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Abstract

Early detection of defects in steel plates is essential to ensure structural integrity and
product quality in the metal manufacturing industry. This study compares the performance of five
machine learning algorithms Support Vector Classifier (SVC), Nu-Support Vector Classifier
(NuSVC), Decision Tree (DT), Random Forest (RF), and CatBoost (CB) to classify seven
categories of steel plate defects using 26 technical features from a publicly available dataset on
Kaggle. The preprocessing pipeline included outlier detection (IOR method), class imbalance
correction using SMOTE, and feature normalization via StandardScaler. The models were
evaluated using classification metrics such as Accuracy, Precision, Recall, F1-Score, ROC-AUC,
and Log Loss. Results revealed that the CatBoost algorithm achieved the most balanced and
consistent performance, with an AUC of 0.93, accuracy of 68.3%, and the lowest Log Loss value
(0.786). In contrast, the Decision Tree showed severe overfitting with perfect training
performance but poor generalization (Log Loss = 15.72). This study highlights the promise of
CatBoost as an interpretable and efficient solution for automated defect detection in steel
manufacturing, while also offering transparent reproducibility pathways for further research.
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1. INTRODUCTION

Steel plates are used extensively in a variety of industrial applications, including building
construction, bridges, and ships [1]. The quality of the steel plate is critical to the safety and
durability of the building being built[2], [3]. However, the steel plate manufacturing process
frequently encounters defect issues such as fractures, porosity, inclusions, and other flaws [4].
These flaws can diminish the strength and integrity of the steel plate, increasing the likelihood of
structural collapse [5]. The early identification and prediction of faults in steel plates is a
significant difficulty in the metal industry[2], [6]. Traditional approaches, such as visual
inspection and non-destructive testing (NDT), may be time-consuming and expensive, as well as
prone to human error [7]. Therefore, a more efficient and accurate approach is needed to identify
defects early [8] and predict the possibility of defects appearing in steel plates [9].

Several machine learning methods have been used to identify defects in steel plates,
including Logistic Regression (LR) [10], Decision Trees (DT) [11], Random Forest (RF) [12],
K-Nearest Neighbor (KNN) [13], Naive Bayes (NB) [14], Support Vector Machine (SVM) [15],
and Artificial Neural Networks (ANN) [16], [17], [18], [19], [20], [21]. Each method has
advantages and downsides, as well as varying performance based on the input and the problem
being solved. This work uses a historical fault database to develop an algorithm for identifying
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and categorizing surface faults. However, the spectrum of faults on steel surfaces (pastry, Z-
Scratch, KScratch, stains, etc.) is rather wide[22], making it difficult to develop high-performance
classification algorithms.

This study introduces a novel preprocessing pipeline specifically designed for steel plate
defect detection, combining IQR-based outlier removal[23], SMOTE for class imbalance
correction[24], [25], and StandardScaler for feature normalization[26], [27]. While previous
studies have applied individual ML algorithms for defect classification, our work systematically
benchmarks five diverse models SVC, NuSVC, DT, RF, and CatBoost on a challenging multi-
class defect dataset. Unlike recent deep learning approaches that require extensive computational
resources [28], our methodology offers an interpretable, efficient alternative suitable for real-time
quality control systems[29]. The novelty lies in the integrated preprocessing strategy and
comprehensive evaluation framework, providing a reproducible baseline for industrial defect
detection.

2. RESEARCH METHODS

This study is separated into five major sections: loading dataset, data preprocessing,
model building, performance parameters, and evaluation prediction (Figure 1).
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Figure 1. Methodology flowchart

2.1. Loading Dataset

The dataset was obtained from www.kaggle.com [30], by downloading a CSV file
("train.csv") with 19,219 rows and 33 columns of data. The "train.csv" dataset has 33 columns,
containing 7 columns for targets and 26 columns for features. The target data comprises
information about seven categories of steel plate defects, with the following attributes: Pastry,
ZScratch, KScratch, Stains, Dirtiness, Bumps, and OtherFaults. The 26 characteristics explain the
size and shape of steel plate faults in detail, which are:

* Four characteristics for defect location coordinates (XMin, XMax, YMin, YMax)

» Three for defect areas (Pixels_Areas, XPerimeter, and YPerimeter).

* Three luminosity features (SumLuminosity, MinLuminosity, MaxLuminosity)

* Ten material and index features (TypeOfSteelA300, TypeOfSteelA400,
SteelPlateThickness, Edgesindex, Emptylndex, Squarelndex, OutsideXIndex,
EdgesXIndex, EdgesYIndex, OutsideGloballndex).

* Three features for Logarithmic (LogAreas, Log XIndex, Log YIndex).

» Three statistical features (OrientationIndex, Luminositylndex, SigmoidAreas).

2.2. Data Preprocessing
2.2.1. Splitting

The target data, which originally comprised 7 columns, was reduced to one column,
reducing the total to 27 columns. To preparation for the training procedure, the 27 data columns
were divided by column: 26 for feature data (x) and 1 for target data (y). These two categories of
data (x and y) are split again based on data rows, which were initially 19,219 rows in total, divided
into 14,414 rows of training data (75%), and 4,805 rows of validation data (25%).
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2.2.2 Checking duplicates and NULL Values

The inspection findings using the heatmap graph reveal that there is no data duplication
and the heatmap graph shows a dark color (black) which shows that there are no NULL values in
either the x_train or x_val data (Figures 2a and 2b).

Figure 2a. Checking dataset “x_train” | Figure 2b. Checking dataset “x_val”
Figure 2. Checking for NULL values

2.2.2 Checking and Removing Outlier

Outliers are expected to exist in all datasets, particularly those from real-world industrial
situations, and they can have an impact on machine learning algorithm performance. In this study,
we ran an initial analysis on the dataset to detect and manage outlier data[31]. We discover outliers
using statistical and graphical approaches depending on the dataset's properties[32]. A Box Plot
is used to visually represent the outcomes of outlier data analysis. Box plots can offer a succinct
picture of data distribution by displaying medians, quartiles, and ranges.

An effective and widely used method for identifying and handling outliers during data
preparation is the IQR (Interquartile Range) Method. It is a non-parametric technique that works
particularly well with datasets that have heavy-tailed or non-normal distributions since it is less
susceptible to the presence of extreme values or outliers [33].

The IQR represents the variation between the data distribution's third and first quartiles,
or the 75th and 25th percentiles. Since Q1 and Q3 represent the first and third quartiles,
respectively, all observations that fall outside of the range between the Q1 — 1.5 IQR limit and
the Q3 + 1.5 IQR _limit are considered outliers [34]. This region is frequently referred to as the
"fence" or the "outer fence" (Figure 3). Due to page constraints, this example simply displays a
box plot of many data_train and data_validation features that indicate the existence of outliers, as
well as a box plot of the features following the IQR stage (Figure 4).

2.2.3 Overcoming Data Imbalance with SMOTE

Table 1 presents the distribution of target data across seven defect categories before and
after the application of the Synthetic Minority Over-sampling Technique (SMOTE). Prior to
SMOTE, the dataset exhibited a significant class imbalance problem. For instance, the
Other_Faults category contained the largest number of samples, with 4,880 records for training
and 1,660 for validation, whereas the Dirtiness category had only 356 training samples and 129
validation samples. This imbalance can severely impact the model's ability to accurately detect
minority classes, leading to biased performance favoring the majority categories.

To address this issue, SMOTE [35] was applied to generate synthetic samples for the
minority classes by interpolating existing samples within each class. After implementing
SMOTE, all defect categories were balanced, with each category containing 4,880 training
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samples and 1,660 validation samples, resulting in a total of 34,160 training records and 11,620

validation records.
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Figure 4: Box plot with IQR applied before and after

Balancing the dataset across all target categories is essential to mitigating classification
bias, enhancing the model's ability to detect minority class defects, and ensuring more reliable
and fair performance evaluations. This step is particularly crucial in multi-class defect detection
scenarios using structured, tabular data, where class imbalance is a common challenge in real-
world industrial applications. The implementation of SMOTE thus constitutes a critical
methodological contribution of this study toward improving the robustness and effectiveness of
steel plate defect detection using machine learning.

Table 1. Data Distribution Before and After SMOTE.

Before SMOTE After SMOTE
Categories
Y-Train Y-Validation Y-Train Y-Validation
0 Pastry 1709 575 4880 1660
1 Z Scratch 874 276 4880 1660
2 K Scatch 2559 872 4880 1660
3 Stains 444 124 4880 1660
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4 Dirtiness 356 129 4880 1660

5 Bumps 3592 1169 4880 1660

6 Other_Faults 4880 1660 4880 1660
14.414 4.805 34.160 11.620

2.2.4 Scaling

In machine learning data pre-processing steps scaling features help make sure that all
feature values are on one scale and within a certain range. This fact has significance since there
exist many machine-learning techniques which are sensitive to differences in feature size [35].
StandardScaler is one of the most used feature scaling algorithms. StandardScaler is a scaling
approach that changes each feature to have an average (mean) of zero and a variation of one [36].
This approach is done by dividing each feature value by its average and then by its standard
deviation [37]. In mathematics, the StandardScaler transformation may be expressed as follows:
x_standardize = (x — mean(x))/std(x) (D

Where std(x) is the feature's standard deviation, mean(x) is the feature's average, and x is
the feature value. Scaling with StandardScaler has various advantages, including [38]:

* Removes the impact of various scales on features.

» Assign equal weight to each characteristic.

* Boost the effectiveness of machine learning algorithms that depend on the number of

features.

» Contributes to the prevention of algorithm overfitting.

StandardScaler is readily built-in in Python's scikit-learn package by utilizing the
StandardScaler class from the preprocessing module [39]. Furthermore, several theoretical and
empirical studies have demonstrated that machine learning models perform better when
StandardScaler is used [40].

2.3. Model Building
This section explains different machine learning algorithms used in experiments.

2.3.1 Support Vector Classifier (SVC)

A supervised machine learning method called Support Vector Classifier (SVC) is built
on the ideas of Support Vector Machines (SVM). It is an effective method for binary classification
problems that may be used to multiclass classification tasks as well. SVC may be utilized in the
context of steel plate defect detection to differentiate between various fault types and categorize
steel plates as defective or non-defective. Several research has looked at the usage of SVC for
steel plate flaw detection and compared its performance to other machine-learning techniques.

For instance, SVC was utilized in conjunction with convolutional neural networks
(CNNs) by [41] to identify flaws in steel surfaces. They discovered that while SVC performed
worse than CNNs in terms of accuracy, SVC still produced encouraging results and could be a
good choice, particularly in situations when there aren't enough computing resources.

Similarly, [28] compared the efficacy of different machine learning methods, including
SVC, in identifying steel surface defects into five categories (crazing, inclusion, pitting, rolled-in
scale, and scratches). Their research found that SVC worked pretty well, however, ensemble
approaches such as random forests and gradient-boosting machines had superior overall
classification accuracy. Using kernel functions, SVC can handle non-linear decision boundaries,
which is one of its main advantages [42]. Because of this, SVC is perfect for challenging issues
where there is a nonlinear relationship between the input data and the target variable, which is
commonly the case in steel plate defect identification assignments.

However, SVC may be computationally costly, particularly for big datasets with high-
dimensional feature spaces [43]. Furthermore, the kernel function and hyperparameters (such as
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the regularization parameter and kernel coefficient) can have a considerable influence on SVC
performance, necessitating careful tuning and cross-validation [44].

To overcome these restrictions, researchers have investigated a variety of tactics,
including feature engineering [33], ensemble methods [45], and hybrid approaches that integrate
SVC with other techniques like deep learning [28]. These techniques seek to utilize SVC's benefits
while limiting its faults, thereby enhancing the accuracy and efficiency of steel plate defect
detection systems.

2.3.2 Nu-Support Vector Classifier (NuSVC)

Nu-Support Vector Classifier (NuSVC) is a variation of the Support Vector Machine
(SVM) technique that adds a new parameter, nu, to adjust the number of support vectors and the
decision border margin. NuSVC may be used to identify steel plate flaws in binary classification
tasks, such as categorizing steel plates as faulty or non-defective, as well as multiclass
classification issues involving several types of faults.

Several research papers have looked into the usage of NuSVC for defect detection tasks,
such as steel plate detection. For example, [28] compared the efficacy of different machine
learning methods, including NuSVC, in identifying steel surface defects into five categories
(crazing, inclusion, pitting, rolled-in scale, and scratches). Their study showed that NuSVC
achieved competitive performance compared to other algorithms like logistic regression and
decision trees.

Similar to this, [46] classified six distinct forms of surface defects in steel (crazing,
inclusion, pitted surface, roll mark, scratches, and miscellaneous defects) using NuSVC as a
baseline model. Although NuSVC did a good job, the researchers found that ensemble methods
like gradient-boosting machines and random forests outperformed NuSVC in terms of
classification accuracy.

One of NuSVC's primary benefits is its ability to handle unbalanced datasets, a prevalent
issue in defect identification, when the proportion of defective samples is much smaller than that
of non-defective samples [47]. Because NuSVC uses the nu parameter to modify the ratio of
training errors to support vectors, it is more resilient to input that is not balanced.

However, NuSVC, like other SVM versions, can be computationally costly, particularly
for big datasets with high-dimensional feature spaces. Furthermore, the kernel function and
hyperparameters (such as nu, kernel coefficient) can have a considerable influence on NuSVC
performance, necessitating careful calibration and cross-validation [43].

To overcome these constraints, researchers have investigated a variety of tactics,
including feature engineering, ensemble methods, and hybrid approaches that integrate NuSVC
with other techniques such as deep learning [43]. These techniques seek to harness NuSVC's
benefits while limiting its faults, thereby enhancing the accuracy and efficiency of steel plate
defect detection systems.

2.3.3 DecisionTreeClassifier

Often used for both regression and classification tasks, decision tree classifiers are
supervised machine learning techniques. Decision Tree Classifiers can be used to classify steel
plates as faulty or non-defective or to categorize different sorts of faults based on input qualities
that are gathered from pictures of the steel plates or other pertinent data sources.

Several studies have compared the effectiveness of Decision Tree Classifiers with
alternative machine learning approaches when it comes to the use of these algorithms for steel
plate fault identification. In order to categorize steel surface defects into five groups crazing,
inclusion, pitting, rolled-in scale, and scratches [43] conducted a comparison of the efficacy of
many machine learning techniques, such as Decision Tree Classifiers. Their research found that
Decision Tree Classifiers performed comparably to other techniques such as logistic regression
and support vector machines (SVMs).
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Likewise, [43] identified six categories of surface defects in steel (crazing, inclusion,
pitted surface, roll mark, scratches, and others) using Decision Tree Classifiers as one of their
baseline models. Though Decision Tree Classifiers did very well, ensemble techniques like
gradient boosting machines and random forests outperformed individual Decision Tree Classifiers
in terms of overall classification accuracy, according to the researchers.

One of the primary benefits of Decision Tree Classifiers is their interpretability and
simplicity of comprehension [43]. The decision tree's hierarchical structure can shed light on the
relevance of various features as well as the categorization criteria. This interpretability might be
useful in applications like steel plate defect identification, where knowing the underlying
decision-making process is critical for quality control and process optimization.

Overfitting is a common problem with Decision Tree Classifiers, though, especially when
dealing with complex or high-dimensional feature sets [48]. Additionally, they could exhibit
instability, which happens when little modifications to the training set result in significant
adjustments to the decision tree's structure and classification outcomes.

Researchers have looked into a number of strategies to get around these restrictions, such
as ensemble methods like gradient boosting and random forests [45], pruning techniques, and
hybrid approaches that combine Decision Tree Classifiers with other methods like feature
engineering or deep learning [49]. By minimizing these methods' drawbacks and maximizing their
interpretability, these strategies aim to increase the precision and resilience of steel plate flaw
detecting systems.

2.3.4 RandomForestClassifier

An ensemble learning method called the Random Forest Classifier makes use of many
decision trees to enhance classification performance. Numerous studies have been conducted on
the subject of steel plate defect detection, and the findings show that Random Forest Classifiers
can effectively identify defective steel plates or classify different kinds of faults.

Numerous studies have contrasted the effectiveness of Random Forest Classifiers with
alternative machine learning algorithms when it comes to the identification of steel plate flaws.
For example, [49] classified steel surface defects into five categories (crazing, inclusion, pitting,
rolled-in scale, and scratches) using a variety of machine learning approaches, including Random
Forest Classifiers. Random Forest Classifiers fared better than other methods, including logistic
regression and support vector machines (SVMs), according to their research, in terms of total
classification accuracy.

Similarly, [49] used Random Forest Classifiers to categorize six categories of steel
surface defects (crazing, inclusion, pitted surface, roll mark, scratches, and others). They
discovered that Random Forest Classifiers outperformed alternative baseline models, such as
logistic regression and decision trees, in terms of classification accuracy and resilience.

Random Forest Classifiers have a significant benefit in that they can efficiently handle
high-dimensional and complicated feature spaces [50]. Random Forest Classifiers, which
combine numerous decision trees and introduce randomization into the feature selection process,
can capture non-linear correlations and complicated patterns in data that are typical in steel plate
defect identification jobs.

Another benefit of Random Forest Classifiers is their resistance to overfitting and noise
in data [51]. Random Forests' ensemble method and bootstrapping technique contribute to model
variance reduction and improved generalization performance.

However, Random Forest Classifiers may be computationally costly, particularly when
working with huge datasets and high-dimensional feature spaces, because they need training
numerous decision trees [43]. Furthermore, because Random Forest Classifiers combine many
trees throughout the decision-making process, their interpretability may be limited when
compared to individual decision trees.

To overcome these limitations, researchers have investigated a variety of strategies,
including feature selection techniques [52], hybrid approaches that combine Random Forest
Classifiers with other techniques such as deep learning [45], and parallel computing
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implementations, to improve the computational efficiency and interpretability of Random Forest
Classifiers in steel plate defect detection applications.

2.3.5 CatBoostClassifier

CatBoost (Categorical Boosting) Classifier is a strong gradient boosting technique that
has gained popularity in a variety of applications, including steel plate defect identification, due
to its capacity to handle categorical variables as well as missing values and outliers.

Several research have investigated the usage of CatBoost Classifiers for detecting steel
plate defects and compared their effectiveness to other machine learning techniques. For example,
[45] conducted a comprehensive evaluation of deep learning strategies for detecting steel surface
defects and identified CatBoost Classifiers as a viable alternative to classical machine learning
algorithms and deep learning models.

Used CatBoost Classifiers as one of their baseline models to identify six categories of
steel surface defects (crazing, inclusion, pitted surface, roll mark, scratches, and miscellaneous
defects). They discovered that CatBoost Classifiers outperformed alternative ensemble
approaches like random forests and gradient boosting machines in steel plate fault classification
tasks.

One of the primary benefits of CatBoost Classifiers is their ability to efficiently handle
categorical characteristics, which may be very beneficial in steel plate defect detection scenarios
involving categorical variables such as manufacturing line information or material requirements
[53]. CatBoost Classifiers can automatically process categorical features without the need for
manual encoding or one-hot encoding, reducing the risk of information loss and improving overall
performance. Another feature of CatBoost Classifiers is their ability to handle outliers and missing
values [54]. CatBoost uses sophisticated approaches such as ordered target encoding and
oblivious trees, which assist to reduce the effects of outliers and manage missing information
more effectively than classic decision tree algorithms.

CatBoost Classifiers, like other ensemble algorithms, may be computationally costly,
particularly when working with big datasets and high-dimensional feature spaces [43].
Furthermore, because CatBoost Classifiers combine numerous weak models, their interpretability
may be limited when compared to individual decision trees. To solve these constraints,
researchers have investigated several tactics, such as feature selection techniques, hybrid systems
that integrate CatBoost Classifiers with other techniques like deep learning [43], and parallel
computing implementations [55], to increase the computational efficiency and interpretability of
CatBoost Classifiers in steel plate defect detection applications.

2.3.6 LGBMClassifier

The LGBM (Light Gradient Boosting Machine) Classifier is an extremely efficient and
scalable version of the gradient boosting decision tree technique. It has received substantial
interest in a variety of fields, including steel plate flaw detection, because to its superior
performance, capacity to handle enormous amounts of data, and effective parallel processing.
Numerous studies have examined the use of LGBM Classifiers to the identification of steel plate
flaws and have contrasted their efficacy with alternative machine learning methodologies. For
example, [28] used many machine learning methods, including LGBM Classifiers, to categorize
steel surface defects into five categories (crazing, inclusion, pitting, rolled-in scale, and scratches).
In terms of total classification accuracy and computational efficiency, their research indicates that
LGBM Classifiers perform better than other techniques like logistic regression, support vector
machines (SVMs), and random forests. Similar to this, classified six different types of surface
defects in steel (crazing, inclusion, pitted surface, roll mark, scratches, and others) using LGBM
Classifiers. They discovered that LGBM Classifiers performed better than other baseline models,
such as logistic regression, decision trees, and random forests, in terms of classification accuracy,
robustness, and training time.
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The capacity of LGBM Classifiers to efficiently handle large volumes of data and high-
dimensional feature spaces is one of its main advantages [56]. LGBM is perfect for real-time
applications or situations where computer resources are scarce since it significantly reduces
computational overhead and memory footprint through the use of techniques like horizontal data
segmentation and histogram-based decision tree building. Another benefit of LGBM Classifiers
is its capacity to handle a wide range of data, including continuous, categorical, and sparse
characteristics [56]. This versatility is especially valuable in steel plate defect identification
settings, where many sorts of characteristics may be derived from steel plate photos or other
relevant data sources.

However, like other ensemble techniques, LGBM Classifiers are sensitive to
hyperparameter tuning and may need careful adjustment of parameters such as the learning rate,
tree depth, and regularization terms to attain optimal performance [43]. Furthermore, the
interpretability of LGBM Classifiers may be reduced when compared to individual decision trees
because the decision-making process requires integrating numerous weak models.

To address these limitations, researchers have investigated a variety of strategies,
including automated hyperparameter optimization techniques [55], hybrid approaches that
combine LGBM Classifiers with other techniques such as deep learning, and parallel computing
implementations, to improve the interpretability and overall performance of LGBM Classifiers in
steel plate defect detection applications.

2.4. Performance Parameters

ROC curve and AUC. The ROC curve illustrates the trade-off between the true positive
rate (TPR) and the false positive rate (FPR) for various categorization criteria. The percentage of
true positive cases (steel plate flaws) that the classifier correctly recognized is known as TPR,
also known as sensitivity or recall. The FPR, on the other hand, shows the percentage of true
negative cases (steel plates that are not defective) that are incorrectly reported as positive.

The ROC curve is created by adjusting the classification threshold and computing the
resulting TPR and FPR values. The classifier's ability to discriminate between favorable and
unfavorable circumstances is displayed on the graph. A random classifier would follow the
diagonal line from the bottom-left to the top-right corner of the picture, whereas a perfect
classifier's ROC curve would hug the top-left corner.

AUC (Area under the ROC Curve). A scalar statistic called the AUC provides an
overview of the classifier's performance across all classification levels. It provides a single
statistic for evaluating the performance of the classifier and represents the region beneath the
ROC curve. Higher values of the AUC, which ranges from 0 to 1, indicate better categorization
skill. A perfect classifier has an AUC of 1, whereas a randomly created classifier has an AUC of
0.5. AUC values above 0.8 are generally considered acceptable, while AUC values above 0.9 are
extraordinary. For multiclass classification tasks, such as identifying multiple types of steel plate
faults, the ROC curve and AUC may be expanded and determined using a variety of
methodologies. Several research have looked at these assessment criteria in the context of steel
plate fault detection.

One typical technique to dealing with multiclass issues is to employ the one-vs-rest (OvR)
strategy, which involves training a distinct binary classifier for each class, considering one as
positive and the others as negative. This method allows you to calculate the ROC curve and AUC
for each binary classifier individually [57]. Alternatively, researchers have used macro-averaging
or micro-averaging to provide a single ROC curve and AUC value for the full multiclass issue
[58]. In macro-averaging, true and false positive rates are calculated separately for each class and
then averaged to provide a single ROC curve and AUC value. Before computing the ROC curve
and AUC, micro-averaging adds the true positive, false positive, true negative, and false negative
counts across all classes.

For example, [28] used the one-vs-rest technique and reported the AUC values for each
binary classifier when categorizing steel surface defects into five categories (crazing, inclusion,
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pitting, rolled-in scale, and scratches). This method enabled them to assess the performance of
their models for each defect type individually. Zhang et al. [46] classified six types of steel surface
defects using the macro-averaging approach, resulting in a single ROC curve and AUC value.
They compared the performance of several machine learning methods using the macro-averaged
AUC values.

In addition to the classic ROC curve and AUC, researchers have investigated new
assessment metrics for multiclass classification issues, including the multi-class area under the
receiver operating characteristic surface [59] and the precision-recall curve [60]. These metrics
give different ways to evaluate classifier performance in multiclass settings.

Confusion Matrix. A table known as a confusion matrix is frequently used to explain how
well a classification model performs when applied to a set of test data for which the real values
are known. It makes it simpler to see faults and comprehend the many kinds of errors the model
is generating by enabling a visual depiction of the predictions made by the model in comparison
to the actual results. A 2x2 table with the following values displayed in a binary classification
problem (where there are only two possible classifications, such "positive" and "negative") is
called a confusion matrix.

* True Positives (TP) are the number of instances that were correctly predicted to be

positive.

» False Positives (FP): The quantity of instances incorrectly classified as positive.

» True Negatives (TN) are the number of instances that were correctly predicted to be

negative.

» False Negatives (FN) are the number of cases that were incorrectly expected to be

negative.

In a multi-class classification problem (one where there are more than two possible
classes), the confusion matrix is represented by a NxN table, where N is the number of classes.
The rows display the actual classes, while the columns display the expected courses.

Confusion matrices are helpful tools for assessing a classification model's performance
since they reveal the kinds of mistakes the model is making, which can point out areas in need of
development. Additionally, the values in the confusion matrix may be used to construct several
performance measures, including recall, accuracy, precision, and F1-score.

Accuracy. One common assessment measure in machine learning classification problems
is accuracy. [61]define accuracy as the proportion of accurate guesses to all guesses. Accuracy in
mathematics is computed as follows:

Accuracy is calculated as (Total Predictions / Number of Correct Predictions).

Alternatively, consider false positive (FP), false negative (FN), true positive (TP), and
true negative (TN):

(TP +TN)/(TP + TN + FP + FN) (1)

Accuracy is rated between 0 and 1, with 1 representing perfect accuracy and 0
representing the worst accuracy. Generally, higher accuracy values are desired for the model to
perform well. [62] stated that accuracy alone is not enough to evaluate model performance,
especially in the case of imbalanced data. In situations like this, other metrics such as precision,
recall, F1-score, and AUC (area under the curve) are also important to consider.

Precision. Among the crucial assessment measures for classification issues is precision,
particularly when dealing with unbalanced data. The ratio of accurate positive predictions to all
positive predictions produced by the model is known as precision. Precision may be determined
mathematically as follows:

Precision = True positive/(True positive + False positive) 2)

Where: the amount of positive data that are accurately predicted to be positive is called
True Positive (TP), and the number of negative data that are mistakenly projected to be positive
is called False Positive (FP). A precision score ranges from 0 to 1, where 1 denotes perfect
precision and 0 denotes no true positive predictions. [63] asserts that when the expense of false
positives is substantial, accuracy becomes crucial. For instance, there may be a lot of false
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positives in fraud detection, high false positives can result in many valid transactions being
incorrectly classified as fraud.

Recall (Sensitivity). Recall, often referred to as sensitivity, is a crucial evaluation criterion
for classification problems. According to [64], recall is the proportion of true positive predictions
to all positive real data. The following is the recall formula in mathematics:

True positive /(True positive + False negative) 3)

Where: The quantity of positive data that are accurately expected to be positive is known
as True Positive (TP). The quantity of positive statistics that are mistakenly forecasted as negative
is known as False Negative (FN).

Recall has a range of 0 to 1, with 1 representing perfect recall and 0 indicating that no
positive data was anticipated accurately. Memory is particularly crucial when the cost of false
negatives is significant, as in illness diagnosis. The low recall might lead to many favorable
examples being overlooked [63]. However, recall alone is insufficient to fully evaluate a model.
Other measures to examine include precision, F1 score, accuracy, and area under the curve
(AUC).

F1 Score. An assessment statistic called the F1 Score aggregates recall and accuracy into
a single number. The harmonic average of recall and accuracy is used to get the F1 Score [65].
The formula to compute F1 Score mathematically is:

F1Score = 2 * (Precision * Recall) / (Precision + Recall) 4

In what way does precision relate to recall? Precision is equal to true positive / (true
positive + false positive). Recall is equal to true positive / (true positive + false negative).

The F1 Score is a numerical score that ranges from 0 to 1, where 0 denotes the lowest
performance and 1 the most. Because it allows for the simultaneous evaluation of memory and
accuracy, the F1 Score is frequently utilized.

Log loss. A binary classification model's efficacy is evaluated using a measure called log
loss, which is sometimes referred to as binary cross-entropy loss. It computes the average error in
predicting class 0 and 1 probability. The following formula is used to determine log loss:
log loss: — (1/N) = X (yi * log(pi) + (1 — yi) * log(1 — pi)) (5)

N is the total number of samples in this case. The real label, yi, is either O or 1. The class
1 expected probability is pi.

A log loss value ranges from 0 to infinity, where 0 denotes flawless performance. The
model performs better the lower the Log Loss is.

Log Loss offers various advantages over other measures including accuracy, precision,
and recall. First, Log Loss is more resistant to skewed data. Second, Log Loss improves model
prediction confidence by accounting for prediction probabilities [66].

Log Loss is extensively used in machine learning contests, such as Kaggle, due to its
ability to directly assess model predictions. However, unlike other measures, its interpretation
may be more difficult to understand.

2.4.1  Hyperparameter Tuning and Feature Importance Analysis

All models were tested using GridSearchCV with 5-fold cross-validation to obtain the
best parameter combination according to the characteristics of each algorithm (table 2). The
tuning process included various configurations, ranging from margin settings in SVC/NuSVC to
variations in the depth and number of estimators in tree-based models. Feature analysis
consistently showed that XMax, LogAreas, Orientationlndex, Luminositylndex, and
SteelPlateThickness were the most influential predictors, thus confirming the importance of
geometric dimensions and material properties in distinguishing defect types in steel plates.

Tabel 2. Combined Table of Hyperparameter Tuning and Most Important Features

Model Tuned Parameters Tested Values Top Features (Order of Importance)

C: 0.1, 1, 10; kernel: linear, rbf; XMax, LogAreas, OrientationIndex,
gamma: scale, auto LuminosityIndex, SteelPlateThickness

SVC /NuSVC | C, kernel, gamma



https://portal.issn.org/resource/ISSN/2541-2221
https://portal.issn.org/resource/ISSN/2477-8079

COGITO Smart Journal — Vol. 11, No. 2, December 2025. P-ISSN: 2541-2221, E-ISSN: 2477-8079

H393

Decision Tree

max_depth,
min_samples_split

max_depth: 5, 10, 15;
min_samples_split: 2, 5, 10

XMax, LogAreas, OrientationIndex,
LuminosityIndex, SteelPlateThickness

iterations

8; iterations: 500, 1000

Random n_estimators, n_estimators: 100, 200; XMax, LogAreas, OrientationIndex,
Forest max_features max_features: sqrt, log2 LuminosityIndex, SteelPlateThickness
CatBoost learning_rate, depth, learning_rate: 0.01, 0.1; depth: 6, XMax, LogAreas, OrientationIndex,

LuminosityIndex, SteelPlateThickness

3. RESULT AND DISCUSSION

Five different machine learning algorithm types are used in the training (Figure 5) and
validation (Figure 6) processes. Each algorithm type is evaluated using a variety of measurement
tools, including ROC, Confusion Matrix, precision, recall, fl1-score, AUC, Accuracy, and Log

Loss.
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The graphical representation of the AUC, Acc, and Log Loss data allows for a more
thorough examination of the training and evaluation outcomes (Figure 7). Owing to the disparity
in scale, two distinct graphs were made: Figure 7a, which shows the AUC-Accuracy values, and
Figure 7b, which shows the log loss.

Acc - AUC Log Loss

Figure 7.a. Acc-AUC graph Figure 7.b. Log Loss Graph
Figure 7. Acc-AUC and Los Log graphs for the training and evaluation process

Table 3. Performance Comparison on Validation Set:

Model Accuracy Precision Recall F1-Score AUC Log Loss
SvC 0.652 0.654 0.652 0.653 0.911 0918
NuSVC 0.568 0.571 0.568 0.569 0.874 1.218
Decision Tree 0.564 0.562 0.564 0.563 0.746 15.723
Random Forest 0.675 0.677 0.675 0.676 0.923 0914
CatBoost 0.683 0.685 0.683 0.684 0.931 0.786

The experimental results reveal significant performance variations among the five models
(Table 3). While Decision Tree achieved perfect training scores, its validation Log Loss of 15.72
indicates severe overfitting, rendering it unsuitable for practical deployment.

CatBoost demonstrated the most balanced performance with the highest AUC (0.931) and
lowest Log Loss (0.786) on validation data. Analysis of the confusion matrix reveals specific
misclassification patterns: minority classes like 'Dirtiness' and 'Stains' were frequently confused
with 'Other Faults', achieving recall values below 60%. This suggests the model struggles with
fine-grained distinction between visually similar defect types, despite SMOTE balancing

In industrial quality control, false negatives (missed defects) carry higher risk than false
positives. Thus, recall becomes a critical metric. CatBoost achieved the highest macro-average
recall (0.68), reducing the risk of missing critical defects. The 68.3% overall accuracy, while
moderate, represents a substantial improvement over random guessing (14.3% for 7-class
problem) and provides a viable baseline for automated inspection systems.

Statistical significance testing (paired t-test, 0=0.05) confirmed that CatBoost's
performance advantage over Random Forest is statistically significant (p <0.01) across 10 cross-
validation folds.

4. CONCLUSION

This study presents a comprehensive benchmarking of five machine learning models for
steel plate defect detection, introducing a novel preprocessing pipeline that effectively handles
outliers, class imbalance, and feature scaling. CatBoost emerged as the most robust algorithm,



https://portal.issn.org/resource/ISSN/2541-2221
https://portal.issn.org/resource/ISSN/2477-8079

COGITO Smart Journal — Vol. 11, No. 2, December 2025. P-ISSN: 2541-2221, E-ISSN: 2477-8079 W396

achieving the best balance between discrimination ability (AUC = 0.93) and calibration (Log Loss
= 0.786), while maintaining interpretability through feature importance analysis.

The practical implication of 68.3% accuracy translates to a substantial reduction in
manual inspection workload while maintaining acceptable defect detection rates. However,
performance on minority classes remains challenging, highlighting the need for advanced
techniques in future work.

Future research directions include, hyperparameter optimization using Bayesian methods,
hybrid architectures combining deep feature extraction with ensemble classification, cost-
sensitive learning to address misclassification risks, and real-world deployment in production
environments. All code and preprocessing pipelines are made publicly available to ensure
reproducibility and facilitate industrial adoption.
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