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a b s t r a c t

During steam peeling, severely bruised tomatoes will disintegrate, leading to loss of product. The overall
purpose of this study was to develop an in-line method to detect damaged pericarp tissue in processing
tomatoes. Magnetic resonance (MR) imaging methods characterize the environment of water protons in
plant tissue, resulting in contrast between image pixels corresponding to bruised and sound tissue. Many
types of MR imaging protocols are available; in this study, the multivariate image analysis (MIA) method
of partial least squares (PLS) was used to determine the optimal MR pulse sequences for tomato pericarp
damage assessment. A set of 13 congruent MR images of each of 112 processing tomatoes was used for
prediction. The images were created by varying key parameters in 4 different MR pulse sequences. These
multivariate images were used to predict the pixel intensities in regions of interest (ROIs) corresponding
to the pericarp of the tomato. The pixels in the ROIs for each tomato sample were assigned a value
between 0 (no damage) and 1 (extensive damage), corresponding to the conductivity score for that sample,
measured after imaging. PLS models of 1–13 latent variables were generated, and cross validation was
performed. The root mean square error of cross validation (RMSECV) of the PLS models leveled off after
8 latent variables, so this model was used for conductivity score prediction. The 8 latent variable model
captured 97% of the variance in the independent variable (the MR images) and 54% of the variance in the

dependent variable (the conductivity scores). The Variable Importance in Projection scores for the 13 MR
image sequence types in the chosen model indicated that the Fast Spin Echo sequence with receiver gain
of 10 and Turbo Fast Low-Angle Shot sequences with inversion times of 400 ms, 800 ms, 1000 ms, and
1200 ms had the strongest influence on the model. The root mean square error of calibration (RMSEC)
and RMSECV of a final model including only these five sequences were low: 0.16 and 0.17, respectively.
Thus, MIA of MR images of tomato proved to be effective for predicting the conductivity score of pericarp

tissue in tomatoes.

. Introduction

.1. Mechanical damage in tomatoes

The commercial process for canning whole-peeled tomatoes
nvolves several steps that can cause mechanical damage to the
ruit. Gondolas of mechanically harvested fruit are water-dumped
nto flumes, which gives the fruit an initial washing and serves as a

ransport medium. After multiple drops and rounding several cor-
ers in the flumes, the fruit are fed to a steam peeler via a vertical
onveyor. By the time fruit have reached the peeler, they are likely
o have sustained many impacts resulting in varying degrees of
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bruising. During the harsh steam peeling process, severely bruised
fruit will disintegrate, leading to loss of product. Removing dam-
aged fruit from the feed stream before peeling will reduce this loss
and divert fruit to other more appropriate products, such as sauce
or paste. An added advantage of such a diversion is that the sauce
or paste made from unpeeled fruit will have higher viscosity (and,
as a result, higher value) than that made from peeled fruit.

Some damaged fruit, such as those with large cracks in the skin,
are obvious upon visual inspection and could be sorted by hand.
However, the worldwide impact of viscosity loss and labor associ-
ated with hand sorting is estimated to be $100 million USD per year
(T. Casey Garvey, personal communication). In addition, some fruit

appearing to be sound are heavily damaged. It would be difficult to
sort these fruit by color or visual appearance because bruising does
not cause sufficiently detectable changes in these attributes. The
purpose of this study was to develop a method to detect damaged
tissue, specifically pericarp tissue, in intact tomatoes.

http://www.sciencedirect.com/science/journal/09255214
http://www.elsevier.com/locate/postharvbio
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.2. Magnetic resonance imaging

Magnetic resonance (MR) methods can detect and character-
ze the environment of water protons in plant tissue. Hills and
emigereau (1997) demonstrated that water in three compart-
ents of a plant cell (vacuole, cytoplasm, and cell wall) could be

ifferentiated based on MR transverse relaxation time, T2. Several
tudies have shown that internal browning and core breakdown
disorders associated with breakdown of cell membranes) can be
etected in apples (Clark and Burmeister, 1999; Gonzalez et al.,
001) and pears (Lammertyn et al., 2003; Hernández-Sánchez et
l., 2007) using MR images. In mango fruit, spin-echo MR imaging
an identify mesocarp tissue damaged by disinfestation heat treat-
ent (Joyce et al., 1993). Bruising in whole apples, peaches, pears,

nd onion was seen in images obtained from a 2 T superconduct-
ng magnet system (Chen et al., 1989). Thus, we expected that MR
mages would provide sufficient contrast to identify different levels
f damage in tomato tissue.

However, natural biological variation makes image-based quan-
ification of damaged tissue a difficult task. MR imaging is a
romising technology for this task, but a single MR image type may
ot be sufficient to characterize the entire spectrum of damage lev-
ls possible in tomato pericarp. Combining information from two
r more differently weighted MR images introduces a multivari-
te advantage and makes classification more efficient. In this study,
ultivariate image analysis (MIA) was the method used to deter-
ine which MR images to use and in what manner to use them.

.3. Multivariate image analysis

MIA is an extension of standard multivariate statistical tech-
iques to image-based data sets. A multivariate image is a set of
ultiple congruent images of the same object. Each individual

mage may be obtained in any number of ways; in this case, images
ere obtained using different MR pulse sequences. By “unwrap-
ing” multivariate images row-by-row or column-by-column, these

mages can be analyzed in the same ways as regular multivariate
ata sets. Multivariate statistical techniques such as principal com-
onents analysis, partial least squares (PLS), and cluster analysis are
pplied to the unwrapped data set, and the results are rewrapped
o create new images that are then interpreted statistically.

MIA has already been applied to multi- and hyper-spectral image
ata sets of agricultural commodities (e.g. El Masry et al., 2007).
eladi and Grahn (1996) suggested that MIA could be used for MR

mage data sets, but at present there are no published applications
f MIA for MR imaging in postharvest handling.

In the present study, PLS was the specific MIA technique used
o interpret the data. PLS is an iterative technique that seeks to

aximize the explanation of variance in both the X-block (the data
hat is used for prediction) and the Y-block (the figure of merit that
s being predicted). The result of PLS is a model for creation of a
rediction image. The prediction image is a linear combination of k

mages, where k is the number of individual images making up the
ultivariate image.

.4. Conductivity test

The overall strategy of this study was to create a PLS model that,
hen applied to a multivariate MR image of tomato pericarp, would

enerate a score on a continuum of 0 (no damage) to 1 (exten-
ive damage). A localized, quantitative, continuous measurement

f pericarp damage was required in order to implement this strat-
gy. Sensory evaluation, i.e. squeezing the fruit, would be rapid and
s quantitative as a well-designed scale would allow, but it would
ot be sufficiently localized. A compression test, such as that used
y Tu et al. (2007) for tomato firmness measurement, would give
and Technology 52 (2009) 189–195

information on the fruit as a whole, but again would not be local-
ized. A nondestructive firmness tester based on a pneumatically
operated impact head equipped with a piezoelectric sensor was
used by Valero et al. (2007) to assess the firmness of various stone
fruits; such a sensor would likely provide localized firmness mea-
surement of tomatoes as well. However, the use of any of these
techniques presumes that firmness (as measured through the fruit
epidermis) is correlated with mechanical damage. While this is a
sound assumption, a technique that more directly measures the
extent of cell damage was desired. The conductivity test was the
technique used for this purpose.

The conductivity test assesses membrane permeability via the
measurement of ion leakage from the plant tissue into a sur-
rounding solution (Saltveit, 2000). Ion leakage measurements have
previously been used in a number of applications, including quan-
tifying chilling injury in cucumbers (Kuo and Parkin, 1989) and
tomatoes (Saltveit, 2002) and mechanical damage to popcorn ker-
nels (Goneli et al., 2007). Commonly, a disk of plant tissue is excised
from a sample and immersed in an isotonic solution of a sugar such
as mannitol or sucrose. Due to concentration gradients between the
tissue and surrounding solution, ions flow out from the plant cells
and into the solution. The resulting change in electrolytic conduc-
tance of the solution is monitored with a conductivity meter. The
SI units of this measurement are siemens per meter (S/m). Distilled
water has a conductivity in the range of 0.1–1 mS/m, while conduc-
tivities of solutions in equilibrium with plant tissues are 1–2 orders
of magnitude larger.

It was expected that the leakiness of tomato pericarp samples,
as measured by an ion leakage score, would result in distinctive
contrast patterns in MR images. Thus, the objective of this study
was to predict conductivity scores of tomato pericarp samples by
MIA applied to a series of MR images.

2. Materials and methods

2.1. Sample collection and MR imaging

Samples of California processing tomatoes were obtained during
7 weeks of the 2007 harvest season. For each of 7 batches, 8 heavily
bruised (skin intact) and 8 non-bruised (firm) fruit were manu-
ally selected from tomatoes on a conveyor in the ConAgra tomato
processing plant in Oakdale, CA. (The purpose of this sampling pro-
cedure was to ensure that the samples spanned the entire damage
spectrum.) Tomatoes on the conveyor had been washed and color
sorted, but had not been sorted for other characteristics. In general,
the samples were imaged the day after they were obtained from the
processing plant, and the conductivity measurements made the day
after imaging. In some cases, the samples were imaged on the same
day they were obtained from the plant.

Each individually numbered tomato was inserted into the bore
of a 1 T industrial-grade MR imaging system (Aspect AI; Netanya,
Israel), with the stem/calyx axis along the (horizontal) bore. Each
fruit was manually centered in the 70 mm bore using a plastic half-
tube sample holder. The image slice was the center X–Y slice, which
had a thickness of 17 mm (Fig. 1). The field of view for all the images
was 68 mm × 68 mm.

Thirteen MR images were obtained for each sample. The MR
pulse sequences employed to produce these images, chosen for
their speed and contrast features, are summarized in Table 1. The
Fast Spin Echo (FSE) image had an effective echo time of 281 ms and
produces T2-weighted contrast in the images. The Gradient Recalled

Echo (GRE) sequence, with its short echo time and repetition time
yields proton density weighting. The Turbo FLASH sequence, a Fast
Low-Angle Shot sequence with an inversion pulse at the beginning,
yields weighting based on longitudinal relaxation time (T1). The
GRE sequence was actually a 64-slice 3D sequence; the central 16
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Table 1
MR image types.

Pulse sequence name Receiver gain
(arbitrary gain units)

Inversion time
(ms)

Turbo FLASHa 80 200
FSEb 10
GREc 50

FLASH 80
Turbo FLASH 80 400
FSE 12

Turbo FLASH 80 600
FSE 14
Turbo FLASH 80 800

FSE 16
Turbo FLASH 80 1000
FSE 18

Turbo FLASH 80 1200

a Fast Low-Angle Shot.
b

F
r
s

ig. 1. Perspective diagram of tomato and image area orientation—not to scale. The
ark gray slab represents the magnetic resonance (MR) image area for each tomato
ample.

lices of this set were combined in post-processing to create a single
mage that was congruent to the other 12.

It would not be feasible to adjust the receiver gain for each fruit
n an in-line regime. Thus, the receiver gain on the FSE sequence
as varied to determine if this parameter significantly affected the

ontrast between damaged and sound tissue. At gain levels of 16
nd 18, images of some samples were showing signs of saturation,
o 18 is near the upper limit on receiver gain for FSE images on
omato on this particular MR system. The inversion pulse time (TI)
n the Turbo FLASH sequence was varied from 200 ms to 1200 ms
n steps of 200 ms; this enabled comparison of the T1s of damaged
nd sound tissue within the framework of the MIA. For reference,
(out of 13) images of a heavily bruised fruit are shown in Fig. 2.
.2. Conductivity measurement

After imaging, pericarp samples were analyzed in the conductiv-
ty test. An isotonic solution of 0.25 mol/L sucrose was used for the

ig. 2. Example magnetic resonance (MR) images of a damaged sample. All images depic
esolution (1.1 mm/pixel), but were generated by different MR pulse sequences. The MR p
lice of 3D Gradient Recalled Echo (b), Fast Low-Angle Shot (c), and Turbo Fast Low-Angle
Fast Spin Echo.
c Gradient Recalled Echo.

conductivity measurements. The isotonic concentration was deter-
mined by an initial gravimetric experiment, as per the procedure of
Saltveit (2002).

A metal borer was used to excise 2 cylindrical pericarp tis-
sue samples from each side of the fruit. Each excised sample was
trimmed with a razor blade so that the resulting disk was 1 cm in
diameter and 0.4 cm in thickness. The sample was first trimmed just
below the epidermis and then trimmed a second time to achieve

the desired disk thickness. Two disks were obtained from the cen-
tral third of the left side of the fruit and two from the right side,
“left” and “right” being relative to the label. Thus, four disks were
obtained from each fruit. The two disks from each side were rinsed

t the same plane of the fruit and have the same field of view (68 mm × 68 mm) and
ulse sequences represented are Fast Spin Echo with Receiver Gain = 10 (a), central
Shot with inversion time = 800 ms (d). All pericarp in this fruit was damaged.
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Fig. 4. Example regions of interest (ROIs) selected for two different fruit, overlaid
on the Fast Spin Echo image. Left (left) and Right (right) side ROIs for a firm sam-
Fig. 3. Conductivity measurements for bruised and sound pericarp samples.

ith the 0.25 mol/L sucrose solution, drained, patted dry with a
aper towel, and placed in a labeled Petri dish for ease of identifica-
ion and handling. When all 64 disks (16 fruit × 2 sides per fruit × 2
isks per side) were prepared, 32 × 50 mL culture tubes were each
lled with 20 mL of 0.25 mol/L sucrose solution. The conductivity of
hese solutions was measured in �S/cm using the probe of a Fisher
cientific conductivity meter (Model 09-326-2). An initial conduc-
ivity was recorded, and timing started when the two disks for each
ample were dropped into the corresponding culture tube. Conduc-
ivity measurements were taken periodically for the next 300 min.
he interval between measurements was short (5–8 min) at the
eginning of the run and longer (60 min) near the end. The rack of
ubes was agitated at 2 s−1 on a laboratory shaker platform between

easurements. After the final measurement, the culture tubes were
apped and placed in a −62 ◦C freezer overnight. The next day, the
rozen samples were removed from the freezer and warmed to ca.
0 ◦C. After a second overnight freeze/thaw cycle, a conductivity
easurement was taken and used as the “total conductivity”. The

onductivity values over time for each sample were divided by the
ample’s total conductivity to obtain a unit-less measurement of
onductivity that varied from 0 to 1. The unit-less conductivity mea-
urement at 240 min was used as the “conductivity score” because
he conductivity measurements appeared to level off at this time
oint. Fig. 3 depicts the conductivity measurements for one of the
atches.

.3. PLS modeling

An MIA PLS model was devised to predict the conductivity score.
partial-annular region of interest (ROI) was selected for each side

f a fruit image. This ROI size and shape was chosen so that only the
ericarp tissue that would have been excised to supply the disks for
he conductivity measurement was used as the basis for the model.
ll other parts of the image were ignored. Example ROIs are shown

n Fig. 4.
For each of the 13 MR images, the average values of the pixels

overed by this ROI were used as the X-block for the PLS model.
gain, the conductivity score, the quantity to be predicted the
odel, was used as the Y-block. The PLS model was determined
sing Matlab® (r2006b; The Mathworks; Natick, MA) MIA Toolbox
Eigenvector Research, Inc.; Wenatchee, WA). The data in both
he X- and Y-block were pre-processed subtracting the mean and
ividing by the standard deviation of each variable, reducing the

nfluence of large magnitude and variance data points on the
odel.
ple (a) and a soft sample (b). Pixels in the ROIs corresponded to tissue excised
for the conductivity test and were used for multivariate image analysis. Field of
view = 68 mm × 68 mm and resolution = 1.1 mm/pixel.

3. Results and discussion

3.1. PLS model for entire sample set

Leave-one-out cross validation was performed to determine
how many latent variables to include in the final PLS model. That
is, for each cross validation step, a PLS model was generated using a
calibration set of 223 of the 224 samples, and the remaining sample
was used as a test set. The root mean square error of cross valida-
tion (RMSECV) of the PLS models leveled off at 0.18 after 8 latent
variables, so this model was used for conductivity score prediction.
The 8 latent variable model captured 97% of the variance in the X-
block (the mean pixel values of the ROIs in the MR images) and
54% of the variance in the Y-block (the conductivity scores). Exam-
ple prediction images for two typical sound and damaged fruit are
shown in Fig. 5a. Hyper-intense pericarp pixels represent areas of
high conductivity score (i.e. extensive membrane damage), while
hypo-intense pericarp pixels correspond to sound tissue. Note that,
from this model, no claim is made about the integrity of the cells in
other tissues of the fruit, e.g. locular gel and columella.

Fig. 6a is a plot of the predicted versus measured scores for
all 224 samples. This depicts the performance of a PLS model
constructed from all available samples, as would be the case in
an unsupervised sorting situation in a processing plant. However,
some X-block and Y-block information used to create this model
was probably faulty. As previously mentioned, the FSE images of
some fruit showed signs of saturation at receiver gains of 16 and
18, so the FSE images of these fruit at high gains contain contrast
patterns that should not be modeled. Also, a software malfunction
caused some images in Batch 7 to have vertical stripes, again pro-
ducing images that should not be used in the X-block. Several fruit
in Batches 1, 5, and 6 had measured conductivity scores that were
greater than 1 (see Fig. 6a). For Batch 1, this result can be attributed

to poor agitation of the samples before the final conductivity read-
ing; unless the sample tubes were shaken vigorously by hand just
prior to measurement, a temperature gradient was visible in the
liquid. The conductivity meter is temperature-sensitive, so such a
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Fig. 5. Prediction images for two example fruit. Prediction images generated from
the 8-Latent Variable Partial Least Squares model based on the 224-sample set (a)
and the abridged sample set (b). The Gradient Recalled Echo images of the two
f
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d

F
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ruit are included in (c) for reference of the positions of the fruit. For each model,
he images are of a firm fruit (left) and a soft fruit (right); note hypo-intense, non-
amaged pericarp tissue in the firm fruit and hyper-intense, damaged pericarp tissue

n the soft fruit. Field of view = 68 mm × 68 mm and resolution = 1.1 mm/pixel.
radient would be expected to alter the results of the measurement.
he technique was refined to include manual agitation for Batches 2
nd later. For Batches 5 and 6, conductivity instrument drift was evi-
ent from measurement of a blank solution (sucrose solution with

ig. 6. Predicted conductivity score versus measured conductivity score. The scores are p
he abridged sample set (b).
and Technology 52 (2009) 189–195 193

no tomato tissue) before the sample measurements at each time
point. Although the raw conductivity measurements were scaled
according to the drift evident in the blank solution, this resulted in
some conductivity scores being higher than 1. This problem could
be reduced by measuring a standard solution at each time point
or using a more stable conductivity meter. The latter approach was
successfully used in a subsequent study (data not shown) during
the 2008 harvest season.

3.2. PLS model for abridged sample set

Therefore, the data from fruit affected by any of the three above-
mentioned problems were discarded, and a new PLS model was
constructed based on the abridged data set. Example prediction
images and the predicted vs. measured plot for this new model are
shown in Figs. 5b and 6b, respectively. The model (also with 8 latent
variables) captured 98% of the variance in the X-block and 49% of
the variance in the Y-block. The root mean squared error of calibra-
tion (RMSEC) for the new model was 0.15 (compared to 0.16 for the
original model), and the RMSECV was 0.18 (compared to 0.18). Thus,
the model constructed using the abridged data set performed sim-
ilarly well to the original model. This indicates that the MR images
and conductivity measurements need not be “perfect” to construct
a useful MIA model.

For both the full data set and abridged data set, the model tends
to under-predict the conductivity scores of highly damaged sam-
ples, as evidenced by the vertical cluster of points in Fig. 6a and b
near measured conductivity = 1. This indicates that the MR images
used for this analysis may be appropriate for predicting pericarp
damage up to a point but that heavy damage results in variation
that these MR images do not capture. The solution to this would be
to use other MR image types to augment the model. Also, there may
be more subtle levels of tissue damage at the high end of the scale
that the conductivity test does not indicate. Nevertheless, the low
values of RMSEC and RMSECV indicate that the present PLS mod-
els are sufficient for predicting conductivity scores from the 13 MR
image types used in this study.

In a PLS model, Variable Importance in Projection (VIP) scores

quantify which variables (in this case, image sequence types) con-
tribute most strongly to the prediction image. Plots of the VIP scores
for the 13 MR image sequence types are shown in Fig. 7. For the
original model (all 224 samples included), the MR image sequences
that had VIP scores above 1 were the FSE sequence at receiver gain

lotted for the two partial least squares models based on the 224-sample set (a) and
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ig. 7. Variable Importance in Projection (VIP) scores for different pulse sequences. T
et (a) and the abridged sample set (b).

RG) = 10 and the Turbo FLASH sequences with TI = 400 ms, 800 ms,
000 ms, and 1200 ms. The images from these sequences had the
reatest influence on the PLS model. This indicates that the other 8
maging sequences were less important in the model and could be
xcluded.

The fact that the FSE sequence had a high VIP score at RG = 10
ut not at the other RG levels is surprising. All the FSE images for
ach fruit had similar contrast patterns and thus would be expected
o contribute equally to the model. The most likely reason for the
igh influence of the FSE sequence at RG = 10 is the fact that the
OIs were constructed based on this image. Thus, the pixels from
hich the X-block data were obtained were most closely matched
p with those from the FSE, RG = 10 image. It is possible, due to fre-
uency drift over time, that the 13 images of each fruit were not
erfectly congruent. An image with proportionately more pixels

ncluded in the ROI would thus have high influence on the model.
he frequency drift occurs due to temperature variations in the
agnet; permanent magnet-based MRI systems are known to have

his problem (Aspect AI, personal communication). Thus, two solu-
ions are suggested: temperature control of the magnet or more
requent checking and resetting of the central frequency (which,
n the present experiment, was reset for every sample but not for
very image).

With the exception of the FSE, RG = 10 image sequence, FSE
equences for which the receiver gain was varied all had similar,
ow VIP scores. This indicates that receiver gain does not have a
trong influence on the prediction of conductivity score from FSE
equences. It was surprising that the FSE sequence did not have a
tronger influence on the model. The T2 contrast produced by this

equence was expected to be a source of differentiation between
amaged and sound tissue.

For the model based on the abridged data set (Fig. 7b), the FSE
equences did have VIP scores greater than 1. Their VIP scores were
ll about the same, with the exception of the score of the RG = 10
scores are plotted for the two partial least squares models based on the 224-sample

sequence, which may have undue influence on the model for rea-
sons stated earlier. This confirms that receiver gain does not affect
the ability of the FSE sequence to predict conductivity scores.

Future method development will focus on the sequences with
the highest VIP scores. Since the Turbo FLASH sequence had such
a large influence on the model, it is likely that conductivity scores
can be predicted by differences in the T1 relaxation times of sound
and damaged tissue. According to the VIP scores from the abridged
model, the FSE sequence also contributes to the prediction of con-
ductivity scores. In a practical application, the receiver gain would
be set as low as possible to prevent saturation. So, even though the
FSE sequence at higher receiver gain settings had high VIP scores
with the abridged model, the five sequences that warrant further
investigation are FSE at RG = 10 and Turbo FLASH at TI = 400 ms,
800 ms, 1000 ms, and 1200 ms.

4. Conclusions

To verify that a model that includes only the five high-VIP-score
sequences would still accurately predict conductivity scores, a third
PLS analysis was run on the abridged data set. The resulting model
(made using only the “top five” sequences) produced the predicted
conductivity scores shown in Fig. 8. The pattern in this plot and
the model’s RMSEC and RMSECV values (0.16 and 0.17, respec-
tively) indicate that the accuracy of the regression analysis was not
adversely affected by excluding the other 8 image types.

If all five sequences with high VIP scores were run for each
fruit, the total imaging time would be less than 5 s. This is still an

order of magnitude longer than an imaging time appropriate for
in-line implementation, but there are some options available for
reducing this time. The resolution could be lower than that of the
images in this study (approximately 1 pixel/mm) and still retain suf-
ficient spatial information for sorting. One could also include fewer
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ig. 8. Predicted conductivity score versus measured conductivity score for five
equence model. The image data set that generated these scores was comprised
f the Fast Spin Echo image at receiver gain (RG) = 10 and the Turbo Fast Low-Angle
hot image with inversion time (TI) = 400 ms, 800 ms, 1000 ms, and 1200 ms.

equences to reduce the imaging time, but this would decrease the
ccuracy of the model. Therefore, there is a time/accuracy tradeoff
hat should be considered when implementing this sort of a model
n a production environment.

In such an environment, the five MR images of the each fruit
ould be combined, according to the PLS model, to create a dam-

ge prediction image. A pixel histogram analysis of this prediction
mage would place each fruit in a spectrum of damage levels and
irect the fruit on to steam peeling or off the line for other uses.
lternatively, the PLS model could be used to direct the devel-
pment of a single MR pulse sequence that would have high
ontrast between sound and damaged tissue. The feasibility of such
sequence remains an open question.

In general, MIA of MR images of tomato proved to be effec-
ive for predicting the conductivity score of pericarp tissue in
omatoes. Future development of this technique will relate MRI-

easured membrane integrity to other relevant quality indices,
uch as peel-ability (for processing tomatoes). The present analysis
as performed only on tomato pericarp tissue, and it is possible

hat cell membrane integrity in other tissues would have an effect

n peel-ability. For example, the state of the epidermis, especially at
ts attachment point on the stem scar, may also affect peel-ability.
he cross-sectional area of tomato epidermis is very small relative
o the length scales that can be achieved with current MR imaging
ystems. Thus, multivariate MR imaging would not be an appropri-
and Technology 52 (2009) 189–195 195

ate technique for assessing peel-ability if the epidermis were the
most important tissue for peel-ability. However, at present, the con-
ductivity score of the pericarp (as predicted by MIA of MR images)
promises to be a strong indicator of peel-ability, so MR imaging, in
turn, promises to be an effective on-line tool for tomato peel-ability
assessment.
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