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In the framework of a continuously evolving global market, olive and olive oil industries should introduce new
and innovative technologies in order to enhance their productivity and improve their competitiveness.
Computer vision systems (CVS) employed in automated processes for olive sorting and/or quality inspection
constitute a promising tool that allow these industries to respond to the global market requirements. One of the
application of CVS in this sector may be the prediction of olive ripening through data obtained from machine
vision systems, in order to achieve a proper processing and obtain high quality products. Indeed, either for
olive oil or table olives, ripening degree represents a key factor that influences the final product features. In
this context, the present study aims to evaluate colour changes during olive ripening using a computer vision
system. Experimental trials considered two olive (Olea europaea L.) cultivars, namely, ‘Carolea’ and
‘Nocellara’. First, experienced operators classified the olives visually in five different ripening classes for
Carolea and six classes for Nocellara. After that, olive image acquisition was carried out employing a
laboratory computer vision system consisting of a digital camera inside an inspection chamber under a
controlled illumination. Images were then, pre-treated for white balance as well as chromatic correction using
a profile specifically created with Colorchecker Passport Software (X-Rite Inc, USA), and subsequently
analysed using Food-Color Inspector 3.5 (Cofilab) software, which allowed obtaining the segmentation models
for colour olive images and the subsequent analysis of their features. The obtained data from image analysis
expressed in terms of R, G, B, CIE L* CIE a* and CIE b* colour coordinates, green area (%) and veraison
area (%) were statistically analysed using ANOVA and PCA. Image analysis results show highly significant
differences between the two studied cultivars as well as between the ripening classes. Moreover, PCA results
illustrate that, for both cultivars, the main variability is expressed according to the first two components, with a
different effect of colour coordinates on these latter.

1. Introduction

Marketplace rules become ever more severe because of the globalization that imposes high productive
standards. Moreover, the rising interest of the consumers towards the provenience, the productive process
and especially toward the quality of the products they purchase, lead the agro-food industries to introduce new
and innovative technologies that enable them to respond to consumers’ requirements and expectation,
assuring their competitiveness (Bernardi et al., 2013). Olive and olive oil industries, as well as the entire sector
should be up to date regarding these technologies. Non-destructive technologies, especially those based on
computer vision system (CVS) constitute a promising tool (Benalia et al., 2015), which allow olive and olive oil
industries to increase the marketed product quality especially if employed in automated processes for olive
sorting and/or quality inspection.

The scientific literature reports different applications of computer vision systems and the subsequent image
analysis in olive and olive oil sector. Diaz et al. (2000 & 2004) developed and tested a fast algorithms for
processed olive sorting; Riquelme et al. (2008) analyzed the images of olives Manzanilla sevillana considering
both colour features and morphological characteristics of external defects; Furferi et al. (2010) predicted olive
ripening index from image analysis data; Ram et al. (2010) developed predictive models of oil content of
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Picual and Souri olive cultivars, Abdelhedi et al., (2012) built an algorithm aimed to verify oil level in the bottle
and caps defects.

One of the application of CVS in olive and olive oil sector may be the prediction of olive ripening through data
obtained from machine vision systems, in order to achieve a proper processing and obtain high quality
products. Indeed, either for olive oil or table olives, ripening degree represents a key factor that influences the
final product features. Currently, the determination of olive maturity index is based on the visual colour
assessment ranging from olives with a deep green skin to olives with a black skin and violet flesh (Essiari et
al., 2014) according to the developed formula at the Venta del Llano Experimental Station, IFAPA, Mengibar
(Jaén, Spain) (COI, 2011). Fruit and vegetables ripening assessment using computer vision system provided
reliable results such as demonstrated by Mendoza and Aguilera (2004) for bananas, Fadilah et al., (2012) for
oil palm fresh fruit bunch, Vélez-Rivera et al., (2014) for mangoes cv. ‘Manila’, as well as Kanade and
Shaligram (2015) for guava fruit. In this context, the present study aims to evaluate colour changes during
olive ripening using a computer vision system considering two olive (Olea europaea L.) cultivars.

2. Material and methods
2.1 Samples

The experimental trials considered olives cv. ‘Carolea’ and ‘Nocellara’. The drupes were harvested manually
in different dates during 2015 campaign, in a commercial olive orchard situated in the Province of Reggio
Calabria (Southern ltaly). An experienced operator classified them according to their ripening degree,
obtaining therefore five (5) classes for ‘Carolea’ and six ones (6) for ‘Nocellara’ based on the visual
appearance of the olives (Figure 1).
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Figure 1: Visual classification of ‘Carolea’ and ‘Nocellara’ drupes according to the ripening degree by an
experienced operator.

2.2 Image acquisition

Image acquisition of each drupe was performed with a digital camera NIKON D5200 (Nikon Corp., Japan) that
allow capturing images of 24.1 million effective pixels. The captured images had a size of 2286 x 3016 pixels
and a resolution of 0.105 mm/pixel. The camera was provided with an AF Micro NIKKOR 60mm f/2.8D lens.
Lighting was provided by eight fluorescent tubes (BIOLUX T8-18W/72, 6500 K, OSRAM, Germany) placed on
two opposite sides of a square inspection chamber in a 0°/45° configuration (Figure 2). The camera was
connected to a computer and was remotely managed using the digiCamControl V.1.2.0.0 software.
Considering the used lamps, ISO value was set to 100, while the aperture was set according to Mendoza et al.
(2006) and Valous et al. (2009). Once fixed these two parameters, the exposition time was adjusted until
obtaining a correct exposition using the ColorChecker white balance target (X-Rite Inc, USA); the obtained
value was 1/250 s.
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Figure 2: The inspection chamber used for image acquisition.

2.3 Image pre-processing and analysis

Since RGB colour model is device dependent (Menesatti et al., 2012), a previous calibration step was
performed. Indeed, subsequently to image acquisition, all images underwent the white balance and the
chromatic calibration according to a previously created profile with the ColorChecker Classic target (X-Rite
Inc, USA), through the Colorchecker Passport Software. The calibrated images were then analysed with the
Food-Colorlnspector 3.5 Software (available at http://www.cofilab.com). This software allows to select training
sets of pixels belonging to representative areas of the olives with different colours, and creating a
segmentation model through Bayesian linear discriminant analysis that is later applied to the rest of the
images. Seventy percent (70 %) of the images of each cultivar were segmented considering two color classes
i.e. green and veraison moreover than the background (Figure 3). Three segmentation steps were carried out
for each color class and for each image. At the end of the segmentation process, the obtained training model
was applied to all the images in order to obtain drupe color features.

Figure 3: Olive original image (left) and the image segmented (right).

2.4 Data analysis

Data obtained from image analysis and expressed in terms of R, G, B, CIE L* CIE a* and CIE b* colour
coordinates, green area (%) and veraison area (%) were statistically analyzed applying a two way analysis of
variance ANOVA with R version 3.3.1 as well as a Principal Component Analysis (PCA) with PAST version
2.17c.

3. Results and discussion

The analysis of variance of the veraison area shows highly significant differences between the two studied
cultivars as well as between the ripening classes. The obtained results are reported in table 1. Moreover,
Figure 4, representing the mean plot of the veraison area (%) according to the ripening class of both cultivars,
shows that for the first three classes the drupes belonging to the studied cultivars may have a similar
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behaviour in colour attribute changes. This tendency disappears when ripening reaches its advanced stages.
Here, both of the cultivars and the ripening classes are clearly distinguishable. In addition, a fast colour
change that occurs particularly between the second and the forth classes can be observed through the mean
plot.

Table 1: Two-way ANOVA of veraison area (%) of the drupes according to cultivar and ripening class. a=0.05.
Signif. codes: 0 "™**' 0.001 **' 0.01 ™' 0.05"'0.1"'1. a=0.05

Sum Sq Df F value Pr(>F)
Cultivar 3043 1 33.5671 9.111e-08 ***
Ripening class 170390 5 375.8900 <2.2e-16 ***
Cultivar x Ripening class 1384 4 3.8176 0.006403 **
Residuals 8522 94
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Figure 4: The mean plot (+ stand dev.) of the veraison area (%) according to the ripening class of both
cultivars.

As previously mentioned, the output of image analysis were expressed in terms of RGB and CIELAB colour
coordinates, the green area (%) and the veraison area (%). Therefore, In order to compress and interpret the
internal relationships between these variables, and at the same time check it out whether some of these are
able to separate the analyzed ripening classes, PCA was applied as carried out by Benalia et al. (2016).

The results show that for both cultivars the main variability is expressed according to the first two components
(Figures 5 and 6). For cv. ‘Carolea’, the first component is positively influenced by the coordinate CIE b* of the
green area (which represents the yellow when assuming positive values, as in this case, or blue when
assuming negative value), as well as by the green area percentage, characterizing therefore, the first
(unripen) class. Besides, this component is negatively influenced by veraison area percentage, CIE a* of both
of the green area and the ripen area (which represents the red when values are positive or green when values
are negative), as well as the coordinate B of the green area, describing the ripen class. The coordinates R,
CIE L*, G and CIE b* of the ripen area exert a positive influence on the second component characterizing the
ripening progress, while the coordinates R, CIE L*, G of the green area have a negative effect on this
component.

Concerning ‘Nocellara’, the PCA results show that the first component is mainly influenced by the coordinates
G, CIE L* CIE b* and R of the green area characterizing the unripen drupes, while it is negatively affected by
CIE a* of the green area and the percentage of the ripen area distinguishing therefore the ripen drupes. On
the other hand, the second component is affected by the coordinates R, CIE L* G and B of the ripen area
characterizing ripening progress.
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Both of PCA scatter diagram illustrate that the visually categorized ripening classes are somehow overlapped
over the ripening process, indicating the inaccuracies of such a segregating method. This can be solved using

numerical data from image analysis and applying multivariate analysis to look for those variable that enable an
accurate segregation.

Component 2 (42 018 %)

Caomponent 1 {44 675 %)

Figure 5: PCA scatter diagram of the ripening classes for olives cv. ‘Carolea’

Component 2 (34 147 %)

Component 1 (46 661 %)

Figure 6: PCA scatter diagram of the ripening classes for olives cv. ‘Nocellara’.

4. Conclusions

The present study aimed to assess colour attributes of two olive (Olea europaea L.) cultivars, i.e., ‘Carolea’
and ‘Nocellara’ according to their ripening stage using a computer vision system and image analysis. The
obtained results show that the employment of computer vision system provide useful preliminary information
regarding the determination of those parameters that better allow the classification of the drupes according to
their ripening degree. Indeed, according to these results CIE b* of the green area could be used to
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characterize the unripen olives, while the coordinate CIE a* describes more the ripen drupes, independently
from the cultivar. Further studies are needed to confirm the obtained results in view to develop an algorithm
able to separate correctly the drupes in an automated process.
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