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Abstract

This study was aimed at developing the discriminant models for distinguishing the tomato seeds based on texture parameters
of the outer surface of seeds calculated from the images (scans) converted to individual color channels R, G, B, L, a, b, X, Y,
Z. The seeds of tomatoes ‘Green Zebra’, ‘Ozarowski’, ‘Pineapple’, Sacher F1 and Sandoline F1 were discriminated in pairs.
The highest results were observed for models built based on sets of textures selected individually from color channels R, L
and X and sets of textures selected from all color channels. In all cases, the tomato seeds ‘Green Zebra’ and ‘Ozarowski’ were
discriminated with the highest average accuracy equal to 97% for the Multilayer Perceptron classifier and 96.25% for Random
Forest for color channel R, 95.25% (Multilayer Perceptron) and 95% (Random Forest) for color channel L, 93% (Multilayer
Perceptron) and 95% (Random Forest) for color channel X, 99.75% (Multilayer Perceptron) and 99.5% (Random Forest) for
a set of textures selected from all color channels (R, G, B, L, a, b, X, Y, X). The highest average accuracies for other pairs of
cultivars reached 98.25% for ‘Ozarowski’ vs. Sacher F1, 95.75% for ‘Pineapple’ vs. Sandoline F1, 97.5% for ‘Green Zebra’
vs. Sandoline F1, 97.25% for Sacher F1 vs. Sandoline F1 for models built based on textures selected from all color channels.
The obtained results may be used in practice for the identification of cultivar of tomato seeds. The developed models allow to
distinguish the tomato seed cultivars in an objective and fast way using digital image processing. The results confirmed the
usefulness of texture parameters of the outer surface of tomato seeds for classification purposes. The discriminative models
allow to obtain a very high probability and may be applied to authenticate and detect seed adulteration.

Keywords Tomato cultivars - Seed textures - Image processing - Discrimination performance

Introduction

The origin of tomato (Solanum lycopersicum L.) is not
confirmed by archaeological evidence, but on the basis of
DNA sequence analyses of plants currently found in Latin
America, Peru and Ecuador are most often indicated as
the place of origin. It is estimated that about 7000 years
ago the selection of wild plants led to the development
of the domestic tomato. For centuries, the yield has been
the main criterion for breeding the tomato, which has led
to a significant enlargement of the fruit with a simultane-
ous reduction in sugar and aroma content [1]. In 2019, the
global cultivated area was 6.1 million hectares and total
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production was around 243.6 million tons [2], making
tomato one of the world's main food crops. The common
tomato produces fruits in a large variety of shapes, colors,
and sizes. Tomato quality factors for fresh consumption are
overall appearance, firmness and taste, whereas the quality
of tomatoes for processing is determined by total solids con-
tent, color, pH and firmness [3]. For the consumers, color
is an indicator of maturity level and in many cases, this
feature of the fruit has a decisive influence on the prefer-
ence for selection. The color of tomatoes fruits depends
mainly on lycopene content. The second-most important
compound affecting the color of the fruit is p-Carotene [4].
The nutritional value of tomatoes is mainly due to their
nutrient content (carotenoids, polyphenols, ascorbic acid),
minerals (Ca, Mg, Cu, Zn, K, Fe) and fiber [5]. In com-
parison to other vegetables, tomato fruits have intermediate
levels of carotenoids; however, high dietary intake makes
it a very important source. It has recently been shown that
the content of lycopene and f-carotene in the fresh weight
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of tomatoes fruits is in the range 0.02-422 mg/100 g and
0.01-4.44 mg/100 g, respectively [6]. A similar situation
applies to ascorbic acid content. Comparing to other vegeta-
bles, its concentration remains at an average level, but the
large quantities consumed make tomatoes great contributors
of this nutrient in diet [3]. Large differences in ascorbic
acid levels have been reported among tomato cultivars and
growing conditions; however, concentration in tomatoes
fruits was estimated between 1 and 64 mg/100 g in fresh
weight [6] The level of phenolic compounds in tomato fruit
is influenced by a huge number of factors (variety, cultiva-
tion method, weather conditions, degree of ripeness) and
therefore average content may not be representative [6, 7].
However, the content of polyphenolic compounds is not
high, as it was reported, the fruits contain flavonoids in
concentration ranges 2.57-4.37 mg/100 g [8] and phenolic
acids (5-caffeoylquinic acid and caffeoylquinic acids deriva-
tives) 10.5 mg/100 g fresh weight [5]. Epidemiological evi-
dence indicates an association between the consumption of
tomatoes and reduced cardiovascular risk. Lycopene admin-
istered at 200 mg/day has a significant effect on normalizing
the blood lipid profile [9]. Tomato intake was found to have
a reduction effect on LDL, total cholesterol, TG, and an
increase in HDL levels [10].

Spectral and image analysis acquires using various
methods and provides valuable information for classi-
fying the physiological condition of seeds, their defects
invisible to the eye, and for variety discrimination. Nowa-
days, non-destructive, rapid classification methods based
on imaging, tomography and infrared spectroscopy (NIR)
are under development for such use. For example, excel-
lent results were obtained when the possibility of using
near-infrared spectroscopy (reflection spectrum) to clas-
sify damaged and correct tomato seeds was investigated.
The study showed that these discrimination models can be
used to differentiate thermally damaged seeds. Total clas-
sification accuracy for the validation sample was 96.7%
when five factors were selected for partial least squares
discriminant analysis [11]. The potential of NIR spectros-
copy for discrimination of tomato seed quality (viable and
non-viable) using spectral analysis was evidenced. The
ability to correctly identify the positive samples and to
reject the negative samples of the model for prediction of
viable and non-viable seeds were in both cases: 0.94 [12].
Rapid non-destructive grading of tomato seeds was also
developed based on the hyperspectral technique. The area,
circularity and average gray of seeds were analyzed to cor-
relate with standard germination test performance. Image
acquisition system equipped with line scanning spectrom-
eter, gives a good result when 713 nm of wavelength was
selected for prediction analysis. The accuracy of the cali-
bration and validation data set was above 90.00% [13]. In
another case, the physiological maturity of tomato seeds
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determined by X-ray image analysis proved to be an effec-
tive method for selecting high-quality seeds. The internal
features of the seeds: embryo morphology and presence of
free areas, (which represent the physiological potential of
the seeds) were analyzed on the radiographic images [14].
Own research proposes the application of image textures
for cultivar discrimination of tomato seeds. In the available
literature, there is a lack of information on the presence of
models based on textures extracted from the color channels
R,G,B,L,a,b, X, Y, Zfrom digital color images acquired
using a flatbed scanner for distinguishing of tomato seed
cultivars. The performed experiments were intended to
supplement this scarcity.

The objective of this study was to develop the discrimi-
nant models for distinguishing the tomato seeds based on
texture parameters of the outer surface of seeds calculated
from the images (scans) converted to individual color chan-
nelsR,G,B,L,a,b,X,Y, Z.

Materials and methods
Materials

The tomatoes belonging to cultivars ‘Green Zebra’,
‘Ozarowski’, ‘Pineapple’, Sacher F1 and Sandoline F1 were
used in the experiments. The tomatoes were purchased from
a local manufacturer. The seeds were manually prepared for
the image acquisition. The individual tomato fruits were cut
into quarters. Then, the seed chambers were emptied. The
extracted seeds were covered with a protective tissue (muci-
laginous gel) which was removed to obtain clean seeds. Dur-
ing the process of seed extraction, the seeds were rinsed in a
sieve under tap water. In the next step, the mucilaginous gel
was removed mechanically by sponge on absorption paper.
Before scanning, the seeds were dried with paper towels.

Image analysis

The tomato seeds images were obtained with the use of a
flatbed scanner. The outer surfaces of seeds belonging to
tomatoes ‘Green Zebra’, ‘Ozarowski’, ‘Pineapple’, Sacher
F1 and Sandoline F1 were scanned on the black back-
ground that facilitated the segmentation and ROI (region
of interest) identification. For each cultivar, two scans were
acquired. One scan included one-hundred seeds. Therefore,
the images of two hundred seeds were obtained for each
tomato cultivar. The images were characterized by the fol-
lowing parameters: 800 dpi resolution, TIFF format. After
the image acquisition, the Mazda software (£6dZ Univer-
sity of Technology, Institute of Electronics, Poland) [15]
was applied for image processing. Before image analysis
using the Mazda application, the images were converted to
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BMP format. Then, the conversion of tomato seed images
to individual color channels R, G, B, L, a, b, X, Y, Z was
carried out. The exemplary images of tomato seeds are
presented in Fig. 1. The individual seeds were separated
from the background and the region of interest (ROI) was
overlaid on each seed. For one image from each color chan-
nel, almost 200 textures based on the run-length matrix,
histogram, co-occurrence matrix, autoregressive model
and gradient map [15] were computed for each ROI (one
seed) and these features were used for the stage of attribute
selection. Of the 200 features, the features with the high-
est discriminatory power were selected and used to build
models to distinguish tomato seed cultivars. In this study,
the texture parameters of tomato seeds were calculated

Color channels
Original images R L
‘GreenZebra’ ® ® @ @ e

‘Ozarowski’ Qe « ®

‘Pineapple’ Qe Qe

Sacher F1 (W )

e b

Sandoline F1 e )

Fig.1 The original color images and images converted to selected
color channels R, L, X of tomato seeds belonging to different cultivars
‘Green Zebra’, ‘Ozarowski’, ‘Pineapple’, Sacher F1 and Sandoline F1

Image acquisition

Classification using the
Multilayer Perceptron and
Random Forest classifiers

—

Fig.2 The proposed procedure of cultivar discrimination of tomato seeds

Conversion of images
to color channels

Texture selection

from images based on spatial variation of pixel brightness
intensities. Analysis of textures can provide numerical data
about the structure of objects, which can determine the
changes that are difficult to notice to the naked eye. The
images of objects with the same color histograms and num-
ber of pixels can differ in textures if they have dissimilar
color distributions [16—18]. The texture parameters were
successfully applied to distinguish seed cultivars [19-22].
The proposed procedure of cultivar discrimination of
tomato seeds is presented in Fig. 2.

Discriminant analysis

The discrimination of tomato seeds belonging to differ-
ent cultivars was carried out with the use of the WEKA
3.9 application (Machine Learning Group, University of
Waikato) [23]. The cultivars were discriminated in pairs:
‘Green Zebra’ vs. ‘Ozarowski’, ‘Green Zebra’ vs. ‘Pineap-
ple’, ‘Green Zebra’ vs. Sacher F1, ‘Green Zebra’ vs. San-
doline F1, ‘Ozarowski’ vs. ‘Pineapple’, ‘Ozarowski’ vs.
Sacher F1, ‘Ozarowski’ vs. Sandoline F1, ‘Pineapple’ vs.
Sacher F1, ‘Pineapple’ vs. Sandoline F1, Sacher F1 vs.
Sandoline F1. Additionally, the discrimination of all five
tomato seed cultivars was performed and the discrimina-
tion for one cultivar versus other cultivars. The discrimi-
native models were developed individually for the sets of
selected textures. The textures were selected using the Best
First with the CFS (Correlation-based Feature Selection)
subset evaluator. In the case of pair comparison, 10 tex-
tures were selected for individual color channels and 30 for
all color channels for each pair of tomato seed cultivars.

Image

— .
segmentatlon

Calculation of textures
from color channels

R,G,B,L,a,b,X,Y,Z
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This was the optimal number of features that provided high
correctness of discrimination and a short analysis time.
For the classification of all five cultivars, there were more
selected textures, about 15 for each color channel and 35
for model built for a set including textures selected from
all color channels. It meant that there may be a need to
use more features to distinguish more cultivars from each
other. For example, in the case of color channel R, the
following textures were selected: RHMean, RHVariance,
RHPerc0O1, RHPerc50, RHPerc99, RSGSkewness, RS5SH-
I1DifVarnc, RS5SV1SumVarnc, RS4RHLngREmph,
RS4RVGLevNonU, RS4RVLngREmph, RS4RZRL-
NonUni, RAArea, RATeta2, RASigma. For color chan-
nel X, the selected textures were: XHMean, XHVariance,
XHPerc01, XHPerc10, XHPerc50, XHPerc99, XSGArea,
XS5SVI1SumVarnc, XS5SN1DifEntrp, XS5SZ3AngSc-
Mom, XS4RVGLevNonU, XS4RZRLNonUni, XAArea,
XATeta2, XASigma. The discrimination was performed
using different classifiers from the groups of Functions,
Decision Trees, Lazy and Rules which were available using
the Weka application. The tenfold cross-validation mode
was applied for the discrimination [24]. In the case of each
pair, the discriminant models were built separately for indi-
vidual color channels R, G, B, L, a, b, X, Y, Z from color
spaces RGB, Lab, XYZ, respectively, using different clas-
sifiers. The main criterion for the evaluation of the analysis
performance and selection of classifiers was the highest
average accuracy (%). The accuracies of classification (%)
for individual tomato seed cultivars were also evaluated.
The highest discrimination accuracies were determined in
the case of the Multilayer Perceptron and Random Forest
classifiers, as well as the color channels R, L and X when
the models were built for sets of textures selected individu-
ally for each color channel. Therefore, the results for these
discriminative classifiers and individual color channels are
presented in this paper.

Random Forest is one of the classifier algorithms from
a group of Decision Trees. The function of this classifier
is to build random forests by bagging ensembles of rand-
omized decision trees. The Multilayer Perceptron classifier
is a neural network belonging to a group of Functions that
uses backpropagation for training [24].

Additionally, the models for sets of textures selected from
all color channels were developed. The presented results
include the confusion matrices for the pairs of cultivars and
all five cultivars of tomato seeds, the average accuracies
for each pair of cultivars and all five cultivars, and the TP
(True Positive) Rate, Precision, F-Measure, ROC (Receiver
Operating Characteristic) Area and PRC (Precision—Recall)
Area. The values of these metrics were computed using the
Weka. However, these parameters may be calculated manu-
ally using the following equations [22]:
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Precision = TP/(TP + FP), €8
Recall = TP/(TP + FN), 2)

F1 - Measure = 2 X ((Precision X Recall)/(Precision + Recall)),

3)
where TP is the True Positive; FP is the False Positive; FN
is the False Negative.

The interpretation of the results was based on the aver-
age accuracy (%) of classification of the tomato seeds
belonging to different cultivars, the accuracies of classifi-
cation (%) for individual cultivars and the values of other
performance metrics, such as TP Rate, Precision, F-Meas-
ure, ROC Area and PRC Area. The higher the accuracies
and the values of other metrics, the better the classification
efficiency.

Additionally, the ROC (Receiver Operating Charac-
teristic) and PRC (Precision—Recall) curves for selected
model and classifier providing high accuracy were pre-
sented for discrimination of five cultivars of tomato seeds
to show distinguishing one cultivar from the four others
as follows:

‘Green Zebra’ versus tomato seeds other than 'Green
Zebra' (‘Ozarowski’, ‘Pineapple’, Sacher F1 and Sando-
line F1),

— ‘Ozarowski’ versus tomato seeds other than ‘Ozarowski’
(‘Green Zebra’, ‘Pineapple’, Sacher F1 and Sandoline
F1),

— ‘Pineapple’ versus tomato seeds other than ‘Pineapple’
(‘Green Zebra’, ‘Ozarowski’, Sacher F1 and Sandoline
F1),

— Sacher F1 versus tomato seeds other than Sacher F1
(‘Green Zebra’, ‘Ozarowski’, ‘Pineapple’ and Sandoline
F1),

— Sandoline F1 versus tomato seeds other than Sandoline

F1 (‘Green Zebra’, ‘Ozarowski’, ‘Pineapple’ and Sacher

F1).

Results and discussion

The cultivar discrimination of tomato seeds was performed
for pairs of cultivars. In the case of each pair, the discri-
minant models were built separately for color channels R,
L, X based on selected textures, and two discriminative
classifiers (Multilayer Perceptron and Random Forest) were
applied for classification. In the case of the model built
based on textures selected from color channel R of images
of tomato seeds belonging to cultivars ‘Green Zebra’ and
‘Ozarowski’, very satisfactory discrimination accuracies
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Table 1 (continued)

Precision F-Measure ROC Area PRC Area

TP Rate

Average accu-
racy (%)

Predicted class (%) Actual class

Classifier

Sacher F1 vs. Sandoline F1

88

Sandoline F1

11
87

Sacher F1

89
13

Multilayer Perceptron

0.873 0.881 0.943 0.930
0.943

0.890
0.870

Sacher F1

0.945

0.879

0.888

Sandoline F1

90

Random Forest

0.935 0.896 0.953 0.962
0.904

0.860
0.940

14 Sacher F1

94

86

0.936

0.953

0.870

Sandoline F1

TP Rate True Positive Rate, ROC Area Receiver Operating Characteristic Area, PRC Area Precision—Recall Area

were obtained for both classifiers (Table 1). The Multilayer
Perceptron produced an average accuracy of 97% and the
Random Forest allowed for the classification of seeds with
an average accuracy equal to 96.25%. In the case of the
Multilayer Perceptron, the confusion matrices indicated
that the seeds ‘Green Zebra’ were correctly classified in
96.5% and 3.5% of the seeds belonging to tomato ‘Green
Zebra’ were incorrectly included in class ‘Ozarowski’.
Whereas the seeds ‘Ozarowski’ were discriminated
with the correctness of 97.5% and only 2.5% of seeds
‘Ozarowski’ were incorrectly classified as ‘Green Zebra’.
Also, the values of other metrics of discrimination were
high. The TP Rate reached 0.975 for ‘Ozarowski’, Preci-
sion—0.975 for ‘Green Zebra’, F-Measure—0.970 and
ROC Area—0.988 for both ‘Green Zebra’ and ‘Ozarowski’,
and PRC Area was up to 0.992 for ‘Green Zebra’. Slightly
worse but still satisfactory discrimination accuracies were
obtained in the case of tomato seeds belonging to cultivars
‘Pineapple’ and Sandoline F1 for both analyzed classifiers.
In the case of Multilayer Perceptron, only 9% of seeds were
incorrectly classified (average accuracy of 91%) regard-
less of cultivar. The Random Forest classifier allowed for
the classification of seeds with an average accuracy equal
to 95.25%, with very high values of ROC Area and PRC
Area—~0.985 for both ‘Pineapple’ and Sandoline F1. In
order of classification accuracy, the next pair was ‘Green
Zebra’ vs. Sandoline F1. For both cultivars, all discrimi-
nation metric values had almost no difference and were
relatively high. Average accuracy reached 93.25% (Mul-
tilayer Perceptron) and 92.75% (Random Forest). In the
case of both cultivars, regardless of the applied discrimi-
native classifiers, TP Rate, ROC Area, PRC Area reached
values: 0.935 (‘Green Zebra’, Multilayer Perceptron and
Sandoline F1, Random Forest), 0.973 (both cultivars and
both classifiers), and 0.973 (Sandoline F1, Multilayer Per-
ceptron and Random Forest), respectively. For some pairs
of cultivars, the average accuracies were between 80 and
90% and in these cases, the metric scores of the TP Rate,
Precision, F-Measure, ROC Area, PRC Area for Multilayer
Perceptron reached the following values: 0.835-0.940,
0.835-0.935, 0.835-0.906, 0.908-0.964, 0.877-0.969,
respectively. In this group of cultivar pairs (average accu-
racy: 90% or less) when the Random Forest classifier was
applied, slightly better performers were obtained. In this
case, the average metric scores of the TP Rate, Precision,
F-Measure, ROC Area, PRC Area reached the values:
0.874; 0.875; 0.874; 0.945; 0.943, respectively. In the case
of the tomato seed discrimination of just one pair of culti-
vars (‘Pineapple’ vs. Sacher F1), the lowest accuracies (less
than 80%) were obtained for both classifiers. In the case of
‘Pineapple’ (Multilayer Perceptron), 25.5% of seeds were
incorrectly classified as Sacher F1, which resulted in low
average accuracy (77.25%). The Random Forest classifier
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Table 2 The confusion matrices, average accuracies and other performance metrics (TP Rate, Precision, F-Measure, ROC Area, PRC Area) of
discrimination of the tomato seeds performed in pairs of cultivars based on textures selected from color channel L

Classifier Predicted class (%) Actual class Average TP Rate Precision F-Measure ROC Area PRC Area
accuracy
(%)
‘Green Zebra’ vs. ‘Ozarowski’
Multilayer Perceptron  ‘Green Zebra’ ‘Ozarowski’ 95.25
94.5 5.5 ‘Green Zebra’ 0.945 0.959 0.952 0.990 0.991
4 96 ‘Ozarowski’ 0.960 0.946 0.953 0.990 0.990
Random Forest 95
93.5 6.5 ‘Green Zebra’ 0.935 0.964 0.949 0.991 0.993
35 96.5 ‘Ozarowski’ 0.965 0.937 0.951 0.991 0.986
‘Green Zebra’ vs. Pineapple
Multilayer Perceptron ‘Green Zebra’ ‘Pineapple’ 85
88 12 ‘Green Zebra’ 0.880 0.830 0.854 0.917 0.897
18 82 ‘Pineapple’ 0.820 0.872 0.845 0.917 0.906
Random Forest 87
88.5 11.5 ‘Green Zebra’ 0.885 0.859 0.872 0.942 0.934
14.5 85.5 ‘Pineapple’ 0.855 0.881 0.868 0.942 0.944
‘Green Zebra vs. Sacher F1
Multilayer Perceptron ‘Green Zebra’ Sacher F1 89.75
91 9 ‘Green Zebra’ 0.910 0.888 0.899 0.931 0.929
11.5 88.5 Sacher F1 0.885 0.908 0.896 0.931 0.917
Random Forest 90.5
92 8 ‘Green Zebra’ 0.920 0.893 0.906 0.963 0.960
11 89 Sacher F1 0.890 0.918 0.904 0.963 0.957
‘Green Zebra’ vs. Sandoline F1
Multilayer Perceptron ‘Green Zebra® Sandoline F1 90.75
88.5 11.5 ‘Green Zebra’ 0.885 0.927 0.905 0.969 0.973
7 93 Sandoline F1 0.930 0.890 0.910 0.969 0.968
Random Forest 91.75
91 9 ‘Green Zebra’ 0.910 0.924 0.917 0.968 0.969
7.5 92.5 Sandoline F1 0.925 0911 0.918 0.968 0.962
‘Ozarowski’ vs. Pineapple
Multilayer Perceptron ‘Ozarowski’ ‘Pineapple’ 86
87 13 ‘Ozarowski’ 0.870 0.853 0.861 0.934 0.935
15 85 ‘Pineapple’ 0.850 0.867 0.859 0.934 0.930
Random Forest 84
86 14 ‘Ozarowski’ 0.860 0.827 0.843 0.931 0.932
18 82 ‘Pineapple’ 0.820 0.854 0.837 0.931 0.932
‘Ozarowski’ vs. Sacher F1
Multilayer Perceptron ‘Ozarowski’  Sacher F1 80
82 18 ‘Ozarowski’ 0.820 0.788 0.804 0.884 0.868
22 78 Sacher F1 0.780 0.813 0.796 0.884 0.887
Random Forest 83.5
83 17 ‘Ozarowski’ 0.830 0.838 0.834 0.903 0.895
16 84 Sacher F1 0.840 0.832 0.836 0.903 0.902
‘Ozarowski’ vs. Sandoline F1
Multilayer Perceptron ‘Ozarowski’  Sandoline F1 91
91 9 ‘Ozarowski’ 0.910 0.910 0.910 0.945 0.907
9 91 Sandoline F1 0.910 0.910 0.910 0.945 0.944
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Table 2 (continued)

Classifier Predicted class (%) Actual class Average TP Rate Precision F-Measure ROC Area PRC Area
accuracy
(%)
Random Forest 91.75
93 7 ‘Ozarowski’ 0.930 0.907 0.919 0.973 0.973
9.5 90.5 Sandoline F1 0.905 0.928 0.916 0.973 0.966
‘Pineapple’ vs. Sacher F1
Multilayer Perceptron  ‘Pineapple’ Sacher F1 74.5
74 26 ‘Pineapple’ 0.740 0.747 0.744 0.820 0.810
25 75 Sacher F1 0.750 0.743 0.746 0.820 0.816
Random Forest 79
79.5 20.5 ‘Pineapple’ 0.795 0.787 0.791 0.876 0.865
21.5 78.5 Sacher F1 0.785 0.793 0.789 0.876 0.881
‘Pineapple’ vs. Sandoline F1
Multilayer Perceptron ‘Pineapple’ Sandoline F1 94.5
94.5 5.5 ‘Pineapple’ 0.945 0.945 0.945 0.963 0.917
5.5 94.5 Sandoline F1 0.945 0.945 0.945 0.963 0.967
Random Forest 93.5
95.5 4.5 ‘Pineapple’ 0.955 0.918 0.936 0.984 0.984
8.5 91.5 Sandoline F1 0.915 0.953 0.934 0.984 0.985
Sacher F1 vs. Sandoline F1
Multilayer Perceptron Sacher F1 Sandoline F1 85.75
81.5 18.5 Sacher F1 0.815 0.891 0.851 0.888 0.851
10 90 Sandoline F1 0.900 0.829 0.863 0.888 0.836
Random Forest 85.5
84.5 15.5 Sacher F1 0.845 0.862 0.854 0.923 0.929
13.5 86.5 Sandoline F1 0.865 0.848 0.856 0.923 0.903

TP Rate True Positive Rate, ROC Area Receiver Operating Characteristic Area, PRC Area Precision—Recall Area

gave slightly better results with an obtained average accu-
racy of 79.5%.

In the next step of the analysis, the discriminant mod-
els were built for the sets of textures selected from color
channel L (Table 2). For the pairs of cultivars of tomato
seeds, the highest accuracies reaching 95.25% (Multilayer
Perceptron) and 95% (Random Forest) were determined
for ‘Green Zebra’ vs. ‘Ozarowski’. The values of TP Rate,
Precision, F-Measure, ROC Area and PRC Area were also
very high and reached 0.965 (‘Ozarowski’, Random Forest),
0.964 (‘Green Zebra’, Random Forest), 0.953 (‘Ozarowski’,
Multilayer Perceptron), 0.991 (‘Green Zebra’, ‘Ozarowski’,
Random Forest), 0.993 ‘Green Zebra’, Random Forest),
respectively. Therefore, very high correctness greater
than 90% were found for the following pairs of cultivars:

‘Pineapple’ vs. Sandoline F1 (94.5% for Multilayer Percep-
tron and 93.5% for Random Forest), ‘Ozarowski’ vs. San-
doline F1 (91% for Multilayer Perceptron and 91.75% for
Random Forest), ‘Green Zebra’ vs. Sandoline F1 (90.75%
for Multilayer Perceptron and 91.75% for Random Forest).
The accuracy of up to 90.5% was also obtained for Green
Zebra vs. Sacher F1 for the Random Forest classifier. The
discrimination of tomato seeds of ‘Pineapple’ and Sacher
F1 was characterized by the lowest results equal to 74.5%
for Multilayer Perceptron and 79% for Random Forest.
Also, other metrics of discriminant analysis were low equal
even 0.740 (TP Rate), 0.743 (Precision), 0.744 (F-Meas-
ure), 0.820 (ROC Area), 0.810 (PRC Area). The accuracies
of cultivar discrimination of the other pairs of the tomato
seeds reached 87% (Random Forest) for ‘Green Zebra’ vs.
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Table 3 The confusion matrices, average accuracies and other performance metrics (TP Rate, Precision, F-Measure, ROC Area, PRC Area) of
discrimination of the tomato seeds performed in pairs of cultivars based on textures selected from color channel X

Classifier Predicted class (%) Actual class Average TP Rate Precision F-Measure ROC Area PRC Area
accuracy
(%)
‘Green Zebra’ vs. ‘Ozarowski’
Multilayer Perceptron  ‘Green Zebra’ ‘Ozarowski’ 93
93 7 ‘Green Zebra’ 0.930 0.930 0.930 0.979 0.984
7 93 ‘Ozarowski’ 0.930 0.930 0.930 0.979 0.968
Random Forest 95
93 7 ‘Green Zebra’ 0.930 0.969 0.949 0.987 0.989
3 97 ‘Ozarowski’ 0.970 0.933 0.951 0.987 0.982
‘Green Zebra’ vs. ‘Pineapple’
Multilayer Perceptron ‘Green Zebra’ ‘Pineapple’ 83.75
84 16 ‘Green Zebra’ 0.840 0.836 0.838 0.908 0.884
16.5 83.5 ‘Pineapple’ 0.835 0.839 0.837 0.908 0.919
Random Forest 85.75
87.5 12.5 ‘Green Zebra’ 0.875 0.845 0.860 0.920 0.896
16 84 ‘Pineapple’ 0.840 0.870 0.855 0.920 0.933
‘Green Zebra’ vs. Sacher F1
Multilayer Perceptron  ‘Green Zebra’ Sacher F1 90.25
91.5 8.5 ‘Green Zebra’ 0.915 0.893 0.904 0.929 0.915
11 89 Sacher F1 0.890 0913 0.901 0.929 0.912
Random Forest 91.5
92.5 7.5 ‘Green Zebra’ 0.925 0.907 0.916 0.963 0.957
9.5 90.5 Sacher F1 0.905 0.923 0914 0.963 0.963
‘Green Zebra’ vs. Sandoline F1
Multilayer Perceptron ‘Green Zebra® Sandoline F1 92
91 9 ‘Green Zebra’ 0.910 0.929 0.919 0.963 0.967
7 93 Sandoline F1 0.930 0.912 0.921 0.963 0.955
Random Forest 91.25
91 9 ‘Green Zebra’ 0.910 0.915 0.912 0.959 0.956
8.5 91.5 Sandoline F1 0.915 0.910 0.913 0.959 0.947
‘Ozarowski’ vs. ‘Pineapple’
Multilayer Perceptron ‘Ozarowski’ ‘Pineapple’ 82.75
84.5 15.5 ‘Ozarowski’ 0.845 0.816 0.830 0.908 0.904
19 81 ‘Pineapple’ 0.810 0.839 0.824 0.908 0.907
Random Forest 85
86 14 ‘Ozarowski’ 0.860 0.843 0.851 0.929 0.932
16 84 ‘Pineapple’ 0.840 0.857 0.848 0.929 0.929
‘Ozarowski’ vs. Sacher F1
Multilayer Perceptron ‘Ozarowski’  Sacher F1 80.75
80 20 ‘Ozarowski’ 0.800 0.812 0.806 0.873 0.872
18.5 81.5 Sacher F1 0.815 0.803 0.809 0.873 0.868
Random Forest 81.75
82 18 ‘Ozarowski’ 0.820 0.816 0.818 0913 0.905
18.5 81.5 Sacher F1 0.815 0.819 0.817 0.913 0.917
‘Ozarowski’ vs. Sandoline F1
Multilayer Perceptron ‘Ozarowski’  Sandoline F1 89
89 11 ‘Ozarowski’ 0.890 0.890 0.890 0.950 0.928
11 89 Sandoline F1 0.890 0.890 0.890 0.950 0.950
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Table 3 (continued)

Classifier Predicted class (%) Actual class Average TP Rate Precision F-Measure ROC Area PRC Area
accuracy
(%)
Random Forest 91.75
92.5 7.5 ‘Ozarowski’ 0.925 0.911 0.918 0.969 0.969
9 91 Sandoline F1 0.910 0.924 0.917 0.969 0.965
‘Pineapple’ vs. Sacher F1
Multilayer Perceptron  ‘Pineapple’ Sacher F1 76.75
77 23 ‘Pineapple’ 0.770 0.766 0.768 0.837 0.816
23.5 76.5 Sacher F1 0.765 0.769 0.767 0.837 0.838
Random Forest 81.25
82.5 17.5 ‘Pineapple’ 0.825 0.805 0.815 0.882 0.868
20 80 Sacher F1 0.800 0.821 0.810 0.882 0.887
‘Pineapple’ vs. Sandoline F1
Multilayer Perceptron ‘Pineapple’ Sandoline F1 92.75
93 7 ‘Pineapple’ 0.930 0.925 0.928 0.963 0.941
7.5 92.5 Sandoline F1 0.925 0.930 0.927 0.963 0.969
Random Forest 92.75
93.5 6.5 ‘Pineapple’ 0.935 0.921 0.928 0.982 0.981
8 92 Sandoline F1 0.920 0.934 0.927 0.982 0.983
Sacher F1 vs. Sandoline F1
Multilayer Perceptron Sacher F1 Sandoline F1 84.75
82.5 17.5 Sacher F1 0.825 0.864 0.844 0.909 0.885
13 87 Sandoline F1 0.870 0.833 0.851 0.909 0.897
Random Forest 87.5
85 15 Sacher F1 0.850 0.895 0.872 0.952 0.954
10 90 Sandoline F1 0.900 0.857 0.878 0.952 0.952

TP Rate—True Positive Rate; ROC Area—Receiver Operating Characteristic Area; PRC Area—Precision—Recall Area

‘Pineapple’, 86% (Multilayer Perceptron) for ‘Ozarowski’
vs. ‘Pineapple’, 83.5% (Random Forest) for ‘Ozarowski’
vs. Sacher F1, 85.75% (Random Forest) for Sacher F1 vs.
Sandoline F1.

In the case of discrimination of the pairs of tomato cul-
tivars based on seed textures from the images converted
to color channel X, the average accuracies were very high
and reached 95% for ‘Green Zebra’ vs. ‘Ozarowski’ for the
Random Forest classifier (Table 3). The seeds belonging to
tomato ‘Ozarowski’ were correctly classified in 97% and for
the seeds ‘Green Zebra’, the correctness was 93%. The TP
Rate reached 0.970 (‘Ozarowski’), Precision was up to 0.969
(‘Green Zebra’), F-Measure—up to 0.951 (‘Ozarowski’),
ROC Area—up to 0.987 (‘Ozarowski’, ‘Green Zebra’),
PRC Area—up to 0.989 (‘Green Zebra’). Also, in the case
of the Multilayer Perceptron, the average accuracy of 93%
(93% for ‘Green Zebra’ and 93% for ‘Ozarowski’) was very
satisfactory. The average accuracy of 92.75% was obtained
in the case of the discrimination of seeds ‘Pineapple’ and
Sandoline F1, for both Multilayer Perceptron and Random

Forest. Additionally, the seeds belonging to tomatoes ‘Green
Zebra’ vs. Sandoline F1 were distinguished with very high
accuracies equal to 92% (Multilayer Perceptron) and 91.25%
(Random Forest). The seeds of tomatoes ‘Green Zebra’ vs.
Sacher F1 were correctly discriminated in 90.25% (Mul-
tilayer Perceptron) to 91.5% (Random Forest). Also, a
pretty high accuracy of 91.75% was observed in the case of
seeds ‘Ozarowski’ vs. Sandoline F1 for the Random Forest.
Whereas the tomato seeds ‘Pineapple’ vs. Sacher F1 were
correctly distinguished with the lowest accuracy of 76.75%
(Multilayer Perceptron)—=81.25% (Random Forest). The
seeds belonging to other pairs of cultivars were correctly dis-
criminated in 83.75-85.75% (‘Green Zebra’ vs. ‘Pineapple’),
82.75-85% (‘Ozarowski’ vs. ‘Pineapple’), 80.75-81.75%
(‘Ozarowski’ vs. Sacher F1), 84.75-87.5% (Sacher F1 vs.
Sandoline F1) for the Multilayer Perceptron and Random
Forest classifiers (Table 3).

The increase in the correctness was obtained by combin-
ing the textures from all color channels R, G, B, L, a, b, X,
Y, X in the discriminative models (Table 4). The tomato
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Table 4 The confusion matrices, average accuracies and other performance metrics (TP Rate, Precision, F-Measure, ROC Area, PRC Area) of
discrimination of the tomato seeds performed in pairs of cultivars based on textures selected from all color channels (R, G, B, L, a, b, X, Y, X)

Classifier Predicted class (%) Actual class Average TP Rate Precision F-Measure ROC Area PRC Area
accuracy
(%)
‘Green Zebra’ vs. ‘Ozarowski’
Multilayer Perceptron  ‘Green Zebra’ ‘Ozarowski’ 99.75
99.5 0.5 ‘Green Zebra’ 0.995 1.000 0.997 1.000 1.000
0 100 ‘Ozarowski’ 1.000 0.995 0.998 1.000 1.000
Random Forest 99.5
99.5 0.5 ‘Green Zebra’ 0.995 0.995 0.995 1.000 1.000
0.5 99.5 ‘Ozarowski’ 0.995 0.995 0.995 1.000 1.000
‘Green Zebra’ vs. ‘Pineapple’
Multilayer Perceptron  ‘Green Zebra’ ‘Pineapple’ 92
93.5 6.5 ‘Green Zebra’ 0.935 0.908 0.921 0.957 0.957
9.5 90.5 ‘Pineapple’ 0.905 0.933 0.919 0.957 0.942
Random Forest 89
88.5 11.5 ‘Green Zebra’ 0.885 0.894 0.889 0.958 0.955
10.5 89.5 ‘Pineapple’ 0.895 0.886 0.891 0.958 0.961
‘Green Zebra’ vs. Sacher F1
Multilayer Perceptron  ‘Green Zebra’ Sacher F1 91
92 8 ‘Green Zebra’ 0.920 0.902 0911 0.970 0.966
10 90 Sacher F1 0.900 0918 0.909 0.970 0.975
Random Forest 91.25
93 7 ‘Green Zebra’ 0.930 0.899 0914 0.979 0.979
10.5 89.5 Sacher F1 0.895 0.927 0911 0.979 0.978
‘Green Zebra’ vs. Sandoline F1
Multilayer Perceptron ‘Green Zebra® Sandoline F1 97.5
97 3 ‘Green Zebra’ 0.970 0.980 0.975 0.997 0.997
2 98 Sandoline F1 0.980 0.970 0.975 0.997 0.997
Random Forest 97.5
97 3 ‘Green Zebra’ 0.970 0.980 0.975 0.997 0.997
2 98 Sandoline F1 0.980 0.970 0.975 0.997 0.997
‘Ozarowski’ vs. ‘Pineapple’
Multilayer Perceptron ‘Ozarowski’ ‘Pineapple’ 94.25
95 5 ‘Ozarowski’ 0.950 0.936 0.943 0.983 0.986
6.5 93.5 ‘Pineapple’ 0.935 0.949 0.942 0.983 0.980
Random Forest 95
96 4 ‘Ozarowski’ 0.960 0.941 0.950 0.987 0.988
6 94 ‘Pineapple’ 0.940 0.959 0.949 0.987 0.985
‘Ozarowski’ vs. Sacher F1
Multilayer Perceptron ‘Ozarowski’  Sacher F1 98.25
98.5 1.5 ‘Ozarowski’ 0.985 0.980 0.983 0.995 0.992
2 98 Sacher F1 0.980 0.985 0.982 0.995 0.996
Random Forest 98.25
98.5 1.5 ‘Ozarowski’ 0.985 0.980 0.983 0.995 0.992
2 98 Sacher F1 0.980 0.985 0.982 0.995 0.996
‘Ozarowski’ vs. Sandoline F1
Multilayer Perceptron ‘Ozarowski’  Sandoline F1 94.75
96 4 ‘Ozarowski’ 0.960 0.937 0.948 0.964 0.917
6.5 93.5 Sandoline F1 0.935 0.959 0.947 0.964 0.968
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Table 4 (continued)

Classifier Predicted class (%) Actual class Average TP Rate Precision F-Measure ROC Area PRC Area
accuracy
(%)
Random Forest 95.25
96 4 ‘Ozarowski’ 0.960 0.946 0.953 0.987 0.988
5.5 94.5 Sandoline F1 0.945 0.959 0.952 0.987 0.985
‘Pineapple’ vs. Sacher F1
Multilayer Perceptron  ‘Pineapple’ Sacher F1 81.75
81.5 18.5 ‘Pineapple’ 0.815 0.819 0.817 0.899 0.875
18 82 Sacher F1 0.820 0.816 0.818 0.899 0.909
Random Forest 84.5
85 15 ‘Pineapple’ 0.850 0.842 0.846 0.910 0.888
16 84 Sacher F1 0.840 0.848 0.844 0.910 0.920
‘Pineapple’ vs. Sandoline F1
Multilayer Perceptron ‘Pineapple’ Sandoline F1 93.5
93.5 6.5 ‘Pineapple’ 0.935 0.935 0.935 0.984 0.982
6.5 93.5 Sandoline F1 0.935 0.935 0.935 0.984 0.982
Random Forest 95.75
95.5 4.5 ‘Pineapple’ 0.955 0.960 0.957 0.991 0.991
4 96 Sandoline F1 0.960 0.955 0.958 0.991 0.991
Sacher F1 vs. Sandoline F1
Multilayer Perceptron Sacher F1 Sandoline F1 95.75
95 5 Sacher F1 0.950 0.964 0.957 0.993 0.995
35 96.5 Sandoline F1 0.965 0.951 0.958 0.993 0.989
Random Forest 97.25
97 3 Sacher F1 0.970 0.975 0.972 0.998 0.998
2.5 97.5 Sandoline F1 0.975 0.970 0.973 0.998 0.998

TP Rate True Positive Rate, ROC Area Receiver Operating Characteristic Area, PRC Area Precision—Recall Area

seeds belonging to ‘Green Zebra’ and ‘Ozarowski’ were
correctly discriminated with an average accuracy of 99.75%
to 99.5% for the Multilayer Perceptron and Random For-
est, respectively. For this pair of cultivars, the accuracy of
100% was observed for seeds ‘Ozarowski’ and the seeds
‘Green Zebra’ were correctly discriminated in 99.5% of
the cases. In the case of other pairs, very high correctness
was also achieved. The average accuracies of seed dis-
crimination reached the following values: ‘Green Zebra’
vs. ‘Pineapple’—92% (Multilayer Perceptron), ‘Green
Zebra’ vs. Sacher F1—91.25% (Random Forest), ‘Green
Zebra’ vs. Sandoline F1—97.5% (Multilayer Perceptron,
Random Forest), ‘Ozarowski’ vs. ‘Pineapple’—95% (Ran-
dom Forest), ‘Ozarowski’ vs. Sacher F1—98.25% (Multi-
layer Perceptron, Random Forest), ‘Ozarowski’ vs. Sando-
line F1—95.25% (Random Forest), ‘Pineapple’ vs. Sacher
F1—84.5% (Random Forest), ‘Pineapple’ vs. ¢ Sandoline
F1—95.75% (Random Forest), Sacher F1 vs. Sandoline F1
97.25% (Random Forest).

The average accuracies of discrimination of all five
cultivars of tomato seeds were slightly lower than for
pair comparisons. The tomato seeds ‘Green Zebra’,
‘Ozarowski’, ‘Pineapple’, Sacher F1 and Sandoline F1 were
correctly discriminated with average accuracies reaching
83.6% (Random Forest) for model developed using a set
of textures selected from all color channels R, G, B, L, a,
b, X, Y, Z and 73.7% (Random Forest) for color channel R
for analysis performed for individual color channels. In the
case of individual cultivars, the tomato seeds ‘Ozarowski’
were discriminated with the highest accuracy of up to
93.5% (Random Forest classifier, textures selected from a
set of all color channels R, G, B, L, a, b, X, Y, Z) (Table 5).
The other performance metrics for the discrimination of
five cultivars of tomato seeds reached 0.935 for TP Rate,
0.912 for F-Measure, 0.990 for ROC Area, 0.960 for PRC
Area for ‘Ozarowski’ and 0.894 for Precision for Sandoline
F1 in the case of a set of textures selected from all color
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Table 5 The confusion matrices and average accuracies of discrimination of five cultivars of tomato seeds based on sets of textures selected
from color channels R, L, X and a set of textures selected from all color channels R, G, B, L, a, b, X, Y, Z

Classifier Predicted class (%) Actual class Average
- 3 - B accuracy
‘Green Zebra’ ‘Ozarowski’ ‘Pineapple’ Sacher F1 Sandoline F1 (%)
Color channel R
Multilayer Perceptron 81.5 2.5 6.5 5 4.5 ‘Green Zebra’ 72.5
0 79.5 8.5 4.5 7.5 ‘Ozarowski’
13.5 10.5 60 10 6 ‘Pineapple’
8.5 6.5 13.5 59.5 12 Sacher F1
2.5 6.5 4 5 82 Sandoline F1
Random Forest 82.5 1 9 4.5 3 ‘Green Zebra’ 73.7
0 83 7.5 2.5 7 ‘Ozarowski’
10 9.5 57.5 16.5 6.5 ‘Pineapple’
6 10 14.5 62.5 7 Sacher F1
5 7 3 2 83 Sandoline F1
Color channel L
Multilayer Perceptron 77 1.5 12 35 6 ‘Green Zebra’ 69.2
0 71.5 10.5 10 8 ‘Ozarowski’
13 9 60 14.5 3.5 ‘Pineapple’
6.5 10 15 60.5 8 Sacher F1
35 5 5 9.5 77 Sandoline F1
Random Forest 85 0.5 7 3 4.5 ‘Green Zebra’ 69.9
1 71.5 7 9 5.5 ‘Ozarowski’
11.5 12.5 60.5 12 35 ‘Pineapple’
6 13 17.5 48.5 15 Sacher F1
5.5 6.5 1.5 8.5 78 Sandoline F1
Color channel X
Multilayer Perceptron 75.5 2 13.5 2 7 ‘Green Zebra’ 68.8
1.5 77 6.5 10 5 ‘Ozarowski’
14.5 10 61 12 2.5 ‘Pineapple’
5 16.5 13.5 53 12 Sacher F1
6 6 2.5 8 77.5 Sandoline F1
Random Forest 82 2.5 9.5 1.5 4.5 ‘Green Zebra’ 72.1
0.5 78.5 8.5 8.5 4 ‘Ozarowski’
13.5 9.5 61 12.5 3.5 ‘Pineapple’
3 13.5 14.5 57.5 11.5 Sacher F1
5.5 6 3 4 81.5 Sandoline F1
All color channels (R, G, B, L, a, b, X, Y, X)
Multilayer Perceptron 84 0.5 7 7.5 1 ‘Green Zebra’ 82.7
0 89.5 4.5 0.5 5.5 ‘Ozarowski’
5 6 75.5 9 4.5 ‘Pineapple’
9 2 8.5 79 1.5 Sacher F1
2 4.5 5.5 2.5 85.5 Sandoline F1
Random Forest 87.5 0 5.5 6 1 ‘Green Zebra’ 83.6
0 93.5 2.5 0.5 35 ‘Ozarowski’
9 5 72 10.5 35 ‘Pineapple’
7 1.5 13 76 2.5 Sacher F1
1.5 5 2 2.5 89 Sandoline F1
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Table 6 The performance

metrics (TP Rate, Precision,
F-Measure, ROC Area, PRC Color channel R
Area) of discrimination of five

Classifier Class TP Rate  Precision F-Measure ROC Area  PRC Area

. Multilayer Perceptron ~ ‘Green Zebra’”  0.815 0.769 0.791 0.942 0.820
cultivars of tomato seeds based
on sets of textures selected from ‘Ozarowski’ 0.795 0.754 0.774 0.943 0.816
color channels R, L, X and a ‘Pineapple’ 0.600 0.649 0.623 0.838 0.632
set of textures selected from all Sacher F1 0.595 0.708 0.647 0.850 0.676
color chamels £ G, B. L. . b Sandoline FI 0820 0732 0.774 0.934 0.789
T Random Forest ‘Green Zebra’  0.825 0.797 0.811 0.958 0.854
‘Ozarowski’ 0.830 0.751 0.789 0.966 0.888
‘Pineapple’ 0.575 0.628 0.601 0.873 0.682
Sacher F1 0.625 0.710 0.665 0.893 0.727
Sandoline F1 0.830 0.779 0.804 0.957 0.853
Color channel L
Multilayer Perceptron ~ ‘Green Zebra®  0.770 0.770 0.770 0.943 0.824
‘Ozarowski’ 0.715 0.737 0.726 0.923 0.751
‘Pineapple’ 0.600 0.585 0.593 0.841 0.604
Sacher F1 0.605 0.617 0.611 0.829 0.610
Sandoline F1 0.770 0.751 0.760 0.920 0.806
Random Forest ‘Green Zebra>  0.850 0.780 0.813 0.955 0.862
‘Ozarowski’ 0.775 0.705 0.738 0.941 0.805
‘Pineapple’ 0.605 0.647 0.625 0.874 0.693
Sacher F1 0.485 0.599 0.536 0.854 0.637
Sandoline F1 0.780 0.732 0.755 0.938 0.812
Color channel X
Multilayer Perceptron  ‘Green Zebra’  0.755 0.737 0.746 0.930 0.778
‘Ozarowski’ 0.770 0.691 0.728 0.924 0.763
‘Pineapple’ 0.610 0.629 0.619 0.851 0.623
Sacher F1 0.530 0.624 0.573 0.793 0.599
Sandoline F1 0.775 0.745 0.760 0.930 0.800
Random Forest ‘Green Zebra®  0.820 0.785 0.802 0.941 0.854
‘Ozarowski’ 0.785 0.714 0.748 0.933 0.804
‘Pineapple’ 0.610 0.632 0.621 0.878 0.685
Sacher F1 0.575 0.685 0.625 0.857 0.659
Sandoline F1 0.815 0.776 0.795 0.952 0.855
All color channels (R, G, B, L, a, b, X, Y, X)
Multilayer Perceptron ~ ‘Green Zebra®  0.840 0.840 0.840 0.975 0.909
‘Ozarowski’ 0.895 0.873 0.884 0.980 0.939
‘Pineapple’ 0.755 0.748 0.751 0.932 0.809
Sacher F1 0.790 0.802 0.796 0.948 0.842
Sandoline F1 0.855 0.872 0.864 0.964 0.920
Random Forest ‘Green Zebra’  0.875 0.833 0.854 0.977 0.914
‘Ozarowski’ 0.935 0.890 0912 0.990 0.960
‘Pineapple’ 0.720 0.758 0.738 0.940 0.814
Sacher F1 0.760 0.796 0.777 0.961 0.879
Sandoline F1 0.890 0.894 0.892 0.986 0.954

TP Rate True Positive Rate, ROC Area Receiver Operating Characteristic Area, PRC Area Precision—
Recall Area
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Fig.3 The ROC (Receiver Operating Characteristic) and PRC (Pre-
cision—Recall) curves for the tomato seeds for the model developed
based on a set of textures selected from all color channels (R, G, B, L,
a, b, X, Y, X) and the Multilayer Perceptron classifier, a ROC curve,
tomato seeds ‘Green Zebra’, area under ROC=0.972, b ROC curve,

channels R, G, B, L, a, b, X, Y, Z and the Random Forest
classifier (Table 6).

The ROC (Receiver Operating Characteristic) and PRC
(Precision—Recall) curves for each tomato seed cultivar
versus other cultivars for the model developed based on a
set of textures selected from all color channels (R, G, B,
L, a, b, X, Y, X) and the Multilayer Perceptron classifier
that provided high accuracies are presented in Figs. 3, 4,
5, 6 and 7. The ROC and PRC curves for the discrimina-
tion of the tomato seeds ‘Green Zebra’ versus all other
tomato seed cultivars (‘Ozarowski’, ‘Pineapple’, Sacher

@ Springer
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tomato seeds other than ‘Green Zebra’ (‘Ozarowski’, ‘Pineapple’,
Sacher F1 and Sandoline F1), area under ROC=0.972, ¢ PRC curve,
tomato seeds ‘Green Zebra’, PRC Area=0.877, d PRC curve, tomato
seeds other than ‘Green Zebra’, PRC Area=0.993

F1 and Sandoline F1) are presented in Fig. 3, the seeds
‘Ozarowski’ versus other cultivars (‘Green Zebra’, ‘Pineap-
ple’, Sacher F1 and Sandoline F1)—in Fig. 4, the tomato
seeds ‘Pineapple’ and tomato seeds other than ‘Pineap-
ple’ (‘Green Zebra’, ‘Ozarowski’, Sacher F1 and Sandoline
F1)—in Fig. 5, the seeds Sacher F1 versus other tomato
seeds (‘Green Zebra’, ‘Ozarowski’, ‘Pineapple’ and Sando-
line F1) in—Fig. 6, the tomato seeds Sandoline F1 versus
other cultivars (‘Green Zebra’, ‘Ozarowski’, ‘Pineapple’ and
Sacher F1)—in Fig. 7. The area under ROC was the highest
for tomato seeds ‘Ozarowski’ and tomato seeds other than
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Fig.4 The ROC (Receiver Operating Characteristic) and PRC (Pre-
cision—Recall) curves for the tomato seeds for the model developed
based on a set of textures selected from all color channels (R, G, B, L,
a, b, X, Y, X) and the Multilayer Perceptron classifier, a ROC curve,
tomato seeds ‘Ozarowski’, area under ROC=0.976, b ROC curve,

‘Ozarowski’ (‘Green Zebra’, ‘Pineapple’, Sacher F1 and San-
doline F1) and was equal to 0.976 for both curves (Fig. 4a,
b). The values of PRC Area reached 0.927 for tomato seeds
‘Ozarowski’ (Fig. 4c) and 0.993 for tomato seeds other than
‘Ozarowski’ (Fig. 4d).

Computer vision systems can be of great practical impor-
tance for the cultivar classification. Correct cultivar identifi-
cation is needed to authenticate and avoid adulteration and
mixing cultivars with different properties and applications
[25]. Computer vision systems can ensure objective, accurate
and reproducible quality evaluation [26, 27]. The application
of image processing can provide distributors, producers and
consumers important information about both cultivar and

=2

TSI T
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T
0.5 1

False Positive Rate

Precision

0.8

T
a 0.5 1

Recall

tomato seeds other than ‘Ozarowski’ (‘Green Zebra’, ‘Pineapple’,
Sacher F1 and Sandoline F1), area under ROC=0.976, ¢ PRC curve,
tomato seeds ‘Ozarowski’, PRC Area=0.927, d PRC curve, tomato
seeds other than ‘Ozarowski’, PRC Area=0.993

quality of seeds as well as identification of aberrant seeds
[28]. The seed classification based on images can be impor-
tant for crops, both fruit and vegetables, disease recognition,
or for archaeobotanical reasons related to obtaining specific
feature information [29]. Image analysis is non-destructive
and easier than other techniques used for distinguishing
tomato cultivars reported by the available literature, e.g.,
based on genetics [30]. Besides, image analysis of seeds
may be more advantageous compared to manual analysis
due to the speeding up of the process, automaticity of clas-
sification using image pixel values, reduction of distortions
caused by natural light [31]. Image analysis and machine
learning may replace labor-intensive and time-consuming
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Fig.5 The ROC (Receiver Operating Characteristic) and PRC (Pre-
cision—Recall) curves for the tomato seeds for the model developed
based on a set of textures selected from all color channels (R, G, B, L,
a, b, X, Y, X) and the Multilayer Perceptron classifier, a ROC curve,
tomato seeds ‘Pineapple’, area under ROC=0.874, b ROC curve,

human visual procedures and can be used by seed labora-
tories or in the nursery industry for inspections of tomato
seeds and evaluation of their germination rate [32]. The
non-destructive cultivar discrimination of tomato seeds can
be also useful for registration programs, protection of plant
cultivars and management of plant genetic resources [33].
Own research proved the usefulness of images obtained with
the use of a flatbed scanner for cultivar discrimination of
tomato seeds based on selected texture parameters extracted
from color channels R, G, B, L, a, b, X, Y, Z. Selection of tex-
tures allowed to build innovative discriminative models that
provided high correctness. The developed non-destructive,
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tomato seeds other than ‘Pineapple’ (‘Green Zebra’, ‘Ozarowski’,
Sacher F1 and Sandoline F1), area under ROC=0.874, ¢ PRC curve,
tomato seeds ‘Pineapple’, PRC Area=0.696, d PRC curve, tomato
seeds other than ‘Pineapple’, PRC Area=0.954

objective, fast and inexpensive procedure can be of great
practical importance for distinguishing tomato seeds.

Conclusion

The obtained results indicated that the tomato seeds belong-
ing to different cultivars can be discriminated with a very
high probability using the selected features calculated from
the images. Therefore, the usefulness of textures of the outer
surface for seed discrimination was confirmed. The models
built based on sets of combined textures selected from all color
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Fig.6 The ROC (Receiver Operating Characteristic) and PRC (Pre-
cision—Recall) curves for the tomato seeds for the model developed
based on a set of textures selected from all color channels (R, G, B, L,
a, b, X, Y, X) and the Multilayer Perceptron classifier, a ROC curve,
tomato seeds Sacher F1, area under ROC=0.941, b ROC curve,

channels proved to be more useful for tomato seeds discrimi-
nation than the models built separately for each color chan-
nel. The average accuracy reached 99.75% for distinguishing
seeds ‘Green Zebra’ and ‘Ozarowski’ and in this case, the
seeds ‘Ozarowski” were correctly discriminated in 100% and
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0.8

a 0.5 1

Recall

tomato seeds other than Sacher F1 (‘Green Zebra’, ‘Ozarowski’,
‘Pineapple’ and Sandoline F1), area under ROC=0.941, ¢ PRC
curve, tomato seeds Sacher F1, PRC Area=0.794, d PRC curve,
tomato seeds other than Sacher F1, PRC Area=0.983

the seeds ‘Green Zebra’—in 99.5%. These results are very
satisfactory. Due to this, the image analysis can be applied
to confirm the authenticity of the seed cultivar and avoid the
adulteration that may be useful in various industries, e.g., for
tomato seed processing and tomato cultivation.
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Fig.7 The ROC (Receiver Operating Characteristic) and PRC (Pre-
cision—Recall) curves for the tomato seeds for the model developed
based on a set of textures selected from all color channels (R, G, B, L,
a, b, X, Y, X) and the Multilayer Perceptron classifier, a ROC curve,
tomato seeds Sandoline F1, area under ROC=0.965, b ROC curve,
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