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Abstract

Slavova, V., Ropelewska, E., Aslan, M. F., Sabanci, K. & Dimitrova, T. L. (2026). The usefulness of approaches 
combining fluorescence spectroscopic data and machine learning algorithms to distinguish between different hy-
brid varieties of tomatoes grown in a greenhouse. Bulg. J. Agric. Sci., 32(1), 219–226

The objective of this study was to discriminate different hybrid varieties of tomatoes, grown in a greenhouse, based on 
fluorescence spectroscopic data using models, developed with the use of machine learning algorithms belonging to groups of 
Meta, Trees, Bayes, Functions, Lazy, and Rules. 

The combination of the fluorescence spectroscopic data and various machine learning algorithms is a great novelty in 
distinguishing the tomatoes grown in a greenhouse. The discriminant analysis including selected spectroscopic data was per-
formed for all three samples and pairs of samples. In the case of discrimination of three samples, an average accuracy of 100%, 
TP (True Positive) Rate, Precision, MCC (Matthews Correlation Coefficient), ROC (Receiver Operating Characteristic) Area, 
PRC (Precision-Recall) Area, and F-Measure equal to 1.000, and FP (False Positive) Rate of 0.000 was determined for the 
Multi Class Classifier from the group of Meta, Bayes Net from the group of Bayes and Logistic from the group of Functions. 

These results proved the complete differentiation of the samples in terms of selected spectroscopic data. Completely cor-
rect discriminations were also observed in the case of comparing some pairs of samples for the Multi Class Classifier, Bayes 
Net, Logistic, and kStar (Lazy) machine learning algorithms. The developed procedures can be used in practice to distinguish 
tomato samples in a non-destructive and objective way.
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Introduction 

Tomato (Solanum lycopersicum L.), originated from the 
Andes, and has been cultivated in Europe since the 16th cen-
tury. The tomato is a fruit in botanical terms. However, it 

contains a lower sugar content than other fruits (Gerszberg 
et al., 2015). Tomato is one of the most economical crops 
around the world. New tomato cultivars, including those 
resistant to pathogen infestation, are constantly under de-
velopment and used in breeding programs (El-Sitiny et al., 
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2022). Tomato taste and aroma are very important attributes 
for consumers. Tomato taste depends mainly on the content 
of sugars. Aroma results from volatiles. Tomato is rich in 
fiber, lycopene, and vitamins A and C. Its consumption may 
reduce the risk of some types of cancers and cardiovascular 
disease. Tomato can be consumed as fresh fruit, in salads 
and sandwiches, as salsa and in processed forms as dried 
tomato, juices or preserves, sauces, pastes, and soups. The 
selection of tomato cultivars and the postharvest practices 
are performed to reduce crop loss, as well as lengthen fruit 
shelf-life (Beckles, 2012). 

Vegetables and fruits are not packaged directly after 
harvest. Sorting is made between crop varieties before-
hand, and crops with similar physical characteristics are 
grouped. These groups are then packaged. In general, each 
package contains crops that are similar in shape, color and 
size. This packaging makes fruit and vegetables preferable 
for the consumer. These sorting and packaging processes 
are also very important for the tomato vegetable producer 
and consumer (Nassiri et al., 2021). The sorting process 
before packaging should be non-destructive, non-biased 
and fast. However, the discrimination of tomatoes by tradi-
tional methods is usually based on the practical experience 
of the farmers. This is very time-consuming and erroneous 
discriminations can be made. In addition, molecular marker 
and gene expression-based techniques are time-consuming 
and costly. Therefore, unlike traditional methods, automat-
ic sorting studies have increased in the last decade for faster 
and more accurate differentiation of tomatoes (Huynh et al., 
2021; Ropelewska et al., 2022).

In general, various sensors are used to automatically 
distinguish tomato varieties, and this sensor data can be 
analyzed to discriminate varieties. Analyzing this data by 
a computer instead of an expert provides faster and more 
accurate discrimination. For this reason, it is very popular 
to develop artificial intelligence-based methods that pave 
the way for Agriculture 4.0 (De Clercq et al., 2018). In this 
context, various machine learning methods such as Support 
Vector Machine (SVM), Decision Tree, Naive Bayes, etc. 
are in high demand by researchers (Kwak and Park, 2019). 
These methods can automatically distinguish crops by an-
alyzing sensor data. Data generation is the most important 
step in machine learning, since the decision is completely 
based on data, and the obtained data should have a strong 
discriminating ability. So far, a large number of studies 
(Kaur et al., 2018; Pavithra et al., 2015; Wan et al., 2018) 
have been carried out to differentiate tomato hybrid vari-
eties by traditional techniques, i.e. by features related to 
shape, color and size. However, unlike these features, spec-
tral features have been identified by Zhong et al. (2014), as 

the primary factor that should be used to differentiate crops 
(Csendes and Mucsi, 2016). The spectral analysis provides 
important information for the determination of the physio-
logical conditions and invisible defects of the crops, as well 
as providing species discrimination of crops (Ropelewska 
and Piecko, 2022). In the case of tomatoes, spectroscopic 
techniques were used for various purposes (de Oliveira et 
al., 2023). Among others, visible and near-infrared spec-
troscopy was applied to determine the sensory attributes of 
intact tomatoes (Li et al., 2021). Near-infrared spectrosco-
py was also used by Huang et al. (2018a) and de Brito et 
al. (2021), to evaluate the soluble solid content which is 
a very important quality parameter of tomatoes. Further-
more, Sheng et al. (2019) applied near-infrared spectros-
copy to estimate the lycopene contents and soluble solids 
of cherry tomatoes. Laser-Induced Breakdown Spectros-
copy (LIBS) and Chlorophyll Fluorescence Imaging (CFI) 
and analytical techniques can be useful to determine the 
chlorophyll amount in tomato plants (Senesi et al., 2022; 
Zhou et al., 2023). Huang et al. (2018b) reported that visi-
ble and near-infrared spectroscopy can be useful to predict 
the firmness parameters of tomatoes. Whereas Huang et al. 
(2018) predicted the firmness of tomatoes by spatially-re-
solved spectroscopy. Trebolazabala et al. (2017) monitored 
the tomato ripening by Raman spectroscopy. Spectroscopy 
can also be efficient at monitoring the tomato processing 
chain (Bureau et al., 2020). Despite the use of spectroscop-
ic techniques for various studies of tomatoes, there is no lit-
erature data on the use of fluorescence spectroscopy com-
bined with machine learning to distinguish different hybrid 
varieties of tomatoes grown in a greenhouse.

This study aimed at distinguishing differen thybrid va-
rieties of tomatoes grown in a greenhouse based on fluores-
cence spectroscopic data. The models were developed using 
machine learning algorithms belonging to groups of Meta, 
Trees, Bayes, Functions, Lazy and Rules. The results were 
evaluated using confusion matrices, average accuracies, 
True Positive Rate, False Positive Rate, Precision, MCC 
(Matthews Correlation Coefficient), ROC (Receiver Operat-
ing Characteristic) Area, PRC (Precision-Recall) Area, and 
F-Measure. The combination of fluorescence spectroscopy 
and machine learning to discriminate the tomatoes grown in 
a greenhouse is a great novelty of the present study.

Materials and Methods

Experimental design
Ten samples of three different hybrid varieties of toma-

toes grown in a greenhouse were tested. The samples are sol-
id biological material, with a weight of the order of a gram 
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taken by biopsy method from tomato fruits. The installation 
used in the experiment is compact enough to perform field 
analyses. It is aligned on an area of 38 cm long and 42 cm 
wide locally at the research sites. The developed installation 
was applied for practical studies of tomatoes locally in the 
greenhouse.

The mobile spectral installation (Fig. 1) for the study of 
fluorescence signals was designed specifically for the rapid 
analysis of plant biological samples. The mobile experimen-
tal installation used by fluorescence spectroscopy contains 
the following blocks:

•	 Laser diode (LED) with an emission radiation of 245 
nm with a supply voltage in the range of 3V. It is 
housed in a hermetically sealed TO39 metal hous-
ing. The emitter has a voltage drop of 1.9 to 2.4V 
and a current consumption of 0.02A. The minimum 
value of their reverse voltage is – 6 V.

•	 Forming optic, which is a hemispherical lens made 
of N-BAK2 glass. The post-LED forming optics is 
defined mainly for its refractive, dispersive and ther-
mo-optical properties, as well as for its transparency 
in the UV range [240-280 nm]. 

•	 Quartz glass area 4 cm2. Its optical properties are to 
be transparent to visible light and to ultraviolet rays. 
This allows it to be free of inhomogeneities that scat-
ter light. Its optical and thermal properties exceed 
those of other types of glass due to its purity. Light 
absorption in quartz glasses is weak.

•	 CMOS detector with photosensitive area 
1.9968×1.9968 mm. Its sensitivity ranges from 
200 nm to 1100 nm. Its resolution is δλ= 5. The pro-
file of the detector sensor projections along the X 

and Y axes is also designed for very small amounts 
of data, unlike widely used sensors.

The radiation is led from the LED through the forming 
optics block by means of a quartz fiber. The secondary ra-
diation from the illuminated sample (visible spectrum) – il-
luminated by the impacting UV radiation is coupled to the 
CMOS detector by means of light-guide optics. The quartz 
multimode fiber has a step index of refraction and a numer-
ical aperture of 0.22. In the CMOS detector, the light signal 
is converted into an electrical-digital signal and, by means of 
a USB 2.0 wire, it is taken for analysis and downloading of 
the data to a laptop.

Statistical analysis
The obtained fluorescence spectroscopic data were used 

to discriminate hybrid varieties of tomatoes using the WEKA 
application (Machine Learning Group, University of Waika-
to) (Bouckaert et al., 2016; Eibe et al., 2016; Witten et al., 
2005). The differentiation of fluorescence spectroscopic data 
of all three samples of 1, 2 and 3 were determined. Addi-
tionally, the discriminant analysis was carried out for pairs 
of samples 1 vs. 2, 1 vs. 3, 2 vs. 3. In the first step of the 
discriminant analysis, the attribute selection was performed 
using the Best First search method to select the data with 
the highest discriminative power to distinguish the tomato 
samples. The attribute selection step was performed for all 
three samples and each pair of samples separately. A 10-fold 
cross-validation mode was used to develop models based on 
the selected features using the machine learning algorithms 
from the Meta, Trees, Bayes, Functions, Lazy and Rules 
groups were used. In the case of each group, one algorithm 
providing the most satisfactory discrimination performance 
metrics was selected. The results were determined as con-
fusion matrices including accuracy for each sample, aver-
age accuracies, TP (True Positive) Rate, FP (False Positive) 
Rate, Precision, MCC (Matthews Correlation Coefficient), 
ROC (Receiver Operating Characteristic) Area, PRC (Pre-
cision-Recall) Area, and F-Measure (Ropelewska, 2022; 
Ropelewska et al., 2022a; Ropelewska and Szwejda‐Grzy-
bowska, 2021).

Result and Discussions

The results of discrimination accuracies of three tomato 
classes are presented in Table 1. All three classes of toma-
toes were discriminated with an average accuracy reaching 
100% for the Multi Class Classifier (group of Meta), Bayes 
Net (group of Bayes) and Logistic (group of Functions). It 
means that all cases belonging to the actual classes of 1, 2 
and 3 were correctly included in the predicted classes of 1, 2 

Fig. 1. Mobile experimental installation  
used by fluorescence spectroscopy

Source: Authors’ own elaboration



222 Vanya Slavova, Ewa Ropelewska, Muhammet Fatih Aslan, Kadir Sabanci and Todorka L. Dimitrova

and 3. Other machine learning algorithms also distinguished 
three analyzed classes with very high accuracies equal to 
96.67% for J48 (group of Trees) and JRip (group of Rules) 
and 93.33% for kStar (group of Lazy). In the case of J48 
and JRip algorithms, 1 and 2 tomato samples were discrim-
inated from each other with an accuracy of 100%. Whereas 
the cases of 3 were distinguished from others in 90% and 
the remaining 10% of cases belonging to the 3 class were 
incorrectly included in the predicted class 2. For kStar, only 
all cases of 1 were completely correctly classified as 1. The 
cases belonging to 2 and 3 classes were correctly classified 
in 90% and the mixing of cases between the two classes was 
noticed. 10 % of cases from the actual class of 2 were in-
correctly classified as 3 and 10 % of cases belonging to the 
actual class of 3 were incorrectly included in the predicted 
class of 2.

Other performance metrics of discrimination of three 
classes of tomatoes are shown in Table 2. In the case of the 
Multi Class Classifier, Bayes Net and Logistic algorithms, 
the values of TP Rate, Precision, MCC, ROC Area, PRC 
Area, and F-Measure were equal to 1.000, and FP Rate was 
0.000 for all three samples. These results confirmed the com-
plete differentiation of the samples in terms of selected flu-
orescence spectroscopic data. The least satisfactory results 
were obtained in the case of the kStar machine learning algo-
rithm. TP Rate, Precision, MCC, ROC Area, PRC Area, and 

Table 2. The performance metrics of discrimination of three classes of tomatoes based on fluorescence spectroscopic 
data
Classifier Class TP Rate FP Rate Precision MCC ROC Area PRC Area F-Measure

meta.
MultiClassClassifier

1 1.000 0.000 1.000 1.000 1.000 1.000 1.000
2 1.000 0.000 1.000 1.000 1.000 1.000 1.000
3 1.000 0.000 1.000 1.000 1.000 1.000 1.000

trees.
J48

1 1.000 0.000 1.000 1.000 1.000 1.000 1.000
2 1.000 0.050 0.909 0.929 0.975 0.909 0.952
3 0.900 0.000 1.000 0.926 0.928 0.933 0.947

bayes.
Bayes Net

1 1.000 0.000 1.000 1.000 1.000 1.000 1.000
2 1.000 0.000 1.000 1.000 1.000 1.000 1.000
3 1.000 0.000 1.000 1.000 1.000 1.000 1.000

functions.
Logistic

1 1.000 0.000 1.000 1.000 1.000 1.000 1.000
2 1.000 0.000 1.000 1.000 1.000 1.000 1.000
3 1.000 0.000 1.000 1.000 1.000 1.000 1.000

lazy.kStar 
1 1.000 0.000 1.000 1.000 1.000 1.000 1.000
2 0.900 0.050 0.900 0.850 0.995 0.991 0.900
3 0.900 0.050 0.900 0.850 0.995 0.991 0.900

rules.JRip
1 1.000 0.000 1.000 1.000 1.000 1.000 1.000
2 1.000 0.050 0.909 0.929 0.965 0.878 0.952
3 0.900 0.000 1.000 0.926 0.935 0.933 0.947

TP Rate – True Positive Rate; FP Rate – False Positive Rate; MCC – Matthews Correlation Coefficient; ROC Area
- Receiver Operating Characteristic Area; PRC Area – Precision-Recall Area
Source: Authors’ own elaboration

Table 1. The confusion matrices and average accuracies 
of discrimination of three classes of tomatoes based on 
fluorescence spectroscopic data 

Classifier
Predicted class (%) Actual 

class 

Average 
accuracy 

(%)1 2 3

meta.
Multi Class 
Classifier

100 0 0 1
1000 100 0 2

0 0 100 3

trees.
J48

100 0 0 1
96.670 100 0 2

0 10 90 3

bayes.
Bayes Net

100 0 0 1
1000 100 0 2

0 0 100 3

functions.
Logistic

100 0 0 1
1000 100 0 2

0 0 100 3

lazy.
kStar

100 0 0 1
93.330 90 10 2

0 10 90 3

rules.
JRip

100 0 0 1
96.670 100 0 2

0 10 90 3
Source: Authors’ own elaboration
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F-Measure equal to 1.000, and FP Rate equal to 0.000 were 
observed only for 1 sample. Samples 2 and 3 were character-
ized by the lowest TP Rate, Precision and F-Measure equal 
to 0.900, MCC of 0.850 and the highest FP Rate of 0.050.

In the next stages, the discriminant analysis was performed 
for pairs of samples. The results for distinguishing 1 and 2 
are shown in Table 3, including confusion matrices and av-
erage accuracies and Table 4, including the values of other 
discrimination performance metrics. Three (Multi Class Clas-
sifier, Bayes Net, Logistic) of the six algorithms distinguished 
the samples with an average accuracy equal to 100%. Models 
built using the other three algorithms (J48, kStar, JRip) cor-
rectly distinguished 1 and 2 in 95%. For each algorithm, the 
accuracy 1 was 100% and for 2 – 90% (Table 3).

In the case of average accuracies reaching 100%, TP 
Rate, Precision, MCC, ROC Area, PRC Area, and F-Mea-
sure were 1.000. Whereas FP Rate was equal to 0.000 for 
both samples. For models developed using the J48, kStar and 
JRip machine learning algorithms, providing 95% average 
accuracy, higher values of TP Rate (1.000) and F-Measure 
(0.952) were obtained for the 1 sample and higher Precision 
(1.000) and PRC Area (0.950) were determined for 2. Both 
samples were characterized by the same MCC (0.905) and 
ROC Area (0.950). It was found that FP Rate was 0.100 for 
1 and 0.000 for 2 (Table 4).

In the case of the discrimination of 1 vs. 3, slightly lower 
results were obtained for some of the used algorithms. Only 
models developed using Bayes Net and kStar produced accu-
racies of 100% (Table 5), FP Rate of 0.000 and the other met-
rics equal to 1.000 for both samples (Table 6). The average 
accuracy of 95% was determined for the Multi Class Classi-
fier and Logistic for which 100% accuracy was obtained for 
1 and 90% for 3. The models built using J48 and JRip algo-
rithms provided an average discrimination accuracy equal to 
90%. In the case of these algorithms, 1 sample was correctly 
discriminated in 100% and 3 – in 80% (Table 5).

For Bayes Net and kStar algorithms, the complete dis-
crimination of the examined samples was confirmed by the 
FP Rate equal to 0.000 and the values of other metrics (TP 
Rate, Precision, MCC, ROC Area, PRC Area, F-Measure) 
equal to 1.000. The highest FP Rate of 0.200 (for 1) and the 
lowest results of the other performance metrics (TP Rate of 
0.800 for 3, Precision of 0.833 for 1, MCC of 0.816 for 1 and 
3, ROC Area of 0.870 for 3, PRC Area of 0.825 for 1, F-Mea-
sure of 0.889 for 3) were observed in the case of models built 
using J48 and JRip (Table 6).

Table 3. The discrimination accuracies of 1 and 2 toma-
toes based on fluorescence spectroscopic data

Classifier
Predicted class 

(%) Actual 
class 

Average 
accuracy 

(%)1 2
meta.
Multi Class Classifier

100 0 1 1000 100 2
trees.
J48

100 0 1 9510 90 2
bayes.
Bayes Net

100 0 1 1000 100 2
functions.
Logistic

100 0 1 1000 100 2

lazy.kStar 100 0 1 9510 90 2

rules.JRip 100 0 1 9510 90 2
Source: Authors’ own elaboration

Table 4. The performance metrics of discrimination of 1 and 2 tomatoes based on fluorescence spectroscopic data
Classifier Actual class TP Rate FP Rate Precision MCC ROC Area PRC Area F-Measure
meta.
Multi Class Classifier

1 1.000 0.000 1.000 1.000 1.000 1.000 1.000
2 1.000 0.000 1.000 1.000 1.000 1.000 1.000

trees.
J48

1 1.000 0.100 0.909 0.905 0.950 0.909 0.952
2 0.900 0.000 1.000 0.905 0.950 0.950 0.947

bayes. 
Bayes Net

1 1.000 0.000 1.000 1.000 1.000 1.000 1.000
2 1.000 0.000 1.000 1.000 1.000 1.000 1.000

functions. 
Logistic

1 1.000 0.000 1.000 1.000 1.000 1.000 1.000
2 1.000 0.000 1.000 1.000 1.000 1.000 1.000

lazy.kStar 1 1.000 0.100 0.909 0.905 0.950 0.909 0.952
2 0.900 0.000 1.000 0.905 0.950 0.950 0.947

rules.JRip 1 1.000 0.100 0.909 0.905 0.950 0.909 0.952
2 0.900 0.000 1.000 0.905 0.950 0.950 0.947

TP Rate – True Positive Rate; FP Rate – False Positive Rate; MCC – Matthews Correlation Coefficient; ROC Area – Receiver Operating Characteristic 
Area; PRC Area – Precision-Recall Area
Source: Authors’ own elaboration
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Discriminant analysis performed for 2 vs. 3 revealed 
100% accuracy (Table 7), as well as FP Rate of 0.000 
and TP Rate, Precision, MCC, ROC Area, PRC Area, and 
F-Measure equal to 1.000 for both samples (Table 8) only 
in the case of the model, built using the Bayes Net algo-
rithm. Whereas the lowest average accuracy of 90% (100% 
for 2 and 80% for 3) was observed for the model developed 
using kStar. In the case of other machine learning algo-
rithms used, the average accuracies reached 95% and the 
2 and 3 samples were correctly discriminated in 100% and 
90%, respectively (Table 7). The kStar algorithm produced 
the highest value of FP Rate (0.200 for 2) and the lowest 
values of the other metrics (Precision: 0.833, PRC Area: 

0.825 for 2, TP Rate: 0.800, ROC Area: 0.870, F-Measure: 
0.889 for 3, and MCC: 0.816 for 2 and 3) (Table 8).

The result of our study confirmed the usefulness of spec-
troscopy and machine learning to discriminate different 
hybrid varieties of tomato. Spectroscopy can be used very 
successfully to differentiate crop varieties and detect plant 
pathological conditions based on spectral data (Ropelewska 
et al., 2022b). The spectroscopic techniques could be con-
sidered non-destructive, rapid, easy and require no sample 
preparation or using chemical reagents. These techniques 
were used in tomato research, among others, to direct esti-
mate the sensory quality or determine physicochemical pa-
rameters (de Brito et al., 2021; Li et al., 2021).

Table 6. The results of discrimination of 1 vs. 3 tomatoes based on fluorescence spectroscopic data
Classifier Actual class TP Rate FP Rate Precision MCC ROC Area PRC Area F-Measure
meta. 
Multi Class Classifier

1 1.000 0.100 0.909 0.905 1.000 1.000 0.952
3 0.900 0.000 1.000 0.905 1.000 1.000 0.947

trees. 
J48

1 1.000 0.200 0.833 0.816 0.890 0.825 0.909
3 0.800 0.000 1.000 0.816 0.870 0.922 0.889

bayes.  
Bayes Net

1 1.000 0.000 1.000 1.000 1.000 1.000 1.000
3 1.000 0.000 1.000 1.000 1.000 1.000 1.000

functions. 
Logistic

1 1.000 0.100 0.909 0.905 1.000 1.000 0.952
3 0.900 0.000 1.000 0.905 1.000 1.000 0.947

lazy.kStar 1 1.000 0.000 1.000 1.000 1.000 1.000 1.000
3 1.000 0.000 1.000 1.000 1.000 1.000 1.000

rules.JRip 1 1.000 0.200 0.833 0.816 0.890 0.825 0.909
3 0.800 0.000 1.000 0.816 0.870 0.922 0.889

TP Rate – True Positive Rate; FP Rate – False Positive Rate; MCC – Matthews Correlation Coefficient; ROC Area – Receiver Operating Characteristic 
Area; PRC Area – Precision-Recall Area
Source: Authors’ own elaboration

Table 7. The accuracies of the discrimination of 2 vs. 3 
tomato samples based on fluorescence spectroscopic data

Classifier
Predicted class 

(%) Actual 
class 

Average 
accuracy 

(%)2 3
meta.
Multi Class Classifier

100 0 2 9510 90 3
trees.
J48

100 0 2 9510 90 3
bayes.
Bayes Net

100 0 2 1000 100 3
functions.
Logistic

100 0 2 9510 90 3

lazy.kStar 100 0 2 9020 80 3

rules.JRip 100 0 2 9510 90 3
Source: Authors’ own elaboration

Table 5. Discrimination accuracies of 1 vs. 3 tomatoes 
based on fluorescence spectroscopic data

Classifier
Predicted class 

(%) Actual 
class 

Average 
accura-
cy (%)1 3

meta.
Multi Class Classifier

100 0 1 9510 90 3
trees.
J48

100 0 1 9020 80 3
bayes.
Bayes Net

100 0 1 1000 100 3
functions.
Logistic

100 0 1 9510 90 3

lazy.kStar 100 0 1 1000 100 3

rules.JRip 100 0 1 9020 80 3
Source: Authors’ own elaboration
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Conclusion

The non-destructive and robust differentiation of high-
ly sensitive tomato species is an important challenge. In 
this study, an application was carried out for fast, reliable 
and non-destructive differentiation of tomatoes of different 
hybrid varieties grown in the greenhouse. A large number 
of machine learning algorithms belonging to Meta, Trees, 
Bayes, Functions, Lazy and Rules groups were used to per-
form the discrimination process automatically. These algo-
rithms were fed with fluorescence spectroscopic features 
extracted from tomato hybrid varieties with three different 
classes. The discrimination accuracy rates obtained at the 
end of the study showed the ability and objectivity of ma-
chine learning algorithms fed with spectroscopic data to dis-
tinguish tomato hybrid varieties. In the future, it is planned 
to develop more successful discrimination techniques using 
different visual features in addition to spectroscopic features. 
In addition, these experiments are planned to be applied on 
more than one agricultural product.
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