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Abstract 

When assessing the quality of the grain supply chain's quality, it is essential to identify and 

authenticate wheat types, as this is where the process begins with the examination of seeds. Manual 

inspection by eye is used for both grain identification and confirmation. High-speed, low-effort 

options became available thanks to automatic classification methods based on machine learning and 

computer vision. To this day, classifying at the varietal level is still challenging. Classification of 

wheat seeds was performed using machine learning techniques in this work. Wheat area, wheat 

perimeter, compactness, kernel length, kernel width, asymmetry coefficient, and kernel groove 

length are the 7 physical parameters used to categorize the seeds. The dataset includes 210 separate 

instances of wheat kernels, and was compiled from the UCI library. The 70 components of the 

dataset were selected randomly and included wheat kernels from three different varieties: Kama, 

Rosa, and Canadian. In the first stage, we use single machine learning models for classification, 

including multilayer neural networks, decision trees, and support vector machines. Each algorithm's 

output is measured against that of the machine learning ensemble method, which is optimized using 

the whale optimization and stochastic fractal search algorithms. In the end, the findings show that 

the proposed optimized ensemble is achieving promising results when compared to single machine 

learning models. 

Keywords: Neural network; Support vector machine; Decision tree; Voting ensemble. 

 

1. Introduction 

The agricultural industry is the backbone of many poor countries' economies. The vast majority of 

work is done without using any kind of high-tech equipment. The purification of seeds plays a 

significant part in this process and could be improved. Seed classification is often done based on 

human knowledge. Expert judgment and patience are required for manual wheat type determination. 

In cases where several seeds in a batch seem the same, telling them apart by eye might be difficult 

[1-4]. The transformation of the grain supply chain necessitates the development of a system for 

assessing the quality of wheat harvests [5]. The objective is to produce more wheat of a higher 

grade. The labeling of seeds necessitates germination tests [6]. The seeds underwent a purity test, 

which is necessary for determining a seed lot's genetic and physical integrity. Because of the 

potential for genetic contamination during mechanical mixing and incorrect labeling, it is important 
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to preserve the purity of the original wheat cultivar [7]. Taxonomic categorization and 

nondestructive grain feature analysis are used to conduct the testing of classifications [8, 9]. The 

seed testing process involves two levels of classification: species and varietal. Due to the similarities 

amongst wheat varieties, determining the varietal level can be difficult. The grain's characteristics 

may also be influenced by its growing conditions [5]. The actual classification test technique 

remains a low-throughput operation, with accuracy depending on the expert's skill and expertise. As 

the Internet has grown and larger datasets have become more widely used, machine learning 

methods have become a topic of research in a wide range of academic fields [4]. A human operator 

would have a tough time making sense of or working with such data without the aid of specialized 

tools or automated software operations. To address these needs, many organizations are turning to 

machine learning [10] for classification, regression, and prediction tasks. When comparing items 

with just subtle differences in color, texture, and morphology, a single classifier does not perform 

better [11]. The current study employs an ensemble method to solve this issue. Ensemble 

approaches aim to improve model prediction by merging numerous models into a single, highly 

dependable model. Common ensemble methods include boosting, bagging, and stacking. Because of 

their ability to reduce bias and variance while enhancing model accuracy, ensemble approaches are 

ideally suited to regression and classification. The architecture in Figure 1 shows the overview of 

this research paper. 

 

 

Figure 1: Research Paper Overview. 

2. Literature Review 

There has been some study into the possibility of utilizing machine algorithms to classify seeds. 

These analyses used many machine classifiers, all of which performed exceptionally well. For the 

categorization of seeds and cereals, machine learning approaches have already been implemented in 

several manufacturing chains with positive results [12-14]. Using well-trained multilayer neural 

network classifiers, the research in [15] demonstrates the potential and use of machine vision for 

identifying forms, sizes, and varieties. They classified the seeds using Weka's function, Bayes, meta, 

and lazy techniques. Taking the characteristics of wheat seeds into account, the authors of [16] 

suggested a fuzzy theory-based method for classifying wheat seeds. We resorted to a taboo search 

strategy. Using an artificial neural network, the authors of [17] achieved an accuracy of 92.1% and 

85.72 %, respectively, when categorizing wheat seeds using VLC. Authors in [18] have studied the 

seed's morphology, coloration, and textural qualities. Classifying seeds might be challenging if there 

is just a slight variation in their external appearance. The quantity of cereal grains produced is 

proportional to the size of the individual grains and the number of ears harvested. Manually 

counting seeds and measuring their morphology is a time-consuming process. As a result, many 

image processing-based methods for accurate grain morphometry have been presented [19, 20]. 

 

In [21], the authors developed a workstation to facilitate grain analysis for classification, and in 

[22], they present a video colorimetry approach to aid in determining cereal grain colour. In [22], 

400 samples of four different types of chickpea seeds—Kaka, Piroz, Ilc, and Jam—were used to 

classify chickpea seed varieties according to their morphological characteristics. The commercial 

viewpoint suggests that rice quality evaluation might benefit from the application of machine vision 

constructed from pre-existing neural network models [23]. Here, nine different types of rice are used 

to demonstrate how neural networks may be used to classify rice varieties by their seeds. They also 

developed a technique for extracting 13 morphological features, 6 color features, and 15 texture 
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features from color photographs of seeds, and their model has achieved an overall classification 

accuracy of 92%. The k-nearest neighbors classifier requires storing the entire training set, which 

can be prohibitively expensive when the set is huge. In order to classify plants, the authors have 

turned to deep learning models [24-26]. Ubbens and Stavness's research in this field [27] 

demonstrates one trend.)e other is related to high-throughput phenotyping and plant identification, 

and it is the difficulty of identifying and monitoring plant diseases [28, 29]. The authors of [30] 

describe a wide variety of voting methods for evaluating groups of bagging-trained classifiers. 

Classes are determined with the use of multilayer perceptrons. One approach is to use ensembles of 

classifiers instead of just one. Several classifiers are merged to produce a single, more accurate 

output in the well-known ensemble approaches of bagging [31] and boosting [32]. Reconciliation is 

the process of combining classification models, and it was bagging that was used in the studies by 

the authors of [33], who analyzed the effectiveness of various voting procedures. Machine vision 

systems for assessing the quality of food grains take into account the factors listed in Table 1. 

 

 

3. Proposed Methodology 

The proposed methodology is shown in Figure 2. In this figure, three base classifiers were 

employed. These classifiers are decision trees (DT), multilayer perceptron (MLP), and support 

vector machines (SVM). These classifiers are used in a voting ensemble model, where the votes are 

optimized in a hybrid metaheuristic optimization algorithm composed of the whale optimization 

algorithm (WOA) algorithm and the stochastic fractal search (SFS). 

 

 
 

Figure 2: Overview of research methodology. 

 

A. Dataset 

The seed dataset for the investigation was obtained from the UCI collection [42]. There are 210 

wheat kernels in the assortment. Each instance also has seven extra attributes outside the class 

attribute. There are seven traits that are consistent across all samples (area, perimeter, compactness, 

kernel length, kernel width, asymmetry coefficient, and kernel groove length). There is no 

fluctuation in any of the attributes. You can see the characteristics of the dataset, such as the number 

of classes it contains and the machine learning techniques used to analyze it, in Figure 3. Seventy 

different components were analyzed, and they were all wheat kernels. The three types of wheat that 

were included in the collection were Kama, Rosa, and Canadian. Using a soft X-ray technique, we 

are able to get clear images of the kernel's inner structure. It's less expensive and less invasive than 

other high-tech imaging methods like scanning microscopy and laser technology. Photographs are 

captured on KODAK X-ray plates that measure 13 by 18 centimeters. In order to support their 

research, scientists from the Institute of Agrophysics of the Polish Academy of Sciences in Lublin 

patented wheat grain gathered in combination with their experiments. Kama (1), Rosa (2), and 

Canadian (3) are the three wheat classifications shown in Table 1. 
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Figure 3: Count of different wheat seed varieties. 

 

 

Table 1: Features considered in machine vision systems for food grain quality evaluation. 

 

References Grain Features Applications 

[34–36] Rice Morphology Variety-based classification 

[37] Popcorn Color Identification of microbial infection 

[38, 39] Chickpea Morphology + color Variety-based classification 

[40, 41] Wheat Morphology Variety-based classification 

 

B. Support Vector Machines (SVM) 

In classification, a support vector machine (SVM) is described as a family of closely comparable 

supervised learning techniques. To put it another way, if it is given a collection of training samples 

that have been labeled as belonging to one of two classes. For each possible classification of a given 

set of examples, the SVM training algorithm constructs a model to make predictions. To do 

classification, support vector machines (SVM) create a hyperplane or a series of hyperplanes in a 

high-dimensional space. The structure of the SVM process is depicted in Figure 4. 

 

 
Figure 4: Structure of support vector machines. 
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C. Multilayer Perceptron (MLP) 

We have a neural network when a group of nodes, or neurons, are connected via synapses. 

Comparable to the human nervous system, artificial neural networks are used as estimation models. 

Every synthetic neural network consists of three distinct layers: an input layer, a hidden layer, and 

an output layer. The input layer comprises a set of nodes that take in data, and the technique's output 

is an activation function. In between the input and output layers is a hidden layer that assigns 

weights to the inputs. The output layer provides the final results. The structure of a multilayer neural 

network is shown in Figure 5. 

 
 

Figure 5: Structure of a multilayer neural network. 

 

D. Decision Trees (DT) 

Using a greedy search, decision tree learning finds the best possible branching points inside a tree to 

divide and conquer the problem. This partitioning is then iterated from the top down until all or the 

vast majority of entries fit neatly into predefined categories. The intricacy of the decision tree 

heavily influences the likelihood that all data points will be assigned to homogeneous groupings. 

Pure leaf nodes, or data points belonging to a particular class, can be more easily obtained in smaller 

trees. However, as a tree expands, it is harder to preserve this purity, and this often leads to too little 

information fitting within a specific subtree. This is known as data fragmentation, and it frequently 

results in overfitting. Therefore, decision trees favor tiny trees, which aligns with Occam's Razor's 

parsimony concept that "entities should not be multiplied beyond necessity." That is to say, decision 

trees should only get more intricate if required, as the simplest explanation is sometimes the most 

convincing. Pruning removes branches that divide on attributes of low value and is commonly used 

to accomplish both goals (reducing complexity and preventing overfitting). Cross-validation then 

provides an assessment of the model's fitness. The random forest technique is another method for 

maintaining the accuracy of decision trees; when the trees in the ensemble are uncorrelated, the 

classifier produces more accurate predictions. The structure of a decision tree is depicted in Figure 

6. 

 

 

 
 

Figure 6: Structure of a decision tree. 
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E. Whale Optimization Algorithm (WOA) 

Australian researchers Mirjalili and Lewis devised the WOA swarm intelligence optimization 

method in 2016. Through the use of mathematical models, the 3e algorithm recreates the behavior 

of humpback whales as they hunt for food. The WOA team was motivated to create their program 

after learning about the bubble-net assault technique used by humpback whales. If a whale spots 

prey, it will dive to within 12 meters of the surface and then spiral upwards while bubbling to 

distract the fish. WOA's strengths lie in its straightforward premise, limited parameters, and robust 

search capabilities. It has been used in many other engineering areas, including optimization, 

parameter extraction, feature selection, and more, ever since it was first developed.  

 

F. Stochastic Fractal Search (SFS) 

While Fractal Search is effective in locating the answer, it has drawbacks. First, many moving parts 

need to be carefully considered, and second, particles don't share information with one another. 

There has been no evidence of interpersonal communication in FS; therefore, the search must be 

carried out. To hasten convergence to the minimum, the organization tries to share data across all 

members. 

 

4. Results 

To accomplish the classification through ML models, a number of Python3 libraries are used. These 

include NumPy, SciPy, scikit-learn, Keras, pandas, and Matplotlib. According to the available 

evidence [43-46], Scikit-learn is the most accessible and trustworthy machine learning library. 

NumPy, SciPy, and Matplotlib comprise the backbone of this package. In Figure 7 we see the steps 

taken to make a categorization. In this part, we provide the findings of our dataset analysis and the 

outcomes of our training and testing of the model with a variety of feature extractions. A confusion 

matrix, which details the ratio of correct to incorrect predictions made on the basis of training data 

with known true values, is necessary for evaluating a classifier's performance. In the case of a true 

positive (TP), both the actual value and the model's prediction are correct. In the case of a true 

negative (TN), both the actual and anticipated values are incorrect. 

 

 
 

Figure 7: The steps of the classification process. 

 

A comparison between the proposed approach and other machine learning models is presented in 

Table 6. This table shows the accuracy, sensitivity, specificity, pvalue, nvalue, and F-score better 

using the proposed optimized voting ensemble classifier. 

 

Table 6: Classification results using the proposed method compared to other methods 

 

 
Accuracy Sensitivity Specificity Pvalue Nvalue F-score 

NN 0.9091 0.8889 0.9231 0.8889 0.9231 0.8889 

SVM 0.8772 0.8889 0.8696 0.8163 0.9231 0.8511 

DT 0.8696 0.8889 0.8571 0.8000 0.9231 0.8421 
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WOA-SFS 0.9391 0.9412 0.9375 0.9195 0.9545 0.9302 

 

The statistical analysis presented in Table 7 shows the superiority of the proposed voting ensemble 

classifier. These results are better when the proposed optimized voting ensemble is employed. 

 

Table 7: Statistical analysis of the results recorded by the proposed method 

 

 NN SVM DT WOA-SFS 

Number of values 10 10 10 10 

Minimum 0.9091 0.8672 0.8696 0.9391 

25% Percentile 0.9091 0.8772 0.8696 0.9391 

Median 0.9091 0.8772 0.8696 0.9391 

75% Percentile 0.9091 0.8772 0.8696 0.9391 

Maximum 0.9191 0.8772 0.8796 0.9391 

Range 0.01 0.01 0.01 0 

10% Percentile 0.9091 0.8682 0.8696 0.9391 

90% Percentile 0.9181 0.8772 0.8786 0.9391 

95% CI of median     

Actual confidence level 97.85% 97.85% 97.85% 97.85% 

Lower confidence limit 0.9091 0.8772 0.8696 0.9391 

Upper confidence limit 0.9091 0.8772 0.8696 0.9391 

Mean 0.9101 0.8762 0.8706 0.9391 

Std. Deviation 0.003162 0.003162 0.003162 0 

Std. Error of Mean 0.001 0.001 0.001 0 

Lower 95% CI of mean 0.9078 0.8739 0.8683 0.9391 

Upper 95% CI of mean 0.9124 0.8785 0.8728 0.9391 

Coefficient of variation 0.3475% 0.3609% 0.3632% 0.000% 

Geometric mean 0.9101 0.8762 0.8706 0.9391 

Geometric SD factor 1.003 1.004 1.004 1 

Lower 95% CI of geo. mean 0.9078 0.8739 0.8683 0.9391 

Upper 95% CI of geo. mean 0.9123 0.8785 0.8728 0.9391 

Harmonic mean 0.9101 0.8762 0.8706 0.9391 

Lower 95% CI of harm. mean 0.9078 0.8739 0.8683 0.9391 

Upper 95% CI of harm. mean 0.9123 0.8785 0.8728 0.9391 

Quadratic mean 0.9101 0.8762 0.8706 0.9391 

Lower 95% CI of quad. mean 0.9078 0.8739 0.8683 0.9391 

Upper 95% CI of quad. mean 0.9124 0.8784 0.8728 0.9391 

Skewness 3.162 -3.162 3.162  

Kurtosis 10 10 10  

Sum 9.101 8.762 8.706 9.391 

 

On the other hand, the Wilcoxon signed rank test is used to study the difference between the 

proposed approach and the other set of algorithms. The results of this test are listed in Table 8. In 

this table, the p-value proves this difference. 

 

Table 8: Wilcoxon signed rank test of the recorded results of the proposed method 

 

 NN SVM DT WOA-SFS 
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Theoretical median 0 0 0 0 

Actual median 0.9091 0.8772 0.8696 0.9391 

Number of values 10 10 10 10 

Wilcoxon Signed Rank Test     

Sum of signed ranks (W) 55 55 55 55 

Sum of positive ranks 55 55 55 55 

Sum of negative ranks 0 0 0 0 

P value (two tailed) 0.002 0.002 0.002 0.002 

Exact or estimate? Exact Exact Exact Exact 

P value summary ** ** ** ** 

Significant (alpha=0.05)? Yes Yes Yes Yes 

How big is the discrepancy?     

Discrepancy 0.9091 0.8772 0.8696 0.9391 

 

The plot shown in Figure 8 demonstrates the accuracy achieved by the proposed optimized voting 

ensemble classifier compared to the base models. As shown in this figure, the proposed approach is more 

effective. 

 

Figure 8: The accuracy of the proposed method compared to other methods 

 

5. Conclusion 

Using machine learning techniques for analyzing and categorizing grain seeds is becoming 

increasingly relevant. In this study, we describe a method for classifying wheat seeds based on 

seven distinct features: area, perimeter, compactness, kernel length, kernel width, asymmetry 

coefficient, and kernel groove length. The minute differences across seed types pose the most 

difficulty in categorization. Ensemble learning techniques are applied to this problem to increase 

prediction accuracy. We employ an ensemble machine learning technique using an optimized 

voting classifier to get the best possible classifier fit. The findings are compared using three 

different machine learning algorithms: the multilayer perceptron (MLP), the decision trees (DT), 

and support vector machines (SVM). Based on the outcomes, Using a voting system in an ensemble 

classifier allows for the best possible accuracy. Using other categorization algorithms will allow us 

to further refine our results' accuracy in the future. 
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