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ABSTRACT

In recent years, predictive maintenance has emerged as a critical component for improving the efficiency
and reliability of industrial systems. However, much of the existing research has primarily emphasized
model development, often overlooking the fundamental role of data quality and class distribution in
shaping predictive performance. To address this gap, this study proposes an integrated preprocessing
framework that ensures high-quality data readiness across all stages. A case study was conducted on a
dataset of industrial sensors for fault prediction. The preprocessing pipeline involved handling missing
values using K-Nearest Neighbors (KNN), detecting outliers with Isolation Forest (IF), and correcting
abnormal values through the Clipping method. To address data imbalance, synthetic data were generated
using Generative Adversarial Networks (GAN), Variational Autoencoders (VAE), and a hybrid GAN-VAE
model that leverages the strengths of both approaches. The hybrid GAN-VAE demonstrated superior data
generation performance, yielding the highest Pearson correlation and best Kernel Density Estimation
(KDE) fit, thereby ensuring dataset reliability for training. The effectiveness of the preprocessing
framework was validated using a 1-Dimensional Convolutional Neural Network (1D-CNN) classifier,
which achieved a high accuracy of 98.83%.

Keywords-data preprocessing; imbalanced data; machine learning; outliers; Generative Adversarial Network

(GAN)

I.  INTRODUCTION

Technological advancements and the development of
Machine Learning (ML) models have significantly improved
fault diagnosis in industrial devices and equipment, enabling
more accurate predictions [1]. However, ML techniques are
highly sensitive to the distribution of training data, particularly
in classification tasks [2]. Imbalanced datasets often bias
predictions toward the majority class, reducing model
reliability and leading to misclassification of minority class
samples [3-5]. Two main strategies are commonly used to
address imbalance: undersampling, which reduces majority
samples but risks information loss, and oversampling, which
generates additional samples for the minority class to achieve
balanced distribution [6].

It is also common practice for preprocessing to precede
imbalance handling, since missing values can substantially
affect ML model accuracy [7]. For instance, the K-Nearest

Neighbors (KNN) method is effective for addressing missing
data, as it leverages neighborhood similarity to estimate values
with higher accuracy compared to simple deletion or
replacement with mean/median [8]. In addition, handling
extreme values is also crucial for the preprocessing phase, as
they often arise due to mechanical disturbances or operational
changes in industrial settings [9, 10]. Detecting these values
using Isolation Forest (IF) is particularly efficient, as it isolates
anomalies through decision tree ensembles [11]. To manage
these abnormal values, the clipping method offers a
straightforward solution by setting upper and lower bounds
without discarding data [12].

This study utilizes data from the IMPROVE project,
collected from a non-woven factory [13], comprising
measurements from vibration, temperature, pressure, and
current sensors. The dataset is highly imbalanced, with 228,416
healthy samples and only 8 faulty samples, necessitating
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effective resampling strategies. Among oversampling e Current/Voltage sensors (C;) monitoring electrical
approaches considered for this task were Generative characteristics.

Adversarial Networks (GANs), a widely used approach that
consists of a generator that synthesizes data and a discriminator
that evaluates realism against true data [14, 15]. Another
approach considered was the Variational Autoencoder (VAE)
[16, 17], although comparative studies indicate that GANs
generally outperform VAEs in data augmentation [18, 19].

To overcome the limitations of using a standalone GAN or
VAE, this study proposes a hybrid GAN-VAE model that
integrates the advantages of both methods. Synthetic data
generated by GAN, VAE, and GAN-VAE were compared
using Pearson’s correlation coefficient and Kernel Density
Estimation (KDE) plots, with the hybrid approach showing
superior alignment with real data. This demonstrates enhanced
data quality and greater potential for model generalization in
industrial ~ fault detection. To validate preprocessing
effectiveness, a 1-Dimensional Convolutional Neural Network
(1D-CNN) classifier was trained, achieving very high accuracy
and confirming the robustness of the proposed framework.

II. RELATED WORKS

Data preprocessing is a pivotal step in preparing raw data
for analysis and prediction, ensuring reliability in system
design and data-driven control. Seceral studies have
emphasized its importance, focusing on techniques for
handling missing values and detecting outliers, both of which
strongly affect model efficiency [20]. For example, the KNN
method has been widely applied due to its high effectiveness in
estimating missing data [21]. Authors in [22] highlighted the
necessity of preprocessing to improve sensor modeling for real-
time fault detection. Similarly, KNN has been applied to detect
and process missing values, while methods such as
Interquartile Range (IQR) and IF have been used for outlier
detection [23].

Additionally, data imbalance in large datasets also poses
challenges in classification, particularly in artificial error
detection. Oversampling methods such as GAN and VAE have
been employed to generate artificial samples for the minority
class, ensuring a more balanced class distribution and more
reliable model performance [13, 17, 18, 24, 25]. However,
most existing works focus on isolated preprocessing techniques
rather than an integrated pipeline.

III. DATASET DESCRIPTION

This study utilizes a publicly available dataset introduced in
[26], accessible via Kaggle. The dataset originates from the
IMPROVE project and was collected from a non-wovens
factory. It contains 228,614 intact samples and only 8 defective
samples, presenting a highly imbalanced distribution. The
dataset  comprises  multivariate  time-series  sensor
measurements from industrial machines that monitor physical
and operational parameters, including:

e Vibration sensors (L;) capturing mechanical anomalies.

e Temperature
temperatures.

sensors  (Aj) monitoring component

e Pressure sensors (Bi) monitoring pressure conditions.

Together, these signals provide a continuous record of
machinery behavior, enabling predictive maintenance, anomaly
detection, and fault prediction.

The dataset was partitioned by class to ensure that all
classes were reflected in a balanced manner. It was divided into
three subsets: 70% for training, 15% for validation, and 15%
for testing using a random constant value (random_state=42).

IV. MISSING VALUE HANDLING

Missing values were addressed using the KNN imputer,
which has been shown to outperform traditional methods such
as mean and median replacement in terms of accuracy across
various domains [21]. We applied KNN with K =5, achieving
low Root Mean Squared Error (RMSE) and Mean Absolute
Percentage Error (MAPE) values, making it a robust choice for
maintaining dataset integrity. Other parameters used are
presented in Table I. Figure 1 illustrates the distribution of
missing values across features before imputation, with each
feature containing 12 missing entries. The KNN pseudocode
algorithm used is presented below:

Algorithm 1: Missing values imputation
using KNN

Input: Dataset X with missing values
Output: New dataset Xpew

1. For each row 4 in X

2. For each feature 4 in 4 that has a

missing value:

3. Identify the KNN of the instance 4
Compute Euclidean distance using
available (non-missing) features

4. Estimate the missing value x:

x; = (1/k) - sumof x; value from
the K-neighbors

5. Store the updated instance in a new

dataset
Return Xpew

TABLE L KNN IMPUTER PARAMETERS
# Parameter Value Description
I | K-neighbors 5 Number of nearest ne_lghbors used

for imputation
s . Equal weight assigned to all
2 Weights uniform neighbors (default)
3 Metric nan__euclidean Distance metr.lc 1gnoring rr.nssmg
values during computation

V. OUTLIER DETECTION

Outliers were detected using the IF algorithm, which is
highly efficient for high-dimensional industrial datasets. This
approach is particularly suitable for sensor data, as
demonstrated in [27], where an enhanced IF variant was
proposed for improved anomaly detection in industrial
environments. The method isolates anomalous readings that
could otherwise distort learning processes. Table II presents the
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parameters used. Figure 2 presents the distribution of outliers
detected in this dataset. The IF pseudocode algorithm used is
presented below:

Algorithm 2: Outlier detection using IF

Initialization:
Load dataset X
Set parameters:
contamination rate (@),

For each sample x in X:
Build T isolation trees

n_estimators (T),
random_state

Compute average path length h(x)
Compute anomaly score:
s(x) = 2"(h(x)/ c(V))
if s(x)>0:
label x =1 (outlier)

label x =0 (normal)
Return labeled dataset
Where: X - input dataset; x — single data point;
T — number of trees; h(x) — avg path legth of x;
s(x) — outlier score of x; 6 — threshold of outliers

TABLE IL IF PARAMETERS

# Parameter Value Description
1 N-estimators 100 Number of base estimators (trees)
2 Contamination 0.01 Expected outlier ratio in the dataset

Number of samples drawn per tree
3 Max_samples auto (default)
4 Random_state 42 Reproducibility controln
5 Behaviour default Modern s¢ 1.k1t-.learn setting (no

modification needed)

Number of Missing Values per Column
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Fig. 1. Visualization of missing value before applying KNN imputation.
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Fig. 2. Data distribution after outlier detection. (Red dots represent outliers detected by the IF method in the dataset).

VI. OUTLIER HANDLING

After detecting outliers, the extreme values were processed
by replacing them with the median of the corresponding
feature. This approach is widely adopted because the median
represents the central tendency of the data and is not affected
by extreme values [28]. Thus, it ensures that the data

distribution is preserved while minimizing the influence of
anomalies. The parameters used are listed in Table III. Figure 3
illustrates the dataset after outlier processing. The pseudocode
algorithm used is presented below:

Algorithm 3:
Initialize:
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Load dataset X
For each numeric column j:
Compute median my =median (X;,-)
For each sample X;:
If X is an outlier:
Replace X = my
Else:
Keep X;; unchanged
Return the new dataset
Where: X;; - feature jinsamplel; m; -
median of column j; X; — all values in column j

VII. ABNORMAL VALUE HANDLING

A. IQR-Based Abnormal Detection and Median Imputation

To further enhance data robustness and minimize the
influence of abnormal values, the IQR method was applied.
This approach defines lower and upper thresholds based on the
data’s quartiles and identifies values outside this range as
abnormal. These values were then replaced with the median of
the respective feature. This ensures that the overall structure of
the data is preserved while reducing the skew introduced by
extreme deviations. Previous studies [29] have confirmed that
IQR-based filtering enhances model robustness. The lower and
upper thresholds are defined as:

TABLEII.  OUTLIER HANDLING PARAMETERS IQR = Q; — Q4 (D
# | Parameter Value Description Lower bound = Q, — 1.5-IQR 2)
1 Outlier 0 (normal), 1 Used to identify outliers before
column (abnormal) processing Upper bound = Qs + 1.5 - IQR 3)
Replacement Replace detected outliers with the
2 Mean .
value column median
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Fig. 3. Boxplot after processing extreme values using the median (where the outliers were replaced by the median for each feature, which reduced the data
dispersion).

Values lying outside this range are treated as abnormal and
replaced with the column median. Table IV lists the parameters
used for the IQR method. Figure 4 shows the distribution of
data after processing abnormal values, highlighting the reduced
spread of extreme points, particularly on the right tail. The IQR
method pseudocode algorithm used is presented below:

Algorithm 4: Abnormal values handling
using IQR and median imputation
Initialization:
Read dataset X
For each numeric column X; in X:
Calculate Q; = 25thpercentile of X;
Calculate Q3 = 75thpercentile of X;
Calculate IQR =Q; —Q;
Define Lower bound = Q; —1.5-IQR
Define Upper bound = Q3 +1.5'IQR
For each xinXj:
If x < lower or x > upper:
Replace x = median(X;)

Return a new dataset

TABLEIV. IQR-BASED OUTLIER DETECTION AND MEDIAN
IMPUTATION PARAMETERS
# Parameter Description
1 Q4 25" percentile of the column
2 Q3 75™ percentile of the column
3 IQR Q3 —Q
4 Threshold +1.5-IQR
5 Replacement Median of the column

B. IQR-Based Clipping Method

An alternative approach adopted in this study for handling
abnormal values was the IQR-based clipping method.
Abnormal values, which may distort model performance, were
detected using the IQR approach. Specifically, values lower
than @ —1.5-IQR or higher than Q;-1.5IQR were
considered abnormal. Instead of deleting these values or
replacing them with central tendency measures, clipping was
applied by truncating extreme values to the nearest valid limit
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(lower or upper bound). This approach preserves the dataset
size while reducing the impact of extreme deviations.

The method has been successfully adopted in various fields,
including image denoising, where it has been shown to

outperform traditional median filtering [30]. The parameters
used for this method are presented in Table V. The results
presented in Figure 5 demonstrate reduced data distortion and
improved robustness compared to median replacement.

Boxplot After Outlier Values Treatment (Median)
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Fig. 4.

The pseudocode algorithm describing this method is
presented below:

Algorithm 5: Abnormal values handling
using IQR and clipping imputation
Initialization:

Load dataset X

Boxplot after abnormal value treatment (median).

Else if x> Upper
X;= Upper
Else:
keep x; as it is
Return the new dataset

For each feature xj in X TABLE V. IQR-BASED CLIPPING PARAMETERS
Q. = 25th percentile (.X‘f) # Parameters Description
] h :
Qs = 75th percentile (xi) 1 Q4 25 _ percent%le of the column
2 Qs 75" percentile of the column
IQR = Q3 — Q4 3 IQR Q:—Q
Set Lower =Q; —15-IQR 4 Lower bound Q,—15-IQR
Set Upper = Q3+ 1.5-IQR 5 | Upper bound Qz:+ 1.5 "IQR :
For each value Xy in column .X‘f 6 Replacement Extreme values replaced by nearest bound (clip)
If x4< Lower:
X;;= Lower
120 Boxplot After Clipping
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Fig. 5. The boxplot shows data distribution after clipping the abnormal values and improving data alignment with IQR.
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VIII. DATA BALANCING

A. Generative Adversarial Network (GAN)

GANSs provide a flexible approach for generating synthetic
data, particularly in scenarios where minority classes are
severely underrepresented. GAN consists of two competing
networks:

e The generator, which produces synthetic samples from
random noise.

e The discriminator, which distinguishes between real and
generated samples.

During training, the generator improves its ability to
produce realistic data, while the discriminator enhances its
ability to detect synthetic data. Once trained, the generator
produces synthetic faulty samples in proportion to the number
of healthy samples, thereby achieving data balance [31]. The
GAN parameters used are listed in Table VI. The pseudocode
algorithm describing GAN is presented below:

Algorithm 6: Data balancing using GAN
Initialization:
Load dataset X
Normalize data: Xpprm =X —w)/o
Training:
For each epoch, do:
Sample random noise vector: Z ~ N(0,1)
Generate fake data: Xpue = G(2)
Generate discriminator output:
Drear = D(Xrear)
Dfake = D(xfake)
Compute losses:
Lp = — log(Dreal) — log (1- Dfake)
Le= — log(Dfake)
Update discriminator and generator
After training:
Generate new data: Xge, = G(2)
Inverse transform: Xppmg = Xgen 0+ U
Return a balanced dataset

TABLE VL GAN PARAMETERS
# Parameter Value
1 Latent dimension 64
2 Generator layers [64, 128, 256, output]
3 Discriminator layers [256, 128, 1]
4 Activation function LeakyReLU
5 Epochs 3000
6 Batch size 32
7 Optimizer Adam
8 Learning rate 0.0001

B. Variational Autoencoders (VAE)

VAEs provide another generative solution for handling
class imbalance. Unlike GANSs, VAEs explicitly learn a latent
probability distribution of the input data. They consist of:

¢ An encoder, which compresses the input into a latent
distribution defined by p and 2.

e A decoder, which reconstructs the input from latent
samples.

Once trained, new synthetic samples are generated by
sampling from the latent distribution and decoding. The
training objective combines Mean Squared Error (MSE) with a
Kullback-Leibler (KL) divergence for regularization, ensuring
both accuracy and diversity in generated samples [32]. The
VAE parameters used are presented in Table VII. The VAE
pseudocode algorithm used is presented below:

Algorithm 7: Data balancing using VAE
Initialization:
Load dataset X
Normalize data: Xuorm = (X — w)/o
Training Loop (for each epoch):
Encode input:
wlog 02 = Encoder(Xnorm)
Sample noise: &~ N(0,1)
Compute latent vector:
Z = Zimean + €-exp(0.5- Zlogvar)
Decode:
Reconstruct data: X = Decoder(2)
Compute Loss:
MSE = (X, — X,)°
KL= —0.5-Y(1+log(c?)) —u?—-o?
L = MSE + KL
After training:

Sample new latent vector: Z ~N(0,1)

Generate synthetic data: Xgen=

Decoder(Z)

Inverse normalization: X =X 0+u
Return new balanced data

TABLE VII.  VAE PARAMETERS
# Parameter Value
1 Latent dimension 16
2 Hidden layers [64] One layer of 64 neurons
3 | Activation function LeakyReLU is used in the encoder and decoder
4 Epochs 3000
5 Batch size 32
6 Optimizer Adam (Ir=0.0001)
7

Loss function MSE+ KL Divergence

C. Proposed Model GAN-VAE

The proposed hybrid GAN-VAE model integrates the
reconstruction ability of VAE with the adversarial training
mechanism of GAN. By combining these strengths, the GAN-
VAE produces synthetic data that is both structurally consistent
and highly realistic. The parameters used are listed in Table
VIIL
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TABLE VIII. GAN-VAE MODEL PARAMETERS
# Parameter Value
1 Latent dimension 16
2 Hidden layers [64], [64]
. . LeakReLU (Encoder),
3 Activation function LeakyReLU (D(iscrimjneztor)
4 Epochs 2500
5 Batch size 32
6 Optimizer(G/E) Adam (0.0001, 0.0005)
7 Optimizer(D) Adam (0.001)
8 Loss function MSE+ KL

The GAN-VAE pseudocode algorithm used is presented
below:

Algorithm 8: Data balancing using GAN-VAE

Initialize:
Load dataset X
Normalize data: Xporm = (X —w)/ o
Encoder:
o,u = Encoder (Xpnorm)
Sample noise: &~ N(0,1)
Latent vector: Z=u+ €0
Decoder/ Generator:
Reconstructed data: X= Generator (Z)
Discriminator:
Dyoqi= Discriminator (X,orm)
Djqe= Discriminator (X)

Losses:
GAN loss: Lgay = —logDrge
Reconstruction 10ss: Lyecon = || Xnorm — X ||?
KL divergence: Ly, = 1/2 Y (u*+ o%—
log(a?) — 1)

Total losses:
Liotar = Lgan + s “Lyecon + s "Ly
Training loop:
For epoch in range (E):
Update Encoder, Generator,
Discriminator using Liyq
Generation:
Sample latent vector:Z ~ N(0,1)
Generate synthetic data: Xbﬂl=
Generator(2)
Return synthetic faulty data (Xgen)

IX. RESULTS

In this study, an initial subset of 100 randomly selected
samples was used to conduct a preliminary evaluation of the
proposed synthetic data generation methods. This step aimed to
identify the approach capable of producing artificial data most
closely resembling the original dataset. The hybrid GAN-VAE
model emerged as the most effective, achieving a higher degree
of similarity between generated and real data compared
(Pearson correlation coefficient of 0.8495) to the individual
methods. Following this finding, the entire dataset of 228,622

samples was employed for all subsequent processes, including
data balancing, model training, validation, and testing.

The KDE plots of the first six features (Figure 6) confirmed
good distributional similarity between the original and
generated samples. Next, the VAE method was applied,
yielding a lower Pearson correlation coefficient of 0.8232. As
shown in Figure 7, KDE plots indicated weaker alignment with
the original data distribution compared to GAN.

Finally, a hybrid GAN-VAE model was introduced,
combining VAE’s ability to capture latent data structure with
GAN’s adversarial refinement. This approach achieved the best
performance, with a Pearson correlation of 0.8796 and
excellent KDE distribution similarity (Figure 8). The results
demonstrate that GAN-VAE produces more realistic and
structurally consistent synthetic data than the standalone
models. These results are summarized in Table IX.

TABLE IX. COMPARISON OF DATA BALANCING METHODS
Pearson KDE
# | Method Description . Distribution
correlation oo
similarity
Adversarial training
1 | GAN between generator and 0.8495 Good
discriminator; prone to
instability
Latent coding and
2| VAE reconstruction via 0.8232 Moderate
probabilistic sampling; less
accurate
Combines GAN and VAE
GAN- to generate realistic,
3 VAE balanced, and structurally 0.8796 Excellent
consistent data

A. Preprocessing Validation via CNN-based Classification

To validate the effectiveness of the proposed preprocessing
and data balancing strategies, a 1D-CNN classification model
was trained on the processed dataset. The architecture
comprised three convolutional layers, each followed by a
ReLU activation function, MaxPooling, and Dropout layers to
mitigate overfitting. The convolutional stage concluded with an
adaptive median pooling layer, followed by two fully
connected layers. The parameters used are presented in Table
X. The model achieved a test accuracy of 98.83%, confirming
that preprocessing significantly enhanced data quality and
improved the discrimination between healthy and faulty sensor
states [33-35].

TABLE L. 1D-CNN PARAMETERS
# Parameter Value
1 Convolutional layers 3
2 Filters per layer 32 564> 128
3 Kernel size 3
4 Activation function ReLU
5 MaxPooling size 2
6 Dropout rate 0.4/0.6
7 Batch size 512
8 Number of epochs 50
9 Optimizer Adam
10 Learning rate 0.00002
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Figure 9 presents the results of the classification model
trained on the processed and balanced dataset using the
methods described in this study. The accuracy curve shows a
steady increase, ultimately reaching 98.83%, while the loss
curve demonstrates a corresponding decline, indicating stable
convergence. The confusion matrix further confirms the
model’s robustness, with 44,531 fault cases and 43,459 normal

cases correctly classified out of a total of 89,066 samples.
Misclassifications were minimal, with only 1,074 normal cases
incorrectly labeled as faults (False Positives) and just two fault
cases mislabeled as normal (False Negatives). These results
provide strong evidence of the effectiveness of the
preprocessing pipeline.
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www.etasr.com

Albattat et al.: From Raw to Ready: Industrial Fault Data Enhancement Via Preprocessing and Balancing



Engineering, Technology & Applied Science Research Vol. 15, No. 5, 2025, 28313-28323 28321
0.0200 Feature: L_1 — Feature: L_2
0.0175 Original Original
0.0150 Generated 0.020 Generated
2001251 Zoo1s
200100 2
&0.0075 &o.010
0.0050 —
0.0025
000007520 o 20 40 60 8 100 120 o -3 -20 0 20 40 60 80
Value Value
Feature: A 1 Feature: A 2
2.5 - 0.14 -
Original Original
2.0 Generated 0.12 Generated
0.10
Z1s z
a % 0.08
é 1.0 $ 0.06/
0.04
0.5
0.02|
00340 742 744 746 748 750 752 754 e 70 80 90 100
Value Value
Feature: B_1 Feature: B_2
0.06 Original g :2 Original
0.05 Generated 012 Generated
£o04 oo
E 003 i 0.08
0.06
. 0.04
0.01 0.02/
000" 35 40 50 60 70 80 000 70 80 ) 100
Value Value
Fig. 8. Pearson correlation and distribution of the first six features using KDE plots for data generation by GAN-VAE.
e Accuracy Over Epochs Loss Over Epochs
' S 30 —— Train Loss
—— Test Loss
0.95
25
0.90
5 20
v
‘.; 0.85 [
°
E %15
0.80
10
0.75
—— Train Accuracy 5
0.70 —— Test Accuracy -
0
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch
(@) Confusion Matrix (b)
40000
35000
30000
o 25000
S
E 20000
15000
10000
5000
Predicted
(©
Fig. 9. 1D-CNN model performance: (a) accuracy curves, (b) loss curves, (c) confusion matrix.
www.etasr.com Albattat et al.: From Raw to Ready: Industrial Fault Data Enhancement Via Preprocessing and Balancing



Engineering, Technology & Applied Science Research

Vol. 15, No. 5, 2025, 28313-28323 28322

X. CONCLUSION

This study proposed an integrated preprocessing and class
balancing framework for industrial sensor data. Missing values
were addressed, outliers and abnormal values were effectively
processed, and class imbalance was mitigated through synthetic
data generation. Two generative approaches, Generative
Adversarial Network (GAN) and Variational Autoencoders
(VAE), were applied individually, and their strengths were
further combined into a hybrid GAN-VAE model. Evaluation
using Pearson correlation and Kernel Density Estimation
(KDE) plots demonstrated that the hybrid approach produced
more realistic and structurally consistent synthetic data
compared to the standalone models. Finally, the preprocessing
pipeline and the GAN-VAE balancing method were validated
through a 1-Dimensional Convolutional Neural Network (1D-
CNN) classifier, which achieved a test accuracy of 98.83%,
confirming the robustness and effectiveness of the proposed
methodology in improving data quality and -classification
performance.
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