearly is no correlation between
the measurements obtained with both methods (Réth 2008). The same holds for impact-
based firmness measurements. This is the main reason why, approximately a decade after

their commercial introduction, grading lines with vibration-based stiffness sensors have not

been a great commercial success.

<COMP: PLEASE INSERT FIGURE 1 HERE>
Figure 1 Magness-Taylor firmness versus stiffness as measured through vibration analysis for
apple cultivars (a) Jonagored and (b) Delbard Estival. For Delbard Estival, an approximately

linear relationship is evident, whereas for Jonagored, there is no correlation between the
measurements obtained using both methods (R6th 2008).

3.3. Ultrasound

Ultrasound, or ultrasonics, involves sound waves of 20 kHz or more that are indiscernible to
the human ear. As with any sound, ultrasound moves through a medium as a series of
alternating compressions and decompressions with its velocity being determined by the
density and elasticity of the medium (McClements 1997). Absorption and scattering by the

medium result in alterations of this velocity and can lead to attenuation of the sound. The
technique is relatively simple and cheap in its instrumentation and has been applied to many
different food processing operations since the 1970s (Povey & McClements 1988). Given

the nature of the sound-medium interaction, both structural and compositional changes can
be detected. Ultrasound measurements have been applied to a range of physiochemical

measurements, such as firmness (Mizrach 2004), mealiness (Bechar et al. 2005), and

chilling injury (Verlinden et al. 2004). Mizrach (2008) reviews the application of ultrasonics

in quality evaluation of fresh fruit and vegetables.
Despite the scientific progress made since the 1990s, ultrasonics largely remains a

research tool not yet ripe for commercial application in pre- and postharvest quality
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management. The main reason is the presence of voids and pores in plant-based food
products that, by scattering, attenuate the sound when traveling through the plant tissue,

thus complicating the interpretation of the data (\McClements 1997). Also, because of the

large mismatch in acoustic impedance between the air and ultrasound probe, either direct

contact between the probe and the product or the use of a gel between both is required.

4. X-RAY RADIOGRAPHY AND TOMOGRAPHY

4.1. Principle
X-rays were discovered by W.C. Roentgen in 1895 and cover wavelengths between 10 and
0.01 nanometers, corresponding to a frequency of 3 x 10% Hz to 3 x 10%°® Hz and energies in
the range 120 eV to 120 keV. Although X-rays interact with a material similarly to other
types of electromagnetic radiation, most imaging applications are based on the absorption of
the X-ray photons by the material, which depends on the local density, the atomic number,
and the energy of the X-rays.

To produce X-rays, electrons are typically accelerated in a vacuum tube through a
potential difference and directed onto a specific metal target. The electrons that hit the target
release X-rays as they slow down (braking radiation or bremsstrahlung). The X-ray photons
produced in this manner have a continuous energy spectrum from near zero up to the energy
of the electrons. Additional photons at specific energy levels are emitted through X-ray
fluorescence when orbital electrons are knocked out of the inner electron shell of the metal
atom and electrons from higher energy levels fill up the vacant positions. After passing
through the object, the X-rays enter crystal scintillators that convert them to flashes of light
that are detected and processed electronically to produce an image (Barrie Smith & \Webb
2010).

4.2. X-ray Radiography
In X-ray radiography, a single image of transmitted X-rays through an object is acquired.
The resulting image is thus superimposed information or a projection of the 3D object

volume in a 2D plane (Salvo et al. 2003). According to the Beer--Lambert law, the ratio of

the number of transmitted to incident photons is proportional to the integral of the

absorption coefficient of the object along the path that the photons follow through the
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sample. When the object contains a feature that is sufficiently large and has sufficiently
different absorption properties than those of the surrounding material in the object, the
element will become visible on radiographic images. Radiography equipment is available
commercially for industrial use and is used mainly for the detection of foreign objects with
high contrast in foods. Radiography has the advantage that it is fast and can be implemented
inline on sorting lines (Jiang et al. 2008, Hansen et al. 2005, Kim & Schatzki 2001). The

drawback is that the success of the method depends on sufficient contrast between the

features to be detected in the scanned product and their environment. The detection

resolution of conventional radiography equipment is also limited to approximately 1 mm.
X-ray radiography has been used to investigate internal disorders in fruit and vegetables

(Haff & Toyofuku 2008). Using radiography methods, Hansen et al. (2005) successfully

detected larval feeding damage caused by codling moths. Jiang et al. (2008) developed an

inline X-ray scanner for automatically detecting infestation damage due to pests inside
fruits. Kim & Schatzki (2000) and Shahin et al. (2001) developed a radiography-based
algorithm for sorting water core--affected apples that was estimated to be fast enough for

sorting lines, providing constraints on apple orientation with respect to the X-ray beam; the
classification success rate was dependent on the severity of the disorder. A similar

conclusion was found for detecting center rot in onions (Tollner et al. 2005). Radiography-

based systems also were developed to scan quality features of nuts (Kim & Schatzki 2001).

Recent advances in X-ray radiography methods are dedicated to improving image contrast

(Nielsen et al. 2013, Haff 2008), more accurate and fast image segmentation methods

(Mathanker et al. 2010), image texture analysis (Toyofuku & Schatzki 2007), and machine

learning classification (Mathanker et al. 2011). Although most applications rely on the

absorption contrast between defects and the product, in transmission radiography, newer
developments such as phase contrast and dark-field imaging using grating interferometry

have been proposed (Nielsen et al. 2013).

4.3. X-ray Computed Tomography
X-ray computed tomography (CT) uses a mathematical algorithm to compute a 3D image
(tomogram) from multiple radiographs of the object taken from different angles (Salvo et al.
2003). X-ray CT was developed in the late 1970s and enables the nondestructive

visualization of the internal structure of objects. These first, mainly medical, CT scanners
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had a pixel resolution in the order of 1 mm. In the 1980s, after some technological advances
toward microfocus X-ray sources and high-resolution detection systems, it was possible to
develop micro-CT systems that could achieve a pixel resolution in the micrometer range,
which is 1,000 times better than that of the medical CT scanners. The advantage of medical
CT scanners is that the source-detector assembly rotates at high speeds around the object,
whereas the latter is translated through the gantry system. In this way, 3D images can be
recorded within seconds. This comes, however, at a high construction cost to accurately
control moving mechanical and electronic parts. Micro-CT systems, however, usually have
fixed source-detector assemblies with a rotation stage on which the object can be mounted.
This makes construction simpler and reduces the costs. Medical and micro-CT systems use
microfocus X-ray sources that produce a polychromatic, divergent beam that puts
constraints on the achievable image resolution, field of view, and image quality.
Synchrotron radiation sources, however, can deliver a very high flux at small source size,
resulting in high contrast and resolution. The parallel beam produced by synchrotron
radiation with good spatial coherence makes a quantitative reconstruction, free of artifacts,
possible. These conditions, however, can only be achieved at one of the few large-scale
synchrotron facilities available.

Early CT research aspired to determine maturity or ripeness-related parameters of fruit

(Brecht et al. 1991, Tollner et al. 1992), but a good correlation was found only between X-

ray absorption and water content, or density as a derivation thereof. More successful

applications of X-ray CT addressed the detection of internal defects. Lammertyn et al.

(2003a,b) used X-ray CT to study the development of core breakdown disorder in pears and
were able to visualize both tissue browning and cavity formation at better resolution but
lower contrast with X-rays than with magnetic resonance imaging (MRI). X-ray CT also
showed evidence of codling moth feeding tunnels in apples, as well as in cherries (Hansen

et al. 2005). Donis-Gonzalez et al. (2012b) explored a medical CT as a first step to an inline

sorting system for discriminating chestnuts with decayed tissue and voids. Further progress
will be required in hardware, image reconstruction, and image processing algorithms to
achieve sufficiently fast and affordable inline CT systems for product quality evaluation
(Donis-Gonzalez et al. 2012a).
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Micro-CT to visualize the 3D microstructure of fruits and vegetables was attempted in

the early 2000s but suffered from low contrast and limited resolution (Kuroki et al. 2004;

Mendoza et al. 2007, 2010). A breakthrough in 3D tissue visualization was achieved using

synchrotron X-ray CT in phase contrast mode (\VVerboven et al. 2008). Together with the
latest developments in microfocus X-ray systems to improve resolution and absorption
contrast, this has triggered a more widespread use of micro-CT for microstructure analysis

in relation to understanding the internal quality of fruit and vegetables (\Verboven et al.

2013, Herremans et al. 2013, Musse et al. 2010) and modeling for optimization of

postharvest storage and processing (Abera et al. 2013, Datta et al. 2012, Ho et al. 2011).

Micro-CT is typically done on excised samples, and, although live tissue can be imaged, it
does not qualify as a nondestructive technique. However, new large format detectors with
up to 14,450 x 14,450 pixels enable image acquisition with small intact fruit within the

micrometer resolution range.

5. MAGNETIC RESONANCE IMAGING

MRI is a nondestructive, nonintrusive spectroscopic technique based on the interaction of
electromagnetic radiation in the radiofrequency range with matter. Often protons (*H nuclei)
are targeted, such as those present in the water of fruit or vegetables, where the spins of the
protons within the material are aligned by applying briefly a strong magnetic field. By
monitoring the proton dynamics afterward, information on the spatial distribution of proton
density, relaxation parameters (T1 and T2 values), and self-diffusion parameters inside the
sample can be obtained. The relaxation and self-diffusional properties often provide
complementary information and enhanced contrast and are linked to proton mobility (Barrie
Smith & Webb 2010).

MRI is particularly suitable for biological materials (given that protons are abundant
therein), mainly in water but also in fat, oil, or salt, and it allows one to distinguish these
components. Furthermore, MRI is sensitive to several quality parameters affecting the
produce, particularly those that affect the water concentration or mobility (e.g., internal
browning). Its nondestructive character makes it particularly attractive for scanning intact
fruit and vegetables but also for monitoring their quality over time, for example, during

storage. For these purposes, the spatial resolution is sufficient (typical slice thickness =~ 100-
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-1,000 pum, resolution in 2D slice = 10--50 um; see, e.g., Clark et al. 1997, Defraeye et al.

2013). The image acquisition speed is, however, relatively low, compared to other
techniques such as X-ray imaging, and is strongly determined by the required image quality
and whether 1D or 2D imaging is performed. The sensitivity to water is high in MRI
(dynamic range), but it is used predominantly to investigate relative differences or changes
in water content instead of quantification, given that the latter is not straightforward

(Mariette et al. 2012, Van As & van Duynhoven 2013), due to temperature changes and

other components containing protons. MRI has been used successfully in the past to
measure several quality parameters of fresh fruit and vegetables, including the presence of

internal defects, such as voids/cavities (Saito et al. 1996), worm damage, pits (Chen et al.

1989), bruising (McCarthy et al. 1995, Zion et al. 1995), water core disorder in apples
(Wang et al. 1988, Cho et al. 2008), internal browning in apples (Clark & Burmeister 1999,
Gonzalez et al. 2001, Chayaprasert & Stroshine 2005, Cho et al. 2008, Defraeye et al.

2013), mealiness of apples or peaches (Barreiro et al. 2000, Marigheto et al. 2008), core

breakdown in pears (Wang & Wang 1989; Lammertyn et al. 2003a,b), and chilling injury in

citrus fruit or zucchini squash (Wang & Wang 1992, Hernandez-Séanchez et al. 2004).

MRI has also been used to measure physical properties, such as size, shape and volume,

and has been correlated with firmness, soluble solids, or acid content (Abbott et al. 1997,

Clark et al. 1997, Letal et al. 2003). A distinction between ripe and immature fruit and

vegetables could be made, for example, by measuring the free water content in tomato or

pineapple (Hall et al. 1998, Chen et al. 1989) or the oil content in avocado (Chen et al.

1989). Pathogen infection has also been successfully detected (Hall et al. 1998). In Figure

2, CT and MRI images of a healthy apple and one with severe water core symptoms---a
disorder characterized by water-soaked regions in the fruit---are compared. The affected
regions are clearly visible in both images, although the imaging principle is very different:
In CT, the contrast between healthy and affected tissue is due to the increased density in the
latter due to the water soaking; in MRI, the affected area lights up because the water
mobility is very different from that of healthy tissue.
<COMP: PLEASE INSERT FIGURE 2 HERE>

Figure 2. X-ray CT (left column) and MRI (right column) images of Ascara apples without (a,b)

and with (c,d) water core. Both techniques are capable of detecting the water core region inside
the fruit; however, the contrast in the MR images is better due to the particular pulse sequence
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used (Herremans et al. submitted). Abbreviations: CT, computed tomography; MRI, magnetic
resonance imaging.

MRI shows large potential for online grading, sorting, or quality evaluation of fresh

produce (Ruiz-Altisent et al. 2010). Due to the high volume and low value of fruit and

vegetables, and the high cost of MRI equipment and its relatively low acquisition speed,

industrial implementations of MRI were nonexistent until very recently (Ruiz-Altisent et al.

2010, McCarthy & McCarthy 2013). Research efforts are being directed toward developing

cost-effective but fast equipment that can achieve realistic throughputs. In particular, the
focus is on hardware, namely the use of cheaper, faster, low-field, wide-bore MRI scanners
(Chayaprasert & Stroshine 2005, Hernandez-Sanchez et al. 2007, Milczarek & McCarthy

2009, Van As & van Duynhoven 2013) and smaller, mobile (1D or 2D) systems (Danieli et

al. 2009, 2010), but also on faster pulse sequences (e.g., gradient echo method; see Abbott
et al. 1997). These developments improve the potential for MRI to become a cost-effective
tool for quality evaluation of fresh produce.

6. MASS SPECTROMETRY

6.1. Gas Chromatography-Mass Spectrometry
A common analytical technique in flavor research is conventional gas chromatography-
mass spectrometry (GC-MS). This technique is often combined with headspace solid-phase
microextraction (HS SPME), a rapid, simple, and inexpensive extraction and concentration

technique for volatile compounds (Kataoka et al. 2000). GC-MS devices are commonly

equipped with low-cost single quadrupole mass analyzers that can be operated in full scan
mode (FSM) or selected ion monitoring (SIM) mode (Biniecka & Caroli 2011). In fruit

flavor research, FSM is most often used, given that it provides information on the full aroma
profile. SIM mode is typically applied for trace analysis or when the researcher is interested

in the quantification of only a few volatile compounds (e.g., off-flavor, contaminants)

(Koch et al. 2010). A mass analyzer gaining particular interest in flavor research is the time-

of-flight (ToF) mass analyzer (Biniecka & Caroli 2011). The main advantages of ToF

instruments over quadrupole instruments are the higher sensitivity in FSM and mass
spectral continuity. Hence, more complex volatile mixtures can be analyzed because

deconvolution of coeluting peaks is more straightforward (Glinski & Weckwerth 2006,
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Biniecka & Caroli 2011). Furthermore, because of the high scanning rate of ToF

instruments (500 scans s~* versus 50 scans s~1), these mass analyzers are often combined
with comprehensive 2D gas chromatography (GCxGC). In GCxGC, two GC columns with
different stationary phases are connected in series through special interfaces. Coeluting
peaks in the first dimension undergo additional separation on the second column (Dalllge et
al. 2003). Because the second column is typically a short narrow-bore capillary column, a
fast scanning mass analyzer is needed to obtain sufficient data about the eluting peaks. GC-
ToF-MS and GCxGC-ToF-MS have, for instance, been applied to analyze the aroma of
apples and grapes (Rocha et al. 2007, Aprea et al. 2011).

Although used extensively with fruit and food in general, the total runtime of
conventional GC-MS methods might be long. Therefore, the application is not feasible for
high-throughput purposes. Although the theoretical background for fast GC-MS was already
established in the 1960s, the lack of adequate instrumentation to meet fast GC-MS

requirements hindered routine application until recently (Mondello et al. 2004, Korytar et al.

2002). The primary aim of fast GC-MS is to maintain sufficient resolving power during a
shorter analysis time than that for conventional GC-MS. This can be achieved by
manipulating numerous analysis parameters, such as column length, column internal
diameter, stationary phase, film thickness, carrier gas, linear velocity, oven temperature, and

temperature ramp rate (Korytar et al. 2002, VVandendriessche et al. 2013). The advantages of

fast GC-MS over conventional GC-MS in fruit flavor research have been shown, for

instance, for strawberry (Chen et al. 2007, VVandendriessche et al. 2013).

A typical fruit or vegetable headspace may contain as much as 100 or more individual
volatile components. To relate the headspace composition to the aroma as perceived by a
sensory panel, advanced chemometric techniques such as principal component regression
(PCR) or partial least squares (PLS) are necessary (see below). This is somewhat similar to
how the human brain processes and integrates signals from individual olfactory neurons.
The analysis is complicated by the fact that the human olfactory system is preferentially
selective with respect to certain high impact components. For example, -ionone imparts a
characteristic aroma to tomatoes even at very low concentrations. Additionally, sulfides,

typically present in the headspace of Brassica species, have very low aroma thresholds.
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6.2. Advanced Mass Spectrometry Techniques
Although high-throughput flavor analysis can be achieved with HS-SPME-fast-GC-MS, the
necessary preconcentration of the aroma compounds and chromatographic separation make
this technique still too time-consuming To reduce the analysis time, several direct inlet MS
techniques have been developed.
In headspace fingerprint mass spectrometry (HFMS), the headspace of a sample is
injected into the ionization chamber of a mass spectrometer without prior chromatographic

separation (Saevels et al. 2004). This is typically implemented by means of a short capillary

column that is operated at an elevated temperature so that a broad, featureless peak is
obtained. The spectrum resulting from simultaneous ionization and fragmentation of the
mixture of molecules introduced constitutes a “fingerprint” of the actual aroma. These
fingerprints can then be used in combination with advanced chemometric techniques to

discriminate samples. Saevels et al. (2004) used this technique to measure ripeness of apple

fruit. HFMS was also used to fingerprint the aroma profile of tomato cultivars (Berna et al.
2004) and the evolution of aroma production in strawberries during superatmospheric
oxygen storage (Berna et al. 2007).

Taylor et al. (2000) coupled a modified atmospheric pressure chemical ionization (APCI)

source to a mass analyzer for measuring in vivo aroma release from food. The device
consists of a sample inlet and an ionization source typically containing a corona discharge.
During ionization, first initial reactant ions (HzO") are formed. In a second phase, the
volatile compounds are ionized by the transfer of protons from the reactant ions (Jublot et
al. 2005). One of the advantages of APCI-MS as a technique for aroma analysis is that it can
cope with water and air, allowing fruit headspaces to be directly introduced in the ionization
source. In addition, because it is a soft ionization technique, the main and usually only ion
formed is the protonated intact molecule. As such, volatile mixtures can be resolved entirely

by mass, and a temporal separation by a GC column is unnecessary (Jublot et al. 2005,

Taylor et al. 2000). APCI-MS has been used successfully to evaluate tomato aroma

(Boukobza et al. 2001, Boukobza & Taylor 2002) as well as to analyze strawberry, red bell

pepper, cucumber, kiwi, and lettuce volatiles (Friel et al. 2007, Surawang et al. 2005, van

Ruth et al. 2003, Garratt et al. 2005, Watson et al. 2002). Proton transfer reaction-mass

spectrometry (PTR-MS) is a related method and has been used to evaluate the volatile
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compounds of a wide variety of fruit and vegetables (Biasioli et al. 2003, Lokke et al. 2012,
van Ruth et al. 2003, Farneti et al. 2012, Cappellin et al. 2012).

Selected ion flow tube-mass spectrometry (SIFT-MS) is based on the chemical ionization
of the aroma compounds by the initial reactant ions H:O*, NO™, and O2" coupled with fast
flow-tube technology and mass spectrometry. The power behind SIFT-MS over other
chemical ionization techniques such as APCI-MS and PTR-MS is the use of three reactant
ions. In this way, more information about the analyte molecules is provided, so that
identification is more straightforward, and isobaric compounds can be easily distinguished

from each other (Spanel & Smith 1999). Absolute concentrations of the aroma compounds

can be calculated in real time without the need for calibration and standards. Concentrations
are determined using ion-molecule reaction rate coefficients, flow-tube geometry, ionic

reaction time, measured flow rates, and pressure (Spanel & Smith 1999, Smith & Spanel

2011). SIFT-MS is typically used for targeted analysis, because previous identification of
the aroma compounds in the sample and knowledge about their reaction with the reactant

ions is necessary (Azcarate & Barringer 2010). SIFT-MS has been successfully used to

monitor volatiles in peppers (Azcarate & Barringer 2010, Wampler & Barringer 2012),
tomato (Xu & Barringer 2009), tomatillo (Xu & Barringer 2010), and strawberry (Ozcan &
Barringer 2011).

In addition to the above-mentioned, most popular direct inlet MS techniques, desorption
electrospray ionization (Joyce et al. 2013), extractive electrospray ionization (Gu et al.
2012, Chen et al. 2007), and direct analysis in real time (Li 2012) have been used for the

analysis of volatile compounds in fruit. In addition, multicapillary column chromatography,
coupled with ion mobility chromatography, has as well been proven to be a very good
technique for aroma fingerprinting (\Vandendriessche et al. 2012).

7. GAS SENSORS AND ELECTRONIC NOSES

An electronic nose is a biomimetic instrument that aims to perceive an aroma in a similar
way as the human olfactory system. It comprises an array of electronic chemical sensors

with partial specificity and an appropriate pattern-recognition system (Gardner & Bartlett

1994). The volatile components interact with the gas sensors and produce a physical

response that is transduced into an electrical signal for further processing. Similar to human
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olfactory receptors, the sensors are semiselective. This feature is essential, as it involves
combining several sensors to discriminate more aromas than the number of sensors used.
The ideal sensors for integration in an electronic nose meet the following criteria: They
must provide high sensitivity toward chemical compounds (similar to that of the human
nose (down to 10-*2 g/ml), low sensitivity toward humidity and temperature, medium
selectivity, high stability, high reproducibility and repeatability, short reaction and recovery
times, easy calibration, and small dimensions; must respond to different compounds present
in the headspace of the sample; must be robust and durable; and must make it easy to
process data output(Nicolar et al. 2008a. Different sensor principles have been used in

electronic noses, including metal-oxide semiconductors, metal-oxide semiconductor field-
effect transistors, conducting organic polymers, quartz microbalances, surface acoustic

wave sensors, and colored dyes (Nicolai et al. 2008a, Berna, 2010). Immobilized olfactory

neurons of rodents have been explored recently as bases for a bioelectronic nose (Micholt et
al. 2013). Signal drift remains an important problem in all sensor types.

Electronic noses have been successful in monitoring the aroma of melons (Benady et al.
1995), pears (Oshita et al. 2000), nectarines (Di Natale et al. 2001), apples (Saevels et al.
2003, 2004), tomatoes (Berna et al. 2004), mangos (Li et al. 2009), and citrus (Pallottino et

al. 2012). Most applications aim to discriminate cultivars or ripeness stages, or to detect

fungal infection. The New Zealand company ripeSense (http://www.ripesense.com)
developed a disposable ripeness sensor. The sensor is initially red and graduates to orange
and finally yellow as a response to volatiles generated during ripening. It can be integrated
into a package and gives the consumer an idea of the ripeness of the fruit. Similar sensors

are likely to emerge within the next couple of years.

8. CHEMOMETRICS

The signals generated by many of the aforementioned techniques are multivariate and
consist of an array of many highly correlated variables. Appropriate statistical techniques
are required to process such signals. This is often called chemometrics.

The original variables are typically projected onto a lower number of uncorrelated latent
variables. The most popular method for performing this dimensionality reduction is
principal component analysis (PCA). When the aim is to predict the concentration of a
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component of interest, the regression is performed with the latent variables instead of the
original variables, to avoid problems in the estimation of the regression coefficient. In
principal component regression (PCR), a principal component analysis is performed, and
only the most important principal components are used in the regression to predict the
component of interest. Although this is a quite straightforward approach, it has been shown
that the definition of the principal components aiming to explain maximal variance in the
spectral data, while neglecting the covariance with the component of interest, is suboptimal.
Therefore, partial least squares (PLS) regression, which defines the latent variables based on
the covariance between the spectral data and the component of interest, has become by far
the most popular regression method, especially in NIR spectroscopy (Nees et al. 2004).
When the aim is not to predict concentrations, but rather to separate the samples into
different classes, multivariate discrimination methods such as the PCA-based soft
independent modeling of class analogies and the partial least squares discriminant analysis

are most commonly used.

9. CONCLUSIONS

Nondestructive techniques are now available for many quality attributes. Techniques for
external attributes such as color, size, and absence of external defects are now widely used
on commercial sorting lines. Although several techniques are available for internal quality
attributes, their success depends critically on how closely they mimic the perceptions of
humans. This is an issue particularly for quality attributes such as texture and flavor that are
typically perceived by humans in a destructive way. For example, the firmness of a fruit is
assessed while chewing by biomechanical sensors in the jaw; sweetness is perceived
through sugar receptors in the taste buds on the tongue; the retronasal aroma perception is
due to the interaction of olfactory neurons in the nose cavity with volatiles that are liberated
through chewing.

Nondestructive measurement of quality attributes makes sense only when the resulting
information is used for improving quality. This implies not only improving postharvest
handling and storage processes but also major changes in our current quality systems and

commercialization models, which are almost exclusively based on external quality
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attributes. This will require radical changes in the ways in which fruit and vegetables are

commercialized.

SUMMARY POINTS

1.

The success of techniques for measuring the quality attributes of fruit and vegetables
often depends critically on how their measurement principle mimics the way humans
assess a particular property.

Nondestructive techniques for fruit quality attributes allow grading individual fruit and

vegetables prior to commercialization.

. Nondestructive techniques are best for modeling changes of quality attributes during

postharvest storage of shelf life for optimizing postharvest processes as they allow

removing inter fruit variability.

4. Many nondestructive techniques measure a complex signal that needs to be related to the

quality attribute of interest via chemometrics techniques.

5. Techniques for external attributes such as color, size, and absence of external defects are used

widely on commercial sorting lines for fruit and vegetables. Nondestructive sensors that allow

grading based on sugar content, dry matter, and firmness are now also available commercially.

6. Grading of fruit and vegetables based on quality attributes requires major changes in the

current quality systems and commercialization models that are now almost exclusively based on

external quality attributes.

FUTURE ISSUES

1.

Will time- and space-resolved spectroscopy enable more accurate measurements of
quality attributes of fruit and vegetables than NIR spectroscopy?

What is the relation between mechanical properties measured through impact or vibration
analysis and attributes measured by destructive instrumental methods or sensory panels?
Is it possible to improve hardware and software so that real-time X-ray tomography and
MRI at commercial grading line speeds become available for reasonable costs?

Is it possible to reduce drift and improve reproducibility of electronic noses based on

improved sensor designs?

27



DISCLOSURE STATEMENT

The authors are not aware of any affiliations, memberships, funding, or financial holdings that
might be perceived as affecting the objectivity of this review.

ACKNOWLEDGMENTS
This publication has been produced with the financial support of the European Union
(project FP7-226783 - InsideFood). The opinions expressed in this review by no means
reflect the official opinions of the European Union or its representatives. We acknowledge
the Hercules Foundation and the Institute for the Promotion of Innovation through Science
and Technology (IWT-Vlaanderen grant number 093469, SBO project TomFood, and IWT-
SBO project Chameleon). Thijs Defraeye is a postdoctoral fellow at the Research
Foundation Flanders (FWO). Thomas Vandendriessche is a postdoctoral fellow of the

Research Council at the University of Leuven.

LITERATURE CITED

Abbott JA, Bachman GS, Childers RF, Fitzgerald JV, Matusik FJ. 1968. Sonic technique for
measuring texture of fruits and vegetables. Food Techol. 22:635--46

Abbott JA, Liljedahl LA. 1994. Relationship of sonic resonant frequency to compression tests
and Magness-Taylor firmness of apples during refrigerated storage. Trans. ASABE 37:1211--
15

Abbott JA, Lu R, Upchurch BL, Stroshine RL. 1997. Technologies for non-destructive quality
evaluation of fruits and vegetables. Hortic. Rev. 20:1--120

Abera M, Fanta S, Verboven P, Ho Q, Carmeliet J, Nicolai B. 2013. Virtual fruit tissue
generation based on cell growth modelling. Food Bioprocess Tech. 6(4):859--69

Aprea E, Biasioli F, Carlin S, Endrizzi 1, Gasperi F. 2009. Investigation of volatile compounds in
two raspberry cultivars by two headspace techniques: solid-phase microextraction/gas
chromatography-mass spectrometry (SPME/GC-MS) and proton-transfer reaction-mass
spectrometry (PTR-MS). J. Agric. Food Chem. 57:4011--18

27



Aprea E, Gika H, Carlin S, Theodoridis G, Vrhovsek U, Mattivi F. 2011. Metabolite profiling on
apple volatile content based on solid phase microextraction and gas-chromatography time of
flight mass spectrometry. J. Chromatogr. A 1218:4517--24

Arias R, Lee TC, Logendra L, Janes H. 2000. Correlation of lycopene measured by HPLC with
the L*, a*, b* color readings of a hydroponic tomato and the relationship of maturity with
color and lycopene content. J. Agric. Food Chem. 48:1697--702

Azcarate C, Barringer SA. 2010. Effect of enzyme activity and frozen storage on jalapeno pepper
volatiles by selected ion flow tube-mass spectrometry. J. Food Sci. 75:C710--21

Bai Z, Changming, Sun GZ. 2009. Splitting touching cells based on concave points and ellipse
fitting. Pattern Recogn. Lett. 42:2434--46

Barreiro P, Ortiz C, Ruiz-Altisent M, De Smedt V, Schotte S, et al. 1998. Comparison between
sensory and instrumental measurements for mealiness assessment in apples. A collaborative
test. J. Texture Stud. 29:509--25

Barreiro P, Ortiz C, Ruiz-Altisent M, Ruiz-Cabello J, Fernandez-Valle ME, et al. 2000.
Mealiness assessment in apples and peaches using MRI techniques. Magn. Reson. Imaging
18:1175--81

Barrie Smith N, Webb A. 2010. Introduction to Medical Imaging: Physics, Engineering and
Clinical Applications. Cambridge, UK: Cambridge Univ. Press. 296 pp.

Bechar A, Mizrach A, Barreiro P, Landahl S. 2005. Determination of mealiness in apples using
ultrasonic measurements. Biosyst. Eng. 91:329--34

Benady M, Simon JE, Charles DJ, Miles GE. 1995. Fruit ripeness determination by electronic
sensing of aromatic volatiles. Trans. ASABE 38:251--57

Berna A. 2010. Metal oxide sensors for electronic noses and their application to food analysis.
Sensors 10:3882--910

Berna AZ, Geysen S, Li S, Verlinden BE, Larnmertyn J, Nicolai BM. 2007. Headspace
fingerprint mass spectrometry to characterize strawberry aroma at super-atmospheric oxygen
conditions. Postharvest Biol. Technol. 46:230--36

Berna AZ, Lammertyn J, Saevels S, Di Natale C, Nicolai BM. 2004. Electronic nose systems to

study shelf life and cultivar effect on tomato aroma profile. Sensor. Actuat. B 97:324--33

27



Biasioli F, Gasperi F, Aprea E, Colato L, Boscaini E, Mark TD. 2003. Fingerprinting mass
spectrometry by PTR-MS: heat treatment versus pressure treatment of red orange juice---a
case study. Int. J. Mass Spectrom. 223:343--53

Biasioli F, Yeretzian C, Gasperi F, Mark TD. 2011. PTR-MS monitoring of VOCs and BVOCs
in food science and technology. TrAC Trend Anal. Chem. 30:968--77

Biniecka M, Caroli S. 2011. Analytical methods for the quantification of volatile aromatic
compounds. TrAC Trend Anal. Chem. 30:1756--70

Bohren CF, Huffman DR. 1983. Absorption and Scattering of Light by Small Particles. New
York: Wiley

Boukobza F, Dunphy PJ, Taylor AJ. 2001. Measurement of lipid oxidation-derived volatiles in
fresh tomatoes. Postharvest Biol. Technol. 23:117--31

Boukobza F, Taylor AJ. 2002. Effect of postharvest treatment on flavour volatiles of tomatoes.
Postharvest Biol. Technol. 25:321--31

Brecht JK, Shewfelt RL, Garner JC, Tollner EW. 1991. Using X-ray computer tomography (X-
ray CT) to nondestructively determine maturity of green tomatoes. Hortic. Sci. 26:45--47

Brosnan T, Sun DW. 2004. Improving quality inspection of food products by computer vision---
a review. J. Food Eng. 61:3--16

Cappellin L, Soukoulis C, Aprea E, Granitto P, Dallabetta N, et al. 2012. PTR-ToF-MS and data
mining methods: a new tool for fruit metabolomics. Metabolomics 8:761--70

Chayaprasert W, Stroshine R. 2005. Rapid sensing of internal browning in whole apples using a
low-cost, low-field proton magnetic resonance sensor. Postharvest Biol. Technol. 36:291--
301

Chen H, De Baerdemaeker J. 1993. Effect of apple shape on acoustic measurements of firmness.
J. Agric. Eng. Res. 56:253--66

Chen HW, Sun YP, Wortmann A, Gu HW, Zenobi R. 2007. Differentiation of maturity and
quality of fruit using noninvasive extractive electrospray ionization quadrupole time-of-flight
mass spectrometry. Anal. Chem. 79:1447--55

Chen P, McCarthy MJ, Kauten R. 1989. NMR for internal quality evaluation of fruits and
vegetables. Trans. ASABE 32:1747--53

Chen P, Tang S, Chen S. 1985. Instrument for testing the response of fruits to impact. Trans.
ASABE 75:35--37

27



Cho BK, Chayaprasert W, Stroshine RL. 2008. Effects of internal browning and watercore on
low field (5.4 MHz) proton magnetic resonance measurements of T2 values of whole apples.
Postharvest Biol. Technol. 47:81--89

Clark CJ, Burmeister DM. 1999. Magnetic resonance imaging of browning development in
‘Braeburn’ apple during controlled-atmosphere storage under high CO.. HortScience 34:915-
-19

Clark CJ, Hockings PD, Joyce DC, Mazucco RA. 1997. Application of magnetic resonance
imaging to pre- and post-harvest studies of fruits and vegetables. Postharvest Biol. Technol.
11:1--21

Clark HL, Mikelson W. 1942. Fruit ripeness tester. US Patent No. 2277--37

Cooke JR. 1972. An interpretation of the resonant behaviour of intact fruits and vegetables.
Trans. ASABE 15(6):1075--80

Cooke JR, Rand RH. 1973. A mathematical study of resonance in intact fruits and vegetables
using a 3-media elastic sphere model. J. Agric. Eng. Res. 18:141--57

Cubeddu R, D’andrea C, Pifferi A, Taroni P, Torricelli A, et al. 2001. Nondestructive
quantification of chemical and physical properties of fruits by time-resolved reflectance
spectroscopy in the wavelength range 650--1000 nm. Appl. Opt. 40:538--43

Dallige J, Beens J, Brinkman UAT. 2003. Comprehensive two-dimensional gas
chromatography: a powerful and versatile analytical tool. J. Chromatogr. A 1000:69--108

Danieli E, Berdel K, Perlo J, Michaeli W, Masberg U, et al. 2010. Determining object boundaries
from MR images with sub-pixel resolution: towards in-line inspection with a mobile
tomograph. J. Magn. Reson. 207:53--58

Danieli E, Mauler J, Perlo J, Blumich B, Casanova F. 2009. Mobile sensor for high resolution
NMR spectroscopy and imaging. J. Magn. Reson. 198:80--87

Datta AK, Van Der Sman R, Gulati T, Warning A. 2012. Soft matter approaches as enablers for
food macroscale simulation. Faraday Discuss. 158:435--59

De Baerdemaeker J, Lemaitre L, Meire R. 1982. Quality detection by frequency spectrum
analysis of the fruit impact force. Trans. ASABE 25:175--78

Defraeye T, Lehmann V, Gross D, Holat C, Herremans E, et al. 2013. Application of MRI for

tissue characterisation of ‘Braeburn’ apple. Postharvest Biol. Technol. 75:96--105

27



De Ketelaere B, De Baerdemaeker J. 2001. Tomato firmness estimation using vibration
measurements. Math. Comp. Simul. 56:385--94

De Ketelaere B, Howarth MS, Crezee L, Lammertyn J, De Baerdemaeker J. 2006a. Postharvest
firmness changes as measured by acoustic and low mass impact devices: A comparison of
techniques. Postharvest Biol. Technol. 41:275--84

De Ketelaere B, Stulens J, Lammertyn J, De Baerdemaeker J. 2006b. Identification and
quantification of sources of biological variance: a methodological approach. Postharvest
Biol. Technol. 39:1--9

Delwiche MJ, McDonald T, Bowers SV. 1987. Determination of peach firmness by analysis of
impact forces. Trans. ASABE 30:249--54

Di Natale C, Macagnano A, Martinelli E, Proietti E, Paolesse R, et al. 2001. Electronic nose
based investigation of the sensorial properties of peaches and nectarines. Sens. Actuators B
77:561--66

Donis-Gonzalez IR, Guyer DE, Pease A. 2012a. Application of response surface methodology to
systematically optimize image quality in computer tomography: A case study using fresh
chestnuts (Castanea spp.). Comput. Electron. Agric. 87:94--107

Donis-Gonzalez IR, Guyer DE, Pease A, Fulbright DW. 2012b. Relation of computerized
tomography Hounsfield unit measurements and internal components of fresh chestnuts
(Castanea spp.). Postharvest Biol. Technol. 64:74--82

Eccher Zerbini P, Grassi M, Cubeddu R, Pifferi A, Torricelli A. 2002. Nondestructive detection
of brown heart in pears by time-resolved reflectance spectroscopy. Postharvest Biol. Technol.
25:87--97

Eccher Zerbini P, Vanoli M, Grassi M, Rizzolo A, Fibiani M, et al. 2006. A model for the
softening of nectarines based on sorting fruit at harvest by time-resolved reflectance
spectroscopy. Postharvest Biol. Technol. 39:223--32

Elmasry G, Kamruzzaman M, Sun DW, Allen P. 2012. Principles and applications of
hyperspectral imaging in quality evaluation of agro-food products: a review. Crit. Rev. Food
Sci. 52:999--1023

Farneti B, Cristescu SM, Costa G, Harren FIM, Woltering EJ. 2012. Rapid tomato volatile
profiling by using proton-transfer reaction mass spectrometry (PTR-MS). J. Food Sci.
77:C551--59

27



Finney EE. 1970. Mechanical resonance within red delicious apples and its relation to fruit
texture. Trans. ASABE 35:735--37

Finney EE. 1971. Random vibration techniques for non-destructive evaluation of peach firmness.
J. Agric. Eng. Res. 16:81--87

Finney EE, Norris KH. 1968. Instrumentation for investigating dynamic mechanical properties of
fruits and vegetables. Trans. ASABE 11:94--97

Foerster J, Truppel I, Bochow-Ness O, Geyer M. 2013. Comparison of acoustic sensor systems
for quality analysis of asparagus using scanning laser vibrometry for visualization. Comput.
Electron. Agric. 91:10--18

Friel EN, Wang M, Taylor AJ, Macrae EA. 2007. In vitro and in vivo release of aroma
compounds from yellow-fleshed kiwifruit. J. Agric. Food Chem. 55:6664--73

Gardner JW, Bartlett PN. 1994. A brief history of electronic noses. Sens. Actuators B 18:211--20

Garratt LC, Linforth R, Taylor AJ, Lowe KC, Power JB, Davey MR. 2005. Metabolite
fingerprinting in transgenic lettuce. Plant Biotechnol. J. 3:165--74

Glinski M, Weckwerth W. 2006. The role of mass spectrometry in plant systems biology. Mass
Spectrom. Rev. 25:173--214

Gonzalez JJ, Valle RC, Bobroff S, Biasi WV, Mitcham EJ, McCarthy MJ. 2001. Detection and
monitoring of internal browning development in ‘Fuji’ apples using MRI. Postharvest Biol.
Technol. 22:179--88

Gonzalez R, Woods R. 2007. Digital Image Processing. Upper Saddle River, NJ: Prentice Hall.
3rd ed.

Granitto P, Verdes P, Alejandro H. 2005. Large-scale investigation of weed seed identification
by machine vision. Comput. Electron. Agric. 47:15--24

Gu HW, Xu N, Chen HW. 2012. Direct analysis of biological samples using extractive
electrospray ionization mass spectrometry (EESI-MS). Anal. Bioanal. Chem. 403:2145--53

Guthrie JA, Walsh KB. 1997. Non-invasive assessment of pineapple and mango fruit quality
using near infra-red spectroscopy. Aust. J. Exp. Agri. 37:253--63

Guyer D, Yang XK. 2000. Use of genetic artificial neural networks and spectral imaging for
defect detection on cherries. Comput. Electron. Agric. 29:179--94

Haff RP. 2008. Real-time correction of distortion in X-ray images of cylindrical or spherical

objects and its application to agricultural commaodities. Trans. ASABE 51:341--49

27



Haff RP, Toyofuku N. 2008. X-ray detection of defects and contaminants in the food industry.
Sens. Instrum. Food Qual. 2:162--73

Hall LD, Evans SD, Nott KP. 1998. Measurement of textural changes of food by MRI
relaxometry. Magn. Reson. Imaging 16:485--92

Hansen JD, Schlaman DW, Haff RP, Yee WL. 2005. Potential postharvest use of radiography to
detect internal pests in deciduous tree fruits. J. Entomol. Sci. 40:255--62

Hernandez-Sénchez N, Barreiro P, Ruiz-Altisent M, Ruiz-Cabello J, Fernandez-Valle ME. 2004.
Detection of freeze injury in oranges by magnetic resonance imaging of moving samples.
Appl. Magn. Reson. 26:431--45

Hernandez-Sanchez N, Hills BP, Barreiro P, Marigheto N. 2007. An NMR study on internal
browning in pears. Postharvest Biol. Technol. 44:260--70

Herremans E, Verboven P, Bongaers E, Estrade P, Verlinden B, et al. 2013. Characterization of
‘Braecburn’ browning disorder by means of X-ray micro-CT. Postharvest Biol. Technol.
75:114--24

Hertog MLATM, Lammertyn J, De Ketelaere B, Scheerlinck N, Nicolai BM. 2007. Managing
quality variance in the postharvest food chain. Trends Food Sci. Tech. 18:320--32

Hertz H. 1882. Uber die Beriihrung fester elastischer Korper. J. Reine Angew. Matematik
92:156--71

Ho Q, Verboven P, Verlinden B, Herremans E, Wevers M, et al. 2011. A 3-D multiscale model
for gas exchange in fruit. Plant Physiol. 155:1158--68

Hung Y, Prussia SE, Ezeike GOI. 1999. Nondestructive firmness sensing using a laser air-puff
detector. Postharvest Biol. Technol. 16:15--25

Jancsok P, Clijmans L, Nicolai B, De Baerdemaeker J. 2001. Investigation of the effect of shape
on the acoustic response of conference pears by finite element modeling. Postharvest Biol.
Technol. 23:1--12

Jiang JA, Chang HY, Wu KH, Ouyang CS, Yang MM, et al. 2008. An adaptive image
segmentation algorithm for X-ray quarantine inspection of selected fruits. Comput. Electron.
Agric. 60:190--200

Joyce NI, Eady CC, Silcock P, Perry NB, Van Klink JW. 2013. Fast phenotyping of LFS-
silenced (tearless) onions by desorption electrospray ionization mass spectrometry (DESI-
MS). J. Agric. Food Chem. 61:1449--56

27



Jublot L, Linforth RST, Taylor AJ. 2005. Direct atmospheric pressure chemical ionisation ion
trap mass spectrometry for aroma analysis: speed, sensitivity and resolution of isobaric
compounds. Int. J. Mass Spectrom. 243:269--77

Juran JM. 1951. Quality Control Handbook. New York: McGraw-Hill

Kataoka H, Lord HL, Pawliszyn J. 2000. Applications of solid-phase microextraction in food
analysis. J Chromatogr. A 880:35--62

Kawano S, Fujiwara T, Iwamoto M. 1993. Nondestructive determination of sugar content in
satsuma mandarine using near-infrared (NIR) transmittance. J. Jpn. Soc. Hortic. Sci. 62:465--
70

Kienle A, Lilge L, Patterson MS, Hibst R, Steiner R, Wilson BC. 1996. Spatially resolved
absolute diffuse reflectance measurements for noninvasive determination of the optical
scattering and absorption coefficients of biological tissue. Appl. Opt. 35:2304--14

Kim S, Schatzki TF. 2000. Apple watercore sorting system using X-ray imagery: I. Algorithm
development. Trans. ASABE 43:1695--702

Kim S, Schatzki TF. 2001. Detection of pinholes in almonds through X-ray imaging. Trans.
ASABE 44:997--1003

Koch A, Doyle CL, Matthews MA, Williams LE, Ebeler SE. 2010. 2-Methoxy-3-
isobutylpyrazine in grape berries and its dependence on genotype. Phytochemistry 71:2190--
98

Korytar P, Janssen HG, Matisova E, Brinkman UAT. 2002. Practical fast gas chromatography:
methods, instrumentation and applications. TrAC Trend Anal. Chem. 21:558--72

Kuroki S, Oshita S, Sotome |, Kawagoe Y, Seo Y. 2004. Visualization of 3-D network of gas-
filled intercellular spaces in cucumber fruit after harvest. Postharvest Biol. Technol. 33:255--
62

Lammertyn J, Dresselaers T, Van Hecke P, Jancsok P, Wevers M, Nicolai BM. 2003a. Analysis
of the time course of core breakdown in ‘Conference’ pears by means of MRI and X-ray CT.
Postharvest Biol. Technol. 29:19--28

Lammertyn J, Dresselaers T, Van Hecke P, Jancsok P, Wevers M, Nicolai BM. 2003b. MRI and
X-ray CT study of spatial distribution of core breakdown in ‘Conference’ pears. Magn.
Reson. Imaging 21:805--15

27



Lammertyn J, Nicolai B, Ooms K, De Smedt V, De Baerdemaeker J. 1998. Non-destructive
measurement of acidity, soluble solids, and firmness of Jonagold apples using NIR-
spectroscopy. Trans. ASABE 41:1089--94

Landahl S, Terry LA. 2012. Avocado firmness monitoring with values obtained by means of
laser Doppler vibrometry. IV Int. Conf. Postharvest Unlimited 2011 945:239--45

Létal J, Jirak D, Suderlova L, Hajek M. 2003. MRI ‘texture’ analysis of MR images of apples
during ripening and storage. LWT- Food Sci. Technol. 36:719--27

Li Y. 2012. Confined direct analysis in real time ion source and its applications in analysis of
volatile organic compounds of Citrus limon (lemon) and Allium cepa (onion). Rapid
Commun. Mass Spectrom. 26:1194--202

Li ZF, Wang N, Raghavan GSV, Vigneault C. 2009. Ripeness and rot evaluation of ‘Tommy
Atkins’ mango fruit through volatiles detection. J. Food Eng. 91:319--24

Lokke MM, Edelenbos M, Larsen E, Feilberg A. 2012. Investigation of volatiles emitted from
freshly cut onions (Allium cepa L.) by real time proton-transfer reaction-mass spectrometry
(PTR-MS). Sensors 12:16060--76

Lu R. 2001. Predicting firmness and sugar content of sweet cherries using near-infrared diffuse
reflectance spectroscopy. Trans. ASABE 44:1265--71

Mariette F, Collewet G, Davenel A, Lucas T, Musse M. 2012. Quantitative MRI in food science
& food engineering. eMagResearch 1:205--14

Marigheto N, Venturi L, Hills B. 2008. Two-dimensional NMR relaxation studies of apple
quality. Postharvest Biol. Technol. 48:331--40

Mathanker SK, Weckler PR, Bowser T, Wang N, Maness NO. 2011. AdaBoost classifiers for
pecan defect classification. Comput. Electron. Agric. 77:60--68

Mathanker SK, Weckler PR, Wang N, Bowser T, Maness NO. 2010. Local adaptive thresholding
of pecan X-ray images: reverse water flow method. Trans. ASABE 53:961--69

McCarthy MJ, Zion B, Chen P, Ablett S, Darke AH, Lillford PJ. 1995. Diamagnetic
susceptibility changes in apple tissue after bruising. J. Sci. Food Agric. 67:13--20

McCarthy MJ, McCarthy KL. 2013. Magnetic resonance imaging and nuclear magnetic
resonance spectroscopy. In Process Analytical Technology for the Food Industry, ed. CP

O’Donnell, CC Fagan, PJ Cullen. Springer. In press

27



McClements DJ. 1997. Ultrasonic characterization of foods and drinks: principles, methods, and
applications. Crit. Rev. Food Sci. 37:1--46

McGlone VA, Kawano S. 1998. Firmness, dry-matter and soluble-solids assessment of
postharvest kiwifruit by NIR spectroscopy. Postharvest Biol. Technol. 13:131--41

Meilgaard MC, Carr BT, Vance Civille G. 2006. Sensory Evaluation Techniques. CRC Press.
464 pp. Fourth ed.

Mendoza F, Lu R, Cen H. 2012. Comparison and fusion of four nondestructive sensors for
predicting apple fruit firmness and soluble solids content. Postharvest Biol Technol. 73:89--
98

Mendoza F, Verboven P, Ho QT, Kerckhofs G, Wevers M, Nicolai BM. 2010. Multifractal
properties of pore-size distribution in apple tissue using X-ray imaging. J. Food Eng. 99:206-
-15

Mendoza F, Verboven P, Mebatsion HK, Kerckhofs G, Wevers M, Nicolai BM. 2007. Three-
dimensional pore space quantification of apple tissue using X-ray computed
microtomography. Planta 226:559--70

Micholt E, Jans E, Callewaert E, Bartic C, Lammertyn J, Nicolai BM. 2013. Extracellular
recordings from rat olfactory epithelium slices using micro electrode arrays. Sens. Actuators
B 184:40--47

Milczarek RR, McCarthy MJ. 2009. Low-field MR sensors for fruit inspection. In Magnetic
Resonance Microscopy, Spatially Resolved NMR Techniques and Applications, ed. S Codd, J
Seymour, pp. 289--99. Weinheim Germany: Wiley-VCH

Mizrach A. 2004. Assessing plum fruit quality attributes with an ultrasonic method. Food Res.
Int. 37:627--31

Mizrach A. 2008. Ultrasonic technology for quality evaluation of fresh fruit and vegetables in
pre- and postharvest processes. Postharvest Biol. Technol. 48:315--30

Mondello L, Casilli A, Tranchida PQ, Costa R, Dugo P, Dugo G. 2004. Fast GC for the analysis
of citrus oils. J. Chromatogr. Sci. 42:410--16

Musse M, De Guio F, Quellec S, Cambert M, Challois S, Davenel A. 2010. Quantification of
microporosity in fruit by MRI at various magnetic fields: comparison with X-ray

microtomography. Magn. Reson. Imaging 28:1525--34

27



Nas T, Isaksson T, Fearn T, Davies T. 2004. A User-Friendly Guide to Multivariate Calibration
and Classification. Charlton, UK: NIR

Nguyen Do, Trong N, Watté R, Aernouts B, Herremans E, et al. 2011. Spatially resolved
spectroscopy for non-destructive quality inspection of foods. Meet. Pap. 1111381, Presented
at Annu. Int. ASABE Meet. Louisville

Nicolai BM, Lotze E, Peirs A, Scheerlinck N, Theron KI. 2006. Non-destructive measurement of
bitter pit in apple fruit using NIR hyperspectral imaging. Postharvest Biol. Technol. 40:1--6

Nicolai BM, Berna A, Beullens K, Vermeir S, Saevels S, Lammertyn J. 2008a. High throughput
flavour profiling of fruit. In Fruit and Vegetable Flavor: Recent Advances and Future
Prospects, ed. B Bruckner. CRC Press-Woodland Publishing Limited

Nicolai BM, Beullens K, Bobelyn E, Peirs A, Saeys W, et al. 2007. Nondestructive measurement
of fruit and vegetable quality by means of NIR spectroscopy: a review. Postharvest Biol.
Technol. 46:99--118

Nicolai BM, Verlinden BE, Desmet M, Saevels S, Saeys W, et al. 2008b. Time-resolved and
continuous wave NIR reflectance spectroscopy to predict soluble solids content and firmness
of pear. Postharvest Biol. Technol. 47:68--74

Nielsen MS, Lauridsen T, Christensen KB, Feidenhans LR. 2013. X-ray dark field imaging for
detection of foreign bodies in food. Food Control. 30:531--5

Oshita S, Shima K, Haruta T, Seo Y, Kawagoe Y, et al. 2000. Discrimination of odors emanating
from ‘La France’ pear by semi-conducting polymer sensors. Comput. Electron. Agric.
26:209--16

Ozcan G, Barringer S. 2011. Effect of enzymes on strawberry volatiles during storage, at
different ripeness level, in different cultivars, and during eating. J. Food Sci. 76:C324--33

Pallottino F, Costa C, Antonucci F, Strano MC, Calandra M, et al. 2012. Electronic nose
application for determination of Penicillium digitatum in Valencia oranges. J. Sci. Food
Agric. 92:2008--12

Patterson MS, Chance B, Wilson BC. 1989. Time resolved reflectance and transmittance for the
non-invasive measurement of tissue optical properties. Appl. Opt. 28:2331--36

Peirs A, Scheerlinck N, Nicolai BM. 2003. Temperature compensation for near infrared
reflectance measurement of apple fruit soluble solids contents. Postharvest Biol. Technol.
30:233--48

27



Peirs A, Scheerlinck N, Touchant K, Nicolai BM. 2002. Comparison of Fourier transform and
dispersive near-infrared reflectance spectroscopy for apple quality measurements. Biosyst.
Eng. 81:305--11

Peleg K. 1993. Comparison of non-destructive measurement of apple firmness. J. Agric. Eng.
Res. 55:227--38

Povey MJW, McClements DJ. 1988. Ultrasonics in food engineering. Part I. Introduction and
experimental methods. J. Food Eng. 8:217--45

Prussia SE, Astleford JJ, Hewlett B, Hung YC. 1994. Non-destructive firmness measuring
device. US Patent No. 5372030

Qin JW, Lu RF. 2008. Measurement of the optical properties of fruits and vegetables using
spatially resolved hyperspectral diffuse reflectance imaging technique. Postharvest Biol.
Technol. 49:355--65

Qin J, Lu R, Peng Y. 2009. Prediction of apple internal quality using spectral absorption and
scattering properties. Trans. ASABE 52:499--507

Ragni L, Berardinelli A, Guarnieri A. 2010. Impact device for measuring the flesh firmness of
kiwifruits. J. Food Eng. 96:591--97

Rizzolo A, Vanoli M, Zerbini PE, Jacob S, Torricelli A, et al. 2009. Prediction ability of
firmness decay models of nectarines based on the biological shift factor measured by time-
resolved reflectance spectroscopy. Postharvest Biol. Technol. 54:131--40

Rocha SM, Coelho E, Zrostlikova J, Delgadillo I, Coimbra MA. 2007. Comprehensive two-
dimensional gas chromatography with time-of-flight mass spectrometry of monoterpenoids
as a powerful tool for grape origin traceability. J. Chromatogr. A 1161:292--99

Réth E. 2008. Internal Quality Attributes of Integrated and Organically Produced Apple Fruit.
PhD Thesis, Katholieke Univ., Leuven, Belg. 167 pp.

Ruiz-Altisent M, Ruiz-Garcia L, Moreda GP, Renfu L, Hernandez-Sanchez N, et al. 2010.
Sensors for product characterization and quality of specialty crops---a review. Comput.
Electron. Agric. 74:176--94

Saevels S, Lammertyn J, Berna AZ, Veraverbeke EA, Di Natale C, Nicolai BM. 2003. Electronic
nose as a non-destructive tool to evaluate the optimal harvest date of apples. Postharvest
Biol. Technol. 30:3--14

27



Saevels S, Lammertyn J, Berna AZ, Veraverbeke EA, Di Natale C, Nicolai BM. 2004. An
electronic nose and a mass spectrometry-based electronic nose for assessing apple quality
during shelf life. Postharvest Biol. Technol. 31:9--19

Saeys W, Velazco-Roa MA, Thennadil SN, Ramon H, Nicolai BM. 2008. Optical properties of
apple skin and flesh in the wavelength range from 350 to 2200 nm. Appl. Opt. 47:1--12

Saito K, Miki T, Hayashi S, Kajikawa H, Shimada M, et al. 1996. Application of magnetic
resonance imaging to non-destructive void detection in watermelon. Cryogenics 36:1027--31

Salvo L, Cloetens P, Maire E, Zabler S, Blandin JJ, et al. 2003. X-ray micro-tomography an
attractive characterization technique in materials science. Nucl. Instrum. Methods Phys. Res.
B 200:273--86

Shahin MA, Tollner EW, McClendon RW. 2001. Artificial intelligence classifiers for sorting
apples based on watercore. J. Agric. Eng. Res. 79:265--74

Shmulevich 1, Galili N, Howarth MS. 2003. Nondestructive dynamic testing of apples for
firmness evaluation. Postharvest Biol. Technol. 29:287--99

Shmulevich |, Galili N, Rosenfeld D. 1996. Detection of fruit firmness by frequency analysis.
Trans. ASABE 39:1047--55

Slaughter S. 1995. Non-destructive determination of internal quality in peaches and nectarines.
Trans. ASABE 38:617--23

Sloof M, Tijskens LMM, Wilkinson EC. 1996. Concepts for modelling the quality of perishable
products. Trends Food Sci. Tech. 7:165--71

Smith D, Spanel P. 2011. Direct, rapid quantitative analyses of BVOCs using SIFT-MS and
PTR-MS obviating sample collection. TrAC Trend Anal. Chem. 30:945--59

Smith T, Guild J. 1931. The C.I.E. colorimetric standards and their use. Trans. Opt. Soc. 33:73--
134

Spanel P, Smith D. 1999. Selected ion flow tube---mass spectrometry: detection and real-time
monitoring of flavours released by food products. Rapid Commun. Mass Spectrom. 13:585--
96

Sugiyama J, Al-Hag MI, Tsuta M. 2005. Application of portable acoustic firmness tester for
fruits. Information and technology for sustainable fruit and vegetable production. FRUTIC
05, 12--16 September 2005, Montpellier France

27



Sun DW, ed. 2010. Hyperspectral Imaging for Food Quality Analysis and Control. London:
Academic

Sun T, Huang K, Xu H, Ying Y. 2010. Research advances in nondestructive determination of
internal quality in watermelon/melon: a review. J. Food Eng. 100:569--77

Surawang S, Rattanapanone N, Linforth R, Taylor AJ. 2005. Effect of oxygen and free fatty
acids on cucumber flavour generation. Proc. 5th Int. Postharvest Symp. 1--3:549--55

Taylor AJ, Linforth RST, Harvey BA, Blake B. 2000. Atmospheric pressure chemical ionisation
mass spectrometry for in vivo analysis of volatile flavour release. Food Chem. 71:327--38

Tollner EW, Gitaitis RD, Seebold KW, Maw BW. 2005. Experiences with a food product X-ray
inspection system for classifying onions. Appl. Eng. Agric. 21:907--12

Tollner EW, Hung YC, Upchurch BL, Prussia SE. 1992. Relating X-ray absorption to density
and water-content in apples. Trans. ASABE 35:1921--28

Torricelli A, Spinelli L, Contini D, Vanoli M, Rizzolo A, Eccher Zerbini P. 2008. Time-resolved
reflectance spectroscopy for non-destructive assessment of food quality. Sens. Instrum. Food
Qual. 2:82--89

Toyofuku N, Schatzki TF. 2007. Image feature based detection of agricultural quarantine
materials in X-ray images. J. Air. Transp. Manag. 13:348--54

Vandendriessche T, Keulemans J, Geeraerd A, Nicolai BM, Hertog MLATM. 2012. Evaluation
of fast volatile analysis for detection of Botrytis cinerea infections in strawberry. Food
Microbiol. 32:406--14

Vandendriessche T, Nicolai BM, Hertog MLATM. 2013. Optimization of HS SPME fast GC-
MS for high-throughput analysis of strawberry aroma. Food Anal. Method 6:512--20

Van As H, van Duynhoven J. 2013. MRI of plants and foods. J. Magn. Reson. 229:25--34

van Ruth S, Boscaini E, Mayr D, Pugh J, Posthumus M. 2003. Evaluation of three gas
chromatography and two direct mass spectrometry techniques for aroma analysis of dried red
bell peppers. Int. J. Mass Spectrom. 223:55--65

Verboven P, Kerckhofs G, Mebatsion H, Ho QT, Temst K, et al. 2008. Three-dimensional gas
exchange pathways in pome fruit characterized by synchrotron X-ray computed tomography.
Plant Physiol. 147:518--27

Verboven P, Nemeth A, Abera M, Bongaers E, Daelemans D, et al. 2013. Optical coherence

tomography visualizes microstructure of apple peel. Postharvest Biol. Technol. 78:123--32

27



Verlinden BE, De Smedt V, Nicolai BM. 2004. Evaluation of ultrasonic wave propagation to
measure chilling injury in tomatoes. Postharvest Biol. Technol. 32:109--13

Wampler B, Barringer SA. 2012. Volatile generation in bell peppers during frozen storage and
thawing using selected ion flow tube mass spectrometry (SIFT-MS). J. Food Sci. 77:C677--
83

Wang CY, Wang PC. 1989. Nondestructive detection of core breakdown in ‘Bartlett’ pears with
nuclear magnetic resonance imaging. HortScience 24:106--9

Wang CY, Wang PC. 1992. Differences in nuclear magnetic resonance images between chilled
and non-chilled zucchini squash. Environ. Exp. Bot. 32:213--19

Wang SY, Wang PC, Faust M. 1988. Non-destructive detection of watercore in apple with
nuclear magnetic resonance imaging. Sci. Hortic. 25:227--34

Watson R, Wright CJ, McBurney T, Taylor AJ, Linforth RST. 2002. Influence of harvest date
and light integral on the development of strawberry flavour compounds. J. Exp. Bot.
53:2121--29

Wu D, Sun DW. 2013. Colour measurements by computer vision for food quality control---a
review. Trends Food Sci. Tech. 29:5--20

Xing J, Saeys W, De Baerdemaeker J. 2007. Combination of chemometric tools and image
processing for bruise detection on apples. Comput. Electron. Agric. 56:1--13

Xu YC, Barringer S. 2009. Effect of temperature on lipid-related volatile production in tomato
puree. J. Agric. Food Chem. 57:9108--13

Xu YC, Barringer S. 2010. Comparison of tomatillo and tomato volatile compounds in the
headspace by selected ion flow tube mass spectrometry (SIFT-MS). J. Food Sci. 75:C268--
73

Zion B, Chen P, McCarthy MJ. 1995. Detection of bruises in magnetic resonance images of
apples. Comput. Electron. Agric. 13:289--99

Related resources
Abbott JA. 1999. Quality measurement of fruits and vegetables. Postharvest Biol. Technol.
15:207--225
Chen P, Sun Z. 1991. A review of nondestructive methods for quality evaluation and sorting

of agricultural products. J. Agric. Eng. Res. 49:85--98

27



KEY TERMS AND/OR ACRONYMS

APCI: atmospheric pressure chemical ionization
CT: computed tomography

FSM: full scan mode

GC-MS: gas chromatography-mass spectrometry
HFMS: headspace fingerprint mass spectrometry
MRI: magnetic resonance imaging

NIR: near infrared

PCA: principal component analysis

PCR: principal component regression

PLS: partial least squares

RGB: red, green, blue

SRS: space-resolved spectroscopy

ToF: time of flight

TRS: time-resolved spectroscopy

Vis: visible
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