Comparison of multispectral indexes extracted from hyperspectral images
for the assessment of fruit ripening
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ABSTRACT

The present research is focused on the application of artificial vision to assess the ripening of red skinned
soft-flesh peach (‘Richlady’). Artificial vision allows a spatially detailed determination of the ripening
stage of the fruit. The considered optical indexes (Ind; and Ind,, proposed in the present research, and
Inds and I[sp, proposed by other authors) are based on the combination of wavelengths close to the chlo-
rophyll absorption peak at 680 nm. Ind, corresponds approximately to the depth of the absorption peak,
and Ind, corresponds to the relative absorption peak. An artificial image of each index was obtained by

Keywords: . computing the corresponding reflectance images, which were acquired with a hyperspectral camera.
Hyperspectral imaging . - . .
Vision All indexes were able to correct convexity (except for the just-harvested peaches and for Ind,). Ind, is
Ripeness the preferred index; it showed the highest discriminating power between ripening stages and no influ-
Non-destructive assessment ence of convexity. Ind, also allowed the differentiation of ripening regions within the fruits, and it
Quality showed the evolution of those regions during ripening.

Peach

1. Introduction

The quality assessment of fruits, particularly of peaches, is
important for establishing the optimal harvest date, the best post-
harvest treatment, the cold storage temperature and the delay be-
fore consumption. Quality properties change rapidly from an
unripe (low quality) to a ripe (high quality) stage. If the fruits are
harvested too early, they will not ripen properly, and their quality
at consumption will be poor (Crisosto, 1996; Moras, 1995).

The degree of ripeness can be assessed by destructive measure-
ments {firmness measured by penetromy, Magness Taylor firmness,
soluble solids content and acidity of the juice) and by non-destruc-
tive measurements. Non-destructive measurements may be carried
out by examining optical properties (Lu and Peng, 2006; Ziosi et al.,
2008), firmness estimated by impact (De Ketelaere et al., 2006;
Diezma-Iglesias et al., 2004; Valero et al., 2007; Zude et al., 2006)
or acoustic response {De Belie et al., 2000; Gémez et al., 2006).

The reference measure for firmness most commonly accepted
by growers, packing houses, markets, and others is the
Magness-Taylor penetration force (MT). However, it has been

shown that this measurement lacks precision and has high instru-
mental and sampling variability. Firmness at harvest is one of the
critical factors for peach management. At the packing station,
softer fruits (below 20 N of MT) must be rejected due to their high
susceptibility to damage, even if they are best for eating. At the
same time, exceptionally hard fruits (over 50 N) usually do not
reach a minimum level of maturity and, therefore, cannot ripen
properly. There is great interest, then, in classifying the fruits
according to their firmness in a non-destructive way so that more
homogeneous and resistant fruits can be chosen for the market.
Destructive and non-destructive measurements present parallel
trends. However, non-destructive measurements are faster and can
be implemented online. For peaches, the external colour and firm-
ness advance in a similar or parallel pattern when monitored from
the time of harvest to full consumer ripeness (Crisosto et al., 1995;
Kader and Mitchell, 1989; Rood, 1957). In addition, peaches do not
ripen in a homogeneous way. Depending on the cultivar, different
areas of the fruit (e.g., the tip and shoulders) soften faster than oth-
ers, and, therefore, these areas are more susceptible to damage and
disease (Crisosto et al., 2001). Consequently, there is a need to
develop non-destructive measuring techniques such as vision,
which can provide a spatially detailed measurement of the degree
of firmness and ripeness. The detection of the ripest areas through
machine vision techniques could be employed as a rejection crite-
rion in on-line classification equipment. Therefore machine vision
could aid the classification of fruits according to their optimal des-
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tination: ripe samples to be sent to local markets, those which can
be sent to distant markets, or unripe samples needing ripening
treatments. In addition, machine vision can help to reduce the mis-
takes in manual classification.

The present research is focused on the application of vision to
ripening assessment. Pigment changes during maturation and rip-
ening can be detected through vision and reflectance techniques.
Vision allows a spatially detailed determination of the ripening
stage compared to spectrometry, which gives an average determi-
nation of an area of the fruit. The ripening process and external de-
fects of fruits can be determined using multispectral and
hyperspectral imaging (Leemans et al., 2002; Lu and Peng, 2006;
Qin and Lu, 2008), providing better sensitivity than RGB imaging
(Aleixos et al., 2002; Kleynen et al., 2003).

Hyperspectral vision is a powerful tool for searching the best
combination of wavelengths regarding ripening. It could be applied
in laboratory in an experimental framework to test and compare
different wavelengths combinations. Once the best combination
is chosen, it can be implemented in a multispectral vision camera.

In this paper we propose the comparison procedure for select-
ing the best combination. The present paper proposes two new in-
dexes of ripening based on three wavelengths close to the
chlorophyll absorption peak. The first part reviews spectral indexes
regarding maturity and ripeness, and introduces these two new in-
dexes from spectral considerations. The second part reports the
materials and methods used for comparing these indexes with
other existing indexes. The last part is devoted to the presentation
and discussion of the results.

2. Multispectral indexes
2.1. State of the art

When assessing ripening with vision, it is crucial to identify
the spectral changes associated with pigment evolution during
ripening. Spectral indexes may consist of a single reflectance
wavelength, differences or ratios between wavelengths or deriva-
tives, or indices related to the red edge (a sharp change in reflec-
tance between 680 and 750 related to chlorophyll content) (Xue
and Yang, 2009). The use of ratios or differences is generally pre-
ferred because reflectance at one determined wavelength can be
significantly affected by variable irradiance, background and geo-
metric effects, sensors or other circumstances (Xue and Yang,
2009). Several indices have been developed for precision agricul-
ture (Scotford and Miller, 2005). The normalised difference vege-
tation index NDVI is the most used index for the remote
estimation of chlorophyll content. For ripeness, several studies
have considered the chlorophyll band (Peng and Lu, 2007; Tu
et al, 1995) or the water absorbance band (McGlone et al.,
1997) to be the most relevant for maturity and firmness. Three
areas in the visible range have been identified as the most impor-
tant: 680 nm for chlorophyll, 450 and 480 nm for carotenoids and
535 nm for anthocyanin (Qin and Lu, 2008). Other spectrum
areas, such as 500-550 nm for xanthophylls, have also been con-
sidered (Strack and Wray, 1989 cited by Merzlyak et al., 2003).
Merzlyak et al. (2003) discuss the interactions of spectral features
for different proportions of pigment content present in red and
green fruits.

Ruiz-Altisent et al. (2006) showed that the reflectance associ-
ated with chlorophyll content (i.e., 680 nm) is inversely related
to firmness for several yellow- and red-skinned peach cultivars,
including ‘Richlady’. Ferrer et al. (2005) also observed significant
differences in the reflectance spectra of Calanda peaches (cling-
stone, pale-yellowish, and non-melting fleshed cultivars) at
680 nm. Reflectance at 680 nm for chlorophyll content presents

the highest correlation with firmness in peaches (Lu and Peng,
2006). In fact, backscattered light at 677 nm, characterised by four
parameters extracted from their corresponding Lorentzian profile,
is related to chlorophyll content, and it gives the highest correla-
tion to flesh firmness in peach.

More recently, Qin and Lu (2008) explored the feasibility of
using backscattered light in several fruits and vegetables to deter-
mine scattering and absorbance coefficients by employing hyper-
spectral images. The spectra of absorption coefficients were
determined by the main pigments (chlorophyll, carotenoids and
anthocyanin). The shape of the backscattered hyperspectral images
presented a narrowing effect or a bottleneck at 675 nm in apple,
pear, peach, kiwifruit, and green and pink tomatoes. This effect
was due to the chlorophyll light absorption. This phenomenon
did not occur with red tomatoes, which were the ripest.

Lled et al. (2009) studied the behaviour of peach images ac-
quired at 680 nm that covered the whole surface of the fruit. As
the fruit ripens, the reflection in this band increases due to chloro-
phyll degradation. As a result, the histogram shifts towards bright-
er levels.

Several authors have studied different spectral indexes related
to fruit ripening. Zude (2003) compared nine spectral indexes re-
lated to apple ripeness, including NDVI and ratios such as
698 nm/780 nm. Both obtained good results for certain cultivars.
Qin and Lu (2008) presented a ratio of the absorption coefficient
at 675 nm (chlorophyll) to that at 535 nm (anthocyanin) for the
classification of tomato ripeness.

With peach, Ziosi et al. (2008) defined an optical index. This was
an index of absorbance difference at two wavelengths, 670 and
720 nm (Iap = A670-A720). These wavelengths allowed them to
differentiate between two maturity classes of ‘Fayette’ (yellow
skin) peaches, which evolve differently during ripening and pres-
ent different transcriptional profiles.

Another index, such as the reflectance ratio 670 nm/800 nm,
have been shown to be useful for determining the ripeness of yel-
low clingstone peaches (Delwiche et al, 1987). Reflectances at
680 nm and at 800 nm have been also used by Sims and Gamon
(2002) in remote sensing. The ratio of reflectance collected at
800 and 670 nm has been used to determine leaf chlorophyll con-
tent. Both wavelengths are related to the NDVI index because they
are in the middle of the broad bands typically used in NDVI. Clas-
sification algorithms have been proposed based on red (675 nm)
divided by infra-red (800 nm) images based on non-supervised
clustering (Ward, 1963) whilst gathering the whole variability of
ripeness in the harvest and post-harvest chain (Lleé et al., 2009).
This classification presented a parallel evolution with firmness.
As the fruits presented a higher classification score, they also
showed lower firmness.

2.2. Spectral considerations

Fig. 1 presents the typical shapes of ripe and unripe peach
reflectance spectra. The main difference is the chlorophyll absorp-
tion hole (around 680 nm), which disappears as the fruit ripens. It
is thus natural, as the above state of the art has shown, to use this
peak. Nevertheless, the apparent reflectance is affected by two
phenomena:

— The first is due to the variations of light scattering, which induce
variations in the mean light path length. This produces a multi-
plicative variation of the observed reflectance.

- The second is due to some kind of specular reflection; that is, a
variable part of the light does not enter the fruit and is reflected
directly by the skin. This phenomenon produces an additive
variation of the observed reflectance.
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Fig. 1. Example of two reflectance spectra belonging to two dilferent peaches: one unripe, which presents an absorption peak at 680 nm; and one ripe, which does not
present any peak at 680 nm. The X axis corresponds to the wavelengths (nm). The Y axis corresponds to the reflectance level of the spectra (arbitrary units).

As a first approximation, it is commonly considered that the
multiplicative effect does not depend on the wavelength, whilst
the additive effect is a function of the wavelength. These consider-
ations yield the following expression of the apparent reflectance:

R(2) = KiRo(%) + F(2)

where 1 is the wavelength, Rg( 1) is the true (unknown) reflectance,
K7 is a constant and F is a function (usually linear).

Next, the retrieval of the true reflectance from the measured
signal involves two corrections that are respectively related to
the multiplicative and additive effects:

- A normalisation that consists of dividing the spectrum by a
quantity that is affected by the multiplicative effect but is not
linked to the chemical composition of the sample. For example,
the Standard Normal Variate (SNV) process (Barnes et al., 1993)
performs a normalisation by the standard deviation of the
spectrum.

— A baseline subtraction that consists of removing the back-
ground trend from each spectrum. This operation can be
achieved explicitly, for example, by identifying the baseline
(linear, quadratic, etc.) or by performing a k-order differentia-
tion. The latter solution is commonly performed by means of
the Savitsky and Golay algorithm (Gorry, 1990), which performs
smoothing simultaneously with differentiation. The second
order of differentiation is usually preferred because it removes
the linear baselines and magnifies the peaks.

The application of such corrections to the chlorophyll peak with a
limited number of wavelengths can be achieved on the basis of three
reflectances: Ra, Re and Ry. These reflectances correspond respec-
tively to the sides and the bottom of the peak, as illustrated in
Fig. 1. Two levels of correction can be applied, yielding two indexes:

- The baseline correction should be carried out by an approxima-
tion of the second derivative on the peak, as performed by Ind;:

Ind1 =Ry +R. - 2R,

— The correction for the multiplicative effect is done in Ind, by
dividing Ind; by the mean value of the two reflectances R,
and R, (which should not depend on the ripening):

Indy = (Ra + R — 2Ry)/((Ra + R:)/2)

After the simplification (dividing the numerator and denomina-
tor by R, + R.) and the removal of the constant terms and factors,
Ind> becomes:

Ind; = Ry/(R, +R.)

2.3. Proposed indexes

On the basis of the above considerations, the present research
proposes to compute the new indexes, Ind; and Ind;, on the follow-
ing wavelengths: i, =680nm, /,=640nm and i.=730nm. Ind,
corresponds approximately to the depth of the absorption peak at
680 nm, and Ind; corresponds to the relative absorption peak. Ind,
corrects for the additive effect, and Ind, corrects for the additive plus
multiplicative effects, as explained in the previous paragraph.

3. Materials and methods
3.1. Materials

Red-skinned, soft-flesh ‘Richlady’ peaches were harvested from
an orchard in the south of France. Five commercially mature fruits
were selected by expert assessment based on apparent colour and
firmness (Fig. 2).

Hyperspectral images of the selected fruits were acquired be-
fore and after the following ripening process: refrigerated storage
for four days at 10 °C and ripening for three days at room temper-
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Fig. 2. ‘Richlady' peaches with different maturity stages. Fruits 1-5, first line,

correspond to unripe samples; marked fruits 1-5 m, second line, correspond to ripe
samples.



ature (20 °C). Two images were acquired for each fruit, correspond-
ing to each of the two sides delimited by the suture of the fruit. One
of the images was not correctly acquired, so that, 9 fruit sides have
been finally analysed. Each of these 9 samples was analysed before
and after the ripening process.

3.2. Hyperspectral measurements

Hyperspectral images were acquired from each side of the fruit.
The vision system was provided by a HYSPEX VNIR 1600-pixel
push-broom camera (Hyspex, Norsk Elektro Optikk AS, Norway).
The light was provided by a classical tungsten lamp. An image of
a white panel provided a blank reference, which permitted the
reflectance spectra of each pixel to be calculated.

3.3. Images computed based on chlorophyll indexes

On the basis of the description in Section 2, the following four
indexes were computed on the whole image of the fruit sides:

(a
(b
(c
(d

Indq = (R730 + Reao) — 2 * Rego
Ind; = Rsgof(Rsa0 + R730)

Inds = Rg75/Rsg00

Iap = log 10(R720/Rs70)

N NG NN

Ind; and Ind, are the new indexes, and the other two were em-
ployed before; Ind; was proposed by Sims and Gamon (2002) and
Lled et al. (2009), and Iap was proposed by Ziosi et al. (2008). An
artificial image of each index was obtained computing the corre-
sponding reflectance images. The region of interest (the fruit)
was previously segmented from the background using the Otsu
method (Otsu, 1979).

3.4. Comparison criteria

Two analyses were applied for comparing the indexes:

(a) Ripening sensing. The objective of this analysis was to deter-
mine which indexes better discriminate the ripening process, for
each fruit. As the number of pixels is not the same for each fruit,
Wilks’ lambda A (Wilks, 1960) has been preferred to F (Fisher) sta-
tistics. Wilk’s lambda is a criterion that can be used for comparison
purpose. It was computed for each pair of fruits before and after
ripening as the ratio between the inter-group variance and the
residual variance. Nine pairs of fruits were considered, and thus,
nine values of A were obtained per index. This statistic measures
the individual discriminative power of a variable. For each variable
(Y) Wilk’s lambda (A) was computed as the ratio of the sum of
squares between groups (SSg) and the sum of squares within
groups (SSw).

_ %
= SSw

In turn, the sum of squares within groups (SSw) was computed
as:

m

S =373 (- ¥)7 = 3 (Fa - Y1)+ 30 (Vo - Vo)

=1 1 i1 i1

adding up the sum of squares within group (j): group 1 (pixels of a
fruit before ripening) and group 2 (pixels of the same fruit after rip-
ening), being g the number of groups (g = 2); n; the corresponding
number of pixels, n; and ny; 7]-, the mean for each group j and Yy,
the value of each pixel (i) from group (j) for the variable Y. Since,
each time there was compared two groups, there were considered
two means of groups Yi, Y.
The sum of squares between groups (SSg) was computed as:

q — — — — — —
SSp = Z (Yj - YTOTAL)an =M (Yl - YTOTAL) + 1 (Yz - YTOTAL)
j=1

Where Yrgra is the mean of the merged population gathering
both groups.

A ranges from O to co. The higher the A, the more discrimina-
tive is the variable Y.

(b) Robustness of the indexes in relation to convexity of the
fruit. The objective of this comparison was to analyse which in-
dexes are affected by the convexity. A normalised artificial image
(not shown) for each index was computed by subtracting to every
pixel of the image the index value at the geometrical centre of the
fruit. Next, the correlation coefficient R was computed between the
index of each pixel and its distance to the geometrical centre. R was
computed for each index and each ripening stage, considering the
nine fruit images pooled together.

3.5. Statistical discrimination tests

In order to test and confirm the discrimination ability of the in-
dexes, all pixels from every peach were pulled together before
(non-ripened group) and after ripening (ripened group). ANOVA
was carried out for each index comparing these two groups. In
addition, a very previous attempt of classification of the spectra
was carried out. For that, a calibration set (5000 spectra from rip-
ened group, and 5000 from non-ripened group) was randomly se-
lected from the images. The centroids of the two groups, non-
ripened and ripened, were computed for each index. Then it was
calculated Euclidean distances of each pixel of the fruit images to
both centroids. After that each pixel was assigned to the nearest
class according to those distances. The observed and previous
assignments of all the pixels were compared with the classification
based on the Euclidean distance. This comparison was made for
each index.

All analyses were carried out using Matlab® (version 7.0; Math
Works, Inc., USA).

4. Results
4.1. Objective criteria for comparison

4.1.1. Ripening sensing. Wilks’ lambda computation

Fig. 3 shows the box plots of the nine values (y axis) for the four
indexes (x axis). Each box corresponds to the inter-quartile range,
and the median is indicated by a horizontal line. The lines extend
from each end of the boxes to show the whole range. Considering
the median, the global performance of the four indexes is as fol-
lows: A(Ind,) > A(Ind1) > A(Iap) > A(Ind3). Considering the inter-
quartile interval, it appears that A(Ind,) and A(Inds) vary to a
much lesser degree than A(Isp) and A(Ind,). The same indexes or-
der is found in Table 1 according to F of Fisher in ANOVA test. In
addition, it is also shown that all indexes are able to discriminate
between the two ripening stages.

Table 2 shows A for each pair of fruits and each index. The high-
est A values always correspond to Ind, (values ranging from 1 to
10.6). Ind; (A values from 0.7 to 3.1), Iap (0.08 t02.7), and Inds
(0.03 to 0.98) differed greatly from Ind,. The A ranges overlapped
for these three indexes.

Fig. 4 represents the average spectra of the representative fruits
of high A (fruits 1 and 6), which probably have a higher ripening
evolution, and low A (fruits 3 and 5), which probably have a low
ripening evolution. It is to note that the behaviour of the spectra
of some of the areas of the image might differ from the average
spectra of the whole image of the fruit. Consequently, whilst A
takes into account all the spectra of all the pixels, and therefore
variations within fruits, the average spectrum of each fruit can only



10k T _
|
1
8 L -
<
25 ]
o
-
w
=
E3ary 4
+
2F T T
1 %
ok —1 e _
| | | |
nd2 ind1 1ad ind3

Fig. 3. Wilks' lambda A inter-quartile ranges for the nine fruits before and after
ripening (y axis) for the four indexes (x axis). Median values are indicated by
horizontal lines in the boxes.

Table 1

Comparison of ANOVA results for the artificial images of each index. All pixels of the
fruit images were pooled together for the analysis, categorised in two groups: one
group before n = 40,071 and other group after ripening n = 34,957.

Ind, Ind, Ind; Iap
F (Fisher) 168,620 256,960 43,616 90,031
p level 0 0 0 0
Table 2

Wilks' lambda value for each fruit and index before and after ripening. Bold case
indicates the lowest /1, whereas cursive case indicates the highest A.

Fruit Ind, Ind, Inds Iap Number of Number of
pixels before rip.  pixels after rip.
1 3.09 959 068 148 3855 3490
2 141 461 084 268 3967 3531
3 1.31 232 0.04 0.08 4306 3840
4 1.90 359 015 038 4301 3790
5 1.15 4.05 003 022 4892 4207
6 1.07 1056 054 186 5057 4219
7 0.78 1.08 019 056 4839 4217
8 0.72 1.04 031 095 4780 4066
9 1.69 7.98 098 262 4074 3597

be used to compare single examples of ripe and unripe spectra. As
an example, fruit 6 presents high variation of the relative absorp-
tion peak at 680 nm, that is Ind,, and it also presents high evolu-
tion rate (Table 2, A =10.56). This effect (Fig. 4) is not so clear
for fruit 1 maybe due to the above mentioned fact that we are rep-
resenting only the average spectrum. On the other hand, fruits 3
and 5 present not so high change of Ind, (lower values of A, than
fruits 6 and 1) and graphically they present also low variation of
the relative absorption peak considering the average spectra before
and after ripening.

4.1.2. Robustness of the indexes in relation to convexity of the fruit

Table 3 shows the correlation coefficient between the radial
positions and the index values for all pixels of all the fruits before
and after ripening. When only the single 680 nm wavelength is
used, the correlation is very high. This clearly demonstrates the
interest of the normalised indexes for increasing the robustness
of the measurement. Amongst the indexes, only Ind, seems to be
affected by the radial position for unripe fruits, as confirmed by
the images in Fig. 5(1), where concentric circles appear.

4.2. Description of the computed images

Index images before and after ripening for the same fruits are
shown in the left column of Fig. 5. The variability within the fruit
is studied through the average and standard deviation per fruit,
plotted in the right column of Fig. 5.

4.2.1. Ind,

Ind, is based on the non-normalised second derivative. This in-
dex decreased with maturity as expected (the absorption peak at
680 nm disappears with ripening). It also showed a certain convex-
ity effect, which disappeared after ripening. In just-harvested
group the coefficient of correlation between the intensity value
and the distance to the geometric centre of the fruit was
R=—-0.64, whilst in after ripening group it was R=—0.12.

The variability within the fruits is lower in the ripened fruits
when compared to the fruits at harvest (Fig. 5(1)). The vertical blue
and red lines show a parallel evolution (the original maturity of the
fruits could determine fruit ripening at the end of the process).

4.2.2. Ind;

This index presented the lowest variability within the fruits.
The blue and red lines were completely parallel. Some ripened re-
gions (on the top and near the shoulders) were allocated to the
same areas before and after ripening. The intensity values and area
of those regions increased after ripening, as can be observed in the
third, fourth, seventh and eighth fruits from left to right on the top
of the fruit (Fig. 5(2)).

4.2.3. Inds

This index increased with ripening. The average and range lines
overlapped between the groups before and after ripening, whilst
high variability was observed within the fruits. These images also
show ripened regions with values that expanded and increased
during the process (ripening areas on fruits 3, 4, 6 and 9 from left
to right in Fig. 5(3)). These regions were generally located on the
top of the fruits and did not exactly match the differentiated areas
detected by Ind,.

424 Iy

This index decreased along the ripening process. It showed a
similar behaviour to Inds. It had overlapping, differentiated ripen-
ing regions that evolved along the ripening process and a similar
ranking of fruits according to ripening. The riper spots were usually
located on the shoulders (Fig. 5(4)).

5. Discussion

All of the indexes reflected the ripening evolution. The average
range of each fruit evolved as expected for all indexes (increasing
for Ind, and Inds; and decreasing for Ind, and I.p) along the ripen-
ing process. This behaviour can be explained by the common inclu-
sion of reflectance at 680 nm, the chlorophyll absorption peak,
which increased with ripening due to the chlorophyll degradation.
This behaviour has been observed by other studies using spectra
acquired by a spectroradiometer (Ferrer et al., 2005) and backscat-
tering profiles acquired in narrow bands of the skin in hyperspec-
tral images (Qin and Lu, 2008; Lu and Peng, 2006). The above
mentioned authors showed the relationship between ripeness
and reflectancefabsorbance at 680 nm. Lu and Peng (2006), espe-
cially, showed that the backscattered light is related to firmness.
None of these measurements were spatially detailed, whereas
the present research shows imaging of the whole fruit. As reported
by other authors (Crisosto et al,, 2001), some differentiated regions
of ripening could be detected on the images of multispectral-based
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Fig. 5. Lines 1, 2, 3 and 4 correspond to Indy, Inds, Inds and 1ap, respectively. Left column: reflectance images for the nine fruits before (first line of the image) and after the
ripening process (second line). Blue corresponds to the most unripe areas and red to the ripest. Colour bars in the figures indicate the scale of the values. Right column:
averages plus minus standard deviation within the fruit; ‘'x* axis represents each fruit; 'y’ axis represents the value of the index. Blue vertical lines correspond to the fruits
before ripening and red lines to the same fruits after ripening. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)

effect which, as mentioned in the Section 2.2, can be associated
with variations in the mean light path length. The other indexes
are not sensitive for either ripened or non-ripened fruits. Further-
more, the angle between incident and reflected light changes

according to the position of the pixel in relation to the centre of
the fruit, because the centre of the fruit matches the optical centre
of the image. Therefore, the path length of the light through the
fruit changes. When the fruit is unripe, the curvature of the spectra



at chlorophyll hole is significantly different than zero. Ind, (‘the
depth of the hole’) is high and is sensitive to path length variations.
The lack of sensitivity of Ind, to convexity for ripe fruits could be
related to the effect of ripeness on the spectra. When the fruit is
ripe, the curvature of the spectrum disappears; Ind, decreases
and becomes less sensitive to the path length. The value tends to
be constant and low and thus less sensitive to the radial position.

5.2. Which index presented a higher discriminate power?

The applied test Wilks lambda (Table 2) and F of Fisher (Table 1)
gave concordant results. In both cases Ind; was the most discrim-
inating index: it presented the highest F value and median of
Wilk’s lambda. Furthermore the classifications of all pixels
(n=75,028) based on the Euclidean distances to the centroids
(non-ripened and ripened group), showed that Ind, presented the
highest percentage of correctly classified (83%). The rest of the in-
dexes achieved the following percentages: 79% Ind;, 74% lap and
68% Inds.

Wilks’ Lambda is supposed to be related to fruit evolution. A
high lambda value supposes high variance before and after ripen-
ing compared to the variability within fruits and, therefore, will
have a higher discriminating power between the ripening stages.

Ind; presented the highest median of lambda (A = 4), followed
by Ind; (A=1.5), Isp (A=1), and Ind; (A =0.5) (Table 2 and
Fig. 3). Furthermore, Ind, always produced the highest A in the
nine pairs of fruits (Table 2) and the greatest separation between
each pair of fruits along the fruits’ evolution (Fig. 5, line 2). Thus,
Ind, could be the best index regarding discrimination ability and
Ind; the worst (maximum overlapping between the fruits before
and after ripening). Because Ind, is normalised (and therefore more
robust than Ind, ) and focuses exactly on the shape of the spectrum
around the chlorophyll zone, it characterises the ripening stage
well. This result confirms the necessity of compensating for both
multiplicative and additive effects when considering reflectance
images.

5.3. Why is there more variation in A for some indexes than others?

Let us divide the effect of ripening on spectra into a “mean ef-
fect”, which affects all fruits similarly, and a “fruit-specific effect”.
It seems that Ind, and I,y are sensitive to both effects, because (i)
they present the highest differences between the median values of
A, and (ii) their inter-quartile intervals are the largest. This higher
sensitivity of Ind, and [,p may be explained by their ability to de-
tect spatial variations inside the fruits.

5.4. Which index presented more variation in A?

Fruits present different rates of evolution. A higher A for a fruit
suggests faster ripening under the chosen postharvest conditions.

Considering each index (each column in Table 2), the different
fruits presented different A probably because of their evolution
rate. Thus, some fruits seemed to evolve faster (high A, fruits 1
and 6) than others (low A, fruits 3 and 5).

Ind, showed the highest range of A, and, therefore, it may be
the best index for detecting the different evolution rates.

5.5. Why are some fruits judged differently by certain indexes?

Fruits are judged differently by the indexes. Focusing on the A
ranges and values of individual fruits, the indexes can be grouped
into two pairs: Ind, and Ind,, and Inds; and I, (Table 2). The lowest
values of A were obtained for the same fruit within each pair of in-
dexes: fruit 8 for Ind, and Ind,, and fruit 3 according to Inds and

Iap. In addition, high A values were computed for fruit 1 according
to Ind; and Ind, and for fruits 2 and 9 according to Inds and Iap.

These different behaviours could be because the indexes char-
acterised two kinds of changes in the spectra; that is, Ind; and
Ind; focused on the shape of the chlorophyll absorption area, and
Inds and I,y focused on the difference or ratio between the red
and infra-red zones. It is notable that the ripe spectra presented
a global decrease, especially at the NIR (Fig. 4). This is surely due
to a global change in the skin reflectance. Because Ip and Inds;
are based on the difference between the NIR (above 730 nm) and
the red zone (around 680 nm), the decreasing NIR reflectance low-
ers Iap (and increases Inds) artificially. Inds and Iap, then, mix the
change at the chlorophyll zone with the decreasing NIR area, which
can be influenced by other factors apart from ripening, like water
loss.

Fruit 5, for example, was judged differently by both groups of
indexes. Inds; and Isp did not detect the evolution (low A, 0.03
and 0.22, respectively), whereas Ind, did detect the evolution
(A =4.05). The decrease in the spectrum could have changed the
ripening characterisation, and it could have influenced this dis-
agreement between indexes (Fig. 4d). Furthermore, fruit 1 is
judged to have fast evolution by Ind, (A = 10.6) and slow evolution
by Ind; (A = 0.68) and Ip (A = 1.48). Fruit 1 also presented a gen-
eral decrease at the NIR region.

Fruits that showed quicker evolution (Fig. 4, first line, fruits 1
and 6) presented a greater change of shape at the chlorophyll
absorption area. Fruits that showed less evolution (Fig. 4, second
line, lower A, like fruits 3 and 5) presented a weak change. Fruit
6, for example, is judged to have high evolution by Ind; (A =9.5),
some evolution by Ind; (4 =3.1) and low evolution by Inds
(A = 0.54), whilst fruit 6 presents a high difference at the chloro-
phyll region.

6. Conclusions

The present research proposes two new indexes, Ind; and Ind,,
to be compared with two previously used indexes, Ind; (Lle6 et al.,
2009; Sims and Gamon, 2002) and IAD (Ziosi et al., 2008). All of
these indexes were extracted from hyperspectral images, and their
corresponding multispectral images were computed. Hyperspec-
tral image system is employed for searching the best combination
of wavelengths regarding the problem of ripening sensing. Once
the indexes are proposed, a much cheaper system, multispectral,
could be employed to compute the respective artificial images, be-
cause only few (three or four) wavelengths are actually needed.

Great differences were found in their ability to discriminate rip-
ening stages through Wilks’ A. The Wilks’ A values were computed
between the index values of each fruit before and after ripening.
Ind, showed the highest A for all the fruits because Ind, is a nor-
malised index and is focused on the shape at the chlorophyll
absorption peak, at 680 nm.

All indexes were able to correct the convexity effect (the corre-
lation coefficient R between the index values for all pixels and their
radial positions was 0.01-0.48), except for the just-harvested pea-
ches and for Ind, (R = —0.66). The 680 nm images, however, were
greatly affected by convexity (R around 0.75 or 0.8), and the pro-
posed indexes were able to correct this effect.

As a conclusion, Ind, is the preferred index. It showed a clear
parallel evolution of average and range values, lower variability
within the fruits, better discrimination between ripening stages
and no convexity effect. In addition, Ind, allowed the differentia-
tion of ripening regions within the fruits and showed the evolution
of those regions during ripening.

Further analysis could be done by comparing reference mea-
surements, such as firmness, from differentiated, ripened regions



detected by the studied indexes vs. reference values from the
remaining part of the fruit. To validate the obtained results, an ex-
tended analysis with an increased sample size would be necessary.
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