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Abstract—Imaging is an emerging contact-less high-
throughput technology employed to retrieve quantitative and
qualitative plant traits. In addition, it is often combined with
artificial neural networks (ANNs) to further improve the
reliability of image-based digital proxies. The olive oil industry
is expanding globally as olive oil is increasingly recognized as a
functional food. Fast and reliable determination of fruit quality
traits is challenging in the agricultural sector. This study
summarizes recent advances in the use of RGB-based imaging
combined with ANNs to (i) predict oil and phenol
concentrations in olive fruit and (ii) classify fruit at harvest
according to colour and defects. Opportunities and limitations
are also discussed.
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I. INTRODUCTION

Within the digital agricultural domain, image-based
methods are employed to retrieve several plant traits
enabling the estimation of water status, incidence of diseases,
fruit defects at harvest, and growth (e.g., [1], [2], [3], [4]).
The use of imaging to identify proxies of quality traits during
the fruit growing season is developing, too [5]. In addition, in
the agricultural sector, as in others, imaging is often
combined with artificial neural networks (ANNs) models to
solve prediction and classification problems.

The olive oil industry is expanding globally as olive oil is
increasingly recognized as a functional food [5]. Within the
olive sector, ANNs have been employed mainly for
characterizing olive oil and analyzing its composition. For
example, [4] reviewed the use of predictive methods based
on ANN with application during the production and
processing of olive oil. Although the quality of olive oil
substantially depends on the quality of olives, the application
of imaging and ANNs during the field stage of olive fruit
development received little attention.
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The quality of raw olives (e.g., maturity level, absence of
external defects) is pivotal for the production of high quality
table olives and olive oil. For this purpose, the use of ANN
and imaging are increasingly used to support fast and reliable
classification and sorting of raw olives [3][7].

This study summarizes recent achievements in imaging
olive fruit as combined with ANNs focusing on both the
prediction of fruit quality during development and the
classification of raw olives at harvest. Opportunities and
limitations are also discussed.

II. DESCRIPTION OF THE CONTRIBUTION

In the olive sector, as in most horticultural sectors, fruit
quality traits should be clearly defined to better support their
accomplishment. In the case of olives, fruit quality is
essential for olive oil determination. Particularly, phenolic
compounds are substantial quality traits of olive oil not only
for their healthy nutritional attributes but also for other
technological properties, including contrasting oil oxidation
throughout the storage time [8]. Hence, harvest time should
be decided to maximize the content of phenols. However, the
amount of extractable oil is still the dominant trait
determining the profitability of olive crop. Considering that
both oil and phenol concentrations in olive fruit accumulate
during field cultivation, the decision of harvest time becomes
relevant for olive fruit and, in turn, for olive oil quality.
Following this, both phenols and oil concentrations need to
be monitored to identify the best harvest time.

For table olives, the absence of damages and uniformity
of colour is associated with high consumers’ acceptance of
the fruit phenotype [8][9]. The absence of defects in fruit is
also a prerequisite for high-quality olive oil, including its
stability during storage [10]. Hence, a process aimed at
classifying and sorting olives is recommended for top
productions.

Based on own papers and those from the literature, the
present contribution highlights current advances and critical
issues on RGB-based imaging and ANNs methods aimed at
(i) predicting the change of key fruit quality traits (oil and
phenols concentrations) during fruit development, and (ii) to



classifying olive fruit at harvest according to colour and
eventual defects.

III. RESULTS AND APPLICABILITY

Prediction of fruit quality development. Examples of the
concentration of total polyphenols and oil in developing
olive fruit throughout the season are reported in Fig. 1. It
could be noted that oil concentration accumulated almost
linearly, while total polyphenols had a fast early increase
thereafter, they remain roughly stable. Accumulation patterns
and absolute values of polyphenols and oil are influenced by
the cultivar suggesting the training of any model should be
tailored to a specific cultivar and would cover the whole
developmental period.

During development, fruit phenotype showed the
classical change of skin colour (Fig. 2). However, the colour
veraison process would depend on the cultivar or at least on
the ripening group (i.e., early, medium, or late ripening
cultivar) [11]. Hence, Within an ANNs context with an ideal
ANN working simultaneously over several cultivars, the
ripening period of the cultivar(s) under scrutiny should be
provided as a piece of known information to an to improve
model performance [11].
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Fig. 1. Concentration of (A) total polyphenols (mg Gallic Acid Equivalent
per mg of Dry Weight —flesh and stone), and (B) oil. Bars are +SE.

The phenotype variation could be well described as
changes in R, G, and B mean pixel values. For example, in
the Leccino cultivar, these values showed an initial increase
in every color band, peaking at maximum values in early
September (Fig. 3). Thereafter, the values of R, G, and B
color bands declined toward the minimum values achieved at
the beginning of November. However, R and G promptly
declined to values of approx. 66% and 80% of the maximum,
respectively. By contrast, the mean pixel value of the B color

band had a more gentle and progressive decline of about
20% of the maximum (Fig. 3). Using R, G and B clearly
improves a classical visual colourimetric parameter used for
olive ripening class assignment (i.e. Jaén’s index) which
suffers poor standardization due to variable visus of
personnel [3].

The seasonal dynamics of fruit phenotype (i.e., skin
colour) in various cropping areas might differentially be
coupled with that of oil and polyphenols because of a
variable gene x environment interaction. Hence, appraisal of
the influence of different environment on the phenotype of
the same cultivar needs to be specifically tested within an
imaging context.

Fig. 2. Example of phenotype of “Leccino” olive samples collected on (A)
end of July, (B) beginning of September and (C) mid October.

Within ANNs, the Back Propagation Neural Network
model (BPNN) fed with RGB-based colourimetric indexes,
had a good performance in predicting the oil concentration
over a dataset covering the whole developmental stage
(coefficient of determination R*> = 0.94) (Fig. 4A). As
concern the polyphenols, the BPNN showed a weaker
prediction performance compared to that of oil (R?* =0.79)
(Fig. 4B). This lower performance can be explained
considering that the imaging only collected the variations of
R, G and B colour bands of the skin, while polyphenol
variations would also be associated to the change of colour
of the flesh layer according to the abovementioned common
colorimetric Jaén’s index [3]. Therefore, in the case of
polyphenols, the model integration with signals able to
collect deep layer of fruit (e.g., spectral) would be substantial
to improve its accuracy.
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Fig. 3. Variation of the mean pixel values of the red (R), green (G) and
blue (B) color channels measured in olive samples througout the growing
season. Redrwan from [11].



The combination of image-based phenotyping and an
ANN model to predict the concentration of oil and
polyphenols in olive fruit creates the basis for further
research aimed at large scale application of the method to
assist growers’ decision on optimal harvest time. In addition,
the use of RGB sensors would be in line with affordable
phenotyping as these sensors are cheap and easily accessible
(e.g., through mobile phones) [12]. However, a large
exploitation of results requires more effort to test the model
in different cultivars having various ripening times and
different absolute levels of oil and polyphenol
concentrations. In addition, as a common issue in plant
phenotyping, efforts are required to move on from lab to
field applications accounting for variable environmental
conditions which might influence the standardization of
RGB signals.
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Fig. 4. Correlation between measured and predicted (A) oil and (B)
polyphenols concentrations extracted from developing olive fruit.
Predictions were achieved through a BPNN with a single hidden layer and
35 RGB-based colourimetric indexes as input variables. Figures have been
produced based on source data redrawn from [11].

Fruit classification and sorting at harvest. Olive fruit for
table consumption requires uniformity of the maturity level
which might be associated with fruit phenotype. In addition,
in table olives fruit external damages influence consumers’
acceptance [8][10]. Defects of fruit also reduce the quality
of the olive oil and, in turn, its shelf-life [10]. Hence, fruit
classification and sorting before processing is recommended
for top productions.

Following this, the combination of RGB-based imaging
and ANN is employed for automatic and high-throughput
classification of fruit for both oil and table olives production
[10]. Particularly, Convolutional Neural Network modeling
(YOLO) is used for the selection of fruit based on skin
colour and eventual defects [S][7][8][10].

Recent studies have focused on various fruit defects,
including the presence of discoloured spots, mechanical and
biotic damages, and integrity [7][10]. In a laboratory study,
using a high-resolution RGB camera, the resulting
classification accuracy of an ANN model was above 95% for
both colour classification and defects identification [10].
Similarly, a model based on RGB imaging coupled with a K-

nearest neighbors algorithm [8] was able to explain about
90% of the total variance of the colour of olives (Fig. 5).
Within an automated pipeline for detection of defects, the
speed of the algorithm execution is a substantial feature of
the model. However, a trade-off between algorithm
execution time and efficacy in object detection is often
targeted in classification problems [10].

In conclusion, recent scientific achievements provide
substantial progress in using RGB-based imaging and ANN
within regression and classification problems. Future efforts
are required to solve criticisms related to cultivar-specific
issues (ripening time) and to the influence of the
environment. In addition, limitations of RGB (e.g., lack of
information on deep flesh layer) should be overcome by the
combination of different sensors (e.g., VIS-NIR, UV,
hyperspectral, and fluorescence imaging).
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Fig. 5. Correlation between measured and modelled fraction (%) of black
olives using RGB images of trayes and the k-nearest neighbors (k-NN)
clustering algorithm for pixel classification. The grey area represents the
confidence interval around the linear model (solid line). Elaboration by
authors on source data appearing in [8].
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