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Abstract. The aim of the present work is to propose methods and tools for classifying sweet pepper into groups
according to their degree of maturity based on color and spectral characteristics extracted from color images
on the surface of the vegetables. The investigated pepper is two varieties of sweet - red Banji and yellow
Liri. Five groups were formed, depending on the degree of maturity, and 16 color and 11 spectral indices
were calculated for each of the groups. By successively using the ReliefF and PLSR methods, a selection of
informative features and subsequent reduction of the vector formed by them was carried out, thereby aiming
to increase the predictive results and minimize the time for data processing. The obtained classification errors
between the individual stages of ripening vary according to the type of pepper and depending on which of the
two types of maturity the fruits are in - technical or biological. For red sweet pepper, the separation inaccuracy
obtained using a discriminant classifier with a quadratic separation function is in the range of 8 - 19%, while for
yellow it is from 5 to 23%. The results obtained in the present work for the classification of pepper into groups
according to their degree of maturity would support decision-making in selective harvesting and overall more
accurate and efficient management of the harvesting process from the point of view of precision agriculture.
The work will continue with studies related to the prediction of various compounds indicating changes in the
color of peppers, including chlorophylls, carotenes and xanthophylls. In this way, it is possible to increase
the accuracy in determining the degree of ripeness, since in pepper the color does not always follow the same
pattern of change from green to yellow to orange to red.
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Introduction

The favorable natural conditions and established
traditions in Bulgaria in the field of vegetable
production are not sufficient in the cultivation of sweet
pepper to achieve optimal yields corresponding to
those obtained in neighboring countries, where in most
cases the production is high-tech. In order to develop a
highly efficient and economically justified production
of pepper in our country as well, organizational,
technological, and resource factors occupy a leading
place. One such factor directly related to the need to
develop technological innovations and determine the
economic feasibility of growing sweet pepper is the
stage at which the fruits will be harvested from the
field. In the case of pepper, this is because sweet pepper
peppers can be consumed both at technical ripeness
(peppers are unripe and have a green color) and
biologically (when the fruits have the characteristic
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red or yellow color of a ripe pepper). The economic
importance of sweet pepper maturity can be justified
by the influence of this indicator on the marketability,
quality, and value of the crop. By understanding the
different stages of ripeness and harvesting the fruit at
the right time, farmers can optimize their yields and
profitability while meeting the needs and preferences
of their customers (Lehnert et al., 2020).

Climatic advantages and established traditions in
the field of vegetable production are not sufficient in the
cultivation of sweet pepper to achieve competitiveness
and optimal yields in the Republic of Bulgaria. In
order to develop highly efficient and economically
justified production in this vegetable, organizational,
technological, and resource factors occupy a leading
place. One such factor directly related to the need to
develop technological innovations and determining
the economic feasibility of growing sweet pepper is
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the stage at which the fruits will be harvested from
the field.

As already emphasized, two types of maturity are
observed in pepper. The color is of different saturation.
At full or biological maturity, a rich range of colors is
observed. The colors are purple, scarlet, orange, red,
and yellow (Description, 2023).

The evaluation of pepper ripeness, for the purpose
of harvesting and sorting the crop, is done visually,
relying above all on the experience of the evaluating
expert. Modern technical means such as robots and
sorting machines, using a variety of sensors, control
devices, actuators, and regulating bodies, require
that data on pepper maturity be obtained in an
automatic manner. For this purpose, video cameras,
spectrophotometers, hyperspectral and multispectral
cameras, magnetic resonance, and sound sensors are
used as sources of data on pepper maturity. To process
these data, classification and regression methods
are used, as well as significantly more complex
computational procedures, such as neural networks
(Kootstra et al., 2021).

Postharvest Center of the University of California
(Bell Pepper, 2023) offers flyers for various fruits,
vegetables, and ornamental flowers. In the pepper
section, the team has developed a brochure that briefly
describes the development of the plant and what
diseases and pests are more common on it. These
brochures are extremely useful to producers, traders,
and agronomists in the cultivation and distribution of
agricultural produce. The scarce information on the
color characteristics of the pepper during its ripening
can be pointed out as a disadvantage.

In recent years, there has been a trend towards
extracting knowledge from databases with visual
information about pepper. Harel et al. (2020a) analyze
an available image dataset with 296 images. The
authors extracted 24 features from pepper images,
divided into 4 classes. As a next step, they grade the
pepper by degree of ripeness. Their training samples
are 20—50% and test samples are 50-80% of the data.
Two classification algorithms, logistic regression
and random forest, were used. For yellow and red
pepper, the authors achieved an accuracy of 90—
98%, depending on the classifier and pepper variety
used. A major contribution of the team of scientists
is the proposed variant for training classifiers with
a small sample size of 6-48 images, which achieves
the specified classification accuracy. Harel et al.
(2020b) continued this work, determining the
influence of camera angle and fruit position as factors
affecting pepper maturity recognition accuracy. The
authors found that the orientation of the fruit had a
significant effect on the classification accuracy. When
photographing the fetus from below, they get the

highest classification accuracy compared to the other
observation points. Accuracy increases by 15-20%.

Van Essen et al. (2022), propose a point selection
algorithm for obtaining images of pepper when
determining its ripeness. Applying this method, the
authors increase the classification accuracy by 6% and
reduce the harvesting time by 3-21%. A disadvantage
of this development is that the algorithm is not efficient
enough in all possible cases of photographing pepper
fruits. According to the scientists, it is necessary
to search for more effective methods for optimal
determination of the shooting point of pepper, when
determining its maturity.

Cong et al. (2023), propose classification
procedures for determining pepper maturity from
color digital image data. The authors use a variant of
a neural network. Recognition accuracy is increased
to 99%.

Some limitations of known solutions in the subject
area can be summarized. The pepper images used for
classification and regression are at relatively the same
degree of maturity. Different classification procedures
are used in different publications, which makes
comparative analyses and the selection of appropriate
algorithms and procedures for a given pepper variety
difficult. Due to the different varietal characteristics of
pepper, it is not possible to fully generalize the task of
recognizing and classifying the degree of ripeness of
the fruits of the plant. The techniques of hyperspectral
analysis (Lorente et al., 2012) and nuclear and
magnetic resonance have been successfully applied in
laboratory conditions for the classification of pepper
according to degree of maturity. A major limitation
of these methods is their direct application in the
field. The problem arises from the fact that they are
associated with relatively large volumes of data that are
obtained from measuring devices, as well as the lower
distribution of these devices due to the complexity of
use and their higher cost, compared to video cameras
and spectrophotometers. In terms of data processing
and analysis, complex procedures such as neural
networks have been used. These methods increase the
accuracy of pepper maturity determination compared
to classical ones such as discriminant analysis, decision
trees, and regression methods. On the other hand, the
use of complex computational procedures is difficult
to implement in embedded robot control systems for
harvesting and sorting the pepper crop. In addition,
there are no clearly defined grades of pepper maturity.
There are two main classes: technical and biological
maturity, which in various publications the authors
divide into several subclasses (Cong et al., 2023; Van
Essen et al., 2022; Villasefior-Aguilar et al., 2020).

The improvement and refinement of the
technologies for harvesting and sorting pepper,
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depending on its degree of maturity, requires producers
to introduce such technical and informational means
that lead to an effective technological and economic
effect. In most cases, when using automatic sorting
algorithms, there is a discrepancy between the results
obtained in laboratory conditions and directly in the
field. This necessitates constant improvement of
automatic collecting and sorting machines (Liu et al.,
2024).

The aim of this work is to propose methods
and tools for classifying sweet peppers into groups
according to their degree of maturity based on color
and spectral characteristics extracted from color
images of the surface of the vegetables.

Materials and Methods

Two varieties of sweet pepper were studied: red
Banji (Capsicum chinense) and yellow Liri (Capsicum
annuum). Data on the color change on the surface of
peppers were taken from available literature sources
(Harel et al., 2017; Harel et al., 2020; van Essen et
al., 2022). Images of 70 yellow and 70 red peppers
are divided into five groups (classes), depending on
the degree of maturity (classes from 1 to 5). 60%
of the images were used to create the classification
procedures and 40% to check their accuracy.

This work uses the results obtained by Harel
et al. (2017) on knowledge extraction from visual
information databases of peppers. It uses the result
of Logistic Regression, Random Forest classification
algorithms, and nonlinear discriminant analysis
with a quadratic partition function. Furthermore,
in this research, results from Harel et al. (2020) are
incorporated; the work did include the pepper fruit’s
orientation to add accuracy to the classification.

A total of 16 color indices were calculated
according to the known equations, presented in
Pathare et al. (2013). For both types of pepper: L, a,
b, C, h, YI, WI, BI, SI, CIRG, COL, CI, ECB, FCI,
WL, PACL

The component L (Lab) is related to changes in
illuminance levels and ranges from 0 to 100. The
next component of the Lab model a(Lab) shows
the proportions between red and green color and
has a value of -128 to +127, while the changing is
within the same limits. b (Lab) indicates changes
from blue to yellow hue of color have occurred.
The component C (LCh) determines the distance
at which the color is located from the center of the
color circle. The component h (LCh) indicates at
what angle the color is located relative to the origin
of the coordinate system of the color circle. White
Index (WI) represents how white a color is in terms of
human perception. Yellow Index (Y]) indicates color
changes from white to yellow. The brown index (BI)

is related to the oxidation of the phenolic compounds
in the products and changes with their variations.
SI determines how light or dark an object’s color is
based on a comparison to white and black. The CIRG
index shows the changes in anthocyanin levels in the
product. COL is an index reflecting variations in the
carotenoid level. CI corresponds to the ratio of the red
to yellow-blue component, indicating the dominant
color direction. Changes in the ECB index show the
extent to which the color shifts from yellow to pink.
The FCI index represents the difference between the
lightness and the yellow level of the object, while the
WL shows the ratio between the latter two. The red to
yellow color value is represented by the PACI index.

The presented indices are calculated by the L, a,
b, C, and h color components (which are also used as
indices) using the following formulas:

C =+a?+ b2 (1)
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h° = tan™? (—) ()
a
- 142,86b \
- L 3)
YI =100 — /(100 — L)% + a2 + b2 )
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017 " 5,645L+a—0,012b (5)
SI =+/a? + b2 (6)
cirg = 80— )
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cr=2
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Using functions to convert RGB data to spectral
features, spectral data for 5 classes of pepper were
obtained (Smits, 2000; Wyman et al., 2013).

The calculated spectral indices are 11 in number:
REL PTIL, CTI, TVIL, G, NexG, NGRDI, RGBVI, GLI,
VARI, and ExG (Cermakova et al., 2019; Atanassova
etal., 2019).

Redness Index (REI). It provides information
on the boundary VIS and NIR spectral regions. The
photochemical reflectance index (PRI) provides
information on changes occurring in the amounts
of carotenoids. High carotenoid index (CRI) levels
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suggest an increase in carotenoid values. Triangulation
Index (TVI) describes the radiant energy absorbed by
the pigment as a function of the relative difference
between the red and near-infrared ranges. Green
Index (G) indicates variations in green color. The
greenness index with normalized kurtosis (NExG)
gives information about the extent to which the green
color covers the plant under study. Normalized Green-
Red Difference Index (NGRDI) presents information
about what area of the plant is green and what is red.
The red-green-blue vegetation index (RGBVI) signals
deviations in the appearance of yellow spots on the
investigated vegetation. Green Leaf Index (GLI)
values range from -1 to +1. Negative values indicate
the presence of dark areas in the captured objects,
while positive values refer to green-colored areas.
The Visible Atmospheric Resistance Index (VARI)
aims to reveal color in the visible part of the spectrum
while mitigating differences in illumination and
atmospheric pressure. Using the excess green index
(ExQ), it is possible to obtain information about which
areas of the studied object are green and which are of
another color. Illumination has a significant influence
on this index.

The vegetative indices used in the work were
obtained by spectral reflection in the wavelengths 420,
510, 520, 530, 550, 570, 620, 670, 680, 720, 740, and
750 nm. These wavelengths are relevant for maturity
analysis inred and yellow peppers because they capture
pigment concentration and variation of chlorophyll
content (Rizzo et al., 2023). The wavelengths
include critical ranges for absorption and reflection
by chlorophyll, carotenoids, and anthocyanins that
take part in plant-ripening processes. These formulas
are, therefore, very different in maturity classes by
applying these wavelengths to the vegetative indices.
When peppers ripen, this differentiation is based on
changes in color and composition.

The indices are calculated by the formulas:

Rs50 — Rezo
NGRDI] = =2 —°% 20
Rsz0 + Rezo 0
Re0? — ResoR
RGBVI = 5202 620420 @1
Rs20” + Rez0Ra20
2R —R —R
cLp = 2Bs20 = Rezo = Razo (22)
2Rs30 + Rez0 + Razo
Rsz0 — Rezo
VARI = 23
Rs50 + Rez0 — Razo 29
ExG = 2Rs30 — Rg20 — Razo (24)

Using the ReliefF method (Georgieva et al., 2020),
a vector of the most informative features for pepper
classification, depending on its degree of maturity, was
selected. According to Farrell et al. (2019) the most
significant features are those with weight coefficients
with value above 0.6.

Data volume reduction of the selected feature
vector was done with the Partial Least Squares
Regression (PLSR) method (Yotova et al., 2016).

The data were classified with discriminant analysis
(Kirilova, 2012), by means of a non-linear quadratic
dividing function, which has the form:

S(x)=K+v.L+7v.Qv (25)

where: K is a constant;
L — linear coefficient;
Q — quadratic coefficient;
v=[x;y] — data matrix;
x and y are the first two latent variables;
v’ — transpose matrix of v.
The efficiency of using the classification procedure
was evaluated by the overall classification error.

=1 FN;

e =
YLy TP+ X2, FN;

.100, % (26)

where: FN is the number of data from class i
incorrectly assigned to other classes;
TP is the number of correctly classified data
of class i.

Matlab 2017b software system (The Mathworks
Inc., Natick, MA, USA.) was used to process the
experimental data.

Literature sources regarding color changes at the
pepper surface are very similar to those obtained from
research data. In this work, an overall analysis was
made with a representative population of 140 samples
of peppers, split into two parts: 70 samples of red sweet
peppers and 70 samples of yellow peppers. The color
RGB images were acquired with an DFK 41AU02
(The Imaging Source Europe GmbH., Bremen,

R
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Germany) camera mounted on a fixed stage. Since
360-degree characterization of a pepper is not possible
in a real greenhouse, the viewpoints are limited to one
viewpoint from one side of the pepper. The camera
has a distance of 25 cm from the pepper which
corresponds to the minimum depth distance of the
camera. The pepper samples were evaluated regarding
their degree of maturity. The peppers could be rated
into five different classes or categories, including an
in-depth rating for their ripeness. To ensure a strong
and reliable classification in this analysis, a leave-one-
image-out cross-validation method was employed. For
this, classifiers were built using 60% of the images,
which were trained as models. Then, validation was
performed on the remaining images, consisting of
40%, to check classifier performance on unseen data.
This choice of methodology avoids overfitting and
ascertains the checking of model accuracy against a
very different set of samples. Level of significance All
the statistical analyses and data processing were done
assuming a significance level of o = 0.05. This means
that if the probability of seeing the data assuming
there is no true effect is less than 5%, it is considered
significant. It is a strict statistical criterion, which
states that the deductions made from the data are valid
and the changes observed in color or the maturity
classifications are not a matter of chance.

Results

Figure 1 shows the Lab characteristics of red and
yellow sweet pepper. For the red peppers, there exists
a huge overlap of their data by the first two and the last
three classes; this means that there are two possibilities
of groupings for the peppers — namely, one class for
1-2 and another for 3-5. This just corresponds to the
two stages of ripening — technical and biological. For
yellow peppers, this means that classes 1-3 are well
separated from one another, though classes 4 and 5
overlap strongly with one another. Again, one has two

#* Class 1
100 % Class 2
Class 3

% Class 4 i

50 Class 5| ght s 4%

-50
100
100

-100 0

a L

a) Red sweet pepper

groups: classes 1-3 represent technical maturity, and
classes 4-5 indicate biological maturity.

Table 1 shows data on the variation of color
indices, depending on the ripeness class of red sweet
pepper. The SI index shows a change proportional
to the color change of the pepper during ripening.
With the ripening process of the peppers, there is a
general reduction of “L” and h while “a” increases,
along with “C”, the accumulation of pigments, and
the PACI increase. The Y1 increases a lot, but the WI
decreases constantly. The color saturation increases
towards the middle stages to reach its peak value, and
there is a huge variation in other indices like CIRG,
COL, and ECB, among others. All these changes
reflect the transition from technical to biological
maturity, with a marked shift in color and pigment
concentration.

Table 2 shows data on the variation of color indices,
depending on the maturity class of yellow sweet
pepper. The CI index shows a change proportional to
the color change of the pepper during ripening. The
rest of the signs show an increase and then a gradual
decrease in their values. This is a prerequisite for
weaker separability between classes if each feature is
used separately.

Figure 2 shows averaged spectral characteristics
of red and yellow sweet pepper. The characteristics
of the red pepper overlap, and those of the yellow
pepper show a smooth change in the ripening process.
This is an indication that the direct use of spectral
characteristics to determine the degree of ripeness for
pepper is not appropriate. It is necessary to reduce
the data from these features to an appropriate set of
informative features as commented by Rizzo et al.
(2023).

Table 3 shows data on the variation of spectral
indices, depending on the ripeness class of red sweet
pepper. The spectral indices show variation depending
on the class of pepper to which they refer. With a

100 % Class 1
% Class 2
Class 3 #* M’W‘
#* Class 4 >y *
* Class 5 3

a 50 0

a) Yellow sweet pepper

Figure 1. Lab values of sweet pepper.
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Table 1
Sweet red pepper color indices values
Class
Class 1 Class 2 Class 3 Class 4 Class 5
Index
L 46.60+0.00 32.41+16.87 29.13+20.40 41.02+14.53 30.75+11.69
a 25.54+0.00 19.79+60 27.62+13.52 46.60+16.39 45.85+13.82
b 26.57+0.00 29.82+12.45 30.81+15.75 40.76+14.69 33.68+10.61
C 2.62+0.00 3.67+1.05 6.9942.10 9.26+2.59 8.73+£1.28
h 0.76+0.00 0.98+0.23 0.85+0.26 0.73+0.28 0.62+0.15
YI 95.30+0.00 149.31+50.09 160.37+41.92 148.16+£37.98 168.28+34.21
WI 33.63+0.00 18.83+16.67 14.33+9.99 12.60+9.10 7.56+8.75
BI 22.29+0.00 39.14427.11 23.86+84.13 11.94+81.61 9.1842.68
SI 37.57+0.00 36.77+11.72 42.54+18.95 62.36+19.66 57.15£15.71
CIRG 4.2840.00 10.57+2.06 8.51£17.81 3.89+12.34 6.89+1.61
COL 635.75+£0.00 | 910.09+514.44 | 536.21+1548.15 | 261.74+843.61 484.56+141.14
Cl 1.48+0.00 0.76+2.19 1.00+0.48 1.174£0.59 1.484+0.33
ECB 2.11£0.00 1.56+2.08 2.19+1.14 2.36+1.46 3.23£0.70
FCI 21.21+0.00 6.82+21.95 5.94+7.42 7.61£5.16 6.96+7.22
WL 3.7840.00 1.05+7.85 0.96+0.35 1.04+0.32 0.90+0.34
PACI 648.67+0.00 | 789.744+294.38 | 1190.55+560.18 | 1167.63+902.68 | 1681.954+429.33

All data are statistically significant at p<0.05

0.5
—Class 1 —Class 1
041 —Class 2| | ——Class 2
Class 3 0.4¢ Class 3| |
ot —Class 4 © —Class 4
5 03+ ——Class 5| | c&; 03¢t ———Class 5| 1
ks, ks
= =
© 0.2} 1
v i
0.2r
017 1
01 ‘ : ‘ ! 0 : : ! !
300 400 500 600 700 800 300 400 500 600 700 800
A, nm A, nm
a) Red sweet pepper a) Yellow sweet pepper
Figure 2. Averaged spectral characteristics of sweet pepper.
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Table 2
Sweet yellow pepper color indices values
Class
Class 1 Class 2 Class 3 Class 4 Class 5
Index
L 19.22+6.06 30.144+21.98 50.074+20.76 58.12+16.78 51.68+13.14
a 20.143.69 20.97+11.15 15.42+9.88 8.844+5.96 16.4+7.11
b 17.01+4.25 28.17+17.44 48.36+18.45 60.37+12.89 56.2+8.98
C 1.69+0.52 2.73+1.45 5.5+£1.94 7.92+1.34 8.49+0.41
h 0.69+0.06 0.90+0.26 1.23+0.21 1.41+0.13 1.28+0.14
YI 134.03+34.80 148.9+41.38 142.81425.17 | 151.88+13.81 | 158.89+16.36
WI 14.78+4.97 16.73£9.09 23.24+6.13 22.89+3.08 22.27+4.68
BI 7.434+4.46 16.99+34.01 277+1316.92 | 95.24+106.08 | 86.51+447.86
SI 26.37+£5.45 35.87£19.34 51.8+18.18 61.43+12.28 59.13+7.81
CIRG 9.6+3.69 9.32+7.66 4.08+2.50 2.94+0.89 3.09+0.55
COL 1630.93+£1252.92 | 942.14+£796.98 | 236.45+413.70 | 54.7+86.01 84.05+44.15
CI 1.21+0.14 0.88+0.48 0.37+0.27 0.16+0.14 0.31+0.15
ECB 2.34+0.34 1.75+0.86 0.73+0.51 0.34+0.30 0.67+0.34
FCI 4.15+3.69 6.57+7.79 4.95+5.61 4.67+2.96 6.72+5.14
WL 1.16+0.38 1.06+0.41 1.03+0.19 0.95+0.09 0.91+0.15
PACI 1177.54334.51 | 916.63+503.08 | 370.49+258.98 | 178.32+163.93 | 348.27+184.31
All data are statistically significant at p<0.05
Table 3
Sweet red pepper spectral indices values
Class
Class 1 Class 2 Class 3 Class 4 Class 5
Index
REI 0.91+0.01 0.93+0.02 0.96+0.03 0.96+0.02 0.98+0.02
PRI 0.04+0.01 0.04+0.01 0.03+0.01 0.02+0.01 0.02+0.01
CRI 0.09+0.05 1.95+14.43 0.89+2.19 0.38+1.05 1.8+4.81
TVI 6.45+6.93 2.4942.43 4.15+£2.93 8.12+3.98 6.88+3.66
G 1.32+0.47 1.54+0.68 0.88+0.68 0.61+0.18 0.42+0.16
NExG 0.08+0.06 0.12+0.08 0.13+0.13 0.15+0.11 0.29+0.12
NGRDI 0.13+0.11 0.19+0.12 0.17+0.16 0.20+0.13 0.36+0.13
RGBVI 0.13+0.11 0.19+0.12 0.18+0.17 0.21+0.14 0.38+0.15
GLI 0.13+0.11 0.19+0.12 0.18+0.17 0.21+0.14 0.38+0.15
VARI 0.33+0.28 0.48+0.34 0.31+0.29 0.32+0.17 0.53+0.16
ExG 0.08+0.04 0.07+0.06 0.04+0.03 0.09+0.05 0.10+0.04
All data are statistically significant at p<0.05
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Figure 3. Feature selection.

All data are statistically significant at p<0.05

significant change, the G, NExG, and GLI indexes can
be distinguished.

Table 4 shows data on the variation of spectral
indices, depending on the maturity class of yellow
sweet pepper. The spectral indices show variation
depending on the class of pepper to which they refer.
With a significant change, the G and GLI indexes can
be distinguished.

Figure 3 shows the results of a selection of
informative features for classification. The features
are the same for both types of pepper. More color
indices than components are selected. The smallest
number are the spectral indices. This is due to their
correlation with color characteristics. The most
informative features are those with weight coefficients
above 0.6 according to Farrell et al. (2019).

A vector of 11 informative features is formed. In
this way, the volume of data is reduced by half. It
contains 2 color components, 5 colors, and 4 spectral
indices. The vector has the following form:

FV=[a C SI CIRG COL WL PACI REI CTI 27
TVI NExG]

The classification results of red sweet pepper are
visualized in figure 4. For the classes covering the
technical maturity of the pepper, lower classification
error values were observed than for the biological
maturity deviation.

Between classes 1 and 2, the separation inaccuracy
is 9%, and between 2 and 3, also covering technical
maturity, it does not exceed 8%. Significantly higher

Table 4
Sweet yellow pepper spectral indices values
Class
Class 1 Class 2 Class 3 Class 4 Class 5
Index
REI 0.91£0.00 0.91+0.01 0.9340.01 0.94+0.01 0.95+0.01
PRI 0.04+0.00 0.04+0.00 0.04+0.00 0.04-0.00 0.04+0.00
CRI 0.19£0.07 0.19£0.15 0.10£0.07 0.08+0.03 0.10£0.03
TVI 1.32+0.95 2.71+£2.67 2.68+2.28 1.53+1.12 1.2442.17
G 1.63+0.49 1.89+0.79 1.52+0.33 1.43£0.18 1.2940.12
NExG 0.12+0.05 0.14+0.06 0.12+0.04 0.11+0.03 0.09+0.02
NGRDI 0.20+0.09 0.23+0.11 0.19£0.07 0.17+0.04 0.14+0.04
RGBVI 0.20+0.09 0.23+0.11 0.19£0.07 0.18+0.04 0.14+0.04
GLI 0.20+0.09 0.23+0.11 0.19+0.07 0.18+0.04 0.1440.04
VARI 0.52+0.29 0.64+0.37 0.47+0.22 0.42+0.13 0.33£0.10
ExG 0.05+0.02 0.09+0.06 0.12+0.07 0.12+0.03 0.09+0.04

All data are statistically significant at p<0.05
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The following separation functions are defined for sweet red pepper classes:

Class (C)

Cl-C2
C2-C3
C3-C4
C4-C5

Function

81, = 0,01+ 31.75x — 34.19y — 164x? + 244xy + 33.26y>

8,3 = —0.09 — 3.48x + 26.71y + 29.35x% — 170.4xy — 42.88y?
834 = 451 — 107.16x + 115y + 5.36x% — 27.38xy — 8.34y?

645 = —1.99 +46.31x + 12.01y — 2.41x% — 105.42xy + 21.88y2

(28)
29)
(30)
€3]

The following separation functions are defined for classes of sweet yellow pepper:

Class (C)

Cl-C2
C2-C3
C3-C4
C4-C5

Function
01, =—3.88+77.17x — 43.22y — 334x2 + 376xy + 103y?
0,3 = —1.01 4+ 36.98x — 31.8y — 164x2 + 169.02xy + 20.25y?
03,4 = 041 —19.26x + 31.04y + 75.15x2 — 139.42xy — 9.92y?
645 = —1.01 + 36.98x — 31.8y — 164x2 + 169.02xy + 20.25y?
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Figure 4. Classification of red sweet pepper with discriminant analysis — general view.
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The following separating functions can be defined for the two classes of technical and biological maturity

of pepper:
Class Function
Red  Og(r, 5y = —0.56 + 33.95x — 45.86y — 1.61x* + 198.62xy + 86.97y> (36)
Yellow Oy (r, gy = 1.86 —50.6x + 41.47y + 2.52x% — 312xy + 20.69y° (37)

classification errors were observed between biological
maturity stages. Between 3 and 4, it is 12%, and at the
last two stages of ripening, it reaches 19%.

The classification results of yellow sweet pepper
are visualized in figure 5. The highest values of the
classification error were observed in the classes
covering the technical maturity and were smaller
between the classes covering the biological maturity
of the pepper fruits. Between classes 1 and 2, the
most significant separation error is observed (23%),
and between the other compared classes it does not
exceed 8%.

Discriminant analysis
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05 L L L L
o 0.05 01 0.15 02 0.25 0.3 0.35

X

Class 1-Class 2, e=23%

Discriminant analysis

0.5
O class1
A class?2
— class 3
+  Datat
A pataz

A
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04r

0.2 0 0.2 0.4 0.6 0.8 1

Class 3-Class 4, e=5%

The differences in the classification errors of
the two pepper cultivars in technical and biological
maturity can be explained by the different signs
(color and spectral) that are greatly influenced by the
change of pigments in the pepper fruit. In red sweet
pepper, the change from green to red color is due to
the carotenoids capsanthin and capsorubin, while in
yellow pepper, the change from green to yellow color
is mainly due to violaxanthin, and to a lesser extent to
lutein and beta-carotene.

A check was made for the separability of sweet
pepper at technical (classes 1 and 2) and biological

Discriminant analysis
T T
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— class 3
Datat
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Figure 5. Classification of yellow sweet pepper with discriminant analysis — general view.
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Discriminant analysis
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Figure 6. Separation between technical and biological maturity of sweet pepper.

maturity (classes 3, 4, and 5). Figure 6 visualizes the
results of this check.

Separability, with a classification error not
exceeding 6%, was observed between the classes
representing technical maturity in red sweet pepper
(1 and 2) and classes 3, 4, and 5 covering biological
maturity. In the case of yellow sweet pepper, the
inaccuracy in separation between the object areas
of the two types of maturity—technical and
biological—is 4%.

Figure 7 shows a block diagram of the algorithm
for determining the degree of ripeness of pepper.
The algorithm is similar for both varieties — red and
yellow. Once the vector containing color and spectral
indices and features is loaded, it is reduced to two
latent variables. The resulting latent variables (LVs)
are processed with a discriminant classifier using the
quadratic partition function presented above. A check
is made to see if the pepper data belongs to Class 1. If
it belongs to Class 1, a final decision is made - to fall
into this group. Otherwise, a check is made to see if
it belongs to Class 2. If so, it is assigned to that class.
Otherwise, pepper data is assigned to the next class.
The procedure continues until the pepper falls into the
last class.

Figure 8 shows a block diagram of the algorithm
for determining the degree of ripeness of pepper—
technical and biological. The algorithm is similar
for both varieties—red and yellow. Once the vector
containing color and spectral indices and features
is loaded, it is reduced to two latent variables. The
resulting latent variables (LVs) are processed with
a discriminant classifier using a quadratic partition
function. A check is made to see if the pepper data
belongs to the Technical Maturity Class. If he belongs
to this class, a final decision is made—to fall into this

group. Otherwise, it is assigned to Class “biological
maturity.”

Table 5 shows data for a test of pepper
classification algorithms, depending on their maturity.
The algorithms were applied to evaluate the ripeness
of 30 peppers each of the two types of red and yellow
pepper, which were not used in its preparation. Grades
1 and 2 fall into the “technical maturity” class, and
grades 3, 4, and 5 fall into the biological maturity class
for both types of pepper.

The resulting error is e=13-18% for red sweet
pepper and e=10-16% for yellow sweet pepper. This
shows that in a test, the proposed algorithm can be
used to determine the degree of ripeness of red sweet
pepper, with an accuracy of 82-87%. For yellow sweet
pepper, this accuracy is 84-90%.

Class 1
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o
o
6 Class 3
o
ok

Class 4

Class 5

@
g
&
0
i

Figure 7. Algorithm for determination of sweet
pepper maturity for 5 classes.
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6TM, BM

Technical
maturity

Biological
maturity

Figure 8. Algorithm for determination of sweet pepper maturity for two classes — technical and biological
maturity (TM-technical maturity; BM-biological maturity).

Table 5
Results from algorithm tests (e, %)
Pepper
Red Yellow
Class
1-2 18% 16%
2-3 18% 13%
4-5 13% 10%
TM!-BM? 17% 14%

'TM-technical maturity; 2BM-biological maturity

Discussion

In this paper, the results of Harel et al. (2020a)
related to knowledge extraction from pepper visual
information databases. To the Logistic regression
and Random forest classification algorithms, results
for nonlinear discriminant analysis using a quadratic
partition function have been added. The results
obtained are close. Classification accuracy reaches
90%.

Added the results of Harel et al. (2020b), who
used pepper fruit orientation as a factor to improve
classification accuracy. In this work, an average color
of pepper was used. An accuracy of 82-90% was
achieved.

Using the averaged pepper fruit color, this work
improved the results of van Essen et al. (2022),
whose algorithm is not efficient enough in all possible
cases of photographing the pepper fruit, because it is
necessary to select certain measurement points on the
pepper fruit to increase the accuracy of classification
by degree of ripeness.

In recognizing pepper ripeness, Cong et al.
(2023), achieve an accuracy of 99% using complex
computational procedures. The accuracy achieved
in the present work is 10% lower, but it uses
established computational methods that are suitable
for implementation in embedded control systems for
sorting machines and pepper harvesting robots.

Algorithms and procedures used in the present
development have an advantage in terms of speed and
ease of application in embedded control systems of
sorting machines and pepper harvesting robots. The
main limitation that can be pointed out is the lower
classification accuracy compared to using data from
hyperspectral images and processing them with neural
networks. More research is needed to improve the
classification accuracy of pepper depending on its
degree of maturity. These analyzes should be aimed
at using procedures and algorithms that can be used in
computing devices that do not have high performance,
but provide fast operation and sufficient classification
accuracy. Also, further research should be aimed at
generalizing the pepper classification task according
to its degree of ripeness as mentioned by Lapegna et
al. (2021).

Conclusion

Harvesting sweet pepper at the desired stage of
maturity based on customer preference is essential for
optimal economic returns. Overripe peppers are more
likely to be damaged during transport and storage,
resulting in a loss of quality and quantity. On the other
hand, underripe peppers may not have developed
their full nutritional potential, which can affect their
marketability and price. Therefore, it is important to
harvest sweet peppers at the correct stage of maturity
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to ensure their quality and maximize their economic
value. In the present work, algorithms and procedures
for determining the ripeness of red and yellow sweet
peppers by jointly using their color and spectral
characteristics have been compiled and tested. An
advantage of these algorithmic procedures is that they
do not require relatively large volumes of data and
high-performance computing systems. This makes
them suitable for application in embedded control
systems for sorting machines and pepper harvesting
robots. It was found that by a total of 11 informative
color and spectral characteristics, the degree of
ripeness can be determined for red and yellow sweet
pepper. It has been proven that the feature vector can
be reduced to two latent variables, which significantly
reduces the amount of data used in classification. It
was also found that the classification errors vary
significantly, according to the type of pepper and
the studied maturity—technical or biological. This
is due to the difference in the absorption spectra of
the different carotenoid groups involved in the color
change of pepper fruits from green to red and yellow,
respectively. Algorithms for pepper classification
were adapted and studied, depending on five degrees
of maturity as well as between the two main classes of
technical and biological maturity.

The proposed tools are suitable for sorting sweet
pepper into groups corresponding to its maturity.
Complementing the results presented in the available
literature, the methods and procedures proposed in
this work can be used in the development of modern
embedded control systems for sorting machines and
robots for pepper harvesting. More research is needed
to improve classification accuracy and generalization
of the pepper classification task, depending on its
degree of maturity.
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