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An Explainable Artificial Intelligence Framework for Predictive
Maintenance Using Hybrid Machine Learning and Multi-Task
Transformer Models

Milica Tufegdzi¢™

Abstract: An integrated explainable artificial intelligence (XAI) framework for predictive
maintenance is proposed, focusing on failure prediction, Remaining Useful Life (RUL)
estimation, and real-time asset monitoring. The framework is evaluated using a
synthetically generated predictive maintenance data simulating 50 machines over time,
producing realistic multivariate sensor signals that degrade with wear and occasional
shocks, then converted into a supervised dataset for failure prediction and RUL
estimation. The study evaluates several classical machine learning (ML) models, such as
XGBoost (Extreme Gradient Boosting), Random Forest (RF), Gradient Boosting (GB),
Logistic Regression (LogR), Support Vector Machine (SVM), and K-Nearest Neighbors
(KNN), for classification and regression tasks. XGBoost demonstrated strong overall
performance, achieving the best RUL regression performance and competitive
classification results, while RF and GB achieved comparable or slightly better results for
individual classification metrics. A multi-task transformer is introduced to jointly model
failure probability, uncertainty-aware RUL, anomaly reconstruction, and survival-based
time-to-failure estimation, thereby providing a unified framework for modeling multiple
temporal predictive-maintenance objectives. An autoencoder is included as a
supplementary reconstruction-based component for anomaly scoring, while a risk
function combines failure probability and RUL to enable real-time decision-making. To
ensure interpretability, SHapley Additive exPlanations (SHAP) analysis is used to
quantify feature importance at the sensor level. The framework is evaluated using Receiver
Operating Characteristic (ROC) curves and Precision-Recall curves, along with Mean
Absolute Error (MAE), Root Mean Squared Error (RMSE), and Coefficient of
Determination (R?) metrics. These results demonstrate the strong performance of
ensemble models, particularly XGBoost. Overall, the framework demonstrates the
potential of combining tree-based models, transformer-based temporal learning, and
SHAP-based interpretability for predictive maintenance under synthetic sensor
conditions.

Keywords: multi-task learning, transformer models, failure prediction, remaining
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1. Introduction

In modern industrial environments, the increasing reliance on interconnected
cyber-physical systems has intensified the need for intelligent tools that ensure
operational reliability and cost efficiency. Predictive Maintenance (PdM) has
emerged as a transformative approach that leverages data-driven methods to
anticipate equipment failures and optimize maintenance schedules, thereby
minimizing unexpected downtime and extending asset life cycles. However,
despite significant progress in machine learning (ML)-based PdM solutions,
challenges remain in handling high-dimensional temporal sensor data, capturing
complex degradation behaviors, and providing transparent, interpretable insights
into model decisions. These challenges hinder the adoption of Al-driven
maintenance systems in safety-critical and regulated industrial applications.
Predictive maintenance is a condition-based approach that uses machine condition
data to detect and predict faults before equipment fails. Diagnostic focuses on
detecting and identifying faults using either hardware redundancy (multiple
sensors) or analytical redundancy based on models and data. Prognostics goes a
step further by predicting future failures and estimating the RUL of equipment.
Today, data-driven ML methods are widely used in predictive maintenance
because Internet of Things (IoT) systems generate large amounts of industrial
data, making these techniques effective and cost-efficient for complex
manufacturing systems [1]. Through preprocessing and analytics, this data can be
transformed into meaningful insights about manufacturing processes, supporting
decision-making, maintenance scheduling, failure detection, Remaining Useful
Life (RUL) and health index estimation, cost reduction, and improved worker
safety [2].

PdM uses historical data, real-time sensor readings, and ML algorithms to predict
equipment failures before they occur. It analyzes patterns and detects anomalies
to reduce unplanned downtime, optimize maintenance schedules, lower costs, and
extend asset lifespan [3]. PdM leverages real-time data analytics and ML-based
models for efficient maintenance scheduling and improved equipment longevity
[4]. The aim of PdM is not only to collect process parameters, but also to monitor
the physical health of equipment using data such as pressure, vibration,
temperature, acoustics, and flow rate. This information is used for fault detection,
early anomaly identification, equipment health assessment, and prediction of
future system states [5].

Predictive maintenance is further advanced by the emergence of the Artificial
Intelligence of Things, which integrates IoT sensor networks with Artificial
Intelligence (Al) algorithms to analyze real-time operational data for anomaly
detection, fault prediction, and maintenance recommendations. This integration
enables autonomous, scalable, and intelligent maintenance systems aligned with
Industry 5.0, while edge computing, federated learning, and hybrid Al models
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enhance responsiveness, privacy, and adaptability [6]. RUL prediction is a core
aspect of predictive maintenance that reduces downtime and maintenance costs
while estimating the remaining operational life of a system or component before
failure [7].

Recent advancements in Explainable Artificial Intelligence (XAI) offer a
promising pathway toward trustworthy and interpretable PdM systems. By
integrating XAl techniques, models can not only predict failures and estimate
RUL more accurately but also justify their predictions through meaningful,
human-understandable explanations [8]. This is particularly crucial in industrial
contexts where maintenance decisions must be justified to engineers, operators,
and decision-makers. XAl in predictive maintenance includes various methods
grouped into model-agnostic, model-specific, and hybrid approaches [9]. Hybrid
models that integrate XAl with traditional ML are used in manufacturing,
predictive maintenance, and quality control to improve decision-making and
support human-Al collaboration [10]. Moreover, combining interpretable
ensemble learning models with temporal deep learning architectures enables more
robust generalization across varying operational conditions and sensor noise
levels [11].

This study proposes an integrated XAl Framework for Predictive Maintenance,
combining hybrid ML models and a multi-task transformer architecture. The
framework jointly addresses failure prediction, uncertainty-aware RUL
estimation, anomaly detection, and time-to-failure modeling, while ensuring
interpretability at the feature and sensor levels. Synthetic multivariate time-series
data simulating machinery degradation and shock events are used to evaluate
model performance under realistic conditions. Classical ML models, such as
Extreme Gradient Boosting (XGBoost), Random Forest (RF), Gradient Boosting
(GB), Logistic Regression (LogR), Linear regression (LR), Support Vector
Machine (SVM), and K-Nearest Neighbors (KNN), are benchmarked to select
optimal classifiers and regressors for PAM tasks. Ensemble methods, particularly
XGBoost, demonstrate strong performance across the evaluated classification and
regression tasks.

To enhance temporal modeling and uncertainty quantification, a multi-task
transformer is introduced, complemented by an autoencoder as a supplementary
reconstruction-based component for anomaly scoring. A composite risk function
integrating failure probability and RUL is proposed to support real-time
maintenance decision-making. Additionally, SHapley Additive exPlanations
(SHAP) are employed to quantify sensor-level contributions, promoting
transparency and operational trust. Evaluations using Receiver Operating
Characteristic (ROC) and Precision-Recall curves, along with Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE), and Coefficient of
Determination (R?) metrics, confirm the effectiveness of the proposed hybrid and
explainable approach.
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Overall, this framework bridges the gap between predictive performance and
interpretability, demonstrating that the integration of ensemble tree models,
transformer-based temporal learning, and SHAP-driven explainability can
significantly enhance the robustness, accuracy, and transparency of predictive
maintenance systems-laying the groundwork for next-generation intelligent and
trustworthy industrial asset management.

2. Literature Review

The Al predictive maintenance framework that combines Convolutional Neural
Network (CNN) for spatial feature extraction, Gated Recurrent Unit (GRU) for
temporal pattern learning, and Transformers for long-range dependencies, using
ensemble stacking and Bayesian Optimization for stable and efficient model
tuning, was evaluated on real smart manufacturing multi-sensor data, including
vibration, temperature, acoustic, and pressure signals, to monitor machine
condition over time [12]. RF, XGBoost, SVM, and ANN models were evaluated
using standard performance metrics. Results show that RF and XGBoost achieved
the best accuracy and robustness, demonstrating the value of data-driven fault
prediction for reducing downtime and improving proactive maintenance [13].
The approach, which combines a Transformer backbone with Monte Carlo
Dropout and Conformal Prediction to capture epistemic and aleatoric uncertainty
while improving calibration through Bayesian approximation and distribution-
free intervals, enabling reliable confidence estimates that support carly fault
detection and prioritized maintenance, was validated on the NASA C-MAPSS
dataset and benchmarked against existing methods [14]. Light Gradient Boosting
Machine (LightGBM) model with Dropouts meet Multiple Additive Regression
Trees booster tuning was developed for predictive maintenance using five datasets
from 100 machines containing telemetry, error, maintenance, and failure data. The
data were processed and feature-engineered, and the trained model was used to
classify short-term failure risk [15]. A conceptual NLP-Hybrid Intelligence
framework is proposed for smart manufacturing condition monitoring and
predictive maintenance, integrating sensor analytics with NLP-based contextual
industrial knowledge [16]. A hybrid predictive maintenance framework that
combines Long Short-Term Memory (LSTM) autoencoder-based unsupervised
anomaly detection with supervised fault prediction using an MLP was validated
on a digital-twin dataset simulating five years of industrial operation and
addresses class imbalance and operational variability [11].

ML algorithms used for RUL prediction in milling operations include Stochastic
Gradient Descent (SGD) Regressor, RF Regressor, Decision Tree Regressor,
Support Vector Regression (SVR), and Multi-Layer Perceptron (MLP) [17]. RUL
prediction models were developed using LR, SVR, RF, XGBoost, ridge
regression, and artificial neural networks (ANN). This ML-based RUL prediction
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was combined with Weibull distribution-based reliability analysis and a block
replacement model with minimal repair to optimize preventive maintenance
strategies [ 18]. ML algorithms such as SVR, RF, and XGBoost are used to predict
the RUL of lithium-ion batteries based on real-world degradation data [19]. The
model, which applied normalization and PCA for preprocessing, used
interpolation and grid search for optimization, and employed MLP to predict
engine RUL, was tested on NASA turbo engine datasets [20]. PdM framework
combines a probabilistic neural network for RUL prediction with a Quantile
regression deep Q-network distributional reinforcement learning agent. The
model analyzes sensor data to estimate RUL, measure prediction uncertainty, and
assess failure probability [21].

A data-driven ML approach using ANN with Neural Basis Networks combined
with Fully Convolutional Networks and Autoencoder-based Convolutional
Networks was developed to model degradation paths, predict failures, and
estimate RUL in complex manufacturing systems. The method improves
prediction accuracy by using an enhanced NBN training algorithm with an
accumulative design that preserves the monotonic degradation trend and
effectively handles large, complex multi-machine datasets [22].

A hybrid approach combining supervised learning using a MLP and reinforcement
learning using Q-learning was proposed to improve RUL prediction accuracy and
precision, and was evaluated on the C-MAPSS dataset [23]. A hybrid predictive
maintenance framework combined physics-based modeling with a bidirectional
Long Short-Term Memory (BiLSTM)-based Al model, using model residuals to
enhance fault diagnosis, anomaly detection, and RUL prediction for rotating
machinery such as bearing wear and shaft imbalance [24]. The hybrid deep
learning model that was developed for RUL point predictions, consisted of an
input layer defined by the window size and number of features, followed by
multiple 1D-CNN layers with ReLU activation for feature extraction and Bi-
LSTM layers for temporal learning. Fully connected dense layers with
Exponential Linear Unit activation further process the learned representations,
and a final linear output layer with a single neuron generates the prediction [25].
A RUL prediction method that combines BiLSTM and Transformer architectures
is proposed. First, a BILSTM-based denoising autoencoder extracts features from
multivariate sensor data, which are then used by a Transformer encoder to
estimate RUL [26]. A multi-task transformer encoder and customized gate control
model was proposed to jointly predict tool RUL and wear stages using a
transformer encoder for shared feature extraction and customized gate control for
task-specific and shared features. It was trained using a dynamic adaptive multi-
task loss function to improve learning efficiency [27]. The Multi-Input Data-
I1DC+LRT model was proposed as a multi-task learning framework integrating a
multi-input 1D CNN (and a low-rank transformer to process a high-dimensional
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sensor, multi-condition, and health indicator data while reducing computational
complexity, in order to predict RUL [28].

XAI improves Al-driven maintenance by making ML models more transparent,
interpretable, and trustworthy, addressing the "black box" nature of many systems
and enabling smarter decision-making. However, challenges remain in integrating
XAI with IoT-based digital twins, balancing explainability with cybersecurity,
and ensuring scalability for reliable and efficient deployment [29]. A XAl
framework for failure detection and classification uses symbolic expressions from
a genetic programming classifier. The method applies normalization,
oversampling, cross-validation, and hyperparameter tuning, then builds a meta-
dataset to train RF models and form class-specific voting ensembles [30]. A
hybrid ensemble predictive maintenance framework combines multiple ML
classifiers to overcome key limitations in PdM, integrating RF, XGBoost, and
LightGBM with SHAP for transparent and interpretable decision-making. The
models are trained using 5-fold cross-validation, with soft-voting and weighted
probability averaging for final prediction, while hyperparameter tuning and SHAP
analysis are applied within a unified pipeline to ensure reproducibility and
explainability [31].

RUL estimation on the NASA C-MAPSS dataset is performed using a stacked
LSTM model for temporal degradation learning. SHAP and TimeSHAP provide
sensor- and time-step-level interpretability, while robustness under Gaussian,
drift, and spike noise is evaluated using Spearman correlation and Top-K
consistency metrics [32]. A predictive maintenance framework for aircraft
engines was developed that combines accurate RUL prediction with cost-aware
maintenance scheduling using an ensemble of LightGBM, CatBoost, and GB to
improve prediction accuracy and stability, while SHAP analysis enhances
interpretability by identifying key sensors and operational factors [33].

3. Methodology
3.1. Synthetic Dataset Generation for Predictive Maintenance

A fully synthetic dataset was constructed to address the limited availability of real
industrial condition monitoring data, which is typically constrained by failure
scarcity, class imbalance, and high acquisition cost. This simulation-based setup
provides a controlled environment for modeling machine degradation dynamics
and evaluating Transformer-based predictive maintenance architectures under
consistent conditions.

The dataset represents a fleet of machines operating under heterogeneous
conditions over time. Its structure is defined through configurable parameters,
including the number of machines, temporal resolution per unit, and sliding-
window length. Each machine trajectory is generated independently to reflect
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variability across industrial assets, matching the multi-sequence input formulation
used in the Transformer model.

Machine health evolution is modeled through a nonlinear wear process combined
with stochastic shock events that emulate abrupt stress, overload, and operational
disturbances. These mechanisms generate multivariate operational signals,
including temperature, vibration, pressure, current, and wear-related
measurements. The raw sensor observations are subsequently transformed into
engineered features for the real-time inference pipeline. Specifically, statistical
descriptors and condition indicators are calculated from the sensor measurements,
including mean, standard deviation, maximum value, the latest wear state, and an
aggregated vibration/shock measure. The resulting feature representation is
described explicitly in Section 3.2. Degradation manifests as increasing
temperature and vibration trends and decreasing pressure, while Gaussian noise is
introduced to emulate measurement uncertainty and environmental variability.
Failure generation follows a stress-driven probabilistic mechanism in which
accumulated degradation increases the likelihood of failure over time. A
stochastic decision rule determines event occurrence at each time step, and failures
are assigned to predefined classes such as thermal, vibration-related, and pressure
leakage faults. This formulation supports both binary failure prediction and more
granular diagnostic learning consistent with multi-task outputs.

For real-time inference, incoming sensor observations are transformed into a fixed
feature representation using a dedicated feature-engineering procedure. The
procedure calculates statistical descriptors of temperature, vibration, and pressure,
together with the mean current, the most recent wear value, and an aggregated
vibration-based shock indicator. A machine identifier is retained separately for
machine-level traceability. This engineered representation is subsequently passed
to the trained predictive models during streaming inference. Supervision signals
are generated in parallel with the input construction. Binary labels indicate
whether failure occurs within a future prediction horizon, while Remaining Useful
Life (RUL) quantifies time-to-failure. The resulting dataset is stored in CSV
format and contains engineered features, machine identifiers, and target variables,
directly supporting the multi-task learning framework of failure prediction, RUL
estimation, and related auxiliary objectives used in the Transformer architecture.

3.2. Dataset Analysis

The dataset comprises 1,350 observations collected from 50 distinct machines.
Two variables, label and RUL, are used as target variables. The label variable
represents binary failure status, whereas RUL represents the remaining useful life
in cycles. The dataset contains 13 columns in total, comprising ten engineered
operational features, one machine identifier (machine id), and two target
variables (label and RUL).
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The conventional machine-learning benchmark, streaming-oriented predictive
analysis, and SHAP-based interpretability analysis use a common engineered
predictor representation. The feature-engineering procedure generates ten
operational features: temp mean, temp std, temp max, vib _mean, vib_ std,
pressure_mean, pressure_std, current mean, wear last, and shock sum. These
engineered features constitute the input representation used by XGBoost, Random
Forest, Gradient Boosting, Logistic Regression, SVM, KNN, and their regression
counterparts, ensuring a consistent feature space across the conventional machine-
learning benchmark. The same engineered feature representation is also used in
the real-time streaming procedure and for SHAP analysis of the XGBoost
classification model. The machine id variable is retained solely as an identifier
and is excluded from the input features of all predictive models. It is used only for
machine-level identification, traceability, and data partitioning where applicable.
The distinction between the different variable categories can therefore be
summarized as follows: (i) raw/original predictor variables are the variables
present in the dataset after the exclusion of the two targets; (ii) engineered features
are the ten derived sensors and condition descriptors generated by the streaming
feature-engineering procedure; (iii) machine id is an identifier used for machine-
level traceability; and (iv) label and RUL are target variables used for
classification and regression, respectively. In addition to these sensor
measurements, the dataset contains two target variables: a binary failure label
indicating normal versus failure/alert conditions, and a continuous RUL value
ranging from 0 to 270 cycles.

The dataset exhibits a pronounced class imbalance in the failure label, with 1,145
samples (84.8%) corresponding to normal operation and 205 sampics (15.2%)
representing failure states. This imbalance reflects real industrial settings where
failures are relatively rare compared to normal operating conditions and must be
accounted for during model development to avoid biased predictions. The boxplot
analysis (Figure 1) further confirms clear separation between normal and failure
states across key operational metrics. Failure conditions are associated with higher
temperature (= 85.4 °C vs. 78.4 °C), increased vibration (2.67 mm/s vs. 1.67
mm/s), elevated tool wear (median ~0.71 vs. 0.32), and reduced pressure (=28.8
bars vs. 31.6 bars). These shifts are consistent and non-overlapping in several
cases, particularly for vibration and wear, indicating strong discriminative power
for classification tasks.

From a modeling perspective, these patterns suggest high separability between
classes, making the dataset suitable for supervised learning approaches such as RF
or XGBoost. The monotonic trends across features also indicate potential utility
for early anomaly detection and predictive maintenance systems.
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Figure 1. Boxplot analysis

The RUL distribution (Figure 2) is heavily right-skewed, with most values
concentrated between 0 and 50 cycles and a long tail extending to 270 cycles. This
reflects a dataset dominated by late-stage degradation samples, with additional
variability in machine lifespans across the fleet. Such skewness suggests that
nonlinear models or transformations may be more appropriate than standard linear
regression methods. The failure label distribution (Figure 2) further reinforces the
need for careful modeling, as naive accuracy-based approaches may be misleading
due to class imbalance. Evaluation metrics such as recall and F1-score are more
appropriate, and techniques such as class weighting, SMOTE, or stratified cross-
validation are recommended to ensure robust learning of minority failure cases.

Analysis of degradation behavior shows clear relationships between sensor
variables and RUL (Figure 3).
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Figure 2. RUL and failure label distribution

Wear last, temp mean, vib _mean, and current mean exhibit strong negative
correlations with RUL (= —0.79), while pressure_mean shows a strong positive
correlation (= +0.79), reflecting consistent and opposing trends during equipment
deterioration. These variables collectively represent the primary degradation
signals of the system.

Marked multicollinearity is observed among temperatures, vibration, and current
measurements (= +0.99), alongside their strong inverse relationship with
pressure_mean (= —0.99). This indicates substantial redundancy across sensor
channels, which may justify dimensionality reduction in simpler models, although
ensemble-based methods are generally more robust to such dependencies.

A comparison of feature types indicates that aggregated statistics are more
informative than extreme values. Temp mean shows a stronger relationship with
RUL (—0.79) and a moderate association with failure (+0.38) compared to
temp max (—0.61 and +0.28), indicating that sustained operating conditions
provide more reliable degradation information than short-term fluctuations. In
contrast, temp_std, vib_std, and pressure_std exhibit negligible correlation with
the targets, indicating limited predictive value. Overall, the feature set contains a
small number of highly informative variables, substantial redundancy among
correlated sensors, and several weak descriptors, supporting selective feature
engineering.

Overall, the dataset reflects a coherent degradation process in which increasing
thermal, mechanical, and electrical stress is associated with decreasing pressure
and RUL.
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Figure 3. Correlation matrix

This structured behavior, together with clear class separability and strong inter-
feature relationships, indicates that the dataset is well suited for predictive
maintenance and failure prediction tasks.

3.3. Predictive Maintenance Framework

This study proposes a unified predictive maintenance framework for multivariate
time-series sensor data. The framework integrates classical ML, deep learning
models, anomaly detection methods, and XAl techniques to support both failure
prediction and RUL estimation. The hybrid design enables accurate classification
of machine states, reliable degradation modeling, real-time risk assessment, and
interpretable decision-making. By combining complementary modeling
approaches, the framework improves predictive robustness while ensuring
transparency in industrial applications. The framework was developed in Python
using several scientific and ML libraries, including NumPy, Pandas, Scikit-learn,
XGBoost, TensorFlow/Keras, SHAP, Matplotlib, and Seaborn. These modules
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were employed for data generation, preprocessing, feature engineering, model
development, evaluation, visualization, and explainability analysis.

The proposed methodology is structured into five main components: dataset
preparation, feature engineering, model development, evaluation, and real-time
simulation. The experimental dataset comprises multivariate industrial sensor
signals, including temperature, vibration, pressure, current, and machine wear
indicators. Two predictive tasks are defined: (i) binary failure prediction and (ii)
regression-based RUL estimation. The dataset is organized such that input
features are derived from sensor measurements, while target variables correspond
to failure labels and RUL values. The dataset was partitioned into training and
testing subsets using an 80:20 observation-level split. For the classification task,
stratified sampling was applied to preserve the proportion of the two failure
classes in the training and testing subsets. The split was performed independently
of machine_id; consequently, observations from the same machine may be present
in both the training and testing subsets. This should be considered when
interpreting the reported results, as machine-specific patterns may be partially
shared between the two subsets. A machine-wise split based on machine id would
provide a stricter evaluation of model generalization to previously unseen
machines and is therefore identified as an important direction for future validation.
The experimental pipeline uses a unified engineered feature representation for
conventional ML modeling, SHAP-based interpretability analysis, and real-time
streaming inference. Raw sensor observations are transformed into ten engineered
sensors and condition features derived from temperature, vibration, pressure,
current, wear, and vibration-based shock measurements. Within each window,
statistical descriptors are extracted to capture temporal dynamics and degradation
behavior. These include the mean, standard deviation, and maximum values of
temperature, vibration, and pressure signals, as well as aggregated vibration
energy and the most recent machine wear state. This transformation converts
sequential sensor data into structured feature vectors suitable for supervised
learning algorithms. The machine id variable is retained solely as an identifier
and is excluded from model training. All benchmark models are trained using the
same engineered predictor representation to ensure a fair and consistent
comparison.

A range of supervised learning models is evaluated for both predictive tasks. For
failure classification, the models include XGBoost, RF, GB, LogR, SVM, and
KNN. For RUL estimation, XGBoost Regressor, RF Regressor, GB Regressor,
LR, SVR, and KNN Regressor are employed.

Model performance is assessed using accuracy, Fl-score, and ROC-AUC for
classification, and mean absolute error (MAE), root mean squared error (RMSE),
and coefficient of determination (R?) for regression. Models are ranked based on
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Fl-score for classification and MAE for regression, and the best-performing
models are selected for further analysis. Receiver operating characteristic curves
are used to compare classification performance, while bar plots are utilized to
summarize regression results across evaluation metrics.

For failure prediction, probabilistic outputs from the selected classifier are
evaluated using precision—recall analysis. The Precision—Recall curve is used to
assess the trade-off between precision and recall across different classification
thresholds. The decision threshold is selected by maximizing the F1-score across
candidate values.

A composite risk score is introduced to combine the predicted probability of
failure with the estimated Remaining Useful Life (RUL) for continuous
maintenance risk assessment. The risk score is defined as

RUL
R = 0.7P¢ + 0.3exp (— 3), (1)

where R denotes the composite risk score, Pris the predicted probability of failure,
and RUL is the predicted remaining useful life in cycles. The coefficient 0.7
assigns a greater contribution to the predicted failure probability, while the
coefficient 0.3 incorporates the contribution of the estimated RUL. The
exponential term provides a smooth decreasing function of RUL: as the predicted
RUL decreases, exp(—RUL/50) increases, resulting in a higher contribution to the
overall risk score. The value 50 represents the RUL scaling parameter used in the
implementation. This formulation therefore combines immediate failure
likelihood with remaining operational lifetime, giving greater emphasis to failure
probability while increasing the risk contribution when the predicted remaining
lifetime is short. In the real-time monitoring procedure, a maintenance alert is
triggered when the composite risk score exceeds 0.7. A real-time streaming
simulation environment is implemented to replicate industrial monitoring
conditions. Synthetic sensor streams are generated using probabilistic
distributions that reflect operational variability. At each time step, engineered
features are computed and fed into trained models to estimate failure probability
and RUL. The resulting risk score is continuously updated, and maintenance alerts
are triggered when the risk exceeds a predefined threshold.

An unsupervised autoencoder is employed as a reconstruction-based anomaly
scoring component. The model consists of fully connected encoder and decoder
layers and is trained using the Adam optimizer with mean squared error (MSE)
loss. The reconstruction error is calculated for each observation as the mean
squared difference between the original input and its reconstructed representation
and is used as an anomaly score. Higher reconstruction errors indicate
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observations that are less consistent with the patterns learned by the autoencoder.
In the present implementation, the reconstruction error is used as a continuous
anomaly score; an explicit anomaly threshold and a separate quantitative
anomaly-detection evaluation are not defined. Therefore, the autoencoder results
are interpreted as reconstruction-based anomaly scoring rather than as a calibrated
binary anomaly detector. Model interpretability is achieved using SHAP. A
Kernel SHAP explainer is applied to the XGBoost classifier to quantify feature
contributions to failure predictions. A representative background dataset
consisting of 100 randomly selected observations from the training set is used to
initialize the explainer. SHAP values are then computed for 200 observations from
the test set. The feature space and feature ordering are kept identical between the
training and test representations to ensure consistency during explanation. Both
global and local explanations are generated, allowing identification of the most
influential predictor variables in failure prediction.

Finally, a Transformer-based multi-task learning architecture is developed to
jointly model multiple predictive maintenance objectives. The architecture
incorporates positional encoding and stacked self-attention layers to capture
temporal dependencies in sensor data. To quantitatively evaluate the Transformer
component, the two model variants, Functional 1 and Functional 2. were
additionally evaluated using a machine-wise train—test partition, with 40 machines
used for training and 10 previously unseen machines used for testing. The
machine_id variable was used only to define machine-wise data partitions and was
not included as an input feature to the Transformer models. Because each machine
contains 27 observations, whereas the Transformer architecture icquiics a
sequence length of 30, the first observation of each machine was repeated for
initial padding, ensuring that all sequence elements originated from the same
machine. Functional_1 was evaluated for failure classification, whereas
Functional_2 was evaluated for failure classification, RUL estimation, sequence
reconstruction, and survival-oriented prediction. A shared representation layer
feeds multiple task-specific output heads for failure classification, RUL regression
with uncertainty estimation, anomaly reconstruction, and survival probability
prediction. The model is trained using a weighted multi-objective loss function to
balance the contributions of the individual tasks.
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4. Results and Discussion
4.1. Failure Classification

The classification benchmark results for all tested ML models are presented in
Table 1.

Table 1. Classification benchmark

Model Accuracy F1-score ROC-AUC
XGBoost 0.859 0.441 0.833
RF 0.878 0.441 0.815
KNN 0.870 0.407 0.822
GB 0.852 0.333 0.834
LogR 0.837 0.043 0.815
SVM 0.848 0.000 0.592

The classification results summarized in Table 1 show that all evaluated models
achieve relatively high accuracy, ranging from approximately 0.837 to 0.878.
However, the substantially lower Fl-scores indicate that this performance is
influenced by class imbalance, where majority-class dominance inflates accuracy
and masks poor minority-class detection. As a result, accuracy alone is not a
reliable indicator of model effectiveness in this setting.

In terms of class separability, measured by ROC-AUC, GB achieves the highest
score (0.834), closely followed by XGBoost (0.833). KNN also shows
competitive performance (0.822), while RF and LogR are slightly lower but
comparable. In contrast, SVM performs poorly (0.592), indicating limited ability
to separate the classes. A clearer difference emerges in Fl-score, which better
reflects minority-class performance. XGBoost and RF achieve the best results
(0.441), followed by KNN (0.407). GB drops to 0.333, while LogR and SVM
perform poorly, with SVM failing to detect the minority class (F1 = 0). This
confirms the limited suitability of linear decision boundaries for this dataset.
Overall, XGBoost provides the most balanced performance across both
discrimination (ROC-AUC) and minority-class sensitivity (F1-score). Its
advantage can be attributed to its gradient-boosted tree structure, which
sequentially corrects errors made by previous learners while optimizing a
regularized objective function. This enables better handling of complex, nonlinear
relationships and subtle decision boundaries present in the sensor-derived feature
space. In addition, built-in regularization and shrinkage help reduce overfitting,
which is particularly beneficial under class imbalance. RF follows closely due to
its robustness through bagging, while KNN remains moderately effective but less
stable in high-dimensional feature spaces.
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These results suggest that ensemble tree-based methods are best suited for this
dataset. However, the uniformly low Fl-scores across models highlights the
impact of class imbalance. Addressing this through resampling strategies or class-
weighted learning would likely improve minority-class detection and overall
robustness.

For failure prediction, the precision-recall analysis provides additional insight into
the classifier's performance under class imbalance. For the XGBoost classifier,
the resulting AUPRC is 0.449, while the optimal classification threshold is 0.239.
At this threshold, the classifier achieves a precision of 0.481, a recall of 0.610,
and an F1-score of 0.538. The corresponding Precision—Recall curve is presented
in Figure 4. The marked point on the curve represents the threshold that maximizes
the F1-score.
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Figure 4. Precision-Recall curve for the XGBoost classifier

4.2. Remaining Useful Life Prediction

The RUL regression results show a clear hierarchy in model performance across
all evaluation metrics (MAE, RMSE, and R?), as illustrated in Figure 5. Overall,
XGBoost achieves the best performance by a significant margin, followed by GB,
while SVR performs the worst.

XGBoost records the lowest MAE (17.79) and RMSE (24.15), along with the
highest R? score (0.8788), indicating both low prediction error and strong
explanatory power, capturing nearly 88% of the variance in RUL. This suggests
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that the model effectively learns complex nonlinear relationships in the data. GB
follows with higher errors (MAE = 22.46, RMSE = 29.55) and a lower R? score
(0.8184), remaining strong but clearly less accurate, reflecting the advantage of
XGBoost’s more optimized boosting and regularization strategy. KNN and RF
show comparable performance. KNN achieves a slightly lower MAE (26.22) than
RF (26.82), while RF performs marginally better in RMSE. Their R? values (=
0.73 - 0.74) indicate moderate predictive capability but limited ability to capture
more complex nonlinear patterns compared to boosting-based models. LR
performs worse, with a MAE of 31.91 and an R? of 0.6489, indicating that linear
assumptions are insufficient for modeling the underlying structure of the data.
SVR exhibits the weakest performance, with a high MAE (48.96), RMSE (61.92),
and a low R? score (0.2029), explaining only about 20% of the variance. This
suggests that the model is unable to effectively capture the relationships present
in the feature space under the current configuration.

RUL Regression Benchmark
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Figure 5. RUL regression results

Overall, the results favor tree-based ensemble methods. XGBoost achieves the
best performance across all evaluated RUL regression metrics, while
classification performance is more balanced, with XGBoost and Random Forest
achieving the highest F1-score and Gradient Boosting achieving the highest ROC-
AUC.
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4.3. Comparative Performance Analysis Of Machine Learning Models

Across both classification and regression experiments, a consistent performance
hierarchy is observed, with ensemble tree-based methods substantially
outperforming linear models and SVM-based approaches. This pattern indicates
that the underlying feature space is governed by nonlinear interactions and feature
dependencies that are not adequately captured by simpler parametric
formulations.

In the classification task, the relatively high accuracy values across all models
contrast sharply with the substantially lower F1-scores, confirming the presence
of class imbalance and highlighting the limited informativeness of accuracy as a
standalone metric. XGBoost demonstrates the most balanced performance,
achieving the highest F1-score alongside strong ROC-AUC, suggesting effective
discrimination of minority failure events while maintaining overall class
separability. RF exhibits comparable F1 performance, although with slightly
reduced discriminative capability as reflected in ROC-AUC. GB remains
competitive but shows reduced robustness in minority-class detection. KNN
provides moderate performance, indicating partial sensitivity to local structure but
limited generalization capacity in higher-dimensional feature space. In contrast,
LogR and SVM exhibit clear limitations, with LogR failing to adequately capture
minority-class structure and SVM demonstrating poor separability, likely due to
insufficient alignment between kernel assumptions and the underlying data
distribution.

A similar ranking emerges in the regression setting, where boosting-based
methods again dominate performance. XGBoost achieves the lowest prediction
error and highest R?, indicating a strong capability to capture complex nonlinear
relationships between the predictor variables and RUL. This suggests that its
iterative residual learning strategy, combined with regularization, provides a more
effective bias—variance trade-off than competing methods. GB follows as a strong
secondary model, although with reduced accuracy, implying that additional
optimization in XGBoost contributes meaningfully to performance gains. RF and
KNN occupy an intermediate position, capturing a substantial portion of variance
but failing to model finer-grained nonlinear degradation dynamics. LR performs
significantly worse, reinforcing the inadequacy of linear assumptions for this
problem. SVR exhibits the weakest performance, indicating poor kernel alignment
and limited capacity to generalize under the present feature representation.

From a unified perspective, the results indicate that ensemble tree-based methods
provide strong performance for the considered predictive-maintenance tasks.
XGBoost provides the strongest performance for RUL regression and achieves a
competitive classification performance, while Random Forest and Gradient
Boosting achieve the best results for individual classification metrics. These
findings suggest that tree-based ensemble methods are well suited to the nonlinear

180



Milica Tufegdzi¢: An Explainable Artificial Intelligence Framework for Predictive Maintenance Using Hybrid
Machine Learning and Multi-Task Transformer Models
relationships present in the considered feature space, although the results do not

establish universal superiority of a single model across all tasks and metrics. RF
offers a stable but less expressive alternative, while KNN serves primarily as a
locality-based baseline without competitive predictive strength. In contrast, linear
models and SVM fail to adequately represent the structure of the data without
substantial feature transformation or re-engineering.

Overall, the empirical evidence supports tree-based ensemble methods as strong
baseline models for this predictive-maintenance problem, with XGBoost
providing the strongest performance for the evaluated RUL regression task.

4.4, Cyclic Temporal Behavior of Sensor Signals

Figure 6 illustrates sensor evolution over the final ~200 cycles and reveals a
strongly periodic operating regime characteristic of a cyclic industrial process
rather than steady-state behavior. The repeated sawtooth profiles and abrupt resets
across all signals indicate well-defined cycle boundaries, likely driven by batch
operations, scheduled maintenance, or automated system restarts. This suggests
that the system does not evolve continuously over time, but instead undergoes
repeated operational and reset phases.

Comparative Sensor Trends (Last 200 Cycles)
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Figure 6. Sensor readings

Within each cycle, temp_mean increases smoothly from about 70 to 92 before
abruptly returning to its initial level, reflecting continuous thermal energy buildup
during operation followed by rapid cooling or reset. In contrast, pressure_mean
follows an inverse pattern, gradually decreasing from approximately 35 to 26.
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This opposing behavior is consistent with coupled thermodynamic effects, where
increasing load or flow resistance leads to progressive pressure drop as thermal
conditions intensify. The vib_mean signal shows a comparable cyclic trend to
temperature, starting near zero after each reset and increasing steadily until cycle
completion. This behavior reflects the gradual accumulation of mechanical stress,
friction, or wear during operation. The alignment between rising temperature and
vibration further suggests a shared dependence on system load, while periodic
resets indicate restoration of baseline operating conditions.

Overall, the observed patterns indicate a tightly coupled thermomechanical
system governed by cyclic operation. The consistent inverse relationship between
temperature and pressure, together with synchronized increases in vibration,
reflects structured operational loading and repeatable degradation behavior within
each cycle.

The synchronized resets observed across all three signals are particularly
significant. The simultaneous drops in temperature and vibration, together with
the concurrent increase in pressure, suggest a deliberate system reset rather than a
naturally occurring decay process. This pattern is consistent with an automated
operational cycle in which system states are periodically restored to baseline
conditions, indicating a controlled batch process or maintenance-driven operation
rather than stochastic fluctuations or failure-induced transitions.

4.5. Streaming Framework

The streaming module simulates a real-time predictive maintenance environment
through sequential generation of synthetic sensor observations over a fixed tiime
horizon. Each observation includes key operational variables (temperature,
vibration, pressure, current, and wear), sampled using probabilistic distributions
to approximate realistic industrial operating conditions. A short inter-sample
delay is introduced to emulate real-time data acquisition.

Incoming observations are converted into structured feature representations to
ensure compatibility with trained models and enable consistent inference in a
streaming setting. Two pre-trained models are applied: a classifier for estimating
failure probability and a regression for predicting RUL. Their outputs are
combined to compute a unified risk score that jointly reflects failure likelihood
and degradation severity.

The system continuously monitors failure probability, RUL, and the derived risk
score, triggering a maintenance alert when the risk exceeds a predefined threshold.
The complete process is illustrated in Figure 7.
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Figure 7. Real time streaming simulation results

The proposed streaming framework demonstrates the integration of real-time
sensor monitoring, machine learning inference, and dynamic risk assessment
within a predictive maintenance context. This setup supports continuous
evaluation of machine health and enables timely decision-making for preventive
maintenance in Industry 4.0 environments.

4.6. Transformer-Based Multi-Task Predictive Maintenance Architecture

A Transformer-based framework is proposed for predictive maintenance using
multivariate sensor time-series data. The architecture uses a sequence length of 30
time steps and a 10-dimensional input representation consisting of ten engineered
sensor and condition features. The machine id variable is not used as a predictive
input feature; instead, it is retained solely for identifying individual machines,
grouping observations into machine-specific sequences, and supporting machine-
wise data partitioning. The input is projected into a 64-dimensional embedding
space, followed by sinusoidal positional encoding and stacked Transformer
encoder blocks. These blocks incorporate multi-head self-attention, feed-forward
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layers, residual connections, and normalization to model temporal dependencies
in degradation patterns. Global average pooling is used to obtain a compact
sequence representation that is shared across task-specific output heads. The
architecture supports multiple predictive maintenance objectives, including binary
failure classification, RUL regression with uncertainty estimation, sequence
reconstruction for anomaly detection, and survival analysis for future risk
estimation. The model is configured with the Adam optimizer and a weighted
multi-task loss, with task-specific loss weights used to balance the individual
learning objectives.

Within this framework, two model variants are introduced: Functional 1 and
Functional_2. Functional_1 is a compact, single-task attention-based model
focused on failure classification. It employs a lightweight attention-based
architecture followed by global pooling and a dense output head, with
approximately 3.8K parameters. Its reduced complexity enables fast inference and
low computational demand, making it suitable for real-time and resource-
constrained environments, although its modeling capacity is limited to relatively
shallow temporal dependencies. In contrast, Functional 2 is a deeper
Transformer-based multi-task architecture built on stacked encoder blocks, with
approximately 292K parameters. It incorporates task-specific outputs for failure
prediction, probabilistic RUL estimation, sequence reconstruction, and survival
analysis, providing a unified architecture for modeling degradation dynamics,
uncertainty, and anomaly-related behavior.

In the present implementation, both architectures are defined and compiled as
components of the proposed framework. Their quantitative evaluation is
performed using a separate machine-wise train—test procedure, with 40 machines
used for training and 10 previously unseen machines used for testing. The results
of the conventional ML benchmark are reported in Table 1, whereas Table 2
summarizes the performance of the two Transformer configurations. Functional _1
is evaluated only as a classification model, whereas Functional 2 represents the
multi-task Transformer configuration and is evaluated using both classification
and RUL regression metrics.

Table 2. Quantitative performance of the Transformer variants

Model | Accuracy Sfér'e ROC-AUC | MAE | RMSE | R
Functional 1 0.748 0.541 0.716 - - -
Functional 2 | 0.756 | 0.588 | 0821 | 37.87| 49.74 | 0346

The results in Table 2 indicate that Functional 2 provides consistently better
classification performance than Functional 1, particularly in terms of F1-score
and ROC-AUC. Moreover, only Functional 2 was evaluated for RUL estimation,
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demonstrating moderate agreement between the predicted and true RUL values.
Figure 8 further illustrates this relationship.
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Figure 8. True versus predicted RUL values for Functional_2 model

The Precision-Recall curves for the two Transformer variants are presented in
Figure 9, with Functional 2 demonstrating better overall performance than
Functional 1.

The auxiliary outputs of Functional 2 were also quantitatively evaluated. The
reconstruction component achieved a mean reconstruction MSE of 0.485, with an
AUROC of 0.662 and an AUPRC (Area Under the Precision-Recall Curve) of
0.319 when the failure label was used as an auxiliary reference for anomaly-
oriented evaluation. The survival-oriented output achieved a mean Brier score of
0.092 across the evaluated prediction horizons. These results provide additional
quantitative evidence for the multi-task formulation, while the anomaly and
survival outputs are considered supplementary to the primary classification and
RUL objectives. The distribution of the reconstruction errors obtained by
Functional 2 is shown in Figure 10.
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Figure 9. Precision-Recall curves for Functional 1 and Functional 2 models
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Figure 10. Distribution of reconstruction errors for Functional 2 model

Overall, Functional 1 provides a more compact architecture oriented toward
computational efficiency, whereas Functional_2 provides greater representational
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capacity through its multi-task formulation. The results indicate that Functional 2
achieves stronger classification performance than Functional 1, while also
providing RUL, reconstruction, and survival-oriented outputs within a unified
architecture. These characteristics make Functional 1 a lightweight alternative,
whereas Functional 2 provides a more comprehensive framework for multi-
objective machine health assessment.

4.7. SHAP Analysis

The SHAP analysis is performed on the predictor variables used by the
classification model. The machine id variable is treated as an identifier rather than
an operational measurement and is therefore omitted from the reported SHAP
feature-importance visualization and ranking. The reported SHAP importance
values consequently focus on the operational predictor variables. Figure 11
presents the global SHAP feature importance based on the mean absolute SHAP
values across the dataset. Larger absolute SHAP values indicate a greater overall
contribution to the model output. Unlike the SHAP beeswarm plot, which
additionally illustrates the direction and distribution of feature effects at the
individual-sample level, the bar plot focuses on the overall magnitude of feature
contributions. The results indicate that the model is predominantly driven by two
key variables: vib_mean and current mean, which exhibit nearly identical and
substantially higher mean absolute SHAP values than all other features. This
suggests that vibration and electrical current measurements are the principal
predictive signals within the model and account for the majority of its explanatory
power. From an engineering standpoint, these variables likely represent the most
critical operational indicators of system behavior and are highly sensitive to
changes in operating conditions. A secondary group of features includes
temp_mean and pressure_mean, followed by variability- and peak-related metrics
such as pressure_std, temp_std, vib_std, and temp max. Although these features
contribute less strongly, they still provide meaningful information to the model.
Their role appears to be primarily contextual, refining predictions rather than
driving them. The presence of both mean-based and standard deviation-based
features within this group indicates that the model leverages both steady-state
operating conditions and dynamic fluctuations in system behavior. At the lower
end of the importance scale, shock sum and especially wear last contribute very
little to the model’s overall behavior. The near-zero impact of wear last confirms
that it is effectively unused in the current training setup, while shock sum
provides only a minor contribution.

Overall, the feature importance distribution reveals a clear hierarchy: core
predictive power is concentrated in real-time operational signals (vibration and
current), while environmental and variability-related factors play a supportive
role. Features with consistently low importance likely add limited incremental
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value and may be candidates for simplification or removal with minimal impact
on model performance.
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Figure 11. SHAP feature importance

The SHAP beeswarm plot (Figure 12) provides a detailed view of the importance
and direction of the operational features. Features are ranked by their mean
absolute SHAP values, with vib_mean and current mean emerging as the
dominant predictors. Higher values of these variables are generally associated
with positive SHAP values, indicating an increased contribution to the model
output. For both variables, higher values (red) are consistently associated with
positive SHAP values, increasing the model output, while lower values (blue)
reduce predictions, indicating a strong and largely monotonic relationship
between these signals and the target variable. From an applied perspective,
elevated vibration and current are therefore the most influential indicators of
increased system risk or abnormal operating conditions.

Temp_mean also increases risk when high, though its effect is weaker and more
concentrated. In contrast, pressure_mean shows a more mixed, non-linear
relationship, with its impact varying across different value ranges. Shock sum has
limited influence under normal operating conditions, but higher values can still
shift predictions noticeably. The least important features are temp std, vib_std,
and especially wear last, which the model largely ignores. Overall, the model is
primarily driven by average vibration and current as the strongest indicators of
machine degradation, with temperature and pressure acting as secondary
contributors.
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Figure 12. SHAP beeswarm plot

Linking the sensor time-series patterns (Figure 6) with the SHAP analysis
provides a coherent explanation for the observed hierarchy of feature importance.
The pronounced contribution of vib_mean and current_mean is consistent with
their behavior as progressive cycle indicators, as both variables exhibit a steady
increase within operational windows. This makes them highly informative for
inferring cycle progression and potentially anticipating reset or transition events.
In this context, their dominant SHAP values reflect their ability to encode
temporal progression in a compact and highly predictive form. Likewise, the
negative SHAP association observed for pressure mean aligns with its
characteristic downward trend over the course of each cycle. Lower pressure
levels are indicative of later operational stages, and the model appears to exploit
this relationship when forming its predictions. Depending on the target definition,
these later-stage conditions may correspond to either increased or decreased
predicted outcomes, but in both cases, pressure effectively functions as a temporal
marker.

More broadly, these findings indicate that the model is not relying solely on static
threshold-based relationships. Instead, it appears to capture underlying temporal
structure within the data, leveraging gradually within-cycle changes in vibration,
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temperature, and pressure as implicit indicators of system evolution. This suggests
that the model encodes cycle progression indirectly through sensor drift patterns,
thereby using time-dependent behavior as a key predictive signal rather than
treating each observation as independent.

5. Conclusion

This study presented a hybrid XAI framework for PdM that integrates
conventional ML models, Transformer-based temporal modeling, anomaly
reconstruction, and SHAP-based interpretability within a unified analytical
pipeline. The proposed framework is designed to support failure prediction, RUL
estimation, real-time condition monitoring, and interpretable decision-making in
IoT- and IloT-enabled industrial environments.

The results show that ensemble ML methods provide the strongest overall
predictive performance. XGBoost achieved the best results for RUL estimation,
while RF and XGBoost achieved the highest F1-score for failure classification
and GB obtained the highest ROC-AUC. These findings confirm the effectiveness
of tree-based ensemble models for capturing nonlinear degradation patterns in
industrial sensor data.

The multi-task Transformer extended the framework by jointly supporting failure
prediction, RUL estimation, anomaly reconstruction, and survival-oriented
modeling. Functional 2 achieved stronger classification performance than
Functional 1, although its RUL estimation did not surpass the XGBoost
regression benchmark. The results support the feasibility of the multi-task
Transformer as a unified architecture for multiple PdAM objectives.

SHAP analysis identified vibration- and electrical-current-related engineered
features as the most influential predictors, improving model transparency and
interpretability. Overall, the proposed framework demonstrates the
complementary value of ensemble ML, Transformer-based temporal modeling,
reconstruction-based analysis, and XAI for scalable and intelligent PdM in
Industry 4.0 and Industry 5.0 environments.

Future research should validate the framework using large-scale real-world
industrial datasets, address class imbalance, and further optimize the architecture
for deployment in resource-constrained loT and edge environments.
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