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ABSTRACT

Computer vision systems combined with machine learning techniques have demonstrated
success as alternatives to empirical methods for classification and selection. This study
aimed to classify tomatoes based on their colorimetric characteristics, which influence
consumer purchasing potential, using the decision tree algorithm. Tomatoes were
categorized into two classes based on ripeness: Higher Purchasing Potential (20 fruits)
and Lower Purchasing Potential (40 fruits). Images were captured in the RGB color model
and converted to HSI and CIELab models. Principal component analysis was employed
to evaluate the influence of colorimetric characteristics within each class, and the decision
tree algorithm was applied to classify the fruits into the respective categories. Tomatoes
in the Higher Purchasing Potential class were primarily influenced by red intensity and
chromaticity a and b, while tomatoes in the Lower Purchasing Potential class were
influenced by green intensity and hue. The decision tree achieved an accuracy of 83.6%
and an F1-score of 90.9%, demonstrating its potential for classifying tomatoes based on
colorimetric characteristics linked to consumer preferences.

INTRODUCAO

Quality inspection is a crucial step in the production
and marketing of tomatoes. Physical attributes such as
shape and color are key determinants of consumer
acceptability and food safety (Zhang et al., 2023). Agro-
industries must adhere to established criteria and
specifications to ensure product integrity.

Manual fruit inspection throughout the agro-
industrial process is prone to human error, leading to
inconsistencies in standardization, incorrect classification,
and delays in processing. This is particularly challenging as
it requires sustained attention, often resulting in subjective
evaluations (Zhang et al., 2018). Improper transportation
and storage of tomatoes, especially without separation
based on ripeness, exacerbate economic losses across the
production chain. Riper tomatoes release ethylene, a
climacteric hormone that accelerates ripening across the
batch, leading to reduced shelf life and increased
susceptibility to fungal and bacterial diseases (Zakriya et al.,
2023; Li et al., 2022).

For consumers, ripeness-related attributes such as
color, texture, and firmness are critical indicators of quality
(Andreuccetti et al., 2005; Brandéo et al., 2021). However,
reliance on empirical evaluations during marketing
contributes to variability in product conformity. Automated
selection methods offer a solution to these limitations across
agriculture, agroindustry, and retail sectors (Silva et al.,
2021). Computer vision systems enhance inspection
efficiency, reduce costs, and ensure more consistent
standardization, improving the quality control process (Tian
et al., 2020). Image acquisition paired with machine
learning algorithms allows for precise and efficient analysis,
surpassing the limitations of manual inspection (Cubero et
al., 2011).

Among machine learning techniques, decision trees
(DTs) are particularly notable for their fast data processing,
scalability, ability to interpret complex data relationships,
and robust classification accuracy (Almeida et al., 2021).
Decision trees are intuitive, with a computation process
comparable to human reasoning, making them widely used
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in classification models (Kotsiantis, 2011). They offer
reliable and effective classification while providing
simple, interpretable  knowledge representations
(Podgorelec et al., 2002).

Decision tree algorithms have been successfully
applied to various agricultural contexts, such as classifying
raisins by size, shape, color, and texture (Raihen & Akter,
2024), identifying data types based on morphological and
colorimetric features (Ozaltin, 2024), and detecting fruit
contamination using digital imaging and chemical gas
sensors (Sattar et al., 2024).

Given these advantages, the present study aims to
employ the decision tree algorithm to classify tomatoes
based on their ripeness condition for consumption using
colorimetric characteristics obtained through a computer
vision system.

MATERIAL AND METHODS
Tomato fruit characterization and image acquisition

The tomatoes used in this study were sourced from

the Central-South region of Rio de Janeiro, Brazil,
specifically from the municipality of Paty do Alferes
(22°25°10” S latitude, 43°25°21” W longitude; average
altitude: 610 m). The fruits belonged to the Italiano cultivar
(Solanum lycopersicum L.), cultivated in greenhouses and
manually harvested 85 days after planting.

According to CEAGESP standards (2003), the
tomatoes were classified based on their colorimetric
characteristics associated with ripeness: immature (green
color), colored (a mix of green and red hues), and mature
(more than 90% red color).

For the analysis, 20 fruits were selected per ripeness
stage. Since tomatoes with a ripe red appearance are the
predominant preference for consumers at the time of
purchase (Andreuccetti et al., 2005), fruits classified as
mature (ripe red) were grouped into the Major Purchasing
Potential (MPP) class. Conversely, tomatoes categorized as
immature, or colored were grouped into the Low Purchasing
Potential (LPP) class. The characteristics of tomatoes in
each class are detailed in Table 1.

TABLE 1. Colorimetric aspects of tomatoes with Low and Major Purchasing Potential (LPP and MPP, respectively).

FRUIT RIPENESS LEVEL

CLASS

Immature

Mature
(red fruit)

(Green fruit)

Intermediary
(variation between green and red fruit)

Low purchasing potential
(LPP)

Major purchasing potential
(MPP)

An experimental setup (Figure 1) was used to
capture images of tomatoes. The apparatus consisted of a
digital camera capable of capturing images within the
visible spectral range (Canon Powershot G9 X RGB) and

two 100 W halogen lamps. The camera was mounted on a
tripod and positioned 0.24 m above the bench, while the
lamps were set at a height of 0.84 m. To minimize shading
effects, the bench was covered with a white background.
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FIGURE 1. Schematic diagram of the image acquisition setup for tomatoes.

Images of each tomato fruit were processed using
ImageJ software to extract the average values of the red (R),
green (G), and blue (B) bands. These RGB values were then
converted into the HSI and CIELab color models following
the method of Pedrini & Schwartz (2008). The conversion
allowed for the characterization of key colorimetric
attributes. Hue (H) represents color in the HSI model, with
values ranging from 0° to 360°; luminance (L) corresponds
to brightness in the CIELab model, with values ranging
from 0 to 100; chromaticity (a and b) stands for color ranges
in the CIELab model, where a varies from green (-128) to
red (+128) and b from blue (-128) to yellow (+128).

Data analysis

The colorimetric characteristics of tomatoes across
the four ripeness stages were subjected to exploratory
analysis using PAST 4.03 software. The analysis evaluated
key statistical parameters, including maximum, minimum,
mean, and median values. Additionally, the coefficient of
variation, kurtosis, and skewness were calculated to assess
data variability and distribution patterns. These metrics
were classified according to the criteria outlined in Table 2.

TABLE 2. Classification of coefficient of variation (CV),
skewness (Cs), and kurtosis (Ck) values for colorimetric
characteristics of tomatoes at four degrees of ripeness.

Coefficient of Skewness Kurtosis
variation (CV) (Cs) (Ck)

CV<12% Cs>0 Ck<o0
(low) (to the right) (platykurtic)

12% <CV<60% Cs<0 Ck=0
(medium) (to the left) (mesokurtic)

CV>60% Cs=0 Ck>0
(high) (symmetrical) (leptokurtic)

Each colorimetric characteristic was evaluated for
normality using the Shapiro-Wilk test at a significance level
of 5%. Colorimetric characteristics that met the criteria for
normality were further analyzed using analysis of variance
(ANOVA) and the Student's t-test for independent samples,
also at a 5% significance level, to compare the means of the

Major Purchasing Potential (MPP) and Low Purchasing
Potential (LPP) classes.

Additionally, using PAST 4.03 software, the data
were subjected to a multivariate principal component
analysis (PCA). This analysis assessed the dispersion of
fruits within a two-dimensional plane defined by the most
relevant principal components and evaluated the influence
of colorimetric characteristics on the MPP and LPP classes.

Development and testing of the Decision Tree (DT)

The decision tree (DT) model was developed in R
software (version 4.3.2) to classify tomatoes as belonging to
the Major Purchasing Potential (MPP) or Low Purchasing
Potential (LPP) classes based on the most relevant
colorimetric characteristics. The Part algorithm (Recursive
Partitioning and Regression Trees), implementing the
CART (Classification and Regression Trees) technique,
was used for this purpose.

The Gini index, which maximizes class homogeneity
(Tangirala, 2020), was employed to determine the importance
of each colorimetric characteristic in data classification. The
pruning technique (Gomes Mantovani et al., 2024) was
applied to optimize the complexity parameter (cp) of the DT
and generate the most accurate model. This was achieved by
analyzing the smallest relative error and identifying its
stabilization trend in the auxiliary pruning graph.

The dataset, comprising colorimetric characteristics,
was randomly divided into training and test sets to ensure
representativeness and minimize bias. The training set
constituted 75% of the data (15 MPP fruits and 30 LPP
fruits), while the test set comprised 25% of the data (5 MPP
fruits and 10 LPP fruits). The graphical representation of the
trained DT illustrated its structure, including nodes, splits,
and resulting classifications.

To evaluate model performance, a confusion matrix
was generated, presenting classification hits and errors in
the test dataset. Performance metrics, including accuracy
(closeness of results to the correct classification, Equation
1), precision (proximity of obtained results, Equation 2),
recall (frequency of correctly identified examples of a given
class, Equation 3), and F1-score (harmonic mean of
precision and recall, Equation 4), were derived from the
confusion matrix.
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_ tp +tn
Accuracy = [—tp Py — m] * 100 (D)
Precision = (tptffp) * 100 2
Recall = (t;ffn) 100 3)
) _ (2 * (precision = recall))
F1-score = [ (precision +recall) ] *100 (4)

Where:
tp - true positive values regarding the analyzed class;
tn - true negative values regarding the analyzed class;

fp - false positive values regarding the analyzed

class; and

fn - false negative values regarding the analyzed class.

RESULTS AND DISCUSSION

The exploratory analysis (Table 3) revealed that the
measures of central tendency (mean and median) were close
in 42.9% of the colorimetric characteristics, with
differences less than or equal to 0.5. This indicates a data
distribution with minimal deviation from the central value.

Regarding the coefficient of variation (CV), the
colorimetric characteristics R, G, B, and b showed a
variation classified as average. The colorimetric
characteristics H and a exhibited a variation classified as
high. All colorimetric characteristics had an asymmetry value
of zero, indicating a symmetrical distribution of the data.

TABLE 3. Exploratory analysis of the colorimetric characteristics of tomatoes.

Var. Min Max Ave Med. Cs Ck CV (%) SW
R 80.0 160.0 121.0 119.0 0.0 -1.3 19.0 0.95*
G 12.0 104.0 535 54.5 0.0 -14 55.1 0.91*
B 5.0 24.0 11.9 9.0 0.8 -1.0 50.0 0.83*
H 2.0 61.0 27.7 25.5 0.2 -15 76.8 0.86*
L 29.3 45.0 34.9 345 0.8 0.7 9.5 0.96*
a -2.9 475 24.0 24.4 -0.1 -1.6 77.3 0.86*
b 31.2 53.0 42.4 41.9 0.0 -11 139 0.96*

Variable (Var), Minimum (Min), average (Ave), median (Md), maximum (Max), coefficient of variation (CV%), skewness (Cs), kurtosis (CK),
Shapiro-Wilk (SW), *Significant at 5% by T-test for normal distribution. Red band (R), green band (G), blue band (B), hue (H), luminance (L),
and of two color ranges a and b. (*) Significant normality at 5% by Shapiro-Wilk test.

In terms of kurtosis, only the colorimetric
characteristic L exhibited a mesokurtic distribution (value
equal to zero). All other colorimetric characteristics
demonstrated a platykurtic distribution (values less
than zero), indicating flatter distributions compared to a
normal curve.

The Shapiro-Wilk test confirmed that all
colorimetric characteristics followed a significant normal
distribution, allowing for univariate comparisons between
the Major Purchasing Potential (MPP) and Low Purchasing
Potential (LPP) classes.

The Student's t-test (Table 4) revealed that all
colorimetric characteristics, except for L, significantly
distinguished between the MPP and LPP classes. Among
the RGB color model characteristics, the green (G)
component showed the greatest significant difference
between classes. When comparing chromaticity parameters
from the CIELab color model, chromaticity a (measuring
the variation between green and red) exhibited the most
significant difference between the classes, making it the
most reliable characteristic for identifying tomatoes based
on consumer purchasing potential.

TABLE 4. Mean comparison of tomato classes with Major and Low Purchasing Potential (MPP and LPP) by Student's t-test for

independent samples.

MPP average LPP average Diference t-Test
R 147.2 107.83 39.38 10.62*
G 18.45 71.03 52.58 12.16*
B 8.40 13.63 5.23 3.51*
H 3.75 39.68 35.93 10.25*
L 34.03 35.28 1.24 1.38™
A 45.16 13.40 31.76 10.7*
B 49.02 39.15 9.86 9.91*

Red band (R), green band (G), blue band (B), hue (H), luminance (L), and chromaticity of color a and b. (*) Significant difference between classes

at 5% significance level by t-Student test.
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Principal component analysis (PCA) enables the
simultaneous evaluation of characteristics that discriminate
between classes, influencing the acceptability potential of
the fruit (Bello et al.,, 2020). The two-dimensional
projection in Figure 2 displays the three ripeness classes of
tomato fruits concerning the first two principal components
(PC1 and PC2). PC1 accounted for 79.43% of the total data
variability and was responsible for the horizontal separation

of classes along the x-axis. This component demonstrated
its importance in distinguishing between MPP and LPP
classes, highlighting its relevance in ripeness classification.
PC2 explained 17.73% of the data variability, contributing
information about vertical grouping along the y-axis. This
component influenced variations associated with the
intermediate ripeness class, reflecting a more gradual
transition between ripeness categories.
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FIGURE 2. Two-dimensional scatterplot for colorimetric traits of MPP and LPP tomatoes from principal component analysis.

PC1 primarily distinguished mature tomatoes (on the
left) from immature tomatoes (on the right), driven by
specific colorimetric characteristics. The attributes H (hue)
and G (green intensity) had the greatest positive influence
on PC1, contributing to the dispersion of immature fruits.
Conversely, characteristics R (red intensity), a (red
chromaticity), and b (yellow chromaticity) were most
influential for the MPP class, indicating these factors as key
determinants in  consumer fruit selection. PC2,
complementing PC1, predominantly influenced the
intermediate ripeness class. It was strongly impacted by L
(luminance) and chromaticity b, suggesting that
intermediate fruits displayed higher brightness and more
intense yellow tones.

Fruit color remains one of the most significant
quality parameters influencing consumer purchasing
decisions. As highlighted by Andreuccetti et al. (2005), red
and uniform tomato coloration is a decisive factor for
consumer acceptance. In this study, the fruits in the MPP
class were predominantly characterized by the red color.
This was evidenced by the higher intensity of R values
compared to the LPP class and the average hue values that
align with the red color range in the three-dimensional
representation of the HSI model (Pedrini & Schwartz,
2008). Additionally, the chromaticity a values from the
CIELab model, which were higher and positive for the MPP
class, further confirmed the predominance of red over green
in the fruits classified in this category.

Furthermore, consumer preference for fresh
tomatoes demands that harvesting and post-harvest stages
adhere to strict quality control standards to preserve the
physical quality of the fruits. This ensures a higher quantity
of tomatoes with an acceptable appearance, particularly
uniform color and the absence of injuries are suitable for
commercialization.

A significant challenge is the lack of uniformity in
tomato ripening, which negatively impacts production and
economic efficiency, particularly in mechanized harvesting
systems (Machado et al., 2018). Prematurely harvested or
overly ripe tomatoes have lower market value, increased
susceptibility to mechanical damage, and shorter shelf life,
resulting in waste throughout the supply chain (Umeohia &
Olapade, 2024). Ripening heterogeneity undermines the
standardization required to meet consumer market
demands, necessitating more intensive manual selection or
disposal processes and escalating operational costs (Yang et
al., 2023).

In this context, selection methods based on
colorimetric characteristics, such as the approach presented
in this study, enable accurate and instantaneous
classification (Silva et al., 2021). These methods contribute
to increased production efficiency, reduced food losses, and
the commercialization of higher-quality products. As
highlighted by Cubero et al. (2011), computer vision
systems improve the inspection quality of fruits and
vegetables, with potential applications in classification
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systems, the estimation of physicochemical parameters,
monitoring fruit processes during storage and evaluating
experimental treatments.

In the stages of fruit production and marketing,
machine learning algorithms, such as DT, have been
increasingly applied for data analysis, pattern recognition,
and the development of classification and quality control

models (Liu & Xu, 2023).

In this study, the construction of the DT considered
the response of the complexity parameter (cp), which
evaluates the occurrence of overfitting and limits tree
growth (Figure 3). The optimal cp value of 0.019
corresponded to a tree with four nodes, representing the best
structure for this case by balancing simplicity and accuracy.

size of tree
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] ] ]
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FIGURE 3. Complexity parameter (cp) plot for tomato classification decision tree.

The decision tree generated from the training set
(Figure 4) highlighted the importance of the colorimetric
characteristics R, G, and B based on the Gini index, which
determines the relevance of variables in the tree's
composition. The colorimetric characteristic G was
allocated at the first node, indicating that 67% of the fruits
in the training set could be classified as MPP when G > 71.

MPP

100%

{ves G < 71 m

LPP
7%
B<19
MPP MPP
67% 2%

At the second node, the characteristic R demonstrated that
7% of the fruits could be classified as LPP when G < 71 and
R < 86. Finally, at the third node, the characteristic B
differentiated further classifications: 2% of the fruits were
classified as MPP when G < 71, R > 86, and B < 19; 31%
of the fruits were classified as LPP when G < 71, R > 86,
and B > 19.

LPP
33%
R <86
LPP LPP
4% 27%

FIGURE 4. Decision tree for classification of MPP and LPP tomatoes.
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The results from the confusion matrix (Table 5) for
the test sample set demonstrated effective classification
performance: LPP Class (10 out of 10 fruits were correctly
classified); and MPP Class (3 out of 5 fruits were correctly
classified). This corresponds to an overall accuracy of
86.7%. Additional performance metrics indicated an
accuracy of 83.3%, reflecting the model's ability to classify
samples correctly across both classes. A classification

frequency of 100.0% for each class indicates that the model
successfully identified instances within both MPP and LPP
categories. A global F1-score of 90.9% emphasizes the
model's balance between precision and recall. These results
validate the potential of the generated decision tree to
accurately classify tomato fruits based on consumer
preference parameters, highlighting its effectiveness for
practical applications in fruit quality assessment.

TABLE 5. Confusion matrix and classification performance metrics generated by the decision tree (Low Purchasing Potential —
LPP: 10 and Major Purchasing Potential — MPP: 5).

Confusion matrix

Forecasts LPP MPP
LPP 10 2
MPP 0 3

Performance metrics
Accuracy 86.7 %
Precision 83.3%
Recall 100.0%
F1 90.9 %

The performance parameters demonstrated that the
use of DT was the most efficient method for class
identification in this study. This research further confirms
the potential of DT algorithms for fruit classification. The
accuracy achieved in this study aligns with results from
similar applications, such as the detection of diseases in
papaya (Habib et al., 2020), the identification of data types
(Ozaltin, 2024), and the classification of raisins (Raihen &
Akter, 2024), all of which reported accuracy levels
exceeding 75%.

Automated technologies, including computer vision
and artificial intelligence systems, provide innovative
solutions to address challenges in fruit classification and
selection (Tian et al., 2020). Integrated with automated
sorting and harvesting equipment, these systems enable
precise and rapid identification and separation of fruits
based on visual characteristics like color and texture (Jun et
al., 2021; Chakraborty et al., 2023). Such advancements
reduce waste, enhance operational efficiency, and yield
greater financial returns for producers, displaying their
transformative impact on the agricultural sector.

The superiority of automated inspection over manual
inspection lies in its ability to deliver greater efficiency,
standardization, and reliability in fruit quality assessment
processes (Kaur et al., 2018). While manual inspection is
prone to challenges that compromise productivity and
quality, computerized inspection streamlines the evaluation
process, offering a cost-effective return on investment
in automation.

The integration of computer vision with DT
algorithms not only optimizes fruit classification but also
enhances automated agricultural production processes (Tian
et al., 2020). By ensuring the selection of high-quality
products, these technologies benefit the agricultural industry
and simultaneously improve consumer satisfaction and safety.

In conclusion, the application of computer vision and
machine learning represents a promising and innovative
solution to enhance quality, efficiency, and reliability in

tomato production and other agricultural sectors, driving
significant advancements and progress in the industry.
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CONCLUSIONS

The colorimetric characteristics R, G, B, H, a, and b
demonstrated the ability to differentiate between the HPP
and LPP classes even in a univariate context. Among these,
the intensities of the R, G, and B bands were selected to
construct the decision tree using the Gini index criterion.

The principal component analysis further
highlighted the separation of tomato classes on a two-
dimensional plane. Tomatoes in the HPP class were
primarily influenced by R (red intensity) and the
chromaticity a and b. In contrast, tomatoes in the LPP class
were well-separated, with G (green intensity) and H (hue
angle) emerging as the most significant characteristics.

Overall, the combination of computer vision systems
with the decision tree algorithm proved to be an effective
method for tomato quality classification. Performance
metrics including accuracy (0.836), precision (0.833), recall
(1.0), and F1-score (0.909) indicate that the decision tree-
based learning model has strong potential for classifying
tomatoes based on characteristics aligned with consumer
preferences.
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