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The object of the study is the fault detection process 
in critical rotating machinery, specifically steam tur-
bines and compressors, operating within a petrochemi
cal production environment. Traditional fault detec-
tion methods, though proven and cost-effective, struggle 
to address modern industrial challenges – such as the 
increasing complexity of sensor data, class imbalance in 
failure records, and the need for real-time interpretability. 
Recent advancements in deep learning offer promis-
ing solutions to these limitations. This study proposes 
an integrated framework that combines Wasserstein 
Generative Adversarial Network (WGAN) for data bal-
ancing and TabNet, an interpretable deep learning 
model optimized for tabular sensor data. The goal is 
to enhance the accuracy and interpretability of fault 
detection under imbalanced, high-dimensional indus-
trial datasets. Using historical data from a petrochemi-
cal plant (2015–2024), the WGAN-TabNet model demon-
strated superior performance compared to traditional 
classifiers (Logistic Regression, SVM, XGBoost), achiev-
ing an accuracy of 96.01%, precision of 93.25%, recall of 
93.14%, F1-score of 93.20%, and AUC score of 93.13%. The 
interpretability provided by combination of TabNet and 
SHAP analysis further identified key operational vari-
ables influencing failure such as oil temperature and 
gas flow rate, offering actionable insights for predictive 
maintenance. The results underscore that integrating 
deep learning with robust data balancing significantly 
improves fault detection where traditional methods fall 
short, supporting practical implementation in modern 
predictive maintenance systems
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1. Introduction

The reliability of rotating equipment such as steam 
turbines and compressors is vital for ensuring operational 
continuity and safety in petrochemical production environ­
ments. These machines are central to processes involving fluid 
compression and energy transformation, yet their complex 
operational dynamics and prolonged usage make them highly 
vulnerable to unexpected failures. Such failures, although in­
frequent, can result in substantial unplanned downtime, pose 
safety hazards, and lead to considerable financial losses due to 
interrupted production [1]. These challenges are further com­
pounded by the increasing demands for efficiency, real-time 
monitoring, and sustainability in modern industrial settings.

A steam turbine operates based on the principle of con­
verting thermal energy from steam into mechanical energy. 
High-pressure steam is directed onto the turbine blades, 
causing the rotor to spin. The resulting rotation is transferred 
via a connected shaft to perform mechanical work [2]. Com­
pressors, on the other hand, increase the pressure of a gas by 
reducing its volume, using rotating components such as blades 
or pistons. Low-pressure gas is drawn in, compressed adiabat­
ically, and exits at a higher pressure [3]. Although steam tur­

bines and compressors perform distinct functions, they share 
common characteristics such as rotational motion, critical 
speed limitations, and vulnerability to mechanical issues such 
as imbalance, misalignment, and vibration [4].

Traditional maintenance strategies, such as reactive and 
preventive maintenance, have proven insufficient in address­
ing these challenges. Reactive maintenance is inefficient 
due to its post-failure nature, while preventive maintenance 
risks over-maintenance or unforeseen breakdowns. Predic­
tive maintenance, which leverages historical data to forecast 
equipment failures, offers a promising alternative, enabling 
fault detection and minimizing unplanned downtime [5]. 
However, predictive maintenance for failure detection in 
industrial settings has relied on manual inspection and rule-
based systems, which are limited in handling the high vol­
ume, velocity, and variability of modern sensor data [6].

In modern petrochemical operations, the adoption of 
Industry 4.0 technologies has driven significant growth in 
real-time process monitoring through advanced sensor net­
works. While these developments offer new opportunities 
for predictive maintenance, they also introduce substantial 
challenges. Industrial rotating machinery now operates with­
in highly dynamic environments characterized by vast and 
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complex sensor data, strict efficiency targets, and heightened 
safety and environmental regulations [7].

The previous fault detection techniques, including manu­
al inspections, rule-based monitoring, and classical machine 
learning, often prove insufficient in this context [8, 9]. These 
methods typically struggle with severe class imbalance, non­
linear variable interactions, and the need for interpretable 
outputs that can guide operational decisions. Moreover, as in­
dustry expectations for predictive accuracy and transparency 
continue to rise, there is a growing demand for fault detection 
models that can effectively handle complex, imbalanced in­
dustrial datasets while providing actionable insights to main­
tenance practitioners [9].

Consequently, scientific research on advanced, interpretable 
deep learning frameworks supported by robust data balancing 
techniques is both timely and essential. These studies directly 
address modern challenges in predictive maintenance and has 
the potential to deliver significant practical benefits: reducing 
unplanned downtime, improving operational reliability, opti­
mizing maintenance planning, and enhancing plant safety [10].

2. Literature review and problem statement

Recent years have seen significant progress in the develop­
ment of data-driven fault detection techniques for industrial 
rotating machinery. Numerous studies have explored various 
machine learning and deep learning approaches aimed at 
improving predictive maintenance accuracy and reliability. 
The literature in this field generally falls into three key areas: 
the design of advanced classification algorithms for fault de­
tection, strategies to address class imbalance in fault datasets, 
and techniques to improve model interpretability to support 
practical maintenance decision-making.

Traditional algorithms such as logistic regression and 
support vector machines (SVM) offer ease of implementation 
and interpretability but tend to underperform in capturing 
nonlinear and complex feature interactions commonly present 
in high-dimensional industrial data [11]. XGBoost, a more ad­
vanced gradient boosting algorithm, has shown improved pre­
dictive performance and robustness in handling structured data, 
and is widely used in fault classification tasks [12]. However, 
despite their effectiveness, these classifiers still face significant 
challenges when applied to highly imbalanced datasets where 
failure instances are significantly underrepresented, which is 
leading to biased models that favor the majority (non-failure) 
class and exhibit poor sensitivity to minority-class patterns [13].

To address the class imbalance problem, resampling strate­
gies such as undersampling and Synthetic Minority Over-sam­
pling Technique (SMOTE) are often adopted [14]. Nonetheless, 
these approaches have inherent drawbacks, such as loss of 
information or the generation of synthetic samples that poorly 
represent real-world failure conditions [15]. In recent develop­
ments, Generative Adversarial Networks (GAN) has emerged 
as a powerful tool to create synthetic data that better reflects the 
underlying data distribution [16]. However, standard GANs fre­
quently encounter training instabilities and mode collapse [17]. 
The Wasserstein Generative Adversarial Network (WGAN), 
a variant of GAN, has been proposed to improve convergence 
behavior and generate more diverse and reliable synthetic data, 
particularly for underrepresented fault cases [7].

At the same time, deep learning models specifically de­
signed for tabular data have gained interest. TabNet is one 
such model that integrates attention-based feature selection 

mechanisms to process structured data directly, without 
requiring extensive manual feature engineering. In contrast 
to traditional neural networks like CNNs or RNNs, which 
are better suited for images or sequential signals, TabNet is 
tailored to industrial datasets that are often tabular and mul­
tidimensional [18]. Furthermore, TabNet provides enhanced 
interpretability through its compatibility with SHAP (Shapley 
Additive Explanations), making it appropriate for applica­
tions where model transparency is crucial [19].

Despite these advancements, limited research has ex­
plored the integration of TabNet with generative oversam­
pling techniques like WGAN for fault detection applications 
in the petrochemical sector. Most prior studies have either 
focused solely on improving classification algorithms or 
on addressing class imbalance independently [20]. This gap 
highlights the need for a unified framework that combines 
interpretable deep learning classifiers with robust synthetic 
data generation techniques to improve detection accuracy in 
real-world, imbalanced industrial datasets.

All this allows to assert that it is expedient to conduct 
a study on the development of an integrated WGAN-TabNet-
based framework that combines accurate detection of rare 
fault events with interpretable insights, thereby advancing 
predictive maintenance capabilities for rotating machinery in 
the petrochemical industry.

3. The aim and objectives of the study

The aim of the study is to development of an integrated 
approach that combines robust data balancing with interpre­
table modeling, tailored to the operational demands of the 
petrochemical industry.

To achieve this aim, the following objectives are accom­
plished:

– to assess the performance limitations of the TabNet clas­
sifier when trained directly on imbalanced fault data without 
any data balancing strategy;

– to develop and evaluate a WGAN-based synthetic data 
generation process for balancing minority fault classes and to 
integrate it with TabNet to improve rare event detection;

– to compare the performance of the WGAN-TabNet model 
against benchmark classifiers (Logistic Regression, SVM,  
XGBoost) in order to validate its robustness and generalization;

– to identify and interpret key sensor variables that con­
tribute most to fault prediction by applying SHAP (SHapley 
Additive exPlanations) to the TabNet classifier outputs.

4. Materials and methods 

4. 1. Object and hypothesis of the study
The object of the study is the fault detection process in 

critical rotating machinery, specifically steam turbines and 
compressors, operating within a petrochemical production 
environment. The study focuses on the utilization of high-di­
mensional and class-imbalanced industrial sensor data col­
lected from these machines during typical operational cycles.

The main hypothesis of the study is that integrating Wass­
erstein Generative Adversarial Network (WGAN) for synthetic 
data balancing with TabNet for interpretable classification can 
significantly enhance the accuracy of detecting rare fault events 
in rotating machinery, while also providing transparent and ac­
tionable insights into the factors contributing to such failures.
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Several assumptions underlie the study. It is assumed that 
the historical sensor data collected from the target rotating 
equipment accurately reflects both normal and faulty operating 
conditions typical of the petrochemical industry. Furthermore, 
it is assumed that the synthetic failure data generated by WGAN 
sufficiently preserves the statistical characteristics of actual 
fault data, thereby avoiding distortions that could compromise 
model training. The TabNet architecture 
is presumed suitable for learning complex 
relationships within the high-dimension­
al tabular sensor data used for fault detec­
tion. Additionally, the benchmark clas­
sifiers selected for comparison (Logistic 
Regression, Support Vector Machine, and 
XGBoost) are assumed to be adequately 
optimized to serve as fair baselines.

To manage the scope of the study, cer­
tain simplifications have been adopted. 
The research focuses exclusively on fault 
detection, treated as a binary classifica­
tion problem (failure versus non-failure),  
and does not extend to fault diagnosis or 
severity estimation. 

The evaluation is performed on an offline dataset rather 
than a real-time streaming environment. Moreover, the study 
is based on data from a single petrochemical plant unit, 
and cross-validation across multiple plants or equipment 
types is reserved for future work. Finally, potential external 
influences such as operator interventions and maintenance 
activities are not explicitly modeled within the current ana­
lytical framework.

4. 2. Conceptual framework
This study follows a structured methodology for failure 

detection in rotating machinery by addressing the challenges 
of high-dimensional and imbalanced data. The proposed 
model integrates WGAN for synthetic minority oversampling 
and TabNet as the core classifier. As shown in Fig. 1, the data­
set used in this study was obtained from PT Pupuk Kujang, 
a state-owned petrochemical company in Indonesia, consist­
ing of historical operational data collected between 2015 and 
2024 from unit steam turbine and syngas compressor A-103-J. 
It includes 147 process parameters such 
as vibration, pressure, temperature, flow, 
analyzer outputs, and speed measure­
ments. They were used as inputs for 
data-driven fault detection model. For 
classification, the primary model used 
was TabNet. To structure the evaluation 
of the proposed methodology, three ex­
perimental paths were designed. 

The first path represents the base­
line model, where classification is per­
formed directly on the pre-processed 
data without balancing. 

The second path introduces WGAN after preprocessing 
to generate synthetic failure samples and address the class 
imbalance. This path also evaluates the effect of balancing 
training data on model performance. 

Lastly, the third path explores the same hybrid prepro­
cessing flow but replaces TabNet with traditional classifiers, 
namely Logistic Regression, Support Vector Machine (SVM), 
and XGBoost, to assess the comparative advantage of us­
ing TabNet.

Furthermore, to assess model interpretability, SHAP (SHap­
ley Additive exPlanations) was applied to TabNet’s output to 
determine the most influential features in predicting failure. 
The combined approach of preprocessing, synthetic balancing, 
and deep learning classification aims to provide a robust and 
interpretable solution for predictive maintenance in complex 
industrial settings.

4. 3. Data pre-processing 
The pre-processing stage was conducted using Python 

programming language and involved several systematic ac­
tivities to ensure data consistency and readiness for further 
analysis. The first step was data cleaning, which focused on 
identifying and removing duplicate records based on the tag 
number of the parameters. Additionally, rows containing 
missing values were entirely excluded from the dataset. This 
decision was taken to avoid introducing biases or inaccura­
cies, especially considering that missing values often appear 
across multiple process parameters recorded at the same time­
stamp. As a result of this initial cleaning process, the number 
of features (tag numbers) was reduced from 147 to 140, while 
the number of records decreased from 17,505 to 17,477.  
As seen in Fig. 2, several variables exhibit significantly differ­
ent scales and ranges, with some features displaying values 
reaching up to 20,000 while others remain below 100. This 
indicates a high degree of heterogeneity in the data, particu­
larly because the data has not yet undergone normalization 
or standardization processes. 

Subsequently, standardization was applied to all numerical 
features using Z-score normalization. This step was essential 
because, without standardization, features with larger magni­
tudes could dominate the learning process, potentially leading 
to sub-optimal model performance and convergence issues. 
Z-score normalization transforms the original data by rescal­
ing it to have a mean of zero and a standard deviation of one, 
ensuring that each feature contributes equally during model 
training. The standardization formula used is as follows
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where X – the original value, μ – the mean and σ – the standard 
deviation of the respective feature. Fig. 3 presents the boxplot 
of all features after standardization, showing that most vari­
ables now fall within a standardized range of approximately 
–3 to +3, with interquartile ranges centered around zero. This 
indicates that the standardization process has successfully 
normalized the scales across features, allowing for meaningful 
comparison and analysis. However, the presence of extended 
whiskers and some outliers in several variables suggests that 
certain operational parameters still exhibit inherent variability, 
which may carry valuable information for anomaly detection 
or predictive maintenance.

Following data cleaning and standardization, the dataset 
was divided into training and testing subsets using an 80:20 ratio.  
The training set was utilized to develop machine learning 
models, while the testing set was reserved for performance 
evaluation. After completing data splitting steps, the training 
set consisted of 13,981 records, comprising 11,429 normal and 
2,552 failure instances. Meanwhile, the testing set contained 
3,496 records, including 2,878 normal and 618 failure instances.  
This final distribution reflects the imbalanced nature of the 
dataset, highlighting the necessity of appropriate data balanc­
ing strategies during the modelling process.

4. 4. Data balancing strategies
To address the class imbalance issue inherent in the 

failure detection dataset where the minority class (failures) 
represented by 2552 failure instances or less than 19% of total 
records, this study employed the Wasserstein Generative Ad­
versarial Network (WGAN) to generate synthetic fault data. 
The WGAN architecture comprises two neural networks: 
a generator G and a critic D, which are trained simultaneously 
in a minimax optimization framework. Unlike classical GANs 
that minimize the Jensen-Shannon divergence, WGAN mini­
mizes the Earth Mover’s distance (also known as Wasserstein-1 
distance), which is more stable and informative in gradient 
propagation. The loss function of WGAN can be defined as

min�max� ,~ ~
G D D

x P z PE D x E D G z
r z�

� ��� �� � � �� ��
�

�
� 	 (2)

where Pr represents the real data distribution, Pz denotes the 
distribution of noise variables, and D – the set of 1-Lipschitz 
functions enforced via gradient penalty. The training process 
involved alternating updates between the critic and the genera­
tor, with the critic trained five times more frequently per itera­
tion to ensure the accurate estimation of Wasserstein distance. 

The WGAN model was trained using the Adam optimizer 
and tuned with the following settings shown in Table 1.

Table 1
Hyperparameter configuration

Hyperparameter Value Description

Latent  
Dimension 32

Dimension of the random noise vector 
used as input to the generator. This 
value affects the generator’s capacity to 
learn complex patterns

Batch Size 64

The number of samples processed in 
each training iteration. This value influ­
ences both the stability and speed of the 
training process

Epochs 5000 The total number of training iterations 
performed to achieve convergence

n_critic 5 The number of training steps for the 
critic per training step of the generator

Learning Rate 1e-4
The learning rate used for the Adam 
optimizer applied to both the generator 
and the critic

Gradient  
Penalty 10 Coefficient used to enforce the Lipschitz 

continuity constraint via gradient penalty

This configuration allowed WGAN to generate synthetic 
failure instances that closely mirrored the statistical charac­
teristics of real fault data. The augmented dataset was subse­
quently used to train the TabNet classifier, thereby improving 

the model’s performance in detecting rare 
fault conditions.

4. 5. TabNet classifier
Tabular data is prevalent in many in­

dustries, often characterized by structured 
and heterogeneous features. Convention­
al models, such as decision trees and 
gradient boosting machines, perform well 
but lack inherent deep feature represen­
tation. Conversely, deep learning models 
frequently struggle with interpretability 
and efficiency in handling tabular data.

TabNet addresses these challenges through an attentive, 
sequential processing framework that enables effective learn­
ing of data-driven representations with high interpretability. 
This feature-wise attention allows TabNet to perform implicit 
feature selection during training, emphasizing the most rel­
evant inputs while suppressing less informative ones. The 
architecture of TabNet consists of multiple components as 
shown in Fig. 4.

The model begins by transforming the input features 
through a shared feature transformer, which processes input 
features through fully connected layers and applies ReLU ac­
tivation to introduce non-linearity. In each decision step, the 
Attentive Transformer generates sparse feature masks, which 
select relevant features for the subsequent step, encouraging 
sparsity via the Sparsemax activation function. The mask M[l] 
at decision step l is computed as

MM P hl l l�� �� ��� �� ��� ��� � �Sparsemax� 1 1
 ,	 (3)

where  denotes element-wise multiplication, and Sparsemax 
promotes sparsity by selecting a small subset of important 
features. The decision outputs at each step are then aggre­
gated for the final prediction. The output of the model is the 
average of the decision steps for classification tasks or the sum 
for regression tasks
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where d[l] – the decision output at step l and is the total num­
ber of decision steps. This sequential decision-making process 
ensures that the model progressively refines its understanding 
of the data, making TabNet an efficient and interpretable ap­
proach for tabular data analysis. 

In this study, TabNet was configured using a series of grid 
search experiments to determine appropriate hyperparameter 
values. The hyperparameters used for TabNet training are 
shown in Table 2.

The selected hyperparameter values in Table 2 reflect 
a  trade-off between learning efficiency and model stability. 
A relatively small learning rate (0.005) combined with sched­
uled decay every 50 epochs helps prevent overshooting and 
encourages convergence. 

The use of StepLR and gamma decay ensures smooth 
training progress, while the verbose setting facilitates moni­
toring. This configuration was found to be effective in maxi
mizing the TabNet model’s ability to learn complex failure 
patterns without overfitting.

4. 6. Feature importance
To complement the predictive performance of the TabNet 

classifier with a transparent decision-making process, this 
study incorporated SHAP (SHapley Additive exPlanations) 
for post-hoc interpretability analysis. SHAP is a unified frame­
work derived from cooperative game theory that attributes the 
contribution of each input feature to the model’s prediction, 
providing both global and local interpretability.

After the final TabNet model was trained 
on the WGAN-balanced dataset, SHAP val­
ues were computed to quantify the impor­
tance of each process parameter in the fault 
classification task. The SHAP values ϕj for 
feature fj are computed by averaging its 
marginal contributions across all possible 
feature coalitions
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where F – the set of all features, S rep­
resents subsets of features excluding fea­
ture f, and fs(xs) denotes the expected model 
prediction when using the subset S. This 
analysis enabled the identification of vari­
ables that had the most significant influ­
ence on the model’s output, thus allowing 
for engineering insights into potential root 
causes of equipment failure.

5. Results of research on fault detection model 
scenarios

5. 1. Baseline model performance (without data bal-
ancing)

In the initial experimental scheme, the TabNet classifier 
was trained using the original imbalanced dataset without ap­
plying any resampling or data balancing technique. The pur­
pose of this baseline scenario was to observe how the classifier 
performs when exposed to the raw class distribution, which is 
heavily skewed toward normal operational conditions.

The evaluation metrics for both training and testing 
data are summarized in Fig. 5. On the training dataset, the 
model achieved an accuracy of 0.9635, precision of 0.9006, 

recall of 0.8998, F1-score of 0.9002, and  
AUC of 0.9423. However, performance de­
clined slightly on the testing dataset, with 
an accuracy of 0.9622, precision of 0.8985, 
recall of 0.8889, F1-score of 0.8937, and 
AUC of 0.9299.

These results indicate that although 
TabNet demonstrated relatively strong per­
formance in terms of overall accuracy and 
AUC, its ability to consistently identify mi­
nority class instances, reflected in the lower 
recall and F1-score, was still limited. This 
outcome highlights the sensitivity of deep 
learning classifiers to imbalanced class dis­
tributions, where the majority class tends 
to dominate learning behavior.
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Table 2
Hyperparameter configuration

Hyperparameter Value Description

Learning rate 0.005 Controls the rate of weight updates during each 
training iteration

Scheduler function StepLR Adjusts the learning rate gradually throughout 
the training process

Step Size 50 The learning rate is reduced every 50 epochs

Gamma 0.9 Multiplicative factor for the learning rate at each 
adjustment step

Verbose 10 Determines the logging frequency during train­
ing (every 10 steps)
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5. 2. Performance of the WGAN-TabNet integration
In the second experimental scheme, the dataset was aug­

mented using the Wasserstein Generative Adversarial Net­
work (WGAN) to synthetically balance the failure class before 
being used to train the TabNet classifier. This integration was 
intended to mitigate the negative effects of class imbalance 
observed in the baseline scenario and to improve the model’s 
ability to detect rare failure instances.

As shown in Fig. 6, the WGAN-TabNet model achieved 
a training accuracy of 0.9706, with precision, recall, F1-score, 
and AUC all equal to 0.9706. These results indicate a strong 
learning capability with no apparent signs of overfitting 
on the training set. When evaluated on the test dataset, the 
model maintained high generalization performance, achiev­
ing 0.9601 accuracy, 0.9325 precision, 0.9314 recall, 0.932 F1-
score, and 0.9313 AUC score.

Compared to the baseline model, the integration of WGAN 
contributed significantly to the improvement of recall and 
F1-score, which are critical metrics in predictive maintenance 
tasks. The high recall suggests that the model became more 
sensitive to detecting failure events, while the consistent 
AUC demonstrates balanced classification capability across 
various thresholds.

5. 3. Performance of benchmark classifiers
To assess the performance of the proposed WGAN-TabNet  

model, three commonly used classification algorithms, namely  

Logistic Regression, Support Vector Machine (SVM), and Ex­
treme Gradient Boosting (XGBoost), were selected as bench­
mark models. Each classifier was trained using the same 
WGAN-balanced dataset to ensure a fair comparison across 
methods. The evaluation metrics for each model on both 
training and testing datasets are presented in Fig. 7.

On the training data, logistic regression achieved an accu­
racy of 0.9314, with precision, recall, F1-score, and AUC all  
at 0.9314. However, performance slightly declined on the test­
ing dataset, with an accuracy of 0.9468, precision of 0.9008, 
recall of 0.9241, F1-score of 0.9119, and AUC of 0.9241.

The SVM model showed improved results compared to lo­
gistic regression. On the training dataset, SVM yielded 0.9482 
accuracy, 0.9494 precision, 0.9482 recall, 0.9481 F1-score,  
and 0.9482 AUC. These values were relatively consistent on the 
testing dataset, where SVM achieved 0.959 accuracy, 0.9296 pre­
cision, 0.9307 recall, 0.9302 F1-score, and 0.9307 AUC.

Among the three benchmarks, XGBoost exhibited the 
strongest performance on the training dataset, with perfect 
alignment across all metrics at 0.9789. This indicates that 
XGBoost is highly well-fitted to the training data. On the test 
data, however, its accuracy dropped to 0.9598, with precision 
of 0.9312, recall of 0.9316, F1-score of 0.9314, and AUC of 
0.9316, still strong, but slightly less consistent than the train­
ing set. Despite the high results from XGBoost and SVM, both 
models demonstrated a tendency to overfit or exhibit reduced 
generalization compared to TabNet.
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5. 4. Feature importance from SHapley Additive ex-
Planations

To further enhance the interpretability of the TabNet model, 
SHAP (SHapley Additive exPlanations) analysis was employed 
to evaluate the contribution of each feature to the model’s pre­
dictions. SHAP values provide insights into how each feature 
influences the model’s output, both globally and locally. This 
analysis is crucial for understanding the key factors 
driving fault detection predictions in the rotating 
machinery dataset.

The SHAP summary plot shown in Fig. 8 pro­
vides an overview of feature importance across all 
samples. Each point in the plot represents a SHAP 
value for a feature and corresponds to an individual 
instance in the dataset. The horizontal axis shows the 
impact of each feature on the model output, with fea­
tures positioned according to their overall influence. 
From the summary plot, it is evident that feature 
TI5011A.PV and feature FIC1008.PV have the largest 
impact on the model’s predictions, both displaying 
significant variation in SHAP values. Features with 
high SHAP values (in red) indicate that the corre­
sponding feature values contribute positively to the 
model’s prediction, whereas low SHAP values (in 
blue) have the opposite effect.

The SHAP waterfall plot (Fig. 9) illustrates how 
individual features influence a specific prediction. 
In this case, it is possible to observe that Feature 
65 has the most significant positive impact on the 
prediction of fault occurrence, increasing the prob­
ability of failure substantially. The cumulative effect 
of features is clearly shown, allowing for a detailed 
understanding of how each feature value pushes 
the prediction toward failure or non-failure. The 
contribution of Feature 22 and Feature 2 further 
supports the prediction, while Feature 64 contrib­
utes negatively, lowering the predicted probability 
of failure.

The SHAP bar chart (Fig. 10) aggregates the 
mean absolute SHAP values for each feature, pro­
viding a ranking of their overall importance across 

all instances. Feature 65 stands out as the most influential 
feature, with a SHAP value of +0.15. Following it are Fea­
ture 22 (+0.12) and Feature 13 (+0.03), which also contribute 
significantly to the fault prediction. The chart also highlights 
that a large number of other features, such as Feature 7 and 
Feature 91, have a minor contribution to the final prediction, 
with SHAP values close to zero.
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Fig. 7. Comparison between classifiers: a – accuracy; b – precision; c –recall; d – F1-score; e – AUC score; f – legend
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The combined insights from the SHAP summary plot, 
waterfall plot, and bar chart consistently highlight that a few 
critical features, TI5011A.PV (oil temperature) and FIC1008.
PV (inlet gas flow) play a dominant role in fault prediction. 
These features appeared repeatedly with high SHAP values 
and were responsible for significant shifts in prediction prob­
abilities toward failure events.

6. Discussion of results from fault detection model 
scenarios 

The integration of Wasserstein Generative Adversarial  
Network (WGAN) and TabNet demonstrated significant im­
provements in fault detection performance for rotating ma­
chinery under class-imbalanced conditions. As illustrated in 
Fig. 5 and Fig. 6, training TabNet directly on the imbalanced 
dataset led to high accuracy (0.9622) but relatively lower re­
call (0.8889) and F1-score (0.8937), reflecting the model’s bias 
toward the majority class. This outcome aligns with previous 
findings in literature [4, 13, 19], where standard classifiers 
tend to underperform in rare event detection due to skewed 
class distributions.

In contrast, the WGAN-TabNet integration 
effectively mitigated this imbalance, achiev­
ing substantial gains in recall (0.9314) and F1-
score (0.932), while maintaining balanced accu­
racy and AUC (Fig. 6). This confirms that the 
synthetic samples generated by WGAN success­
fully preserved the statistical structure of minori­
ty-class data, as supported by previous studies 
that reported similar benefits of GAN-based bal­
ancing in fault detection contexts [7, 18].

Benchmark comparison (Fig. 7) shows that  
while XGBoost and SVM achieved compet­
itive performance, TabNet-WGAN provided 
better generalization and interpretability. Al­
though XGBoost yielded perfect training re­
sults (0.9789), it exhibited slight overfitting on 
test data (0.9598 accuracy). Moreover, unlike 
TabNet, these models lack built-in feature selec­
tion and transparency mechanisms. This sup­
ports the conclusions from earlier investigation 
emphasizing the advantage of attention-based 
deep learning models in interpretable tabular  
learning [5, 18].

SHAP-based interpretability (Fig. 8–10) fur­
ther reinforces the model’s credibility. Fea­
ture TI5011A.PV (oil temperature) and feature 
FIC1008.PV (inlet gas flow) were identified as 
top contributors, consistent with known failure 
precursors in rotating equipment [8–10]. The 
agreement between model insights and engi­
neering knowledge supports the model’s appli­
cability in real-world maintenance planning.

Overall, this study validates the feasibility 
of combining WGAN and TabNet for fault de­
tection in imbalanced industrial data, providing 
both predictive performance and transparency. 
This work contributes to the body of research 
on interpretable deep learning for condition 
monitoring and aligns with the industrial de­
mands for reliability, explainability, and action­
able insight.

Despite its strengths, this study has certain limitations. 
First, the dataset originates from a single petrochemical plant, 
limiting generalizability to other industrial settings. Second, 
the framework was tested in an offline batch learning context, 
without real-time data streaming, which restricts immediate 
deployment in online monitoring systems.

Among the disadvantages, WGAN training is computa­
tionally intensive and sensitive to hyperparameters. Addition­
ally, TabNet’s performance is reliant on careful tuning and 
may not scale well for extremely sparse datasets or environ­
ments with limited computational resources.

For future development, several directions are recom­
mended to enhance the applicability and robustness of the 
proposed fault detection framework. First, validation should 
be extended to various types of rotating machinery and across 
multiple industrial sites to improve the generalizability of the 
model. This would ensure that the approach is not limited to 
a single plant context. Second, integrating the model into re­
al-time monitoring systems and enabling online learning ca­
pabilities would allow continuous adaptation to new data and 
changing operational conditions, supporting more dynamic 
predictive maintenance. Third, exploring alternative or light­
weight data balancing methods with lower computational  
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complexity, such as variational autoencoders or improved 
synthetic sampling could address the limitations posed by the 
training demands of WGAN. Additionally, the model’s effi­
ciency may be optimized by removing features with low SHAP 
value contributions, allowing the system to run faster and 
more resource-efficient without sacrificing accuracy. Finally, 
embedding explainability mechanisms directly into mainte­
nance dashboards would strengthen operator trust and enable 
timely, informed decision-making in industrial environments.

7. Conclusions

1. The experiment on the baseline model using the TabNet 
classifier on the original imbalanced dataset demonstrated 
significant challenges in detecting minority class failures. The 
model achieved an accuracy of 96.22%, precision of 89.85%, 
recall of 88.89%, F1-score of 89.37%, and AUC of 92.99% on 
the testing set. Although the model exhibited good overall 
performance, its recall and F1-score were relatively low, high­
lighting the difficulty of accurately detecting rare fault events 
without addressing the class imbalance issue.

2. The integration of WGAN for synthetic data balancing 
improved the model’s ability to detect rare fault events signifi­
cantly. The WGAN-TabNet model achieved 96.01% accuracy, 
93.25% precision, 93.14% recall, 93.20% F1-score, and 93.13% 
AUC on the testing dataset. These results demonstrate that 
WGAN effectively mitigates the bias towards the majority class, 
enhancing recall and F1-score while maintaining balanced ac­
curacy and AUC. This improvement confirms the effectiveness 
of WGAN in handling class imbalance in fault detection tasks.

3. Performance benchmarking against traditional classi­
fiers (Logistic Regression, SVM, XGBoost) further validated 
the superiority of the WGAN-TabNet integration. On the 
test set, Logistic Regression achieved an F1-score of 91.19%, 
SVM achieved 92.96%, and XGBoost scored 93.14%, all lower  
than the 93.20% achieved by WGAN-TabNet. Moreover, 
WGAN-TabNet outperformed these classifiers in terms of 
AUC, achieving 93.13% compared to XGBoost’s 93.01%, SVM’s 
92.57%, and Logistic Regression’s 91.96%. These results high­
light the robust generalization and improved detection capa­
bility of WGAN-TabNet. 

4. The analysis of SHAP values allowed the extraction of 
meaningful operational insights, the feature TI5011A.PV (oil  

temperature) showed the highest average SHAP value of 
+0.15, followed by FIC1008.PV (inlet gas flow) with +0.12. 
These findings highlight the importance of specific opera­
tional variables in predicting equipment failures, providing 
valuable insights for maintenance engineers. The SHAP analy
sis further reinforces the transparency and interpretability 
of the WGAN-TabNet model, enabling more informed deci­
sion-making for predictive maintenance interventions. 
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