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Strawberry (Fragaria × ananassa Duch.) is a her-
baceous plant cultivated and consumed worldwide 
[Sun et al. 2023, Şener et al. 2023]. Strawberries are 
planted due to their red, aromatic, and sweet fruit [Pa-

tel et al. 2023]. The red color and unique flavor result-
ing from the combination of taste, aroma, and mouth-
feel sensations especially attract the consumers. Thus, 
strawberries can be intended for the fresh market or 
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ABSTRACT

Different clones and cultivars of strawberry can differ in morphological and chemical properties, as well as 
productivity, adaptation to cultivation conditions,  and post-harvest quality during storage and processing. 
Due to differences in the quality of raw materials and final products depending on the strawberry clone/cul-
tivar, correct distinguishing clones and cultivars is important for growers, consumers and processors. This 
study was aimed at distinguishing advanced clones and cultivars of strawberry using an innovative approach 
involving image processing and artificial intelligence. The raw material included the advanced clones and 
cultivars of strawberry, such as clone with the breeding code T-201457-16 (Grandarosa × Elsanta), clone 
T-201536-06 (Clery × Grandarosa), clone T-201567-01 (Patty × Panvik), as well as the cultivars Fibion, 
Grandarosa, and Markat. The fruit image acquisition was performed using a digital camera. As many as 2172 
image parameters were extracted from the image of each fruit converted to different color channels R, G, 
B, L, a, b, X, Y, Z, U, V, and S and textures with the highest discriminative power were selected to develop 
models using various machine learning algorithms, such as Multilayer Perceptron, MultiClass Classifier, 
IBk, and LMT, Linear Discriminant, Quadratic SVM, Subspace Discriminant, and Wide Neural Network. 
The most accurate classifications were obtained for a model built using Subspace Discriminant (96.30%) and 
Multilayer Perceptron (95.83%). For the model developed using Subspace Discriminant, clone T-201567-01 
and cultivar Markat were completely correctly classified with the highest accuracy of 100%. Whereas in the 
case of the model built using Multilayer Perceptron clone T-201567-01 was characterized by the highest 
classification metrics, such as Precision and F-measure equal to 0.983, MCC of 0.980, PRC Area and ROC 
Area of 1.000. The developed approach can be used in practice to discriminate advanced clones and cultivars 
of strawberry in an objective and nondestructive manner.
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used as food ingredients in bakery and dairy products, 
as well as in beverages [Teribia et al. 2021].  Strawber-
ry can be considered as a functional food source with 
benefits to human health, since it’s rich with numerous 
nutritional compounds such as polyphenols, antiox-
idants, vitamins, fiber, minerals, and trace elements. 
Due to the presence of these compounds, strawberry 
is characterized by antioxidant, anti-aging, pro-diges-
tive, anti-inflammatory, antihypertensive, antiprolif-
erative, and antihyperlipidemic activities [Şener et al. 
2023, Ladika et al. 2024, Tang et al. 2024]. 

The color, shape and chemical properties of straw-
berries can differ depending on the cultivar [Sturm et 
al. 2003, Boonyakiat et al. 2016, Parra-Palma et al. 
2020, Lee et al. 2022]. Furthermore, strawberry can 
be characterized by different volatile and taste profiles 
with specific and balanced stability during processing 
depending on the cultivar. For this reason, final prod-
ucts belonging to different cultivars are qualitative-
ly different after processing and behave dissimilarly 
during storage, leading food manufacturers to pay 
more attention to raw material selection [Teribia et  
al. 2021].

Moreover, many strawberry breeding programs 
were carried out to develop new cultivars or improved 
clones better adapted to environmental conditions, 
more productive, with higher disease resistance and 
with better post-harvest quality [Galvão et al. 2017]. 
The resilience and adaptation to cultivation condi-
tions can also depend on cultivars and clones. There-
fore, clone selection with improved resistance is with 
importance in strawberry stress tolerance breeding  
[Dziadczyk et al. 2003]. Additionally, there may be dif-
ferences in morphological characteristics in terms of 
color, brightness, shape, and size of individual clones 
and cultivars [de Souzam et al. 2021]. The distinguish-
ing or identification of cultivars is essential to protect 
the breeder’s rights, select improved cultivars for breed-
ing programs and meet consumer needs. Initially, the 

strawberry cultivar identification was performed using 
morphological features and then biochemical markers 
such as isozymes [Jung et al. 2017]. For the effective as-
sessment of strawberry genetic diversity and identifica-
tion of cultivars and clones, molecular markers can also 
be applied [Tyrka et al. 2002, Whitaker 2011, Jung et 
al. 2017]. Both morphological and molecular analyses 
are destructive and require tedious and time-consum-
ing work as well as hard technicity to achieve cultival 
discrimination. Therefore, the added value of artificial 
intelligence technologies can be explored.   

Thus, the objective of this study was to distinguish 
advanced clones and cultivars of strawberry using  
a nondestructive, objective, and inexpensive approach 
involving image analysis and artificial intelligence. 
The innovative models were built based on selected 
textures extracted from images in different color chan-
nels R, G, B, L, a, b, X, Y, Z, U, V, and S.  

MATERIALS AND METHODS

Materials
The research included fruit of advanced clones 

and cultivars of strawberry (Tab. 1), collected during 
the fully-ripening period of the plants in a field trial 
of the National Institute of Horticultural Research in 
Skierniewice, Poland. Each genotype was represented 
by 60 plants, grown in the soil and managed in accor-
dance with recommendations for commercial planta-
tions (mechanical and manual removal of weeds and 
runners, plant irrigation using self-propelled sprinkler, 
fertilization with YaraMila™ Complex multi-compo-
nent fertilizer, integrated protection against diseases 
and pests in accordance with the current Strawberry 
Plant Protection Program). All the tested genotypes 
were characterized by very high productivity, large, 
attractive and firm fruits as well as low plant suscep-
tibility to fungal leaf diseases. Fruits selected for the 
studies were uniform in shape and color, typical for 

 

Table 1. Clones and cultivars of strawberry used in the experiment 

Clones 
(breeding code and pedigree) Cultivars 

T-201536-06, pedigree Clery × Grandarosa Fibion 
T-201567-01, pedigree Patty × Panvik Grandarosa 

T-201457-16, pedigree Grandarosa × Elsanta Markat 
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each of the genotype. Strawberries were washed and 
cleaned directly after harvesting, and then subjected to 
image acquisition.

Image acquisition and processing
The strawberry images were acquired using a dig-

ital camera (Canon Inc., Tokyo, Japan) on a black 
background using light-emitting diode illumination. 
Fruit images were obtained in one hundred repeti-
tions for each clone of T-201536-06, T-201567-01, and 
T-201457-16, and each cultivar of Fibion, Grandarosa, 
and Markat. The acquired images were processed using 
MaZda software (Łódź University of Technology, In-
stitute of Electronics, Łódź, Poland) [Szczypiński et al. 
2007, Szczypiński et al. 2009, Strzelecki et al. 2013]. 
The image processing included image conversion to 
color channels R, G, B, L, a, b, X, Y, Z, U, V, and S, im-
age segmentation based on the intensity of pixel bright-
ness, and ROI (region of interest) determination. The 
last step was the texture extraction from images. For 
each fruit considered as one ROI, 2172 image texture 
parameters were computed based on the run-length ma-
trix, co-occurrence matrix, autoregressive model, histo-
gram, Haar wavelet transform, and gradient map. 

Distinguishing advanced clones and cultivars  
of strawberry using machine learning models 

Strawberry advanced clones and cultivars, such 
as T-201536-06, T-201567-01, T-201457-16, Fibion, 
Grandarosa, Markat were distinguished using models 
built based on selected image texture parameters. Var-

ious models were developed using WEKA machine 
learning software (Machine Learning Group, Univer-
sity of Waikato, Hamilton, New Zealand) [Witten and 
Frank 2005, Bouckaert et al. 2016, Frank et al. 2016] 
and MATLAB (MathWorks, Inc., Natick, MA, USA). 
Before building classification models, image textures 
with the highest discriminative power were selected 
by Best First using WEKA. The same set of selected 
textures was used to build models using both WEKA 
and MATLAB. A test mode of 10-fold cross-valida-
tion was applied in both cases. For machine learning 
models developed using WEKA, different algorithms 
from groups of Functions, Bayes, Meta, Lazy, Trees, 
and Rules were used. It was observed that the classifi-
ers providing the highest correctness were Multilayer 
Perceptron from Functions, MultiClass Classifier from 
Meta, IBk from Lazy, and LMT from Trees. The pa-
rameters of classifiers used to build models are pre-
sented in Table 2.

For a model developed using each classifier, confu-
sion matrix with accuracies for each strawberry class, 
average accuracy, Kappa statistic, Precision, Recall, 
MCC (Matthews Correlation Coefficient), F-mea-
sure, PRC Area (Precision-Recall Area), and ROC 
Area (Receiver Operating Characteristic Area) were 
determined using the Equations 1–10 [Ropelewska 
2022, Ropelewska et al. 2022, Unlersen et al. 2022, 
Ropelewska et al. 2023].  Additionally, the PRC curves 
and ROC curves for each clone and cultivar were de-
termined in the case of the model characterized by the 
highest average accuracy. 

 

Table 2. The model parameters of classifiers applied to distinguish strawberry advanced clones and cultivars using WEKA 

Classifier Parameters 

Multilayer  
Perceptron 

autoBuild: True; batchSize: 100; decay: False; debug: False; doNotCheckCapabilities: False;  
momentum: 0.2; learningRate: 0.3; hiddenLayers: a; nominalToBinaryFilter: True;  
validationTreshold: 20; normalizeNumericClass: True; normalizeAttributes: True; reset: True; trainingTime: 
500; resume: False; seed: 0 

MultiClass  
Classifier  

batchSize: 100; classifier: Logistic, ridge: 1.0E–8, maxIts: –1, numDecimalPlaces: 4; debug: False;  
logLossDecoding: False; doNotCheckCapabilities: False; method: one-against-all; randomWidthFactor: 2.0; 
seed: 1; use PairwiseCoupling: False 

IBk 
batchSize: 100; KNN: 1; debug: False; distanceWeighting: No distance weighting; doNotCheckCapabilities: 
False; meanSquared: False; nearestNeighbourSearchAlgorithm: LinearNNSearch 

LMT 
batchSize: 100; debug: False; fastRegression: True; doNotCheckCapabilities: False; 
errorOnProbabilities: False; minNumInstances: 15; numBoostingIterations: –1; splitOnResiduals: False  

 
 

 



6 https://czasopisma.up.lublin.pl/index.php/asphc

 
Ropelewska, E., Masny, A. (2025). Nondestructive discrimination of advanced clones and cultivars of strawberry using an innovative approach 
involving image analysis and machine learning. Acta Sci. Pol. Hortorum Cultus, 24(2), 3–14 https://doi.org/10.24326/asphc.2025.5370

where TP is true positive; TN is true negative; FP is false 
positive; FN is false negative; TPR is true positive rate; 
FPR is false positive rate.

In the case of models developed using MATLAB, 
also four most effective models were selected. The 
hy-perparameters of classifiers are presented in Table 3. 

For the evaluation of classification, the confusion matri-
ces and average accuracies were determined.

RESULTS 

Results generated using WEKA software. The con-
fusion matrices and average accuracies of the classifica-

 
 

Accuracy = (TP + TN)
TP + TN + FN + FP                                                                   (1) 

Kappa =  
(TP + FP)(TP + FN)

(TP + FP)(TP + FN)(TN + FP)(TN  + FN) + (TN + FP)(TN  + FN)
(TP + FP)(TP + FN)(TN + FP)(TN + FN) 

(TP + FP)(TP + FN)(TN + FP)(TN + FN)                                      (2) 

  Precision =  TP
TP + FP                      (3) 

Recall =  TP
TP + FN                       (4) 

MCC = (TP · TN − FP · FN)

√((TP + FP)(TP + FN)(TN + FP)(TN + FN))
                            (5) 

F-measure =  2 · Precsion · Recall
(Precision + Recall)                        (6) 

PRC Area = area under Precision vs. Recall curve                   (7) 

TPR = TP
TP +  FN                       (8) 

FPR = FP
FP  + TN                            (9) 

ROC Area = area under TPR vs.FPR curve                 (10) 

 
 
 

 

Table 3. The hyperparameters of classifiers used to distinguish strawberry advanced clones and cultivars using MATLAB 

Classifier type Model Hyperparameters 

Linear Discriminant Preset: Linear Discriminant; Covariance structure: Full  

SVM Preset: Quadratic SVM; Model function: Quadratic; Kernel scale: Automatic;  
Box constraint level: 1; Multiclass method: One-vs-one; Standardize data: Yes 

Ensemble Preset: Subspace Discriminant; Ensemble method: Subspace;  
Learner type: Discriminant; Number of learners: 30; Subspace dimension: 42 

Neural Network 
Preset: Wide Neural Network; Number of fully connected layers: 1;  
Iteration limit: 1000; First layer size: 100; Activation: ReLU; Regularization strength 
(Lambda): 0; Standardize data: Yes 
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tion of strawberry advanced clones, such as T-201536-
06, T-201567-01, T-201457-16, and cultivars Fibion, 
Grandarosa, Markat built based on selected texture 
parameters from images in color channels R, G, B, L, 
a, b, X, Y, Z, U, V, and S using machine learning mod-
els are presented in Table 4. The most correct classi-
fication was obtained for a model developed using 
Multilayer Perceptron. The average accuracy reached 
95.83%. Also, the Kappa statistic of 0.9500 was the 
highest for a model built using Multilayer Perceptron. 
In the case of other algorithms, the average accuracies 
and values of Kappa statistic were 93.89% and 0.9267 
for LMT, 92.78% and 0.9133 for MultiClass Classifi-
er, and 92.22% and 0.9067 for IBk, respectively. In the 
case of all models, the clone T-201567-01 was charac-
terized by very high classification accuracy, reaching 
100% for a model built using LMT, 98% for models 

developed using Multilayer Perceptron and IBk, and 
97% in the case of a model built using MultiClass 
Classifier. Generally, the highest number of misclas-
sified cases occurred between the clone T-201536-06 
and Grandarosa. The high misclassification was also 
observed between clones T-201536-06 and T-201457-
16. The number of cases belonging to Grandarosa and 
misclassified as T-201536-06 reached 15 for a model 
built using IBk. For the same model, as many as 7 cas-
es from the actual class T-201536-06 were incorrectly 
classified as Grandarosa. The highest number of cases 
belonging to T-201457-16, which were incorrectly in-
cluded in the predicted class T-201536-06 were equal 
to 7 and it was observed for a model developed using 
MultiClass Classifier. 

The other classification performance metrics are 
shown in Table 5. It was found that strawberry clone  

Table 4. The accuracies of classification of strawberry advanced clones and cultivars using machine learning models built 
based on selected image texture parameters 

 

 

Algorithm 
Predicted class (%) 

Actual class 
Average 
accuracy 

(%) T-201536-06 T-201567-01 T-201457-16 Fibion Grandarosa Markat 

Multilayer 
Perceptron 

93 0 2 2 2 1 T-201536-06 

95.83 

0 98 0 0 0 2 T-201567-01 
2 0 98 0 0 0 T-201457-16 
0 0 2 95 3 0 Fibion  
3 2 0 3 92 0 Grandarosa 
0 0 0 2 0 98 Markat 

MultiClass 
Classifier 

93 2 2 3 0 0 T-201536-06 

92.78 

1 97 0 0 0 2 T-201567-01 
7 0 93 0 0 0 T-201457-16 
3 0 2 95 0 0 Fibion  
5 0 0 3 90 2 Grandarosa 
5 3 0 2 2 88 Markat 

IBk 

87 1 3 2 7 0 T-201536-06 

92.22 

0 98 0 0 0 2 T-201567-01 
3 2 93 0 2 0 T-201457-16 
2 0 1 95 2 0 Fibion  

15 0 0 2 82 1 Grandarosa 
0 2 0 0 0 98 Markat 

LMT 

88 1 2 2 5 2 T-201536-06 

93.89 

0 100 0 0 0 0 T-201567-01 
3 2 95 0 0 0 T-201457-16 
2 0 0 95 1 2 Fibion  
3 2 0 3 92 0 Grandarosa 
0 0 0 5 2 93 Markat 
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T-201567-01 was distinguished by the highest values 
of Precision of 0.983, MCC of 0.980, F-measure of 
0.983, PRC Area of 1.000, and ROC Area of 1.000 
for a model developed using Multilayer Perceptron 
and the highest Recall of 1.000 for a model built us-
ing LMT. These values indicated high classification 
correctness. The lowest values of Precision of 0.812 
(MultiClass Classifier), MCC of 0.806, F-measure of 
0.839, and PRC Area of 0.704 (IBk) were determined 

for T-201536-06. Whereas the lowest Recall of 0.817 
and ROC Area of 0.858 (IBk) were obtained for Gran-
darosa. It indicated low classification accuracies.    

In addition to numeric values of classification perfor-
mance metrics, the PRC (Precision–Recall) curves and 
ROC curves were determined for the model built using 
Multilayer Perceptron, which provided the highest av-
erage accuracy. The PRC curves for each clone and cul-
tivar are presented in Figure 1 and the ROC curves are 

 

Table 5. The performance metrics of distinguishing strawberry advanced clones and cultivars based on selected texture 
parameters of images 

MCC – Matthews Correlation Coefficient, PRC Area – Precision-Recall Area, ROC Area – Receiver Operating Characteristic Area  
 
 

Algorithm Class  Precision Recall MCC F-measure PRC 
Area 

ROC 
Area 

Multilayer 
Perceptron 

T-201536-06 0.949 0.933 0.930 0.941 0.977 0.983 
T-201567-01 0.983 0.983 0.980 0.983 1.000 1.000 
T-201457-16 0.967 0.983 0.970 0.975 0.991 0.998 
Fibion  0.934 0.950 0.931 0.942 0.977 0.989 
Grandarosa 0.948 0.917 0.919 0.932 0.994 0.999 
Markat 0.967 0.983 0.970 0.975 0.998 1.000 
Weighted average 0.958 0.958 0.950 0.958 0.989 0.995 

MultiClass 
Classifier 

T-201536-06 0.812 0.933 0.843 0.868 0.894 0.966 
T-201567-01 0.951 0.967 0.950 0.959 0.986 0.995 
T-201457-16 0.966 0.933 0.939 0.949 0.972 0.990 
Fibion  0.919 0.950 0.921 0.934 0.979 0.996 
Grandarosa 0.982 0.900 0.929 0.939 0.976 0.993 
Markat 0.964 0.883 0.908 0.922 0.983 0.997 
Weighted average 0.932 0.928 0.915 0.929 0.965 0.989 

IBk 

T-201536-06 0.813 0.867 0.806 0.839 0.704 0.911 
T-201567-01 0.952 0.983 0.961 0.967 0.929 0.978 
T-201457-16 0.949 0.933 0.930 0.941 0.901 0.957 
Fibion  0.966 0.950 0.950 0.958 0.915 0.964 
Grandarosa 0.891 0.817 0.825 0.852 0.758 0.858 
Markat 0.967 0.983 0.970 0.975 0.932 0.978 
Weighted average 0.923 0.922 0.907 0.922 0.857 0.941 

LMT 

T-201536-06 0.914 0.883 0.879 0.898 0.967 0.991 
T-201567-01 0.952 1.000 0.971 0.976 0.995 0.999 
T-201457-16 0.983 0.950 0.960 0.966 0.994 0.999 
Fibion  0.905 0.950 0.912 0.927 0.990 0.998 
Grandarosa 0.917 0.917 0.900 0.917 0.972 0.994 
Markat 0.966 0.933 0.939 0.949 0.995 0.999 
Weighted average 0.939 0.939 0.927 0.939 0.986 0.997 
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shown in Figure 2. The graphs confirmed very high cor-
rectness of distinguishing the clone T-201567-01. Both 
PRC Area and ROC Area were equal to 1.000, which 
is visible in Figures 1b and 2b, respectively. Where-
as curves presented in Figures 1a and 1d indicate the 
lowest PRC Area of 0.977 for T-201536-06 and Fibion. 

The lowest ROC Area of 0.983 for T-201536-06 is con-
firmed by curves in Figure 1a.      

Results generated using MATLAB software
Average accuracies of the classification of straw-

berry advanced clones and cultivars performed using 
 

 

            

           
 

Fig. 1. The PRC (Precision–Recall) curves for distinguishing strawberry advanced clones T-201536-06 (a), T-201567-01 (b),  
T-201457-16 (c), and cultivars Fibion (d), Grandarosa (e), Markat (f) using Multilayer Perceptron 

 

             

                
 

Fig. 2. The ROC (Receiver Operating Characteristic) curves for the classification of strawberry advanced clones T-201536-06 
(a), T-201567-01 (b), T-201457-16 (c), and cultivars Fibion (d), Grandarosa (e), Markat (f) using Multilayer Perceptron 
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Predicted class (%)

T-201536-06 T-201567-01 T-201457-16 Fibion Grandarosa Markat Actual 
class

93 0 0 2 5 0 T-201536-06

0 98 0 0 0 2 T-201567-01

5 0 95 0 0 0 T-201457-16

0 0 1 97 2 0 Fibion

3 0 0 5 92 0 Grandarosa

0 0 0 0 0 100 Markat

Predicted class (%)

T-201536-06 T-201567-01 T-201457-16 Fibion Grandarosa Markat Actual 
class

88 0 3 2 7 0 T-201536-06

0 100 0 0 0 0 T-201567-01

7 0 93 0 0 0 T-201457-16

0 0 1 97 2 0 Fibion

2 0 0 1 97 0 Grandarosa

1 0 0 2 0 97 Markat

Predicted class (%)

T-201536-06 T-201567-01 T-201457-16 Fibion Grandarosa Markat Actual 
class

95 0 2 1 2 0 T-201536-06

0 100 0 0 0 0 T-201567-01

2 0 98 0 0 0 T-201457-16

0 0 2 93 5 0 Fibion

2 1 2 3 92 0 Grandarosa

0 0 0 0 0 100 Markat

Predicted class (%)

T-201536-06 T-201567-01 T-201457-16 Fibion Grandarosa Markat Actual 
class

90 0 5 0 3 2 T-201536-06

0 100 0 0 0 0 T-201567-01

5 0 95 0 0 0 T-201457-16

0 0 1 97 2 0 Fibion

5 1 0 2 92 0 Grandarosa

2 0 0 0 0 98 Markat

Fig. 3. The confusion matrices of classification of strawberry advanced clones and cultivars using 
models built based on selected image texture parameters using Linear Discriminant (a), Quadratic SVM 
(b), Sub-space Discriminant (c), and Wide Neural Network (d) 

a

b

d
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MATLAB were equal to 95.80% for Linear Discrim-
inant, 95.30% for Quadratic SVM, 96.30% for Sub-
space Discriminant, and 95.30% for Wide Neural 
Network. The confusion matrices in Figure 3 present 
the highest classification accuracy of 100.00% for 
T-201567-01 for three out of four applied models built 
using Quadratic SVM (Fig. 3b), Subspace Discrimi-
nant (Fig. 3c), and Wide Neural Network (Fig. 3d). 
The lowest accuracy of 88.00% was determined for 
T-201536-06 in the case of a model built using Qua-
dratic SVM (Fig. 3b). The high number of misclassi-
fied cases were between T-201536-06 and Grandarosa 
and between T-201536-06 and T-201457-16. These 
observations were similar to the classification results 
obtained using WEKA (Tab. 4). 

DISCUSSION 

The approach involving image analysis and arti-
ficial intelligence innovative proved to be useful for 
the discrimination of advanced clones T-201536-06, 
T-201567-01, and T-201457-16, and cultivars Fibion, 
Grandarosa, and Markat of strawberry. Models built 
based on selected texture parameters from images in 
color channels R, G, B, L, a, b, X, Y, Z, U, V, and S us-
ing machine learning algorithms were successful and 
provided a high average accuracy of up to 96.30% for 
the model developed using MATLAB (Subspace Dis-
criminant) and 95.83% for the model built by WEKA 
algorithm (Multilayer Perceptron). It showed that the 
obtained results were very similar, regardless of the 
applied software. The high discrimination results re-
vealed the great usefulness of image texture parame-
ters for distinguishing strawberry clones and cultivars 
in a nondestructive, objective, and effective manner.

In the case of models developed using WEKA and 
MATLAB, the high misclassification of cases was ob-
served between the clone T-201536-06 and Grandaro-
sa and between clones T-201536-06 and T-201457-16. 
It may be due to the fact that both clones had the Gran-
darosa cultivar in their pedigree. Generally, for the 
models built using WEKA and MATLAB, the clone 
T-201567-01 was discriminated with very high accu-
racy. It was confirmed by other performance metrics 
and graphs presented PRC (Precision–Recall) curves 
and ROC (Receiver Operating Characteristic) curves. 
It meant that the clone T-201567-01 was very differ-

ent in terms of image textures from other clones and 
cultivars.

In the previous literature, there are also reports 
concerning the application of imaging and artificial 
intelligence for studies of strawberry. Yamamoto et al. 
[2015] used the image analysis system for the strawber-
ry quality evaluation and cultivar identification based 
on appearance characteristics. The classification mod-
els built using linear discriminant analysis (LDA) based 
on a single feature type such as shape, size, or color 
classified 14 strawberry cultivars with an accuracy of 
less than 42%. However, the accuracy increased to 68% 
for a model combining shape, size, and color features. 
Nevertheless, the obtained accuracy of 68% was lower 
than the accuracies determined in our study for models 
developed based on image textures. Whereas Amoriel-
lo et al. [2022] predicted the internal quality features 
of strawberry based on color parameters, such as L*, 
a*, and b* using the artificial neural network (ANN) 
and multiple linear regression models (MLR). The ap-
plication of ANN allowed for obtaining high prediction 
results, such as R2 = 0.906, and R2 = 0.943 for antiox-
idant activity and the total monomeric anthocyanin, 
respectively. Color images and neural networks were 
also used by Choi et al. [2021] for the evaluation of 
the strawberry external quality. The recognition models 
developed based on RGB images using convolutional 
neural networks (CNNs) allowed for the distinguishing 
fresh, moldy, and bruised strawberries with the correct-
ness reaching 97%. Computer vision combined with 
deep learning was also used by Patel et al. [2021] to 
detect the strawberry plant wetness. 

In addition to color images, also hyperspectral 
imaging combined with artificial intelligence was 
used for strawberry quality evaluation. For example, 
real-time hyperspectral imaging and deep learning 
were applied for the in-field strawberry ripeness es-
timation providing a classification accuracy of 98.6% 
for the early ripe and ripe samples [Gao et al. 2020]. 
Hyperspectral imaging combined with deep learning 
was also used for strawberry maturity determination 
and soluble solids content estimation [Su et al. 2021], 
combined with support vector machine (SVM) for 
strawberry ripeness evaluation [Zhang et al. 2016], 
and with SVM and back propagation neural network 
(BPNN) for the identification of healthy, and bruise 
and fungi infected strawberries [Liu et al. 2018]. 
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The above-mentioned literature data confirmed 
the usefulness of imaging and artificial intelligence 
for the determination of external and internal qual-
ity of strawberries and for strawberry classification. 
Our study expanded knowledge about the application 
of color imaging and machine learning and set new 
directions in nondestructive strawberry quality eval-
uation. It was revealed that image texture parameters 
can be useful for distinguishing strawberries based 
on external appearance. Undertaken studies can be 
continued by involving more clones and cultivars, 
internal features, and deep learning. The approach 
combining image analysis and artificial intelligence 
can be useful in practice to distinguish clones and 
cultivars of strawberry in a nondestructive and ob-
jective manner.

CONCLUSIONS

In this study, an objective, nondestructive, and 
inexpensive approach involving image analysis and 
artificial intelligence was developed to classify ad-
vanced clones and cultivars of strawberry. The inno-
vative models developed based on selected textures 
from images in color channels R, G, B, L, a, b, X, Y, 
Z, U, V, and S proved to be useful for distinguish-
ing advanced clones T-201536-06, T-201567-01, and 
T-201457-16, and cultivars Fibion, Grandarosa, and 
Markat with an average accuracy reaching 95.83% 
and 96.30% for models built using Multilayer Per-
ceptron and Subspace Discriminant, respectively. The 
applied approach is a novelty in strawberry clone and 
cultivar classification. The procedure is characterized 
by great practical applications. Including image tex-
tures selected from a set of as many as 2172 param-
eters in the classification models allowed for very ac-
curate discrimination of advanced clones and cultivar 
of strawberry. This approach based on image analysis 
and artificial intelligence may be useful for strawber-
ry growers and processors. However, further research 
can be carried out, involving a larger number of clones 
and cultivars, fruit internal features, and deep learning.
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