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Abstract: The ability to preemptively identify potential failures in industrial parts is crucial
for minimizing downtime, reducing maintenance costs and ensuring system reliability
and safety. However, challenges such as data nonlinearity, temporal dependencies, and
imbalanced datasets complicate accurate fault prediction. In this study, we propose a novel
combined approach that integrates the Logistic Model Tree Forest (LMT) with Stacked Long
Short-Term Memory (LSTM) networks, addressing these challenges effectively. This hybrid
method leverages the decision-making capability of the LMT and the temporal sequence
learning ability of Stacked LSTM to improve fault prediction accuracy. Additionally, to
tackle the issues posed by imbalanced datasets and noise, we employ the ENN-SMOTE
(Edited Nearest Neighbors-Synthetic Minority Over-sampling Technique), a technique for
data preprocessing, which enhances data balance and quality. Experimental results show
that our approach significantly outperforms traditional methods, achieving a fault predic-
tion accuracy of up to 98.2%. This improvement not only demonstrates the effectiveness of
the combined model but also highlights its potential for real-world industrial applications,
where high accuracy and reliability are paramount.

Keywords: fault prediction; logistic model tree; clarification; LSTM

1. Introduction

Predicting industrial part defects is of great significance in modern manufacturing, as
it enables the early identification of potential issues, preventing defective products from
advancing to subsequent production stages or reaching end users. Such predictions not
only minimize rework and scrap rates but also reduce production costs and enhance quality
control [1,2]. Intelligent defect prediction systems further facilitate real-time monitoring
and adaptive decision-making, which are critical for ensuring consistent product quality
and improving the flexibility and responsiveness of production lines [3]. Despite the rapid
advancements in defect prediction technologies, achieving high prediction accuracy under
complex data scenarios, such as imbalanced datasets and nonlinear dependencies, remains
a challenging problem.

Machine learning (ML) has been extensively used in predictive analytics, leveraging
historical data to identify patterns and predict future outcomes [4]. It enables the develop-
ment of predictive models using a variety of algorithms and empowers systems to extract
knowledge from diverse sources for intelligent predictive analysis [5-7]. The Logistic Model
Tree (LMT), a decision tree-based algorithm, has been particularly valued for its straightfor-
ward interpretability and efficient pruning mechanism [8]. These capabilities enable it to
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achieve optimal performance, as evidenced by numerous studies [9,10]. For instance, stud-
ies have shown its effectiveness in domains ranging from spectroradiometers and drone
technologies to miRNA-disease association prediction, achieving high sensitivity and AUC
metrics [11,12]. However, the LMT’s inability to model temporal dependencies and handle
complex nonlinear relationships limits its applicability in dynamic industrial environments.

Recent advancements in deep learning, particularly in the field of neural networks,
have significantly enhanced the ability to model complex temporal dependencies and
nonlinear feature interactions in industrial defect prediction. Long Short-Term Memory
(LSTM) networks, on the other hand, excel in sequential data modeling and have been
successfully applied in various domains, including time series forecasting and industrial
fault prediction [13-15]. For example, Tang et al. [14] combined wavelet transforms and
singular spectrum analysis with LSTM for financial time series forecasting, while Wu
et al. [15] proposed a bidirectional LSTM with ensemble attention for variable selection.
Li et al. [16] derive dynamic time lags to reconstruct multivariate datasets, enhancing
attention-based LSTM models for industrial time series prediction. However, LSTM models
are often constrained by their inability to efficiently capture complex feature interactions,
which are prevalent in industrial datasets with strong nonlinear dependencies.

In recent years, newer approaches leveraging Transformer Networks, Graph Neural
Networks (GNNs), and hybrid models that integrate CNNs and LSTMs have emerged
as powerful tools for defect prediction. Transformer-based models, with their attention
mechanisms, can better capture long-range dependencies and contextual information in
time-series data [17]. GNNs, on the other hand, have shown promise in learning from
graph-structured data, enabling better handling of spatial and temporal dependencies [18].
Additionally, hybrid models, such as the CNN-LSTM [19] and CNN-Transformer [20],
combine the strengths of multiple architectures, addressing both temporal dependencies
and nonlinear feature interactions more effectively. These models have demonstrated
superior performance in various industrial applications, including predictive maintenance,
fault diagnosis, and quality control, owing to their ability to learn complex patterns from
high-dimensional and imbalanced datasets.

Steel plate fault prediction, a crucial aspect of materials science and industrial manu-
facturing, exemplifies the challenges of defect prediction in high-dimensional and nonlinear
environments [21]. Traditional machine learning algorithms, such as Support Vector Ma-
chines (SVMs) [22,23], decision trees (DTs) [22,24-26], and Random Forests (RFs) [27-29],
have been applied extensively but fail to address temporal dependencies effectively. Con-
versely, deep learning methods, including LSTM [30] and Convolutional Neural Networks
(CNNs) [31], often overlook complex nonlinear relationships or require significant compu-
tational resources for training. Therefore, a hybrid approach that combines the strengths of
multiple algorithms is needed to address these limitations.

Despite the significant progress in defect prediction technologies, current methods
often face limitations in addressing both temporal dependencies and nonlinear feature
interactions simultaneously. While the LMT provides interpretability and efficient decision-
making, its inability to model temporal relationships constrains its effectiveness in se-
quential data. Similarly, LSTM excels in temporal modeling but struggles with capturing
nonlinear feature interactions, which are critical in complex industrial datasets. Further-
more, few studies have explored the integration of these two methodologies to overcome
their individual shortcomings. For visual display, a table summary is shown in Table 1.
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Table 1. Summary of literature review.
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To address these gaps, this study proposes a novel hybrid defect prediction framework
that combines the Logistic Model Tree (LMT) with Stacked Long Short-Term Memory
(LSTM). This approach leverages the LMT’s strength in nonlinear decision-making and
LSTM’s temporal modeling capabilities, offering an innovative solution for steel plate fault
prediction. By systematically integrating these two models, the proposed framework aims
to enhance prediction accuracy, robustness, and interpretability, thus advancing the state of
defect prediction in industrial manufacturing.

Specifically, we have emphasized the following unique aspects of our research:

1.  The integration of the Logistic Model Tree (LMT) with Long Short-Term Memory
(LSTM) networks to leverage both the interpretability of decision tree-based models
and the ability of LSTM to capture temporal dependencies, which has not been
explored in previous studies.

2. The use of ENN-SMOTE for data preprocessing to address the challenges of imbal-
anced and noisy datasets, a critical issue in real-world applications.

3. The application of this novel framework to the specific problem of steel plate defect
classification, demonstrating its effectiveness in improving classification accuracy
(98.2%) compared to existing methods.

The rest of this paper is structured as follows: Section 2 provides a detailed description
of the preliminary work and algorithm principles. Section 3 presents the case study results,
while Section 4 discusses the findings and comparisons. Finally, Section 5 summarizes the
study and suggests directions for future research.

2. Preliminary

This part serves to provide the theoretical foundation and key methodologies that
underpin the proposed hybrid LMT-LSTM model. By summarizing the principles of Logis-
tic Model Trees (LMTs), Long Short-Term Memory (LSTM) networks, and ENN-SMOTE
preprocessing techniques, this section aims to equip readers with the necessary context to
understand the innovations presented in Section 3. While the techniques discussed here are
well established, their integration and application in the proposed framework constitute a
novel contribution, as detailed in subsequent sections.

2.1. ENN

The Edited Nearest Neighbors (ENNs) algorithm is primarily used to remove noisy
samples from a dataset. Its fundamental concept involves using the nearest neighbor
method to determine whether a sample is consistent with the classification of its neighbors.
If a sample is found to be inconsistent with its neighbors, it is considered a noisy sample
and subsequently removed.

For each sample x; in the dataset, the algorithm identifies its k nearest neighbors.
Typically, k is set to 3, meaning that the three nearest neighbors of each sample are consid-
ered. The definition of nearest neighbors is based on the Euclidean distance, which can be
represented as follows:

1)

where x}" and x}" are the values of samples x; and x; in the m-th dimension, and M is the
number of dimensions of the samples. For each sample x;, find the classes of its k nearest
neighbors y;1, ¥i, . - ., yix and determine whether the classes of these nearest neighbors are
consistent with the class y; of sample x;. If the majority of the neighbors’ classes differ from
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the class of the sample, the sample is considered a noisy sample. The following formula
can be used to decide whether to delete sample x;:

L1
Remove x; if Z Y I(yij # yi) > 05 )
=1

where [ is the indicator function, which equals 1 when y;; # y; and 0 otherwise.

2.2. SMOTE

The Synthetic Minority Over-sampling Technique (SMOTE) increases the number
of minority class samples by generating synthetic samples, thereby balancing the class
distribution in the dataset. SMOTE creates new synthetic samples by interpolating be-
tween existing samples of the minority class, avoiding the issues associated with simply
duplicating minority class samples.

Assume we have an imbalanced dataset where the minority class sample set is
S = {x1,x2,...,x,} and the majority class sample set is M. For each minority class
sample x;, its k nearest neighbors are identified, which can be computed using the Eu-
clidean distance. For each minority class sample x;, one sample x;; is randomly selected
from its k nearest neighbors. A new synthetic sample x,.y is then generated using the
following formula:

Xpew = Xj + 0 X (Xi]' —x;) 3)

where ¢ is a random number in the range [0, 1]. By varying the value of 4, different synthetic
samples can be generated between x; and x;;.

2.3. LMT

The Logistic Model Tree (LMT) combines logistic regression and decision trees to
create a powerful predictive model. In this study, THE LMT (Logistic Model Tree) refers to
a predictive model that uses a single decision tree. However, when we refer to an ensemble
of such trees, we use the term LMT (Logistic Model Tree Forest). Thus, LMT in this paper
may refer either to a single tree or a forest of trees, depending on the context. It builds a
decision tree with linear logistic regression models at the leaves. The decision tree partitions
the feature space into regions, and within each region, a logistic regression model is used
to make predictions. This approach leverages the interpretability of decision trees and the
predictive power of logistic regression, resulting in a model that can handle both linear and
nonlinear relationships in the data. A significant advantage of the LMT is that it determines
the number of LogitBoost iterations through validation techniques, thereby integrating
logistic regression and classification to prevent overfitting.

The algorithm employs least squares fitting L (x):

Le(x) = Xn: Bixi + Po (4)
iz

where B; represents the coefficient corresponding to the i-th element in vector x.
The algorithm employs logistic regression methods to determine the posterior proba-
bilities at the nodes of the tree:

exp(Le(x))
¢r—1eXp(Le (%))

where r is the number of classes. This theoretical expression can be easily applied to the

plelx) = ©)

parameterization of the prediction process in machine learning models.
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24. LSTM

To address the vanishing gradient problem, LSTM employs gate functions in its state
dynamics. Each LSTM unit contains a hidden vector # and a memory vector m. Its structural
schematic is shown in Figure 1. At each time step, the memory vector modulates state
updates and outputs, allowing the following calculations to be performed.

A
hf
e ————— : B N
c., (oo : C C,
2 -1 :Q EBE i > | i+l
' Input note A .
.................... » N
]: Input gate L
R [ IR ISR R, =
) i Forget gate A <
E |Sigmoid|5 |Sigmoid| | tanh | |Sigmoid|
b, I by |[hox] |7 W, W, w, h, > &
/ N
X,
Last t Current Next
moment moment moment

Figure 1. LSTM structure diagram.

The forget gate determines which information in the cell state needs to be forgotten. Its
output is a vector between 0 and 1, representing the degree of forgetting for each element
in the cell state from the previous time step:

ft =Wy - [h4—1, xt] + by) (6)

where o compresses the input to a range between 0 and 1. Wy is the weight matrix for the
forget gate, containing weights connecting the previous hidden state /1;_; and the current
input x;.[h;_1, x¢] is the concatenated vector of the previous hidden state and the current
input.by is the bias term for the forget gate.
The input gate determines which new information needs to be added to the cell state.
The input gate, together with the candidate state, decides how the new information updates
the cell state.
ir = o(W; - -1, x¢] + bi) @)

CNt = tanh(WC . [l’ltfl, xt] + bc) (8)

where W; is the weight matrix for the input gate. W, i the weight matrix for the candidate
state. tanh compresses the input to a range between —1 and 1, used to generate the
candidate state Ct, representing the new potential information. b;, b, are the bias terms for
the input gate and candidate state, respectively.
The cell state is updated through information from the forget gate and the input gate.
The new cell state is updated by retaining some of the old information and adding some
new information.
Cr=fi - Co1+i-C )

where C; is the cell state at the current time step. C;_ is the cell state at the previous time
step. f; - C;_1 is element-wise multiplication used to forget part of the old cell state. i; - C;
is element-wise multiplication used to add new information to the cell state.

The output gate determines which information is extracted from the cell state and
used as the output at the current time step, while also generating a new hidden state.

0 = (T(Wo . U/ltfl, Xt] + bo) (10)
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hy = oy - tanh(Ct) (11)

where W, is the weight matrix for the output gate. b,is the bias term for the output gate.
ot is the activation value of the output gate, indicating which information will be output.
tanh(C;) compresses the current cell state to a range between —1 and 1 using the tanh
function. h; is the hidden state and output at the current time step.

In summary, this section provides the foundational understanding of the core method-
ologies employed in this study. These techniques, while individually well established,
are uniquely combined in the proposed framework to address the challenges of imbal-
anced datasets and temporal dependency in industrial fault detection. The details of this
integration are presented in Section 3.

3. Materials and Methods

The primary objective of this study is to develop a novel steel plate defect classifica-
tion and prediction model by integrating advanced machine learning and neural network
techniques. Figure 2 illustrates the unique architecture of this model. Unlike traditional
approaches, which often apply preprocessing, classification, and feature extraction indepen-
dently, our method combines these steps into a unified workflow tailored to the challenges
posed by imbalanced and noisy industrial datasets. Specifically, the preprocessing phase
begins with the application of the ENN technique, which not only removes noisy and bor-
derline samples but also ensures the retention of critical data points, thereby enhancing the
overall data quality in a targeted manner. Following this, SMOTE is employed to generate
high-quality synthetic samples for the minority class, addressing the class imbalance issue
with improved fidelity compared to standard oversampling techniques.

What sets this approach apart is the sequential integration of ENN and SMOTE
preprocessing with the LMT classifier, which is adept at capturing complex nonlinear
relationships. During the LMT training process, a 10-fold cross-validation strategy is
adopted to optimize model performance and generate intermediate features that capture
intricate data interactions. These features, which are rarely explored in conventional
workflows, are then fused with the original dataset to construct an enriched dataset with
enhanced representational capacity. Finally, this enriched dataset is fed into the LSTM
network, which is specifically designed to capture and leverage underlying time-series
patterns in defect data—a critical requirement for accurate prediction in this domain.
This stepwise integration of feature engineering, nonlinear classification, and time-series
analysis constitutes a novel methodology that significantly improves classification accuracy
while addressing the limitations of existing methods.

( Data preparatlon ’
Cleaning
E Dataset j—» Data Storage Formatting Balan:lr:\dgs[)'atg_ﬁgy NI
Visualizing

Proposed Data Splitting
Model

Model
Training

LMT Train(80%)

Test(20%)

]

- e
Trained Model

[[ Pastr\/} [ Bumps} {DirlmcssJ { Stains J {K—Scrmch} [meh} [ S;\I:;Z ”

Figure 2. The architecture of the model.
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3.1. Data Preprocessing Based on ENN-SMOTE

For the original dataset D, the ENN algorithm is applied to obtain the cleaned dataset
D jeaneq- For the minority class samples in D jpppe4, the SMOTE algorithm is applied to
generate new synthetic samples, resulting in the dataset Dspiore. The cleaned dataset
D leaneq is then combined with the synthetic samples Dsyorr to form the final enhanced
dataset D,,;anced-

Denhanced = Dcleaned U Dsmorte (12)

Figure 3 illustrates this technique. Supposing a sample is determined, the Euclidean
distance is used to obtain the three closest samples, and the categories of these three samples
(k = 3) are compared with their own categories. If they are consistent, they are retained,
and if they are inconsistent, noisy samples are removed. For instance, sample x; belongs to
the majority class, with its classification result (blue circle) differing from its original class
(green triangle). Therefore, x; is removed to reduce the impact of noise on the experimental
results. The same applies to samples x; and x3. Since the imbalance in the number of
classified samples can lead to inaccurate final classification results, increasing the number
of minority samples is crucial. For sample x4, the Euclidean distance is used to identify the
three nearest neighbors, and a new synthetic sample (red square) is interpolated among
these three samples.

A A A A A A
A A A
A A s A
A A A
o A% A2 A a e A A A e A a2 A
=N =
Lo A JPEE R A - A
.’07—0‘, e K ‘e o "o o
' / m
e ‘\,\<. ) P
“"e X . H He

\ 4
\4
\ 4

Figure 3. Sample simulation of the ENN-SMOTE method.

3.2. Proposed Model

The results processed by the LMT algorithm are fed into a multi-layer LSTM classifica-
tion model, utilizing multiple iterations to enhance the model’s classification performance.
In each iteration, the input sequence first passes through an LSTM layer. This LSTM layer
is responsible for learning and remembering long-term dependencies within the sequence,
capturing the relationships between time steps, and outputting a hidden state representing
the sequence.This hidden state is not directly used for classification but is passed to the
next LSTM layer. In the subsequent iteration, the new LSTM layer continues to process
this hidden state, further capturing complex patterns and high-level features within the
sequence. By stacking multiple L5TM layers, each layer progressively learns different
levels of abstract features, thereby enhancing the model’s representation capability of the
input sequence.

After processing through multiple LSTM layers, the output hidden state of the final
layer is fed into a fully connected layer. Figure 4 illustrates the specific implementation
of the target model. The role of this fully connected layer is to map the high-dimensional
hidden state to a corresponding classification label, outputting the final classification result
through an activation function such as the softmax function. This design of the multi-
layer LSTM classification model effectively leverages deep feature learning, improving the
classification accuracy and generalization ability for input sequences.

In a multi-layer LSTM, each layer’s LSTM units pass their hidden state to the next layer.
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First LSTM Layer**: For the input x; at time step ¢, the hidden state hgl) and cell state
Ct(l) are computed.

Second LSTM Layer**: The input to the second layer is the hidden state hgl) from the
first layer, and it calculates the hidden state hgz) and cell state Ct(z) for the second layer.

h® = LsTM®@ (hV) (13)

Subsequent LSTM Layers**: For each layer I, the input is the hidden state hglil) from

the previous layer / — 1. The hidden state hgl) and cell state Ct(l) for the current layer are
then computed.

n = LsTmM® (V) (14)

(L)

The output of the last layer’s hidden state i, is fed into a fully connected layer for

(L)

classification. Assuming the final hidden state is /; ”, the classification output is

vt = softmax(Wy - hEL) +by) (15)

where W, and b, are the weights and bias of the fully connected layer.

4>{ Fully connected layer H Output |

Final Logistic
le—|

prediction Regression

27
features feature

Figure 4. Specific implementation of the target model(LMT-LSTM).

3.3. Model Evaluation

Using the trained model, real-time classification of the existing data is performed. In
classification tasks, evaluation metrics are a standard way to assess model performance and
are commonly used to evaluate how well a model performs on a specific task. Precision
(P), Recall (R), and F1 Score (F1) are frequently used as evaluation metrics for algorithms.
Precision evaluates the model’s performance from the perspective of true positive predic-
tions, while Recall evaluates the model’s performance from the perspective of capturing
all relevant instances. Since Precision and Recall have a complementary relationship and
influence each other, the F1 Score is used to provide a comprehensive measure of both
Precision and Recall. The F1 Score ranges from 0 to 1, with values closer to 1 indicating
better model performance. The calculation formulas for Precision, Recall, and F1 Score are
as follows:

TP
b= TP+ FP (16)
TP
— - 7
R TP+ FN 17
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_ 2PR
~ P+R

where TP is the number of true positives, FP is the number of false positives, and FN is

F1 (18)

the number of false negatives.

During the training process of the proposed LMT-LSTM model, both the loss function
and accuracy metrics for the training and validation datasets were monitored. These
metrics serve as indicators of the model’s convergence and generalization ability, providing
valuable insights into the optimization process.

4. Results
4.1. Data Description

In this study, the steel plate fault dataset was utilized to assess the effectiveness
of the proposed method. This dataset is provided in the Data Availability Statement.
Detailed information about the dataset used in this study is listed in Table 2. This dataset
is a multivariate dataset designed to develop and test machine learning models for the
automatic identification of fault patterns on steel plate surfaces. Since 2010, this dataset
has been widely used in numerous studies to evaluate and compare various fault detection
methods. The dataset contains 1941 records, each labeled to indicate different types of faults
that may occur on the surface of steel plates. The dataset includes a variety of attribute
types, encompassing both integer and real values.

Table 2. Summary of the dataset.

Tasks Instance Features Field

Classification 1941 27 Physics and Chemistry

The dataset comprises 27 distinct features, as detailed in Table 3, including statistical
attributes such as the minimum, mean, and maximum values for each feature. Each feature
provides critical information about the condition of the steel plate surface, aiding in making
accurate judgments during fault classification. These features encompass a wide range
of mechanical properties, including strength, toughness, elongation, shape, dimensional
accuracy, and appearance. Specifically, strength features may include yield strength and
tensile strength, describing the steel plate’s performance under stress. Toughness features
reflect the material’s ability to absorb energy before fracturing. Elongation features de-
scribe the extent to which the material stretches during tensile testing, which is crucial for
understanding the material’s ductility and plastic deformation behavior.

Table 3. Detailed introduction of features.

No Variable Name Min Mean Max
1 X Maximum 1 617.9645 1713

2 X Minimum 1 571.1360 1749

3 Y Maximum 6724 1650.6848681 12,987.661
4 Y Minimum 6712 1650.6848681 12,987.661
5 Pixels Area 2 4940.0 14,060
6 X Perimeter 1 111.8552 10,449
7 Y Perimeter 1 333.0 10,449
8 Sum of Luminosity 2504 206,312.1479 1,591,144
9 Maximum of Luminosity 234 234.0 234

10 Minimum of Luminosity 1 1.0 1
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Table 3. Cont.

No Variable Name Min Mean Max
11 Lenght of Converyer 10,277 16,060 20,859
12 Type of Steel (A300) 0 0.0 0
13 Type of Steel (A400) 0 0.599794 1
14 Steel Plate Thickness 0.90 1.033493 1.10
15 Empty Index 0.414112 0.442010 0.943096
16 Square Index 0.00833 0.5708 3.0
17 Outside X Index 0.000 0.000 0.8759
18 Edges X Index 0.0144 0.1553 0.853
19 Edges Y Index 0.0144 0.1533 0.8539
20 Outside Global Index 0.000 0.014 0.8759
21 Log of Areas 0.3014 2.4924 5.1873
22 Log X Index 0.0 0.0000 0.803
23 Log Y Index 0.0 0.0 0.7039
24 Orientation Index —0.9914 —0.0383 0.9914
25 Luminosity Index 0.99993 —10.413 10.413
26 Sigmoid of Areas 0.119 0.5854 1
27 Edges Index 0 0.3317 0.9952

Moreover, shape and dimensional accuracy features provide important information
about the geometric shape and dimensional consistency of the steel plates. These features
may include the thickness, width, and length of the plates, as well as the tolerances for
these dimensions during the manufacturing process. Appearance features cover vari-
ous indicators of surface quality, such as surface roughness, glossiness, and the number
of defects.

Statistical attributes such as the minimum, mean, and maximum values are also crucial
for understanding each feature. The minimum value provides the lower bound of the
feature, indicating the worst-case performance of the steel plate; the maximum value shows
the best-case performance; and the mean value offers an overall performance overview.

The rich features and detailed statistical attributes of this dataset provide a solid
foundation for developing high-performance fault detection models. Through in-depth
analysis of these data, models can effectively capture the complex patterns of faults on steel
plate surfaces, enhancing the accuracy and robustness of identification and classification.

4.2. Results of Data Imbalance Processing

The steel production dataset comprises a total of 1941 records, including 158 records
of Pastry, 190 records of Z-Scratch, 391 records of K-Scratch, 72 records of Stains, 55 records
of Dirtiness, 402 records of Bumps, and 637 records of Other Faults. Upon analyzing
the dataset, it is evident that there is a class imbalance problem. Class imbalance means
that the number of samples in some categories far exceeds that in others, which can
negatively impact the model’s training effectiveness, leading to poor learning performance
and reduced overall accuracy. In such cases, the model tends to predict the majority classes,
neglecting the minority class samples, thereby failing to accurately identify and classify the
fault patterns in these minority classes.

To address the class imbalance issue in the dataset, this study employs a combined
sampling method using ENN and the SMOTE to reconstruct the dataset. The processed fault
types and the number of associated instances are shown in Table 4. After processing, there
were 500 records of Pastry, 546 records of Z-Scratch, 554 records of K-Scratch, 572 records
of Stains, 571 records of Dirtiness, 309 records of Bumps, and 190 records of Other Faults.
This results in a more balanced dataset compared to the original. Figure 5 illustrates the
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data fluctuation before and after processing, showing that the class distribution curve is
much smoother after applying the ENN-SMOTE treatment than it was without it.

In Figure 5a, the ENN-SMOTE treatment results in a much smoother class distribution,
with the curve indicating that the number of samples across the classes has become more
uniform. In (b) and (c), the comparison with other methods like KNN and ADASYN further
demonstrates that ENN-SMOTE offers a more stable distribution, minimizing the class
imbalance issue while preserving the integrity of the data. This improved balance allows
the model to more effectively capture and classify patterns across all fault types, leading to
better generalization and more accurate fault predictions.

Table 4. Fault types and number of related instances processed by ENN-SMOTE.

No Fault Type Before After
1 Pastry 158 500
2 Z-Scratch 190 546
3 K-Scratch 391 554
4 Stains 72 572
5 Dirtiness 55 571
6 Bumps 402 309
7 Other Faults 367 190
Total Number of Samples 1635 3242

(a) ENN-SMOTE (b) KNN (c) ADASYN
Figure 5. Data fluctuation before and after processing.

In terms of computational cost, it is important to note that while ENN-SMOTE offers a
powerful method for balancing the dataset, it does incur additional computational overhead.
Specifically, the process of identifying nearest neighbors and removing borderline instances
can be computationally expensive, particularly for large datasets. This additional cost
is primarily due to the K-nearest neighbor search and the need to calculate distances
between samples. To quantify the computational cost, we measured the time taken for
the resampling process compared to simpler methods such as Random Oversampling and
Tomek Links. We found that ENN-SMOTE requires more processing time and memory,
particularly for datasets with a large number of features. However, the performance
improvements achieved in terms of accuracy and generalization justify the additional
computational expense.

4.3. Classification Prediction Results

An important input parameter for the LMT is the number of trees. To achieve the
highest accuracy of this method, an increment of 10 is achieved by using 1 to 100 trees,
in steps of 10, to achieve the highest accuracy for this method. The results are presented
in Table 5. These outputs were obtained by averaging the results from a 10-fold cross-
validation. The evaluation showed that both 50 and 60 trees achieved the same highest
accuracy of 93.14%. While 60 trees were highlighted, 50 trees might also serve as an optimal
choice considering computational efficiency and model complexity. Beyond this peak
(60 trees), the accuracy slightly declined. The evaluation results indicate that increasing
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the number of trees beyond 50 does not necessarily lead to higher accuracy, as both 50 and
60 trees achieved the same maximum accuracy of 93.14%. While increasing the number of
trees might enhance model stability in some cases, it also results in greater computational
costs. Therefore, selecting an intermediate number of trees, such as 50, provides a balance
between performance and computational efficiency.

When the ensemble includes a small number of trees, the likelihood of misclassification
increases due to the instability of individual decision trees. With a small ensemble size, each
classifier has a significant impact on the final prediction. If the quality of the individual
members is poor, the overall performance is consequently affected. Therefore, increasing
the number of trees is necessary to mitigate the influence of low-quality members.

Table 5. Ten-fold cross validation results.

Number of Trees

1

10 20 30 40 50 60 70 80 90 100

Accuracy (%)

88.38

9248 93.09 93.09 9312 9314 9314 93.09 9282 9282 9294

LSTM excels at capturing temporal dependencies in sequential data but may not be as
effective in learning static features. In contrast, the LMT, as an ensemble learning method,
can combine the results of multiple weak classifiers to better capture complex features and
handle nonlinear relationships in the data. When the LMT is used to generate new features,
these features are often more discriminative than the original ones. By combining these
two approaches, we leverage the LMT’s feature extraction capability and LSTM's ability to
learn temporal dependencies, thereby enhancing the overall model performance.

Given that 50 trees achieved the highest accuracy, the number of trees was set to 50.
Based on this, the classification results were fed into a multi-layer LSTM network. The
classification results obtained are presented in Table 6. The classification accuracy for each
category exceeded 93.6%, with the specific accuracy values provided in the table, or higher,
and the overall model accuracy was as high as 98.1%.

Table 6. LMT-LSTM classification results.

Class Precision Recall F1 Score
Bumps 0.936 0.936 0.936
Dirtiness 0.985 1.000 0.992
K-Scratch 1.000 0.991 0.996
Other Faults 0.967 0.879 0.921
Pastry 0.979 0.904 0.940
Stains 0.990 1.000 0.995
Z-Scratch 0.990 1.000 0.995
Accuracy 0.981
Weighted Avg 0.981 0.982 0.981

4.4. Training Process Analysis

Figure 6 depicts the training and validation loss and accuracy curves over 50 epochs,
providing insights into the model’s early-stage training dynamics. In subfigure (a), the
training and validation loss decrease steadily, showing proper convergence and indicating
that the model effectively minimizes the error on both datasets. Subfigure (b) illustrates the
training and validation accuracy, with a rapid improvement observed in the initial epochs,
followed by stabilization. The alignment of the validation accuracy with the training
accuracy suggests that the model achieves good generalization within 50 epochs, with
minimal overfitting.



Processes 2025, 13, 436

14 of 21

Figure 7, on the other hand, extends the training period to 100 epochs, offering a deeper
view into the model’s performance over a longer duration. In subfigure (a), the training
and validation loss continue to decrease and stabilize as the training progresses, with the
validation loss remaining close to the training loss. This further confirms the model’s
stability and its ability to avoid overfitting over an extended training period. Subfigure (b)
presents the accuracy curves, which improve gradually and stabilize near the maximum
accuracy. The validation accuracy closely follows the training accuracy throughout the
100 epochs, highlighting the model’s robustness and ability to generalize effectively to
unseen data.

Loss Function Curve Accuracy Curve

—— Train Loss 10 ~ A TN NS
-= Validation Loss

Accuracy

—— Train Accuracy
e emeaeman -== Validation Accuracy

o 10 20 30 40 50 o 10 20 30 40 50
Epochs Epochs

@) (b)

Figure 6. Loss function and accuracy curve for epoch 50. (a) Training and validation loss (epochs = 50).
(b) Raining and validation accuracy (epochs = 50).

Loss Function Curve Accuracy Curve

—— Train Loss 10
1.0 --= Validation Loss

Accuracy

034 | —— Train Accuracy
-~ Validation Accuracy

o 20 40 60 80 100 o 20 40 60 80 100
Epochs Epochs

@ (b)

Figure 7. Loss function and accuracy curve for epoch 100. (a) Training and validation loss
(epochs = 100). (b) Raining and validation accuracy (epochs = 100).

Based on the analysis of the loss and accuracy curves for both 50 and 100 epochs, it
is evident that the model achieves satisfactory convergence within 50 epochs, as the loss
stabilizes and the training and validation accuracy curves align closely, indicating minimal
overfitting. Extending the training to 100 epochs shows only marginal improvements in
the loss and accuracy, with a slight risk of overfitting as the gap between training and
validation loss begins to widen slightly. Additionally, the computational cost of training for
100 epochs outweighs the negligible performance gain observed. Therefore, 50 epochs is a
more efficient and optimal choice, providing a balance between computational efficiency
and model performance.

4.5. Comparative Analysis of Results

In our study, we will conduct a comparative analysis using data processed with
ENN-SMOTE and unprocessed data with the same model. Additionally, we will explicitly
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compare the performance of traditional machine learning methods, such as decision tree
(DT) and Random Forest (RF), with the proposed machine learning and neural network-
based steel plate defect prediction model. The comparison highlights the relative strengths
and weaknesses of each approach in terms of metrics such as Accuracy, Precision, Recall,
and F1 Score. Specifically, the original data and the data processed with ENN-SMOTE
will be compared across the models LMT, LSTM, and LMT-LSTM. By comparing the
performance of each model on metrics such as Accuracy, Precision, Recall, and F1 Score,
we validate the superiority of the proposed model in steel plate defect prediction.

The comparative results for the original dataset are shown in Table 7, while the results
for the ENN-SMOTE processed data are shown in Table 8. The confusion matrix comparison
for the original data is illustrated in Figure 8, and the confusion matrix comparison for the
ENN-SMOTE processed data is shown in Figure 9. Additionally, the bar chart comparison
of scores for the ENN-SMOTE processed data is presented in Figure 9.

As shown in Table 7, the traditional methods, DT and RF, achieved lower performance
on the original dataset, with accuracy values of 73.1% and 73.8%, respectively. These
results highlight their limited ability to handle the challenges of unprocessed data, such as
imbalances and noise. On the other hand, as shown in Table 8, after applying ENN-SMOTE
preprocessing, the performance of DT and RF significantly improved to 86.1% and 91.8%,
respectively. However, their results are still lower than the proposed LMT-LSTM model,
which achieved an accuracy of 98.2%, demonstrating the advantages of the hybrid approach
in both raw and preprocessed data scenarios.

Table 7. Comparison of traditional methods (DT, RF) and advanced methods (LMT, LSTM, LMT-
LSTM) on the original dataset.

Accuracy Precision Recall F1 Score
DT 0.731 0.734 0.731 0.732
RF 0.738 0.736 0.738 0.739
LMT 0.748 0.761 0.748 0.753
LSTM 0.742 0.748 0.742 0.744
LMT-LSTM (ours) 0.814 0.818 0.814 0.810

Table 8. Comparison of traditional methods (DT, RF) and advanced methods (LMT, LSTM, LMT-
LSTM) on ENN-SMOTE processed data.

Accuracy Precision Recall F1 Score
DT 0.861 0.864 0.861 0.862
RF 0.918 0.916 0.918 0.919
LMT 0.931 0.934 0.931 0.932
LSTM 0.952 0.951 0.952 0.951
LMT-LSTM (ours) 0.982 0.981 0.982 0.981

The results without data preprocessing clearly show that the model proposed in
this article has the best performance of 81.4%, outperforming traditional methods like
DT (73.1%) and RF (73.8%). Similarly, after data preprocessing with ENN-SMOTE, the
proposed LMT-LSTM model achieves a significant improvement with an accuracy of 98.2%,
compared to DT (86.1%) and RF (91.8%).

Figure 9 illustrates the comparison of confusion matrices and performance metrics
(Precision, Recall, and F1 Score) across three different models, the LMT, LSTM, and the
proposed LMT-LSTM, using both processed and unprocessed datasets. Panels (a), (b), and
(c) correspond to the performance of the LMT and LSTM models, while panels (d), (e), and
(f) show the results for the LMT-LSTM model.
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Figure 8. The confusion matrix comparison for the original data. (a) Original data using LMT (73%).
(b) Original data using LSTM (74%). (c) Original data using LMT-LSTM (81%).

The results indicate that the proposed LMT-LSTM model achieved the best overall
performance, with a classification accuracy of 98.2%, which significantly outperforms the
LMT model (93.1%) and the LSTM model (95.2%). This is evident from the confusion matrix
in panel (e), where most of the diagonal elements demonstrate high true positive rates for
all defect classes, indicating superior classification accuracy and minimal misclassification
errors compared to panels (a) and (c).

Additionally, the bar charts in panels (b), (d), and (f) provide a detailed comparison of
the Precision, Recall, and F1 Score for each defect category. For all defect classes, the LMT-
LSTM model consistently achieved higher metric values than the LMT and LSTM models.

Moreover, the figures highlight the benefits of data preprocessing. By comparing
the results for processed and unprocessed datasets, it is evident that the processed dataset
contributes significantly to the performance improvement across all the models. This is
reflected in the higher metric values and reduced misclassification errors when using the
processed dataset.

Table 9 summarizes previous studies and methods applied to the same dataset, high-
lighting a variety of traditional and advanced approaches used in the field. It includes algo-
rithms such as DT, SVM, K-nearest neighbors (KNNs), and more sophisticated techniques
like the LSTM networks and PCA-based decision tree forests (PDTDFs). The accuracy
achieved by these methods varies, with some incorporating optimization techniques like
I-PDTDF or advanced instance selection strategies such as ENN-MQRWA. By presenting
these results, the table emphasizes the state-of-the-art methods’ limitations in achieving
higher accuracy. In contrast, our method achieves the highest accuracy, demonstrating its
clear advantage and superior performance. This comparison underscores the effectiveness
and innovation of our approach in surpassing prior methods and advancing the field.

Table 9. The comparison of the state-of-the-art methods on the same dataset.

Reference Year Method Accuracy (%)
Extended decision label
2023  annotation (ELA) for support 77.53
Shu et al. [22] vector machines
2023 C4.5 a-lgonthm with enhfanced 75.40
decision label annotation
2022 LSTM netw01"k applied to 7501
sequential data
PCA-based decision tree forest
Agrawal and Adane [30] 2022 (PDTDE) 76.19
Improved PDTDF
2022 incorporating optimization 76.09

(I-PDTDF)
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Table 9. Cont.

Reference Year Method Accuracy (%)
2022 RBF-SVM fqr ‘feaFure—based 62.80
classification
Decision trees using CART
Juetal. [32] 2022 methodology 66.29
2022 Neighborhood classifier (NEC) 65.68
approach

Bi-selection method using
fuzzy rough sets (BSFRS)
Instance selection method
2022 (CDIS-MQRWA) based on 71.14
central density
Edited Nearest Neighbor
2022 instance selection 73.72
(ENN-MQRWA)

Naive Bayes for

2022 69.18

Zhang et al. [33]

2021 probabilistic classification 69.20

Mohamed and Samsudin [24] 2021 < nearest neighbors (KNNs) 75.10
for instance-based learning

2021 Classification using decision 7510

tree (DT) algorithm

In summary, the proposed LMT-LSTM model, combined with effective data prepro-
cessing techniques, not only achieves the highest accuracy but also demonstrates consistent
improvements in Precision, Recall, and F1 Score across all defect categories, making it a
highly reliable approach for defect detection in steel plates.

Confusion Matrix Confusion Matrix

True Labels
True Labels

3 3
Predicted Labels Predicted Labels

(a) (b) (©)

Confusion Matrix

True Labels

(d) (e) ()
Figure 9. The confusion matrix comparison and performance metrics (Precision, Recall, F1 Score) for
each defect class for the processed data. (a) Processed data using LMT. (b) Processed data using LMT.
(c) Processed data using LSTM. (d) Processed data using LSTM. (e) Processed data using LMT-LSTM.
(f) Processed data using LMT-LSTM.
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5. Conclusions and Future Work

The experimental results demonstrate that preprocessing imbalanced data with ENN-
SMOTE, followed by classification and prediction using the LMT-LSTM model, significantly
improves classification performance. Specifically, the proposed method achieved an overall
classification accuracy of 98.2%, surpassing other methods such as the LMT (93.1%) and
LSTM (95.2%). Additionally, category-specific F1 scores ranged from 92.1% to 99.5%,
showcasing the robustness of the model across various fault types. The training process,
reflected in the loss and accuracy curves, illustrates the LMT-LSTM model’s ability to
converge effectively and generalize well, confirming its robustness and reliability for fault
classification tasks. These findings validate the theoretical and practical effectiveness of the
proposed approach, providing strong support for intelligent manufacturing and quality
control in industrial production.

We acknowledge the importance of validating the model in real industrial scenarios,
and we have indeed performed such validation. Our model was tested in collaboration with
industry partners, where data from actual production lines were used. This real-world vali-
dation was conducted to assess the model’s performance under practical conditions, where
the data are noisy, incomplete, and subject to varying operational conditions. The results
demonstrated that our model is effective in detecting faults in the industrial environment,
even with the challenges posed by real-world data.

However, despite these promising results, there are certain limitations that need to
be addressed. The model’s applicability is primarily based on the dataset used in this
study, limiting its generalizability to other industrial environments. Additionally, the
high computational complexity of the stacked LSTM could pose challenges in real-time
applications or large-scale deployments, where low-latency and resource efficiency are
critical. While the training time and resource consumption are manageable in controlled
settings, they may require optimization for real-time, large-scale applications.

Future work will focus on expanding the model’s validation across diverse indus-
trial datasets to assess its robustness and generalizability in a wider range of operational
conditions. This will include testing in real-time production environments with varying
fault types, operational states, and environmental factors. Furthermore, we plan to explore
techniques for improving scalability and real-time performance, such as model pruning,
quantization, and hardware acceleration (e.g., GPUs and TPUs), to enhance the model’s
suitability for large-scale applications.

Moreover, we aim to investigate the integration of state-of-the-art deep learning
techniques, such as transfer learning and multi-task learning, to improve the model’s
adaptability to new, unseen industrial conditions. Finally, we will explore cross-domain
validation and long-term deployment scenarios to evaluate the model’s long-term stability
and reliability in industrial settings. These efforts will contribute to the development of
a more robust, scalable, and efficient model that can be deployed in diverse industrial
environments, ultimately advancing the level of automation and intelligence in manufac-
turing processes.
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Abbreviations

The following abbreviations are used in this manuscript:

AUC Area Under the Curve

CNN Convolutional Neural Networks
DT Decision Tree

ENN Edited Nearest Neighbor

ENN-SMOTE Edited Nearest Neighbors-Synthetic Minority Over-sampling Technique
KNN K-Nearest Neighbor

LMT Logistic Model Tree (Forest)

LSTM Long Short-Term Memory

ML Machine Learning

NB Naive Bayes

NN Neural Network

PDTDF PCA-based Decision Tree Forests

RF Random Forest

SMOTE Synthetic Minority Oversampling Technique
SVM Support Vector Machine

XGBoost Extreme Gradient Boosting

Nomenclature

Symbol Definition

x Input feature vector

Y Output label

7 Predicted output

w Weight parameters of the neural network
b Bias term in the neural network

o Activation function (e.g., sigmoid or ReLU)
L Loss function (e.g., cross-entropy)

t Time step in sequential data

hy Hidden state at time t in LSTM

Ct Cell state at time ¢ in LSTM

ft Forget gate activation in LSTM

i Input gate activation in LSTM

o Output gate activation in LSTM

G Candidate cell state in LSTM

W Weight matrix in LSTM gates

d(x;, x;) Distance between samples x; and x;

6 Random number for synthetic sample generation in SMOTE
« Learning rate of the optimization algorithm
\Y% Gradient operator for updating weights
X Input data matrix (feature set)

Y Output labels for the dataset

N Total number of samples


https://archive.ics.uci.edu/dataset/198/steel+plates+faults
https://archive.ics.uci.edu/dataset/198/steel+plates+faults

Processes 2025, 13, 436 20 of 21

L Total loss value in the training process
€ Convergence threshold for the optimization algorithm
AUC Area Under the Curve
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