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Abstract: This paper presents a detailed analysis of the relation between physical characteristics and
defects of green coffee beans and the sensory profile that influence the sensory notes of fragrance,
aroma, flavor, and aftertaste of coffee. Machine learning models were used to identify the variables
of importance and identify the ways in which these variables affect the sensory note of coffee, to
determine which algorithm and its hyperparameters have greater precision in determining the
sensory values of coffee such as floral, fruity, herbal, nutty, caramel, chocolate, spicy, resinous,
pyrolytic, earthy, fermented, and phenolic. The result indicates the relationship and importance
that exist between the physical variables, defects, and size of the green coffee bean, with respect
to their respective sensory notes. The data of the proposed system demonstrate that by combining
the scores of several experts, a precision can be achieved analogously to that obtained by cupping
experts; therefore, the possibility of errors induced by human concerns such as fatigue or subjectivity
is reduced.

Keywords: sensory notes; green coffee; machine learning; physical properties

1. Introduction

The physical characteristics of green coffee are essential to determine its quality.
It is considered that there are physical properties such as volume, density, mass, and
porosity in green coffee that are highly significant differences [1]. The discrimination of
defective and non-defective coffee significantly impacts its quality. A poor quality product
deprives the sale on the market, which is why the evaluation of the products before going
to market requires a selection technique [2]; a methodology is presented that, by using
specific physical and chemical attributes, allows for differentiating the types of beans
tested for defects and non-defects. The types of Arabica and Robusta coffee have physical
properties such as size, density, mass, and resistance. A variant of the applied technique
was shown in the resistance to the crushing of berries between one coffee and another.
Another characteristic to highlight was humidity, which interfered with the results for both
coffee variants [3]. The physical characteristics of coffee differ according to its type; the
color separation technique according to its roasting was only effective for robusta coffee,
determining a better quality [4].

Methods implemented in regions due to their unique geographical conditions and
climates are necessary to control coffee quality. A study showed that the physical quality of
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Gayo green coffee beans using the Indonesian semi-washed processing method compared
to the wholly washed processing method (traditional method) gives preliminary results for
evaluations of the processing method, its degree of roasting, and the quality of the assayed
coffee [5]. Based on the results in which the roasting process has a direct impact on the
physical properties of Sidikalang robusta coffee and the different colors of cherry coffee, it
was determined that the results change from the initial condition of the beans, including
changes in water content, mass, porosity value, and bulk density [6].

Among the relevant components to determine food quality are sensory characteristics
because these characteristics, such as flavor, defects, and texture, determine how consumers
perceive products [7]. Regarding coffee, one of the most consumed beverages in the world,
it had a global consumption of 166 million 60 kg bags in 2020 [8], of which its quality
has been assessed by ’expert cuppers’ who determine its aspect, texture, flavor, aroma,
etc. [9], but situations like pandemics highlight the need to count with different systems to
determine whether these sensory characteristics score the legislated standards.

Therefore, research has been performed to establish different methodologies to de-
termine different characteristics by implementing Artificial Intelligence models; some are
related to differentiating organic coffee from non-organic coffee by determining trace el-
ements present with accurate results (98.2%), using the Naïve Bayes algorithm for eight
minerals [10], washed locally or exported from unwashed locally or exported-in raw coffee
beans, achieving an accuracy of 89.1% [11], and Luwak coffee green beans from non-Luwak,
concluding with a 97% validation accuracy [12].

Other authors have used color to determine defects [13,14], roasting degree [15], and
moisture [16] using different Artificial Intelligence models, achieving accurate results like
the studies. Finally, the most evaluated characteristics are related to sensory attributes
in roasted coffee [17,18], roasted coffee-flavored sterilized drink [19], civet coffee [20],
Nespresso [21], and specialty coffee [22] by implementing different methodologies such
as Partial Least Squares, Bayesian regularization, Fuzzy expert system, decision tree, and
convolutional neural networks.

Additional studies have included more parameters to describe variety and quality,
i.e., Ref. [23] elaborated a system where mid-infrared transmittance spectroscopy was
combined with a pattern recognition algorithm to determine four varieties of coffee from
China, concluding that six classification models had 95% precision. Ref. [24] combined
near infrared spectroscopy (NIRS) and a feed forward back propagation artificial neu-
ral network (FFBPANN) to determine coffee quality in Robusta beans and civet coffee
finding results of 99%, with a 98% precision to distinguish civet from non-civet coffee
beans. Finally, ref. [25] combined objective features with subjective ones to evaluate opti-
mal features by implementing three different models, that is, Random Forest (RFC), Support
Vector Regression (SVR), and multilayer perception (MLP), concluding that Random Forest
was the best model for the system.

This research focuses on green coffee beans and how, from the properties of variety
and type, their physical properties, and their defects in the beans, an estimation of the
sensory properties of coffee can be made, which could only be obtained by performing the
roasting and cupping process.

2. Materials and Methods

This research has two main study themes: The analysis and determination of the
variables of importance of coffee, and the estimation of the sensory notes from the physical
properties and defects of green coffee beans. Figure 1 shows a schematic diagram indicating
how, through the use of Machine Learning algorithms (ML) and data such as the physical
properties of green coffee beans, such as humidity, density, bean defects, size, and shape,
it is possible to determine different properties. The results of the cuppings of these coffee
samples were also used to perform an analysis of how these variables influence the sensory
notes of coffee, as well as the creation of a model based on machine learning algorithms to
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estimate the sensory properties of coffee from their physical properties and deformations
of coffee beans.

Figure 1. Schematic diagram of the methodology implemented.

2.1. Coffee Samples

The following physical variables of coffee, such as type, variety, physical properties,
and defects, and sensory information about coffee, such as fragrance, aroma, flavor, and
aftertaste flavor, were collected from 185 samples from different varieties of specialty
coffee and locations in Mexico. The varieties, types, and information about the sensory
profile were obtained from certified experts from a specialized coffee organization (Centro
Agroecológico del Café A.C. (CAFECOL)) and are described as follows:

1. Type: parchment, green, ball, honey;
2. Variety: Tekisik, marago, sudan rome, mundo novo, sarchimor, cr95, criollo, garnica,

typica, bourbon, costa rica, catuai, arabica, colombia, arainema, catura, catimor,
Marseillaise, geisha, pacamara, garnica, oro azteca, jilotepec, black honey, catuai red,
catuai yellow;

3. Physical properties: natural, demucilanging, honey, wash, humid, dried, mix, sieve,
planilla, guardiola dryer, humidity, density, black, bitter, dried cherry;

4. Defects: fungus, foreign matter, severe berry borer, black partial, bitter partial, parch-
ment, float, unmature, wrinkled, shells, split, husk, light berry borer;

5. Size: Sieve 19, sieve 18, sieve 17, sieve 16, sieve 15, low sieve 15;
6. Shape Flat bean, peaberry, triangle, monster, shell, ball, performance, stain;
7. Fragrance, aroma, flavor, and aftertaste evaluation: Floral, fruity, herbal, nuts, caramel,

chocolate, spicy, resinous, pyrolytic, earthy, fermented;
8. Evaluation Results: Fragrance, flavor, residual, acidity, body, balance, barista score,

and total score.

Figure 2 shows nine samples of green coffee grown in the high mountains of Veracruz
Mexico. The varieties are (a) Bourbon, (b) Typica, (c) Colombia, (d) Caturra, (e) Costa Rica,
(f) Mundo Novo, (g) Garnica, (h) Cautai, and (i) Marseillaise. Each of these varieties has
different physical properties, defects, and sizes.
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Figure 2. Samples of different varieties of coffee green beans. Varieties: (a) Bourbon, (b) Typica,
(c) Colombia, (d) Caturra, (e) Costa Rica, (f) mundo novo, (g) Garnica, (h) Catuai, and (i) Marseillaise.

2.2. Coffee Cupping Methodology

Cupping is a standardized process to evaluate the aroma, flavor, and texture of a coffee
sample. To perform a complete evaluation of coffee, tasters focus on three relevant aspects:
smell (aroma, fragrance, and residual flavor), taste (flavor, acidity, and sweetness), and
tactile sensation or texture (body). Figure 3 shows the process of preparing a cup of coffee.

Figure 3. (a) Analysis of defects in green coffee beans, (b) preparation of the roasted coffee bean
sample for cupping, and (c) coffee cup preparation and cupping process.
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The tasting consists of the following steps based on the Mexican standard NMX-F-177-
SCFI-2009 [26].

Coffee cupping basically involves the following steps:

1. An amount of 8.25 g of ground roasted coffee (at most 5 min before) is placed in the
cup for each 150 mL of water; immediately aspirate the loose gases (dry aroma or
fragrance).

2. Immediately aspirate the loose gases (dry scent or fragrance)
3. Hot water at a 92 °C temperature is placed inside each cup; immediately inhale the

vapors (wet aroma).
4. Let the infusion stand for 3 to 5 min to allow for proper extraction and dilution.
5. A layer or crust forms on the surface of the cup that allows for measurement of the

aromatic character.
6. The layer or crust that forms is broken with a round spoon by deeply inhaling the

vapors coming from the cup.
7. All foam and particles are cleaned and removed from the surface. After eight minutes,

a spoonful of the beverage is placed near the mouth and aspirated.
8. Aspiration introduces steam into the nasal cavity and evenly spreads the liquid over

the entire tongue.
9. The beverage should be held in the mouth for three to five seconds to perceive the

intensity and quality of the taste characteristics: flavor, acidity, sweetness, cleanliness,
and balance.

10. The beverage is then expelled after this time, into a container intended for this purpose,
evaluating the sensation that remains in the mouth after tasting to determine the
residual taste. The tongue is gently slid across the palate to determine texture, fat
content, and intensity.

11. The taste evaluation should be carried out in three stages: hot, warm, and cold, to
assess the consistency and uniformity of the beverage.

3. Machine Learning Methodology

The methodology implemented to obtain the sensory parameters of coffee is presented.
The model training section focuses on generating a model that is trained via a supervised
learning methodology using the variables of type, variety, physical properties, and defects
to estimate each sensory note of aroma, fragrance, flavor, and aftertaste as shown in Figure 4.

Figure 4. Schematic diagram of the Machine Learning methodology implemented and used for the
analysis of important variables and the estimation of sensory properties.

The objective of the research is to obtain information about which input variables in
the database affect the selected target variable. Therefore, the models based on artificial
intelligence methodologies that can achieve the estimation of sensory parameters and
coffee quality were designed. The research was divided into database creation, data
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preprocessing, variable selection, cross-validation, feature importance, machine learning
models, and hyperparameter tuning to achieve this.

1. Database creation: Information to be used includes data on physical and sensory
characteristics obtained from the coffee evaluation. The Pandas library was used in
Python to manage everything related to loading, analyzing, and storing information
in the database.

2. Pre-processing of the database: The database was analyzed using an algorithm that
finds data that could be corrupted, such as empty fields and special characters. When
the algorithm finds data that present problems, an automatic elimination is performed
to ensure that the machine learning models do not have problems during their execu-
tion due to these data types.

3. Variable Selection: The user selects the variables to be analyzed; that is, he determines
the variables to be in the input and in the target. The program allows the user to
write the names of the variables to be analyzed so that the system automatically
stores, analyzes, and groups the information in the search. A fundamental segment
to obtain results that are closest to real is achieved by guaranteeing that the data
implemented to train and test is correct by reducing the possibility of overtraining the
model. Therefore, the cross-validation technique is implemented so that the algorithm
implements different tests via different combinations of nK folds established by the
user. Figure 5 shows the scheme of the cross-validation segment.

4. Feature Importance: The objective was to obtain the relevant variables that posi-
tively or negatively impact the target variable to be analyzed. To achieve this, the
following models were used: Recursive Feature Elimination (RFE), CHI Square, least
absolute shrinkage and selection operator (LASSO), CatBoost (CBC), Decision Tree
(DTC), Random Forest (RFC), k-nearest neighbors (KNN), Linear Regression (LR),
and Logistic Regression (LogR). They all provide the most important variables that
influence the selected target variable. To reduce the overtraining of the models and
to guarantee that the data obtained are as accurate as possible, the cross-validation
technique was used.

5. Machine Learning models: This segment uses the data from the database section and
executes the Support Vector Classifier (SVC), K-Nearest Neighbors (KNN), Linear
Regression, Decision Tree, Random Forest, CatBoost, Naïve Bayes (NB), and Logistic
Regression models to predict coffee quality and sensory variables. Cross validation
was performed and the hyperparameters were adjusted to obtain the best possible
accuracy (Figure 6).

Figure 5. Schematic diagram representing the machine learning methodology using cross validation
for the determination of important variables.
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Figure 6. Diagram representing the machine learning methodology for the generation of prediction
models of coffee sensory notes.

3.1. Analysis of Important Variables

An in-depth study was carried out to determine the variables of coffee that impact the
variables of sensory notes related to fragrance, aroma, flavor, and aftertaste; the experiments
carried out were as follows.

(1) Determination of the most important variables related to the sensory notes of green
coffee via the variety and type of coffee beans. One hundred and eighty-five green coffee
beans were used from the high mountain zone of Veracruz, Mexico, whose information
contains the sensory analysis of coffee cupping with respect to the variety and type of
coffee. Therefore, a database with these characteristics was constructed for analysis. The
objective of this experiment is focused on obtaining data to analyze the existing relationship
between cupping sensory variables and their close relationship with the variety and type
of coffee analyzed, with which to identify the different sensory notes of aroma, fragrance,
flavor, and aftertaste that are influenced by the type and variety of coffee.

(2) Determination of the most important variables related to the sensory notes of
green coffee via physical properties (humidity, density, defects, size, and shape). One
hundred and eighty-five green coffee beans were used from the highlands of Veracruz,
whose information includes the sensory analysis of coffee cupping concerning the physical
properties and defects of the coffee beans, which directly impact the sensory notes of aroma,
fragrance, flavor, and aftertaste.

3.2. Sensory Notes’ Prediction

The prediction of sensory notes of coffee in aroma, fragrance, flavor, and aftertaste
was performed using information on the variety, type, physical properties, and defects of
green coffee beans. In this experiment, 185 green coffee samples were used. Seven machine
learning models were used to predict sensory notes such as floral, fruity, herbal, nutty,
caramel, chocolate, spicy, resinous, pyrolytic, earthy, and fermented sensory notes in aroma,
fragrance, flavor, and aftertaste. During coffee cupping, the expert cupper assigns a rating
comprising ranges from 0 to 5 to each of the sensory notes detected in the four stages of
sensory analysis (aroma, fragrance, flavor, and aftertaste). This part of the research focuses
on the development of an algorithm that can predict the sensory notes of coffee via Machine
Learning models with supervised learning configured for classification using the variables
of variety and type, physical properties, and defects of green coffee beans. This results in
categorized values of sensory notes.
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4. Results and Discussion
4.1. Results of Physical Analysis

The following are the results of the physical analysis of some of the varieties such
as Bourbon, Typica, Colombia, Caturra, Costa Rica, and Geisha. The results indicate the
average number of green coffee beans with some defect in the coffee bean.

It can be seen in Figure 7 that the split is one of the most common defects in all varieties.
Coffee Typica was one of the samples that contained the most characteristic defects, which
are unmature, wrinkled, split, berry borer, and bitter partial. Bourbon concentrates its
defects in Black partial, fungus, unmature, and wrinkled.

Figure 7. Results indicating the number of green coffee beans according to their type of defect.

Figure 8 shows the average results of the coffee varieties Bourbon, Typica, Colombia,
Caturra, Costa Rica, and Geisha, indicating the number of green coffee beans according
to their size contained in each variety. The size of the bean is an important factor in the
roasting process, since the aim is to guarantee a homogeneous roasting which can be
affected if there are many beans of different sizes.

Figure 8. Results indicating the number of green coffee beans according to their bean size.
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In [27], a method is described to correlate the physical properties of Java Arabica green
coffee beans with their physical defects by using boxplots to determine the distribution
of physical defects under different post-harvest processing and drying methods. It is
concluded that fewer defects are observed in the wet process compared to the dry process,
and mechanical drying gives a better quality of green coffee beans and minimizes losses.

4.2. Results of Coffee Cupping

The following are the results obtained from the cupping: sensory notes such as fruity,
herbal, nuts, caramel, chocolate, spicy, resinous, pyrolytic, earthy, fermented, and phenolics
are analyzed.

The results of coffee cupping are shown in the Figures 9 and 10, where it can ob-
served via heat maps the level of presence of a given sensory note (blue—low presence,
red—high presence). The results are divided into four sections: Aroma, fragrance, flavor,
and aftertaste.

According to the results of the aroma tasting (Figure 9), the sensory notes of spicy,
chocolate, caramel, nutty, fruity, and floral are the notes most present in Marseillaise,
Caturra, Arabica, Colombia, Costa Rica, Bourbon, and Typica coffees. Herbal notes are very
present, especially in the Typica, Bourbon, Costa Rica, and Caturra coffees.

Regarding the aroma results (Figure 9), the fruity, nutty, caramel, and chocolate
notes were the most characteristic of the coffees studied. Resinous, pyrolytic, earthy, and
fermented notes were found in the Typica, Bourbon, and Caturra coffees.

The taste results (Figure 10) showed that the fruity, nutty, caramel, chocolate, and spicy
notes were the most characteristic of the coffees studied. Pyrolytic, resinous, and earthy
notes were more present in the Typica, Bourbon, Colombia, and Caturra coffees.

The aftertaste results (Figure 10) show that all coffees have fruity, herbal, nutty, caramel,
chocolate, and spicy notes. Earthy and fermented notes are present in Typica, Bourbon,
Colombia, and Caturra.

In [27], a spider graph is used to determine the influence of the drying process on the
average obtained from the evaluation of five judges on the sensory notes of the aroma of
Java Arabica green coffee beans. They found that mechanically dried samples are more
nutty, earthy, and grassy than sundried samples. Instead of using spider graphs, heat
maps help us quickly and consistently determine the presence of sensory notes in seven
coffee varieties in the four cases presented above. This task would be unfeasible using
spider graphs.

Figure 9. Results of the sensory notes of fragrance and aroma of coffee cupping.
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Figure 10. Results of the sensory notes of the taste and aftertaste of coffee cupping.

4.3. Results of Feature Importance of Sensorial Analysis

Figure 11 shows the number of concordances of the variables of importance obtained
by the methods used (RFE, LASSO, KNN, CHI2, CATBOOST, DECISION TREE, and
RANDOM FOREST). The result indicates the relationship and importance that exists
between coffee varieties and their respective sensory notes, such as floral, fruity, herbal,
nutty, caramel, chocolate, spicy, resinous, pyrolytic, earthy, fermented, and phenolic, which
were analyzed in the aroma, fragrance, flavor, and aftertaste. The varieties and types that
were most present in all sensory notes in aroma, fragrance, flavor, and aftertaste tastings
were the Bourbon, Costa Rica, Colombia, Typica, and Maragón varieties.

Figure 11. Importance of Coffee Variety Properties in Sensorial Notes.



Processes 2024, 12, 18 11 of 19

Specifically in the aroma tasting, Costa Rica, Caturra, and Maragon were the varieties
with the most significant impact on all aroma sensory notes. In the fragrance, the varieties
Bourbon, Costa Rica, and Typica had the most significant influence on the sensory notes
of the fragrance. In taste, the Colombia, Caturra, and Bourbon varieties were the most
relevant. Finally, in the aftertaste, the Costa Rica, Typica, Criollo, and Geisha varieties
obtained the highest number of concordances.

Figure 12 shows the number of concordances of the variables of importance of the
physical variables, defects, and size obtained by the methods used (RFE, LASSO, KNN,
CHI2, CATBOOST, DTC, and RFC). The result indicates the relationship and importance
that exist between the physical variables, defects, and size of the green coffee bean with
respect to the sensory notes such as floral, fruity, herbal, nutty, caramel, chocolate, spicy,
resinous, pyrolytic, earthy, fermented, and phenolic, which were analyzed in the aroma,
fragrance, flavor, and aftertaste.

Figure 12. Importance of Physical Properties in Sensorial Notes.

The physical variables, defects, and size that were the most present in all sensory
notes in the aroma, fragrance, flavor, and aftertaste tastings were moisture, density, low
Z15, flat appearance, peaberry, and bitter. Specifically in the aroma tasting, the physical
characteristics were honey, moisture, density, bitter, fungus, shells, Z15, flat bean, and
peaberry. For the fragrance tasting, it was shells, moisture, density, bitter, unripe, z19,
loz z15, flat bean, and peaberry and ball. For flavor, it was humidity, density, bitter, float,
shells, z19, low z15, flat bean, peaberry, and monster. For the taste, it was humidity, density,
bitter, float, shells, z19, low z15, flat bean, peaberry, and monster. For the aftertaste, it was
moisture, density, bitter, husk, z18, z17, low z15, flat bean, and peaberry.

In the literature, it is possible to find several research studies in which the physical
and sensory properties of coffee beans have been correlated using Pearson correlations to
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find if there is statistical significance between the correlations between pairs of physical
and sensory properties [4,28]. The conclusions of this research could indicate that there
is a coincidence between the variables between physical properties and sensory notes.
Therefore, in this research, seven methods were used to select properties; each method
finds which physical characteristics influence each sensory note the most. Not all methods
determine the same properties, so by adding up the number of times each physical property
was important by all methods, we arrived at a more robust consensus than using Pearson
correlations. Moreover, thanks to heat maps, determining the most important physical
properties of each sensory note is easier to visualize.

4.4. Results of Sensorial Notes’ Prediction

One of the significant challenges in machine learning is the algorithm selection for
the desired application; in most cases, the algorithm selection is made according to the
programmer’s experience, which limits the efficiency of machine learning.

Automated machine learning improves algorithm selection and reduces the program-
mer’s tendency to use a particular algorithm or technique.

The evaluation of sensory characteristics of coffee is subjective, even though certified
tasters do it; as an example of subjective evaluation, we can look at the individual evaluation
of a sample or a taster. Averaging the scores of several tasters avoids the subjectivity of
coffee tasting, although it is difficult to obtain the scores of several tasters on the same
sample on a commercial scale.

The results show that combining different machine learning models makes it possible
to obtain sensory coffee parameters with a precision comparable to that obtained by
combining the scores of several experts. This methodology reduces the subjectivity of
the tasters.

The results of the seven machine learning models used to predict floral, fruity, herbal,
nutty, caramel, chocolate, spicy, resinous, pyrolytic, earthy, fermented in aroma, fragrance,
flavor, and aftertaste sensory notes are shown below.

Figures 13–16 show the sensory notes’ results based on the estimation accuracy of
the aroma, fragrance, flavor, and aftertaste results, respectively. The results show that the
RFC, CB, and SVC have obtained the best results, where the resinous, pyrolytic, earthy, and
fermented were the sensory notes with better accuracy.

Figure 13. Accuracy results of the ML models used in the prediction of aroma sensory notes.
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Figure 14. Accuracy results of the ML models used in the prediction of fragrance sensory notes.

Figure 15. Accuracy results of the ML Algorithm used in the prediction of flavor sensory notes.
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Figure 16. Accuracy results of the ML Algorithm used in the prediction of aftertaste sensory notes.

Tables 1 and 2 show the results of the evaluation metrics used to predict each of the
sensory notes. The results shown belong to the Machine Learning models that obtained
the best results in their prediction. Accuracy was used to measure the number of correct
positive predictions. Recall was used to measure the sensitivity, which is obtained via the
number of positive cases that the classifier correctly predicted among all positive cases in
the data. The F1 score was also used because it combines precision and recall by calculating
a harmonic mean of the two. The macro average is calculated using the arithmetic mean of
all F1 scores per class. And finally, the weighted average calculates the mean of the class
scores by considering the actual number of occurrences of the class in the data.

Table 1. Evaluation metrics used in the determination of sensory notes of aroma and fragrance
sensory notes.

Sensory Note ML Model Precision Recall F1 Score

Aroma—Floral SVC

Accuracy 0.9

Macro avg 0.78 0.78 0.78

Weighted
avg 0.9 0.9 0.9

Aroma—Fruity SVC

Accuracy 0.81

Macro avg 0.87 0.86 0.86

Weighted
avg 0.82 0.81 0.81

Aroma—Herbal SVC

Accuracy 0.93

Macro avg 0.58 0.39 0.41

Weighted
avg 0.92 0.92 0.92
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Table 1. Cont.

Sensory Note ML Model Precision Recall F1 Score

Aroma—Nuts RFC

Accuracy 0.86

Macro avg 0.81 0.70 0.76

Weighted
avg 0.86 86 0.86

Aroma—Caramel CB

Accuracy 0.83

Macro avg 0.85 0.81 0.83

Weighted
avg 0.85 0.82 0.83

Aroma—Chocolates CB

Accuracy 0.81

Macro avg 0.87 0.81 0.82

Weighted
avg 0.82 0.81 0.81

Aroma—Spicy RFC

Accuracy 0.92

Macro avg 0.61 0.59 0.6

Weighted
avg 0.9 0.92 0.91

Fragrance—Floral SVC

Accuracy 0.85

Macro avg 0.87 0.88 0.88

Weighted
avg 0.85 0.86 0.85

Fragrance—Fruity RFC

Accuracy 0.82

Macro avg 0.75 0.72 0.73

Weighted
avg 0.84 0.81 0.82

Fragrance—Herbal SVC

Accuracy 0.96

Macro avg 0.81 0.74 0.77

Weighted
avg 0.94 0.95 0.94

Fragrance—Nuts SVC

Accuracy 0.83

Macro avg 0.86 0.78 0.81

Weighted
avg 0.83 0.82 0.82

Fragrance—Caramel RFC

Accuracy 0.83

Macro avg 0.86 0.86 0.86

Weighted
avg 0.84 0.84 0.84

Fragrance—Chocolates CB

Accuracy 0.82

Macro avg 0.86 0.76 0.81

Weighted
avg 0.81 0.77 0.78

Fragrance—Spicy CB

Accuracy 0.88

Macro avg 0.89 0.82 0.85

Weighted
avg 0.89 0.88 0.88
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Table 2. Evaluation metrics used in the determination of sensory notes of flavor and aftertaste
sensory notes.

Sensory Note ML Model Precision Recall F1 Score

Flavor—Floral SVC

Accuracy 0.8

Macro avg 0.86 0.93 0.88

Weighted
avg 0.89 0.88 0.88

Flavor—Fruity SVC

Accuracy 0.82

Macro avg 0.73 0.64 0.68

Weighted
avg 0.81 0.8 0.8

Flavor—Herbal SVC

Accuracy 0.87

Macro avg 0.62 0.52 0.55

Weighted
avg 0.86 0.88 0.86

Flavor—Nuts RFC

Accuracy 0.85

Macro avg 0.69 0.61 0.64

Weighted
avg 0.84 0.83 0.84

Flavor—Caramel RFC

Accuracy 0.85

Macro avg 0.9 0.87 0.88

Weighted
avg 0.85 0.84 0.85

Flavor—Chocolates RFC

Accuracy 0.83

Macro avg 0.82 0.71 0.75

Weighted
avg 0.83 0.82 0.82

Flavor—Spicy RFC

Accuracy 0.88

Macro avg 0.91 0.91 0.91

Weighted
avg 0.88 0.87 0.88

Aftertaste-Floral SVC

Accuracy 0.88

Macro avg 0.87 0.91 0.88

Weighted
avg 0.9 0.89 0.88

Aftertaste—Fruity SVC

Accuracy 0.82

Macro avg 0.85 0.81 0.83

Weighted
avg 0.87 0.82 0.84

Aftertaste—Herbal SVC

Accuracy 0.87

Macro avg 0.87 0.66 0.72

Weighted
avg 0.87 0.86 0.87

Aftertaste—Nuts SVC

Accuracy 0.85

Macro avg 0.86 0.89 0.87

Weighted
avg 0.85 0.85 0.85
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Table 2. Cont.

Sensory Note ML Model Precision Recall F1 Score

Aftertaste—Caramel RFC

Accuracy 0.85

Macro avg 0.84 0.77 0.8

Weighted
avg 0.84 0.84 0.84

Aftertaste—Chocolates RFC

Accuracy 0.83

Macro avg 0.68 0.7 0.69

Weighted
avg 0.81 0.81 0.82

Aftertaste—Spicy CB

Accuracy 0.88 0.74 0.88

Macro avg 0.89 0.88 0.78

Weighted
avg 0.88

5. Conclusions

One of the major contributions of this work is based on the results of the experiments
carried out, which indicate that it is possible to know how the physical variables and
deformations of green coffee beans impact each of their sensory notes. Therefore, it was
possible to obtain a detailed map with this information.

The development of an automated machine learning model allows for the determina-
tion of sensory notes, making it possible to compare them to those obtained by experts, and,
at the same time, opens the possibility of developing more complex automated algorithms.
Using the hyperparameter tuning stage, the accuracy of the prediction of sensory properties
is improved, which is close to that obtained via the combined scores of trained tasters.

Additionally, by obtaining a sensorial profile estimation of green coffee beans with
the proposed Machine Learning model, producers and traders will be able to analyze data
before the coffee roasting process, leading to a fair-trade model. By understanding the
relationship between physical properties and the sensory profile, producers can improve
the quality of the product.

The results of the research demonstrate that by combining different machine learning
models, a precision can be achieved analogous to that of cupping experts; therefore, the
possibility of errors induced by human concerns like tiredness or subjectivity is reduced.
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Abbreviations
The following abbreviations are used in this manuscript:

NIRS Near Infrared Spectroscopy
FFBPANN Feed-Forward Back Propagation Artificial Neural Network
CAFECOL Centro Agroecológico del Café
NMX Norma Mexicana
RFE Recursive Feature Elimination
LASSO Least Absolute Shrinkage and Selection Operator
KNN K Nearest Neighbors
SVC Support Vector Classifier
ML Machine Learning
RFC Random Forest Classifier
SVR Support Vector Regression
MLP Mulilayer perception
ML Machine Learning
RFE Recursive Feature Elimination
LASSO Least absolute shrinkage and selection operator
CBC Catboost
DTC Decision Tree
LogR Logistic Regression
KNN K-Nearest neighbors
NB Naives Bayes
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