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Phenotyping of native cultivars is becoming more essential, as they are an important for 

breeders as a genetic source for breeding. The variability of morphological properties 

plays critical role in melon breeding. In this paper various machine learning approaches 

were implemented to identify melon accession classes. A field experiment was 

conducted in Zahak Agriculture station to differentiate 144 melon accessions based on 

14 traits. For this, Partial Least Square Discriminant Analysis (PLS-DA), Support 

Vector Machine (SVM), Random Forest (RF), K-Nearest Neighbor (KNN) and 

Classification And Regression Trees (CART) were compared. The most commonly 

used performance values comprise overall accuracy, kappa value, Receiver Operating 

Characteristics (ROC) and Area Under Curve (AUC) were performed to identify 

accuracy of the models. The results showed the best performance for CART than others. 

The AUC and kappa value were 0.85 and 0.80 and fruit weight was the most important 

trait that affecting diversity in melon accessions. Regarding to these results 
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Classification And Regression Trees (CART) is reliable for identification of melon 

accessions classes. 
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INTRODUCTION 

Managing large amount of data by various domains machine learning, good 

performance has been observed in types of artificial intelligence. Identification or extraction of 

model from a large dataset by comprehensive applications could be as promising for breeders in 

phenotyping approaches. By accuracy of predict and acceptable compatibility, machine learning 

has few input parameters. For classification models development, Different  machine learning 

approaches, such, support vector machine (SVM), artificial neural network (ANN) and random 

forest (RF), have been implemented in various science (SINGH et al., 2015; ZHAO et al., 2016). 

Measuring complex traits related to growth intends plant phenotyping (FIORANI and SCHURR, 

2013). Implementation of machine learning encompasses advanced statistical tools for selection 

of variable and classification. Application of machine learning approaches in agriculture and 

natural resources sciences is still unknown, Maximum  likelihood was introduced to make 

advance classification (ZHONG et al., 2009). Each morphological characteristics of plant could be 

influenced by genetic factors. For instance, gene operation manner can be explored by variation 

among organisms that are different in a specific gene. Improving based on phenotypic traits 

analysis could be done by advanced technology for better realizing genetic and morphological 

traits roles. Due to large amount of dataset also approving of accuracy in these studies, accurate 

and fast computational methods are crucial  to extract and utilize phenotypic  data and make 

identification  between different varieties, modern deep statistical and learning methods develop 

this sense and may consist many further layers of artificial neurons and with increased 

complication bring sufficient increased discriminative index.(POUND et al., 2017). One of the 

most popular algorithms is K-Nearest Neighbor (KNN) for pattern recognition. Automated 

process of uncovering patterns is one kind of machine learning in large amount of data using 

based statistical methods and models, when fitted model could be used to predict targets on the 

data. Many machine learning approaches which have been constructed but partly few researches 

have done an evaluation of an array of different learners, usually studies on model contrast have 

been limited to only a few models(Heung et al., 2016). A Partial Least Square Discriminant 

Analysis (PLS-DA) model can be helpful in this attempt by relating plants usage as predictors 

and efficacy as response. PLS-DA is suitable for this analysis regarding that large number of 

plants, however, PLS-DA was planned usually for prediction of the responses by magnifying 

relation between responses and predictor (WOLD et al., 2001). 

 

MATERIALS AND METHODS 

Plant materials and growing  

  The experiment was laid out at the Agriculture and Natural Resource Research Station 

of Zahak in year of 2017, the study was done one 144 melon genotypes, these accessions were 

selected from provinces, Kerman, Khorasan, Sistan and Semnan. The seeds were taken from 

National Plant Gene bank of Iran and sown into the field. In each row a distance between plants 

assigned as 2 m × 0.5 m apart. Six plants were planted in each plot and the area of each plot was 
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6 m2. At the ripening of the fruits fourteen traits were evaluated. Discrimination of the accessions 

was consisted in two steps (1) screening of phenotypic traits, eliminating phenotypic traits which 

were insignificant about difference between accessions; (2) development of the model by 

implementation of different algorithms model to categorize accessions and R language 

(RCORETEAM, 2013) was implemented for model development. 

 

Phenotypic traits screening 

One-way analysis of variance was done to select traits to perform discrimination model 

based on optimized set of explanatory. Included dataset was noticed for significant traits P < 

0.05. Moreover, analysis of variance showed significant difference to treatments. In order to 

assess the potentiality of using phenotypic traits to develop discrimination model, Partial Least 

Squares Discriminant Analysis was used, it is an appropriate algorithm that uses by method of 

multivariate regression for predicting of membership in classes through linear combination of 

main variables. The PLS-DA was done via using plsr function in pls package of R software, the 

both classification and cross-validation were performed using function of corresponding wrapper 

by caret package in R language. 

 

Development of discrimination model 

The present study had the multi-classification objective, thus we utilized four different 

algorithms of classification namely the Support Vector Machine (SVM), Random Forests (RF), 

K-Nearest Neighbor (KNN) and Classification and Regression Trees (CART) for discrimination 

model creation using the packages including the nnet, e1071 and RandomForest in R language. 

To meet the objective of the study and need to supervised learning algorithm, we performed the 

high dimensional data analysis by the RF that can measure major classification variables and 

utilize numerous input variables in big target databases without selecting those variables (LIAW 

and WIENER, 2002). Hyperplane, which is a boundary leading to homogeneous data partitions on 

every side, can be created by the SVM. The present study used the regularization gamma 

parameter (0.001, 0.01, 0.1, and 0) and kernel C parameter (10, 100, and 1000) for training the 

multiclass type of SVM model. The research chose a desired mixed of C and gamma parameters 

in order to predict in higher accuracy. The specification of gamma function, cost and kernel 

function was done according to function of the SVM in e1071. We selected 80% of samples for 

training dataset through stratified random sampling and model optimization and development, 

and the other 20% was used as the experimental dataset. We randomly selected 80% of training 

samples to create a completely grown tree in order to achieve the Classification and Regression 

Trees (CART) pruning and growth. The lowest change of impurity in tree growth and the highest 

depth of tree were 0.0005 and 4 respectively. We utilized the pruning method focusing on the 

lowest cost complexity in order to prune the primary decision tree in order to obtain a set of 

pruned trees, and then applied the rest of training samples (20%) for measuring the accuracy of 

prediction in pruned trees and setting the standard error multiplier to 1. The K-Nearest Neighbor 

(KNN) algorithm can identify an unknown data point category according to its well-known 

nearest neighbor. In this regard, the training set includes n-dimensional vectors and elements as 

the points in the a n-dimensional space (BHATIA and ASHEV, 2010). The classifier KNN 

determines the class of an element not belonging to the training set and it searches for K 
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elements in the set with the lowest distance of an unknown nearest element (SHAKHNAROVICH et 

al., 2005), This distance can be measured by the Euclidian distance. 

The presented study had the following objectives:  1) The discrimination model 

development using the machine learning and phenotyping algorithms, and 2) performance 

evaluation of created models. 

 

RESULTS AND DISSCUSSION 

The present study found a significant difference among all traits genotypes except for 

fruit numbers per plant. The modeling potentiality was assessed using the Partial Least Squares - 

Discriminant Analysis (PLS-DA) according to 14 phenotypic traits. Performance of this model 

as well as the explained cumulative variance through the major three components is shown in 

Figure 1. The predictive ability was shown by Q2, and the GFI (Goodness of fit index) was 

quantified by R2. All three components of Q2 cumulative, R2Y, and R2X of PLS-DA were 

measured equal to 86, 0.91, and 0.29 (Figure 1).  

 

 

Figure 1. R2 X, R2Y = explained variation in X (Y); R2X, Y (Cumulative) = Cumulative explained 

variation;Q2=predictive quality of the model; Q2 (Cumulative) = Cumulative predictive quality of 

the model.Comp1,2 and 3 are first, second and third components. 

ABDEL-RAHMAN et al. (2014) found that it was possible to explain 97% and 95% of dry 

yields and Swiss chard fresh variation respectively. PLSR models were outperformed by the 
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Sparse partial least squares regression (SPLSR) in order to predict dry yields and Swiss chard 

fresh. The SPLSR is a recently made model for hyperspectral data mining during the process of 

model development (Hyonho and Keles, 2010). To be considered as the model acceptability 

indicators, R2 and Q2 should have values greater than 0.5. The Partial Least Squares - 

Discriminant Analysis (PLS-DA) generally indicates the genotypic discrimination potential 

through phenotypic traits. We utilized the discriminant functions of traits, in particular the fruit 

weight, for outputs as an inclusive parameter that determined the highest-yield landraces. 

Approximately 3 variation quarters of yield were explained by the discriminant function 

(NAROUI RAD et al., 2017). 144 samples with 14 traits were utilized for developing model and the 

dataset was divided into 80% of training dataset and 20% of testing dataset. The 10-fold cross 

validation at three repetitions were applied to select the Parameter values for 4 modeling 

algorithms namely the Support Vector Machine (SVM), Classification and Regression Trees 

(CART), Random Forest (RF) and K-Nearest Neighbor (KNN). We utilized the machine 

learning for identification of LC–MS medicinal plants; and the Support Vector Machine (SVM). 

Random Forest (RF) and Logistic Regression (LR) were applied for common machine learning 

algorithms. The classification accuracy of 95% was obtained by the dataset of cross validation 

(NAZARENKO et al., 2016). In the present study, the Cohen’s Kappa coefficient (k) and the mean 

prediction accuracy were obtained higher than 70% for all models (Figure 2).  

 

 

Figure 2. Evaluation result for different models. (A) Box-whisker plot of accuracy, (B) box-whisker plot of 

Kappa. 
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The highest performance, accuracy and k value (0.85% and 0.8 respectively) were 

obtained for the CART model; and the RF was almost more stable and had minimum variation. 

RF yield importance of candidate predictors was studied by NAROUI RAD et al. (2015) indicating 

the effectiveness of flesh diameter in true predictor identification among other predictors. 

In the present study, the Receiver Operating Characteristic (ROC) was utilized to assess 

the modeling classifier performance as shown in Figure 3 displaying the false positive rate on the 

x axis and the positive rate on the y axis. In this regard, the highest AUC value of 0.85 was 

obtained for the CART model. The classification performance can be obtained by the AUC (area 

under the curve) 

 

Figure 3. ROC curve of the four developed models. 

 

We used the sensitivity analysis to measure the role of traits in development of models 

in order to examine the possible reduction of phenotyping cost and training time without 

significant reduction of accuracy. Evaluating the traits importance of model, we developed the 

simplified models that had the lowest number of explanatory variables. We observed different 

preferences of models on trait types. The fruit weight trait was more frequent than other traits 

among the top 3 ones indicating that characteristics of the fruit weight were more useful for plant 

breeders as the morphological appearance of plants can be obtained according to genotypes and 

it is affects by the environment. The top three traits had the cumulative contribution of 13.3%, 
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which was less than the SVM, CART and KNN models (20.1%, 23.3%, and 17.4% respectively) 

in the RF model. This might be the major reason for the higher decrease in the accuracy of the 

simplified model. WAHEED et al. (2006), found that the algorithm of the CART decision tree 

could contribute to classify 12 combinations of treatment with the accuracy of 75–100% at all 

development stages, while the early growth stage had the best results of validation. As the SVM 

model had physiological traits, it could help breeders in discriminating traits of drought stress, 

but the CART model mainly focused on the fruit quantity. 

 

Table 1. The three most contributing traits of each developed model 

Model Trait Contribution Cumulative contribution 

CART 

Fruit weight 

Single plant yield 

Fruit width 

8.2 

7.8 

7.3 

 23.3 

SVM 

Fruit weight 

RWC 

Canopy temperature 

6.9 

7.1 

6.1 

 20.1 

K-NN 

Single plant yield 

Fruit weight 

Flesh diameter 

6.3 

5.8 

5.3 

    17.4 

RF 

Fruit weight 

Number of fruit 

Canopy temperature 

5.8 

4.3 

3.2 

  13.3 

 

CONCLUSION 

 The present study assessed the four techniques of machine-learning in order to identify 

morphological variations for classifying melons. According to obtained results, the CART model 

had the better performance than other models. The classification can be done by single plant 

yield and fruit weight indices. The future studies are suggested utilizing these results in other 

regions with different weather. 
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Izvod 

Fenotipizacija domaćih sorti postaje sve bitnija, jer su važni za oplemenjivače kao genetski 

izvor.  Varijabilnost morfoloških svojstava igra presudnu ulogu u oplemenjivanju dinja. 

Prepoznavanje osobina koje imaju glavnu ulogu u konačnom prinosu je veoma važno.  U ovom 

radu su primenjeni različiti pristupi machine learning kako bi se identifikovali grupe uzoraka 

dinje.  Poljski eksperiment je izveden u poljoprivrednoj stanici Zahak kako bi se razdvojile 144 

dinje, na osnovu 14 osobina. Za ovo su upoređene delimične analize najmanjih kvadrata (PLS-

DA), vektorska mašina za podršku (SVM), slučajna šuma (RF), K-najbliži sused (KNN) i 

klasifikacija i regresiona stabla (CART). Najčešće korišćene vrednosti performansi za 

identifikaciju tačnost modela obuhvatile su: ukupnu preciznost,  kappa vrednost, radne 

karakteristike prijemnika (ROC) i uree pod ROC krivom (AUC). Rezultati su pokazali najbolje 

performanse za CART u odnosu na ostale. Vrednost AUC i kappa iznosile su 0,85 i 0,80, a 

težina ploda bila je najvažnija osobina koja je uticala na diverzitet uzoraka dinje. Na osnovu  

ovih rezultata, (CART) je pouzdan za identifikaciju klasa uzoraka dinje. 
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