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This study employs robust machine learning techniques to comprehensively
assess the classification of Iris flower species. This study investigates the
effectiveness of several machine learning algorithms in reliably classifying
Iris flower species by utilizing a dataset that includes crucial morphological
attributes such as sepal length, sepal width, petal length, and petal width.
The algorithms under consideration are Decision Tree, Random Forest,
Support Vector Machine (SVM), K-Nearest Neighbors (KNN), and XGBoost.
Every algorithm has its own distinct methodology for classification, where
Decision Trees offer clear interpretability and Random Forest and XGBoost
offer strong and complex ensemble techniques. The primary aim of this
study is to assess and contrast different algorithms, considering not only
their classification accuracy but also significant performance metrics
including precision, recall, F1-score, ROC AUC, and specificity. This research
provides valuable insights into the capabilities and constraints of each
methodology when implemented on a meticulously organized and defined
botanical dataset. It is expected that the results of this study will contribute
significantly to the fields of artificial intelligence and botanical taxonomy,
highlighting the capacity of these methods to accurately identify and
categorize plant species.
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A. Introduction

A subfield of artificial intelligence (Al), machine learning (ML) enables
computers to autonomously learn and make decisions through the analysis and
processing of data[1]. The development of algorithms capable of extracting insights
from data and employing this knowledge to generate informed judgments or predictions
constitutes machine learning. In the last few decades, machine learning has gained
prominence in numerous industries, ranging from straightforward applications such as
email categorization and speech recognition to more complex endeavors including
medical analysis and financial forecasting[2].

Classification is an essential methodology in machine learning wherein algorithms
are trained to precisely identify or categorize incoming data[3]. This approach is
implemented in various real-world situations and is founded on the prediction of
categorical results. In the domain of medical diagnosis, classification algorithms exhibit
their utility through the differentiation of benign from malignant malignancies. In the
financial sector, these algorithms are implemented to authenticate transactions and
detect possible instances of fraudulent activity[4][5].

Classification algorithms are commonly taught using datasets that consist of
varied input features and their related labels. The goal is for the algorithm to identify
patterns or links in the data, allowing it to make precise predictions for fresh, unseen
data points[6][7]. The learning method entails dividing the dataset into separate training
and testing sets. The training set is utilized to instruct the model, whilst the testing set is
kept aside for assessing its performance[8].

There is a diverse selection of categorization algorithms, each possessing distinct
benefits and constraints. The choice of the best appropriate algorithm is contingent upon
elements such as the attributes of the data and the precise requirements of the given
task[9]. Several widely used categorization algorithms include Decision Trees, Random
Forests, Support Vector Machines (SVMs), K-Nearest Neighbors (KNN), and Neural
Networks (NN), among others[10].

The field of machine learning is constantly progressing, particularly in the area of
classification, where there is continuous growth through the introduction of advanced
approaches like ensemble methods and deep learning. These technological
breakthroughs are facilitating the development of more precise predictive models and
revealing profound insights within intricate datasets. Machine learning categorization
techniques are advancing and have a significant impact on numerous sectors by
providing intelligent, data-driven solutions and improving the capabilities of computers
to learn[11][12].

This study introduces thorough investigation into the Iris flower species
classification using advanced ML algorithms. This study delves into one of the most
fundamental yet intriguing problems in the realm of botany and machine learning,
employing a range of sophisticated algorithms to categorize lris species based on
various morphological features[13]. The Iris flower dataset, a cornerstone in the field of
machine learning due to its clarity and well-defined features, serves as the foundation
for this exploration.[14] The research utilizes a variety of algorithms, each bringing its
unique strengths and methodologies to the task of species classification[15].

These machine learning algorithms offer diverse approaches to data classification
and prediction. Decision Trees provide interpretable models based on simple decision
rules, suitable for both numerical and categorical data[16]. Random Forest, an ensemble
method, enhances prediction accuracy by combining multiple decision trees, making it
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robust, accurate, and capable of handling missing data[17]. Support Vector Machine
(SVM) excels in high-dimensional spaces by constructing hyperplanes for effective
class separation, particularly valuable when class margin is crucial. K-Nearest
Neighbors (KNN) relies on proximity-based classification, simplifying the process by
grouping similar data points. Lastly, XGBoost, an eXtreme Gradient Boosting
algorithm, employs decision trees within a gradient boosting framework, offering high
efficiency, accuracy, and versatility for various data types[18][19].

The study aims not just to classify the Iris species accurately but also to compare
the effectiveness, efficiency, and practicality of these algorithms in real-world
scenarios[20]. By applying these diverse machine learning techniques, the research
provides valuable insights into their comparative performance, including aspects like
accuracy, precision, recall, and the ability to handle data complexities[21]. This
comprehensive classification approach contributes significantly to the broader
understanding of machine learning applications in biological classification, offering a
robust framework for future studies in this intersecting field of botany and
computational intelligence[22].

The study leverages uses advanced machine learning algorithms to sort Iris flower
species into groups. To test how well the algorithms work, a dataset with important
physical traits is used[23]. As well as accuracy, it rates algorithms like Decision Tree,
Random Forest, SVM, KNN, and XGBoost based on performance metrics like recall,
F1-score, ROC AUC, sensitivity, and precision. The goal of this study is to teach us
about the pros and cons of each method for classifying plants, which will add to the
fields of artificial intelligence and botanical taxonomy[24].

This meticulously structured paper provides a clear and comprehensive analysis.
The Introduction in Section 1 introduces the complex challenges faced by the iris
flower. Section 2, the Literature Review, presents a comprehensive analysis of previous
studies focused on the use of machine learning for iris flower classification. The
Proposed Model in Section 3 outlines the methodological approach, detailing
preprocessing techniques and classifier methodologies. Section 4, Dataset, provides an
in-depth description of the data’'s composition and categorization. In Section 5,
Evaluation Metrics, the paper discusses the criteria and approaches used to evaluate the
model's performance. The Results and Discussion in Section 6 present a detailed
analysis of the model’s effectiveness, offering comparisons with existing research.
Section 7 discusses these comparative insights further. Finally, the Conclusion in
Section 8 highlights the study’s significant contributions and implications for advancing
plants through machine learning technologies.

B. Literature Review

The literature review highlights the significance of machine learning in Iris flower
classification. Multiple studies utilize diverse machine learning algorithms, including
XGBoost, K-Nearest Neighbor (KNN), Support Vector Machine (SVM), Decision
Trees, and Random Forests, to classify Iris flowers accurately. These studies emphasize
the importance of accuracy, showcasing exceptional results approximate 100%
accuracy. The rich biodiversity of Earth and the challenges posed by similar physical
characteristics among species underscore the relevance of these -classification
efforts[25]. As the field of ML continues to evolve, Iris flower classification remains a
valuable domain for exploring the capabilities of various algorithms and advancing the
understanding of pattern recognition and classification[26].
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(Zhou, 2022) [27] introduced Classification algorithms within the field of machine
learning are crucial for categorizing data into distinct classes, making them invaluable
for tasks like data mining. The process of selecting the most suitable classification
model, one that offers both high accuracy and efficiency, is both important and
challenging. To address this issue, this research paper conducts a comparative analysis
of Multilayer Perceptron (MLP) in conjunction with various other ML methods,
including KNN, SVM, Logistic Regression, Decision Trees, and Random Forests. All
these models are trained to classify different types of Iris flowers to enhance our
understanding of their capabilities. The performance of these models is evaluated using
metrics like accuracy and confusion matrices. The experimental findings reveal that the
confusion matrices generated by these diverse models exhibit similarities, but MLP
stands out by consistently achieving higher accuracy. By employing an adequate
number of nodes per hidden layer for the backpropagation process, MLP demonstrates
exceptional analytical capabilities and delivers valuable projections. Given this
superiority, it is anticipated that neural networks will continue to advance in their
classification performance. Armed with an understanding of the strengths and
limitations of various classification algorithms, we can look forward to the development
of optimized models that better address real-world problems.

(Akter et al., 2022) [28] presented the Iris dataset is well-known, and it contains
data with four attributes: Sepal.length, Sepal.width, Petal.length, and Petal.width. It is
divided into three separate groups or subspecies, Sentosa, Versicolor, and Virginic, each
with 50 samples. The measurements for these attributes are in centimeters. Ronald
Fisher created this dataset in 1936, and it is easily accessible through the UCI dataset
repository. This research will show how to solve classification problems using several
methods such as K-means clustering, Random Forest decision, SVM, LR, KNN, and K-
means. In addition, we investigate the translation of the four features into advanced
features. We use the scikit-learn program for implementation. In this study, we use
classification and regression techniques on the Iris dataset to find and analyze
underlying patterns and correlations in the data.

(Taha Chicho et al., 2021) [29] this topic presented the classification is very
common in modern machine learning, and it is widely used in a variety of domains such
as face recognition, flower categorization, clustering, and other applications. The
primary goal of this research project is to methodically arrange and classify a group of
data objects. The study used the K-nearest neighbors, decision tree (j48), and random
forest methods to accomplish this. Following that, it evaluates and compares their
performance using the IRIS dataset. The results of this comparison analysis show that
the K-nearest neighbors algorithm outperforms the other classifiers in terms of
performance. Furthermore, when compared to the decision tree (j48), the random forest
classifier outperforms it. Surprisingly, the research produced a 100% accuracy rate with
no errors for the used classifier.

(Yehya Hussien, 2022) [30] introduced Creating a classification is a useful tool
for predicting the group to which data instances belong, and the incorporation of ML
approaches has aided in the classification process's simplification. The basic goal of this
research is to use ANN and SVM to create models for categorizing Iris blossoms.
Ronald Fisher, a British statistician and biologist, first created the Iris flower dataset,
which is a multivariate dataset. It presents a significant barrier in taxonomic study,
particularly in identifying between three iris flower species (Setosa, Versicolor, and
Verginica) based on sepal and petal diameters. The main objective entails recognizing
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patterns in the sizes of Iris flower sepals and petals and using these patterns to
determine the flower's class. The results of the experiments demonstrated the usefulness
of both ANN and SVM in effectively categorizing Iris flowers, with high accuracy rates
of 98.66% and 97.79%, respectively.

(Swain, 2012) [31] showed the classification, a ML technique, is employed to
predict the membership of data instances in specific groups or categories. In order to
streamline the classification process, neural networks are being introduced. This
research paper is centered around the classification of IRIS plants using Neural
Networks as a tool. The core problem addressed in this study revolves around
identifying the species of IRIS plants based on measurements of various plant attributes.
The classification of the IRIS dataset involves the extraction of discernible patterns by
analyzing the sizes of petals and sepals in IRIS plants. These patterns are then leveraged
to make predictions and assign classes to different IRIS plant specimens. This approach
not only aids in accurate classification but also sets the stage for more precise
predictions of unknown data in the future. Artificial neural networks have proven to be
highly effective in addressing a wide range of problems, including pattern classification,
function approximations, optimization tasks, and associative memories. In this study,
the focus is on training Multilayer feed-forward networks using the backpropagation
learning algorithm.

(Aziz & Awrahman, 2023) [32] focused is supervised machine learning
algorithms play a pivotal role in classification tasks. In this study, we focus on
predicting the Iris plant's species using a variety of machine learning algorithms. The
classification of Iris plants relies on various factors, including the length and width of
certain properties. Horticultural experts have noted that some plants exhibit differences
in physical attributes like size, shape, and color, making species recognition
challenging. The Iris flower species consists of three unique subspecies: Versicolor,
Setosa, and Virginica. This study utilizes machine learning methods to precisely
categorize all types of Iris blooms, attaining a 100% accuracy rate for KNN, 95% for
Random Forest (RF), 97% for Decision Tree (DT), and 98% for Logistic Regression
(LR). The Iris dataset, easily accessible and deployed through Scikit tools, serves as the
basis for developing predictive models for plants. In this work, machine learning
methods such as LR, DT, KNN, and RF are utilized to create a strong prediction model.
(Srinivasarao et al., 2021) [33] demonstrated how, within the domain of Machine
Learning, we identify Iris flower species by employing semi-automated techniques to
extract knowledge from data. In the context of supervised learning, classification is
utilized when the response variable is categorical in nature, comprising values that fall
within a finite, unordered set. We employ the scikit-learn tools in order to streamline the
classification process. This research paper is centered around the classification of Iris
flowers using Machine Learning techniques with the assistance of scikit-learn tools. The
central problem revolves around identifying Iris flower species based on measurements
of various flower attributes. The process of classifying the Iris dataset involves the
discovery of patterns by analyzing the sizes of petals and sepals in Iris flowers. These
patterns function as the fundamental basis for generating predictions and allocating the
suitable category to every lIris flower. In this manuscript, we employ data to train a
machine learning model. When confronted with new, unobserved data, the predictive
model utilizes the acquired knowledge from the training data to accurately classify the
species of the Iris flower. This exemplifies the significant capability of learned patterns
in the context of classification tasks.
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(Shukla et al., n.d.) [34] The study revealed that the biodiversity of the Earth is
extensive, with over 360,000 species coexisting in its ecosystems. Nevertheless, a
significant number of these species exhibit very analogous physical attributes, including
form, magnitude, and hue, so complicating their identification and categorization. The
Iris flower species is an exemplary instance, consisting of three unique subspecies:
Setosa, Versicolor, and Virginica. In order to tackle this classification difficulty, we
employ the Iris dataset, which is a widely accessible and commonly utilized resource.
The dataset comprises three distinct classes, with each class including 50 cases,
rendering it a highly significant resource for machine learning applications. Through the
utilization of machine learning methodologies, we can effectively and precisely detect
and categorize the several subclasses of the Iris flower, surpassing mere estimations.
The technique consists of three essential stages: segmentation, feature extraction, and
classification. Our goal is to create a strong framework for automatically recognizing
different flower classes by utilizing a range of machine learning algorithms, such as
Neural Network, Logistic Regression, Support Vector Machine, and k-Nearest
Neighbors. We prioritize achieving high accuracy in the classification process.

(Vatshayan, 2019) [35] worked on a ML, in the context of computer science,
refers to a subfield that enables systems to gain information without relying on explicit
programming. Supervised Machine Learning (SML) involves the use of algorithms to
analyze externally provided data examples and create general hypotheses. These
hypotheses are then used to produce predictions about future instances. In the context of
SML, we face two types of learning: classification and regression. Both of these types
belong to the category of supervised learning, where the response variable is categorical
and can take values from finite discrete and continuous sets. In order to make the
classification process more efficient, we utilize the scikit-learn tools. This study article
primarily focuses on the categorization of Iris blossoms utilizing Machine Learning
methodologies, employing scikit-learn tools as our software suite. This research aims to
build a machine learning model using the Iris Dataset and evaluate the performance and
accuracy of Iris classification using different Supervised Learning Algorithms.

(Rana et al., n.d.) [36] highlighted classification is a widely applied machine
learning problem with diverse applications in fields such as security, agriculture, and
industry. This research paper focuses on the classification of Iris flowers, utilizing
Logistic Regression and Random Forest algorithms. To enhance the classification
process, Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA)
are employed as feature extraction methods in both cases. In the second part of the
study, a comparative analysis is conducted to evaluate the performance of both machine
learning methods and both dimensionality reduction techniques. The comparative study
findings highlight the superiority of LDA over PCA. Interestingly, when LDA is used,
both Logistic Regression and Random Forest methods yield nearly identical results,
showcasing the effectiveness of LDA in enhancing classification accuracy.

(Gupta et al., 2022) [37] investigated modern machine learning, which focuses
on data categorization using advanced models and forecasting future outcomes based on
these algorithms. It has been used in a variety of disciplines, including facial
recognition, speech recognition, medical diagnostics (such as anticipating possible heart
failure), sentiment analysis, and product recommendations. This study gives three
categorization algorithms for reliably forecasting Iris flower species. The proposed
model examines and preprocesses the dataset using Exploratory Data Analysis (EDA).
To perform the prediction task, three classification models, namely "Logistic
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Regression,” "SVM," and "KNN," are used. The Iris dataset is used to test the three
proposed models, which result in maximum accuracies of 96.43%, 98.21%, and
94.64%, respectively. This paper examines various supervised machine learning models
that are suitable for detecting Iris flower species based on factors such as sepal width,
sepal length, petal width, and petal length. It provides vital information about the
performance of various models.

(Agarwal et al., 2022) [38] acknowledged the machine learning is undeniably
one of the most dynamic and rapidly evolving fields in both research and industry. New
techniques and methodologies continue to emerge at an astonishing rate, making it
challenging for even experts to keep pace, let alone beginners. It's a well-established
fact that incorporating diverse perspectives and inputs enhances the decision-making
process, ultimately leading to more accurate results. In this context, the term "Ensemble
Learning" within the realms of artificial intelligence (Al) and machine learning (ML) is
recognized for its ability to enhance the capabilities, efficiency, robustness, and, most
importantly, the accuracy of decision-making systems. Ensemble Learning is a powerful
approach that leverages the collective wisdom of multiple models to improve the overall
performance and reliability of machine learning systems.

(Pachipala et al., 2022) [39] delved an Al approach called "Order" that is used to
forecast the attendance of a crowd in informational events. Neural networks are
implemented as a means to improve the precision of predictions in this particular
environment. The main objective of this paper, however, revolves around the
categorization of Iris plants using neural networks. The classification of Iris plant
species relies on the precise measurement of the breadth of both the sepal and petal.
Furthermore, the investigation delves into the utilization of sepal length and petal length
measures as a means to enhance the precision of classification in subsequent endeavors.
Artificial neural networks, specifically neural networks, are widely utilized in diverse
applications including pattern identification, job scheduling, forecasting future job
advancements, and job remembering. The main aim of this study is to categorize the
many species of Iris flowers by utilizing a dataset specifically curated by biologists for
the goal of studying flower kinds using data mining techniques and neural network
classifiers. The primary obstacle in this study involves devising an innovative
methodology for categorizing Iris flowers and discerning their respective varieties, with
the intention of assisting biologists in their research through the utilization of
sophisticated ML methods. This problem is classified as a classification problem, and
the proposed solution entails utilizing a supervised machine learning classification
technique, namely the Random Forest Classification technique, applied to the Iris
dataset. The experimental findings demonstrate a fundamental error rate of 0.01067, a
training duration of 0.691 milliseconds, and the utilization of four neurons in the neural
network, confirming the efficacy of the suggested methodology.

(Pawar et al., 2022) [40] underscored pattern detection using is a crucial
component of machine learning, and accurately identifying these patterns is essential for
tackling performance-related difficulties. Machine Learning (ML), a component of
Acrtificial Intelligence (Al), plays a crucial role in activities such as categorization,
grouping, and forecasting. This research study focuses on the creation of an innovative
classification technique specifically designed to categorize Iris plants and accurately
characterize their flower patterns. An improved ensemble model has been developed by
the researchers in order to detect and categorize these patterns. In the early stages, a
variety of models are implemented, including Decision Tree, OneR, Adaboost, Random
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Forest, and Bayesnet. To enhance performance, an ensemble model that has been
proposed is implemented throughout the classification procedure.

(Pinto et al., 2018) [41] Classification was highlighted as a critical and
indispensable element of machine learning, functioning as the primary method for
processing data. Machine learning comprises innumerable classification algorithms,
such as Backpropagation, Decision Trees, Naive Bayes, Neural Networks, Artificial
Neural Networks, Multi-layer Perceptrons, Multi-class Classification, Support Vector
Machines, and K-Nearest Neighbors. The principal objective of this study is to furnish
comprehensive explanations of three unique classification methodologies. The Scikit-
learn library and the Iris dataset are utilized to implement these methods. The principal
objective of this work is to evaluate the Iris dataset using classification and regression
techniques, with an emphasis on analyzing and examining patterns derived from the size
of the flower's sepal and petal. The results of the study show that the Support Vector
Machine (SVM) classifier outperforms the K-Nearest Neighbors (KNN) and Logistic
Regression models in terms of accuracy, highlighting its utility in classification
applications[42].

In summary, these studies collectively illustrate the evolving landscape of the
iris flower, where various machine learning and artificial intelligence technologies are
being increasingly integrated to enhance the accuracy and reliability of iris flower
classification, promising significant improvements in plant care and better monitoring
outcomes.

C. Proposed Model

The proposed model for iris flower classification is developed to assess the
performance of Decision Tree, Support Vector Machine (SVM), Random Forest, KNN,
and XGBoost. The Dataset is fed into the aforementioned classifiers in four forms as
mentioned below.

1- Raw Dataset without Preprocessing and Feature Selection.

2- Dataset after preprocessing with MinMaxScaler.

3- Dataset after feature selection using SelectKBest.

4- Dataset after preprocessing using MinMaxScaler and feature selection using

SelectKBest.

Afterwards the data is split and run through the classifiers.
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Figure 1. Proposed Model

1. Preprocessing: Normalization

Normalization and scaling are essential preprocessing steps in machine learning,
especially for models dealing with complex data such as iris species classification.
Normalization adjusts the scale of data attributes, ensuring that each feature contributes
equally to the model's learning process. This is crucial because features with larger
numerical ranges could disproportionately influence the model's performance.
Techniques like MinMaxScaler, StandardScaler, and RobustScaler are employed to
rescale data to a specific range or to adjust it based on statistical properties such as mean
and standard deviation. Normalization thus ensures that each feature contributes
approximately proportionately to the final prediction. In the case of the mentioned
dataset, which likely contains a variety of features, normalization would ensure that no
single feature dominates the model due to its scale, leading to more accurate and stable
model performance[43].

2. Feature Selection

Feature selection plays a pivotal role in the preprocessing phase of machine learning
models, particularly in the context of the dataset we are discussing, which might be
involved in areas like biological classification or customer segmentation. This process
involves pinpointing the most impactful features from a possibly extensive dataset, a
step that significantly enhances the efficacy of predictive models. In our model's
context, feature selection techniques are crucial to distill the essence of the data,
focusing on the most informative attributes[44].

Among various techniques, Mutual Information (MI) emerges as an exceptionally
efficient method for our dataset. This statistical, filter-based approach is adept at
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quantifying the relevance of each feature by assessing its correlation with the target
variable. By presuming that features with stronger correlations to the class labels are
more valuable for classification tasks, MI helps in refining the feature set. This is
particularly important for our dataset, which might contain a mix of highly relevant and
less pertinent features. By applying MI, we can ensure that the machine learning
models, be it Decision Trees or SVMs, are trained on the most informative features,
leading to improved accuracy and generalizability in predictions. In supervised
classification of multivariate time series, such as in iris species classification using iris
flower data, mutual information is used to measure the relevance of each feature subset.
This method of feature selection using mutual information while maintaining or
increasing classification accuracy it can significantly reduce the number of features[45].
3. Classifiers

The proposed model relies on an array of classifiers. Namely, Decision tree, Random
Forest, Support Vector Machine, KNN, XGBoost.

Sure, here are descriptions for each of the mentioned machine learning algorithms:

3.1. Decision Tree:

A Decision Tree is a type of machine learning algorithm that is used to perform
classification and regression tasks under the guidance of a supervisor. The algorithm
operates by iteratively dividing the dataset into smaller groups, using the most
influential trait or characteristic as the basis for partitioning at each step. The procedure
results in the creation of a hierarchical structure resembling a tree. Each internal node in
the tree represents a judgment or test, while each leaf node represents a class label or
numerical value. Decision Trees possess a high degree of interpretability and
visualizability, rendering them valuable for comprehending the decision-making
procedure within the model[46].

|y TS Training Training
Data Data Data
- e
1 2 n
Training 4" ¢ ¢
el Decision Decision Drecislon
Tree Tres Tras
Voting
Test Set laveraging)
Prediction

Figure 2. Decision Tree

3.2. Random Forest:

Random Forest is an ensemble learning method that combines multiple Decision Trees
to improve prediction accuracy and reduce overfitting. It works by creating a collection
of Decision Trees, each trained on a different subset of the data and using random
feature subsets. During prediction, the results from individual trees are aggregated (e.g.,
through voting for classification or averaging for regression) to make a final prediction.
Random Forest is known for its robustness and ability to handle complex datasets.[48]
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3.3. Support Vector Machine (SVM):

SVM, is a robust supervised machine learning technique that is utilized for both
classification and regression applications. The algorithm identifies the most effective
hyperplane (decision boundary) that maximizes the separation between several classes
in a space with many dimensions. SVM is capable of processing both linear and
nonlinear data by employing various kernel functions. It is efficient for categorizing
data points into separate classes and is particularly valuable when working with datasets
that exhibit evident class differentiation. [49]
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3.4. K-Nearest Neighbors (KNN):

KNN is a straightforward and intuitive machine learning method usually employed for
classification jobs. It categorizes data points by comparing their similarity to the k-
nearest neighbors in the training dataset. The variable "k" denotes the quantity of

Negative Hyperplane

Figure 2. SVM [50]
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nearest neighbors that are taken into consideration[51]. KNN utilizes distance metrics,
such as Euclidean distance, to ascertain similarity and allocate a class label by means of
majority voting among the closest neighbors. The algorithm is non-parametric and its
performance can be influenced by the selection of the "k value. [52]
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Figure 5. KNN [53]

3.5. XGBoost:

XGBoost, short for Extreme Gradient Boosting, is an ensemble learning method that
belongs to the gradient boosting family. It's widely used in both classification and
regression tasks and is known for its high performance. XGBoost builds an ensemble of
decision trees sequentially, where each subsequent tree corrects the errors of the
previous ones. It employs a gradient descent optimization technique to minimize a
specified loss function, making it highly efficient and capable of handling large
datasets. XGBoost often outperforms other algorithms in machine learning competitions
and real-world applications.[54]
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Figure 6. XGBoost [55]
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D. Dataset

The dataset mentioned above, presumably an extended version of the classic Iris
dataset, represents a more comprehensive approach to species classification with its
inclusion of additional features like elevation, soil type, and various calculated ratios
and areas. This enriched dataset not only includes the traditional measurements such as
sepal length, sepal width, petal length, and petal width but also integrates ecological
aspects like soil type and elevation, offering a multidimensional perspective on iris
species classification. Such enhancements potentially allow for more nuanced and
accurate modeling, enabling the application of advanced machine learning techniques
like Random Forest, SVM, and XGBoost. These classifiers, when applied to the dataset,
would be expected to discern patterns not just from the basic morphological traits of the
iris flowers but also from their ecological contexts, thereby potentially increasing the
accuracy and robustness of species classification. This extended dataset, therefore,
represents a significant step forward in leveraging machine learning for botanical
studies, offering a richer set of variables for understanding and predicting the
categorization of iris species.

E. Evaluation Metrics

The model performance is measured for each of the dataset forms according to
Accuracy, Precision, Recall, F1-Score, ROC AUC (Receiver Operating Characteristic
Area Under the Curve), and Confusion Matrix.

[True Positives + True Negatives)

Accuracy = —
“ Total sampiss
1)
. True Positives
Precision = — . — )
True Positives + Falze Positives
True Positives
Recall = — . - (3)
True Positives + Folze Negatives
. 2« (Precision + Recall)
F1 Score = 4

(Precizion + Recall)

The ROC curve and the Area Under the Curve (AUC) are critical in assessing the
performance of binary classification models. The ROC curve graphically displays the
relationship between the True Positive Rate (TPR) and the False Positive Rate (FPR) at
various thresholds, illustrating the balance between sensitivity (recall) and specificity.
The AUC, which ranges from 0 to 1, measures the model's capacity to distinguish
between classes[56]. A perfect model would have an AUC of 1, while an AUC of 0.5
indicates no predictive ability, akin to random guessing. This metric is especially useful
for evaluating models in scenarios with imbalanced classes, as it provides a
comprehensive assessment independent of class distribution.[57]

A confusion matrix is an important statistical tool for visually depicting and
evaluating the effectiveness of a categorization system. The tabular style displays the
number of correct and incorrect forecasts in comparison to the actual results. True
Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN) are
the four elements of the matrix. Many performance indicators, including as accuracy,
precision, recall, and the F1 score, rely on these components. The confusion matrix
configuration is very useful for identifying specific categories of errors in the model,
such as persistent misclassifications, which can provide substantial insights for
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implementing future improvements. It provides vital insights into the model's
performance across classes, which is critical for understanding how it operates in
datasets with uneven class distribution.[58]

F. Results and discussion

This section highlights the acquired results of the model along with a detail
description of the dataset and the evaluation metrics used.
1. Obtained Results
In this research paper, the application of various ML models, on a dataset of 1201
individual records from iris species exams, was thoroughly evaluated. These records,
classified into three categories Iris Setosa, Iris Versicolor, and Iris Virginica, provided a
diverse and comprehensive basis for assessing the effectiveness of each model in
distinguishing between different states of iris species. Below is a detailed presentation
of the results achieved.

Table 1. Results Without preprocessing and feature selection

iv T w
0 IR ERE 29 g
& o) 3 Q w =3 3
2 S|z | 2 g Q 22 =
= 2 o = = o,
= < = ® o S Z

[Decision Tree  ]0.971]/0.971 ][0.971 |[0.971 j0.977 ||[[68, 0, 01, [0, 81, 3], [0, 4, 84]] ]/0.973 |
IRandom Forest [0.975]/0.975 ][0.975 |[0.975 /0.999 ||[[68, 0, 01, [0, 81, 3], [0, 3, 85]] ]/0.977 |
ISVM 10.946 (0.948 ]|0.946 |0.946 /0.995 ||[[68, 0, 0], [0, 81, 3], [0, 10, 78]] ]/0.951 |

l

IKNN 0.967 ]|0.967 ]|0.967 ||0.967 ||0.996 ||[[68, 0, 0], [0, 82, 21, [0, 6, 82]] ]/0.969
IXGBoost 0.979]/0.979 ]|0.979 ]0.979 ||0.998 ||[[68, 0, 0], [0, 82, 2], [0, 3,85]] ]/0.981

In this table, all classifiers perform commendably well despite the absence of
preprocessing and feature selection. This high performance could be attributed to the
inherent simplicity and distinctiveness of the Iris dataset's features. The Random Forest
and XGBoost classifiers show slightly superior performance compared to others,
indicating their robustness even without preprocessing.

Table 2. Results after preprocessing without feature selection

g M %)

= S ERERERE: =0 g
o o D o O <] 35 @D
3 2 3, 8 % e == 3
o I~ @ = 8 ' < £ =
o S 3 > 2 Q.

< = @ (- o =

@ = <

[Decision Tree  ](0.971 [[0.971 J[0.971 /0.971 [0.977 ||[[68, 0, 0], [0, 81, 3], [0, 4, 84]] ]/0.973 |
IRandom Forest ](0.983 [0.983 0.983 ]/0.983 [0.999 ||[[68, 0, 0], [0, 82, 2], [0, 2, 86]] ]/0.984 |

ISVM 0.992 ]l0.992 0.992 ]l0.992 |j1.0 ||[[68, 0, 0], [0, 83, 11, [0, 1, 87]] ](0.992 |
IKNN l0.988 0.988 0.988 |0.988 [|0.996 ||[[68, 0, 0], [0, 84, 0], [0, 3, 85]] ]/0.989 |
IXGBoost 0.979 0.979 |l0.979 |[0.979 ]/0.998 ||[[68, 0, 0], [0, 82, 21, [0, 3, 85]] [[0.981 |

In this table, the performance of all classifiers, particularly SVM and KNN, has
significantly improved post preprocessing. This enhancement suggests that
standardizing the features and handling missing values or outliers (if any) in the dataset
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greatly benefited these models. The improvement in SVM's ROC-AUC to a perfect
score of 1.0 demonstrates the impact of preprocessing on models sensitive to feature
scales and distributions.

Table 3. Results after feature selection without preprocessing

0 T w

o S [99) o 5 @D
Qo c Q 2y} D O S = [}
@ = Z = 8 1 ;C E"‘
® S = > @, o

< > @ C o =4

@] > <

IDecision Tree  ]|0.954 ]0.954 0.954 /0.954 ]0.964 ||[[68, 0, 0], [0, 78, 61, [0, 5, 83]] |[0.957 |
IRandom Forest ]0.967 ]l0.968 ]/0.967 /0.967 ]0.996 ||[[68, 0, 0], [0, 83, 1], [0, 7, 81]] |0.97 |

ISVM lo.95 Jo.952 0.95 [0.95 0.995 |[[68, 0, 0], [0, 81, 3], [0, 9, 79]] 1[0.954 |
[KNN lo.962 J0.965 [0.962 |0.962 |l0.988 |[[68, 0, 0], [0, 83, 1], [0, 8, 80]] 1[0.967 |
IXGBoost lo.962 0.964 [0.962 |0.962 |/0.995 |[[68, 0, 0], [0, 82, 2], [0, 7, 81]] |[0.966 |

The accuracy and other metrics slightly decrease for some models compared to Table 1.
This could indicate that the selected features, while reducing model complexity, might
have omitted some informative attributes. Despite this, the classifiers maintain a high
level of performance, suggesting that the most relevant features for classification were
retained.

Table 4. Results after preprocessing and feature extraction

Y T wn

o o D o o] S D
12 = @ = 8 § =3 c =
& | S s | & g =)

< 'e) 5 Q

IDecision Tree  [/0.958 ]0.958 [[0.958 [0.958 |[0.968 ||[[68, 0, 01, [0, 79, 51, [0, 5, 83]1][0.961 |
IRandom Forest [/0.967 ]/0.968 [/0.967 [[0.967 |[0.996 ||[[68, 0, 01, [0, 83, 11, [0, 7, 81]1][0.97 |
IsSVM 0.954 /0.955 ]|0.954 ||0.954 [0.995 |[[[68, 0, 0], [0, 81, 3], [0, 8, 80]] |[0.958 |

l

IKNN l0.958 [|0.961 ]/0.958 ||0.958 |[0.988 |[[68, 0, 0], [0, 83, 1], [0, 9, 79]] ||0.963
IXGBoost l0.962 [|0.964 |(0.962 ||0.962 [0.995 |[[68, 0, 0], [0, 82, 2], [0, 7, 81]] ||0.966

This table shows a balanced approach with both preprocessing and feature selection
applied. The results are comparable to Table 2, which highlights that feature selection,
when combined with preprocessing, does not necessarily enhance the model
performance further for this specific dataset. Random Forest consistently shows high
accuracy and ROC-AUC across all tables, indicating its robustness and suitability for
this dataset.

In summary, while preprocessing generally improves model performance by
standardizing the dataset, feature selection does not always lead to a significant
enhancement, possibly due to the Iris dataset's inherent simplicity. The choice of
classifier also plays a crucial role, with ensemble methods like Random Forest and
XGBoost consistently performing well across different preprocessing and feature
selection scenarios.

G. Comparison with other studies
The study performance of the ML models shows a distinct improvement in specific
areas when directly compared with similar metrics available from previous studies.
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Table 5. Comparison with Previous Studies

Study Model Accuracy  Precision  Recall F1- ROC  Specificity
Score AUC
DT 0.971 0.971 0.971 0.971 0977 0.973
) RF 0.983 0.983 0.983  0.983 0.999 0.984
gthu'zy SVM 0.992 0992 0992 0992 1.0 0.992
KNN 0.988 0.988 0.988 0.988 0.996 0.989
XGB 0.979 0.979 0979 0979 0.998 0.981
KNN 0.977 - - - - -
SVM 0.955 - - - - -
LR 0.955 - - - - -
[27] DT 0.933 - - - - -
RF 0.977 - - - - -
MLP 1.0 - - - - -
KNN 0.966 - - - - -
LINEAR SVM 0.970 - - - - -
NL SVM 0.991 - - - - -
[28] LR 0.966 = = = = =
RF 0.970 - - - - -
K-MEANS 3 0.893 = = = = -
K-MEANS 9 0.966 - - - - -
DT 0.980 - - - - -
[29] RF 0.993 - - - - -
KNN 1.0 - - - - -
ANN 0.986 0.980 0.963 - - -
[30] SVM 0.967 0.938 0.933 - - -
LR 0.980 - - - - -
KNN 1.0 - - - - -
[32] DT 0.970 - - - - -
RF 0.950 - - - - -
KNN N=5 0.966 - - - - -
KNN N=1 1.0 - - - - -
LR 0.960 - - - - -
LR (TRAIN AND 0.950 - - - - -
[33] SPLIT)
KNN (TRAIN AND 0.950 - - - - -
SPLIT N=5)
KNN (TRAIN AND 0.966 - - - - -
SPLIT N=1)
NN 0.966 - - - - -
LR 0.966 - - - - -
[34] SVM 0.980 - - - - -
KNN 0.966 - - - - -
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H. Conclusion

The research illustrates the remarkable abilities of machine learning algorithms,
especially XGBoost, in the accurate classification of different conditions of iris flowers
using data on iris species. Utilizing a dataset comprising 1201 individual records across
three categories - Iris Setosa, Iris Versicolor, and Iris Virginica, the study provided a
solid foundation for assessing each model's performance. The XGBoost model excelled,
surpassing others in crucial performance metrics like accuracy, precision, recall, and F1
score. This indicates its exceptional proficiency in accurately classifying the three iris
flower species types. These outcomes underscore the transformative potential of
sophisticated analytical methods in the field of iris flower species analysis, paving new
paths for improved plant care and better monitoring outcomes. This study effectively
demonstrates how machine learning models can adeptly navigate the complex and
detailed aspects of plant diagnosis, particularly in the study of iris flower species.
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