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Abstract

Predictive maintenance (PdM) plays a key role in improving the reliability and efficiency
of industrial systems by anticipating abnormal operating conditions through data-driven
approaches. In this context, many PdM solutions rely on temporal windowing strategies
applied to multivariate time series; however, the choice of observation and prediction
horizons is often fixed a priori and rarely analyzed in a systematic way. This paper in-
vestigates the impact of temporal window design by formulating alarm prediction as a
window-based classification problem, explicitly distinguishing between the observation
horizon and the prediction horizon. A comprehensive experimental study is conducted on
three real-world industrial datasets characterized by different process dynamics. Multiple
machine learning and deep learning models are evaluated across a wide range of combina-
tions of observation and prediction horizons. The results show that predictive performance
is strongly influenced by the joint configuration of observation and prediction horizons,
rather than by their individual selection. While increasing the prediction horizon generally
reduces accuracy, the magnitude of this effect depends on system dynamics. Similarly,
longer observation horizons substantially improve performance in processes with slow
dynamics, while providing limited benefits in faster-evolving systems. Overall, the study
highlights the importance of explicitly modeling temporal window parameters in predic-
tive maintenance design, providing both methodological insights and practical guidelines
for selecting appropriate temporal configurations in industrial alarm prediction tasks.

Keywords: predictive maintenance; artificial intelligence; temporal windowing; alarm
prediction; industrial systems

1. Introduction

In today’s competitive industrial landscape, data-driven decision making is increasingly
supported by artificial intelligence (AI). Among the concrete applications enabled by Indus-
try 4.0/5.0, such as cloud manufacturing [1], human-robot interaction [2], and intelligent
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logistics [3], predictive maintenance (PdM) has emerged as a key lever to reduce downtime
and increase productivity [4], reduce maintenance costs [5] and energy consumption [6].

PdM can use historical data and real-time measurements to estimate the future state
of machinery and equipment, enabling the prevention of failures [7]. Its implementation
is based on an integrated technological ecosystem that includes IoT (Internet of Things)
sensors for real-time condition monitoring, reliable network infrastructures for continuous
data transmission, edge computing solutions for the immediate processing of streams com-
ing from sensors, big data platforms for data storage, and artificial intelligence algorithms
for building predictive models.

Nevertheless, large-scale deployment is still challenged by several major issues: im-
plementing technologies such as [oT sensors and edge computing solutions may result
in high costs [8]. Data quality [9] and governance are often major issues, limiting the
implementation of PAM policies. In addition, deploying PdM infrastructures requires
specialized expertise that is still not widely available. Lastly, implementing PAM may also
require additional investment in cybersecurity, since data transmitted to the cloud can be
more vulnerable to cyberattacks [10].

Recent predictive-maintenance literature confirms that data-driven PdM is moving
from isolated fault-diagnosis models toward deployment-oriented pipelines in which
data quality, class imbalance, model interpretability, and real-world validation are central
concerns [11]. Recent reviews of ML-driven PdM across industrial domains show that
sensor heterogeneity and imbalanced fault labels remain major obstacles to generalizable
predictive models, while deep-learning surveys emphasize that the suitability of CNN,
recurrent, attention-based, and hybrid architectures depends strongly on the temporal
structure and quality of the available data [12].

Within this broader context, temporal framing is a particularly important but still
underspecified design choice. Industrial alarm prediction usually requires converting
continuous multivariate time series into observation windows and future prediction win-
dows. Existing studies on sliding-window failure prediction have shown that the choice of
lookback and prediction horizons can substantially affect performance and that the optimal
configuration is often application-dependent [13,14]. However, temporal windows are
still frequently treated as a preprocessing choice rather than as a modeling variable with
theoretical and operational implications.

Despite these challenges, interest in PAM continues to grow in both academic and
industrial settings. In industry, PdM is generally adopted to reduce unexpected machine
failures and enhance the overall efficiency of production systems. In general, the data
used for PdM are typically represented as multivariate time series collected from sensors
and control systems [15]. The large volume of data and the non-trivial dependencies
among variables motivate the use of Al systems, such as machine learning (ML) and deep
learning (DL), which can exploit complex patterns to anticipate alarms [16]. In this context,
formulating PdM as a window-based classification problem provides a practical operational
framing: given a current window of observations, predict whether an alarm will occur
in a future window. This approach yields actionable lead time while accommodating
processes with different dynamics. Despite the growing body of literature addressing
alarm and failure prediction in industrial systems, most existing studies assume fixed or
implicitly defined temporal horizons. In particular, the joint impact of the observation
window length and the prediction horizon on model performance is rarely investigated in
a systematic manner [13,14].

The objective of this paper is therefore to investigate how the joint choice of observation
horizon and prediction horizon influences the ability of different ML and DL models to
anticipate industrial alarms from multivariate time-series data. The theoretical contribution
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of the study is to frame temporal windowing as a coupled design problem in predictive
maintenance: the observation window determines the historical evidence available to the
classifier, the future window determines the actionable lead time, and their interaction is
conditioned by the dynamic behavior of the monitored process. Accordingly, the study
contributes by: systematically varying observation window and prediction window rather
than fixing them a priori; comparing classical and deep learning models under the same
temporal configurations; and deriving practical guidance for selecting temporal windows
according to process dynamics, prediction reliability, and computational cost.

The remainder of the paper is structured as follows: Section 2 reviews the related
work; Section 3 presents the problem and the methodology adopted in this study; Section 4
describes the experimental setup; Section 5 reports the results of the experimental study,
which are discussed in Section 6; and finally, Section 7 concludes the paper.

2. Related Work

Predictive maintenance has been widely investigated as a data-driven strategy to
improve the reliability and availability of industrial systems by anticipating abnormal
operating conditions before the occurrence of failures [17]. In industrial environments,
PdM typically relies on multivariate time series acquired from sensors, control systems,
and programmable logic controllers, which continuously monitor the operational state of
machinery and processes.

Depending on the application and data availability, predictive maintenance prob-
lems have been formulated using different paradigms. A significant portion of the litera-
ture focuses on failure time estimation or remaining useful life (RUL) prediction through
regression-based approaches, in which degradation trajectories extracted from sensor data
are modeled and extrapolated over time. Representative examples include data-driven
methods that derive degradation indicators from vibration or process signals and estimate
RUL using dynamic regression models [18]. Several studies further enrich this formulation
by integrating diagnostic and prognostic stages within a unified framework. In particular,
hybrid approaches combining health state estimation and regression-based RUL predic-
tion have been proposed, for instance by modeling discrete degradation states through
probabilistic models such as Hidden Markov Models and subsequently estimating RUL
using polynomial regression [19]. More recent works leverage machine learning and deep
learning techniques to improve RUL estimation accuracy and robustness. Neural-network-
based models, including multilayer perceptrons, have been applied to production line
equipment and benchmark datasets, demonstrating the effectiveness of data-driven regres-
sion approaches for modeling degradation trajectories and predicting time to failure [20].
In parallel, anomaly-aware RUL estimation frameworks have been introduced, where
degradation onset is detected through statistical or learning-based monitoring and RUL
prediction is activated only after abnormal behavior is identified, while still preserving a
regression-based prognostic formulation [21].

PdM has also been widely formulated as an alarm or event prediction problem, where
the objective is to anticipate the occurrence of abnormal conditions within a future time
interval. This formulation is particularly common in industrial contexts characterized by
discrete alarm mechanisms and complex process dynamics, where early warning enables
timely operational or maintenance actions. Within this paradigm, PdM is typically formu-
lated as a supervised classification problem based on fixed-length windows extracted from
multivariate time series. Historical data are segmented into temporal windows and labeled
according to the presence of alarms, faults, or abnormal events, allowing machine learning
models to discriminate between normal and pre-alarm operating conditions. Classical
classifiers as well as deep learning models have been used to capture nonlinear relation-
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ships and temporal dependencies among process variables [22]. Several works further
extend classification-based PdM by integrating anomaly detection and decision-making
mechanisms. Hybrid approaches combining unsupervised anomaly detection with su-
pervised classification have been proposed to generate alarm labels in scenarios where
annotated data are scarce, enabling the prediction of abnormal events in real time [22].
Other studies exploit reinforcement learning or hybrid learning frameworks to support
proactive or alarm-driven maintenance policies, where system states inferred from sensor
data guide maintenance-related decisions [23].

Regardless of the specific predictive maintenance formulation adopted, the adoption
of temporal windowing strategies is a widespread practice in predictive maintenance
applications dealing with industrial multivariate time series. Whether the problem is
formulated as failure-time estimation, RUL prediction, or alarm classification, raw sensor
signals are commonly segmented into fixed-length temporal windows that serve as inputs
to predictive models [13]. This approach enables the extraction of temporal patterns and
correlations while providing a structured representation of continuous data streams. Within
this framework, two temporal parameters play a central role: the observation horizon,
which defines the length of historical data used to characterize the current system state, and
the prediction horizon, which specifies the future time interval over which failures, alarms,
or abnormal events are to be anticipated [24]. In regression-based formulations, the predic-
tion horizon is often implicit and linked to the estimation of time-to-failure or degradation
trajectories, whereas in classification-based approaches it is typically defined explicitly as a
future window in which the occurrence of an event determines the class label [25].

The choice of observation and prediction horizons has important implications from
both a modeling and an operational perspective. Longer observation windows may capture
richer temporal dynamics and slow degradation trends, while shorter windows can favor
responsiveness and reduce computational complexity [26]. Similarly, longer prediction
horizons provide earlier warnings but may increase uncertainty and reduce predictive accu-
racy, whereas shorter horizons tend to yield more reliable predictions at the cost of reduced
lead time [27]. These trade-offs highlight the strong coupling between temporal window
design and the practical usefulness of predictive maintenance solutions. Despite their im-
portance, temporal horizon parameters are frequently selected using heuristic or empirical
criteria, such as domain expertise, trial-and-error experimentation, or constraints imposed
by data availability and computational resources [28-30]. In many studies, window lengths
are fixed a priori and remain unchanged across different models, datasets, or operating
conditions, with limited discussion of their influence on predictive performance [31,32].
As a result, temporal windowing is often treated as a preprocessing step rather than as
a key component of the predictive modeling process. Nevertheless, several studies have
shown that the choice of temporal horizon parameters can substantially affect PdAM and
time-series forecasting performance [13,14,33]. Zhang et al. [26] showed that longer obser-
vation horizons can improve predictive accuracy, even for longer prediction horizons, as a
larger historical context provides richer and more informative temporal patterns. However,
using longer observation horizons also increases computational requirements and training
time [34]. Therefore, an appropriate trade-off must be found between prediction accuracy
and computational cost. In this respect, the choice of the learning algorithm also plays an
important role. Elastic-Net Regularized Logistic Regression (ENRLR), which is a general-
ized linear model, has achieved good predictive performance with limited computational
training costs, with training often completed in minutes [35]. Light Gradient Boosting
Machine (LGBM) has also shown high predictive accuracy with relatively low training
costs [36], although hyperparameter tuning can be challenging [37]. Polynomial Kernel
Support Vector Machines (PK-SVM) have also been widely applied in PAM applications.
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Several studies have demonstrated their effectiveness in achieving good predictive per-
formance [38]; however, optimizing the kernel parameters to reduce computational cost
typically requires an additional optimization step [39,40]. Hybrid Convolutional Neural
Network-Long Short-Term Memory (CNN-LSTM) models are also frequently used in
PdM [41]. In these architectures, the CNN component is typically used to extract high-level
features and short-term dependency patterns from the data, while the LSTM component
captures relationships among several time-series variables and models complex long-term
temporal dependencies, leading to strong performance in both alarm prediction [42] and
RUL estimation [43]. However, CNN-LSTM models may require substantial computational
resources when processing large volumes of high-dimensional, heterogeneous, and noisy
data [44]. Transformer-based Time-Series Classifiers (TBTSC) offer modeling advantages
for long-range dependencies, although their performance may depend strongly on the
quantity and quality of the available data [45].

ENRLR, LGBM, PK-SVM, CNN-LSTM, and TBTSC have been selected for this study
since they cover complementary inductive biases and deployment profiles. ENRLR provides a
regularized linear baseline with high interpretability and low training cost; LGBM represents
efficient tree-based ensemble learning for structured /windowed inputs; PK-SVM represents
non-linear margin-based classification; CNN-LSTM combines local temporal pattern extraction
with recurrent dependency modeling; the TBTSC is characterized by attention-based modeling
of long-range dependencies in multivariate time series. This heterogeneous selection is
consistent with the no-free-lunch principle, according to which no single learning algorithm
is expected to dominate across all problem classes [46]. It is also consistent with predictive
maintenance and time series classification literature emphasizing that classical and deep
models should be compared under common experimental protocols [47,48].

Although the existing literature addresses the impact of different algorithms on PdAM
accuracy and computational cost, only a limited number of studies have acknowledged the
sensitivity of predictive performance to temporal window choices [13,14], suggesting that
suboptimal horizon selection may hinder generalization or lead to misleading conclusions
when comparing different models. To address this issue, this paper compares the perfor-
mance of several Al approaches for PdAM while varying the lengths of the observation and
prediction horizons.

To better clarify the present study positioning against the existing literature, Table 1
summarizes the main research streams relevant to industrial alarm prediction, their com-
mon limitations, and the specific gaps addressed by this work. There are five main streams
in which the literature can be organized: prognostics/RUL modeling, fixed-window in-
dustrial classification, ML-vs-DL predictive-maintenance benchmarks, Transformer-based
time series models, and imbalanced alarm detection evaluation. These streams provide
important foundations but leave a common gap, i.e., temporal framing is often fixed, un-
derreported, or treated as a preprocessing detail. In contrast, the present study makes
temporal design itself the main object of analysis by varying observation and prediction
horizons across heterogeneous industrial datasets and model families.

This positioning clarifies that the present work is not primarily an additional model-
ranking exercise. Instead, it uses model comparison as a controlled means to study
temporal-design sensitivity. Compared with studies that evaluate a single predetermined
lookback horizon or focus mainly on algorithmic architecture, this study treats the ob-
servation and prediction horizons as explicit experimental factors. Compared with prior
industrial windowing studies on classification-based event prediction [13,14], the present
study broadens the empirical basis by introducing a novel industrial mixing dataset, thereby
enabling a clearer comparison between faster-evolving and slower-evolving process dy-
namics while extending the validation of the methodology to other industrial contexts.
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Table 1. Research gaps addressed by this study.

Literature Stream Reference Focus Limitation Gap Addressed by This Study
PdM prognostics/RUL Degradatl'or'l trajectories Operat}onal output differs Focuses exPhgtly on l?mary
. [18-21] and remaining useful from discrete alarm prediction within a
studies . o D 3
life estimation. alarm anticipation. future interval.
Fixed-window industrial Fa1luArt.e or alarn} Window parameters are often  Treats temporal horizons as
P [28-31] classification with a ) g . . .
classification . fixed or weakly justified. independent design variables.
chosen lookback window.
Temporal design is often Uses model comparison to
ML vs. DL PdM . . . O
benchmarks [42,47] Model-family comparison.  secondary to architecture understand sensitivity to
comparison. temporal configuration.
Transformer-based time ) Attention-based temporal ~ Often architecture-centered P.osmons Trar}sfor'm er against
series studies [45,47] modelin; and computationally costl simpler baselines in an
& P y ¥ industrial benchmark.
Imbalanced alarm ) Rare-event classification Thretqhold metr19s often Discusses deployment
[48] dominate; operational costs

detection

metrics.

underdeveloped.

implications.

3. Problem Formulation and Methodology

This section introduces the problem formulation and the methodological framework
adopted in this work. Predictive maintenance is formulated as an alarm prediction task
based on industrial multivariate time series, with the objective of anticipating the occurrence
of abnormal events within a predefined future horizon. To this end, a window-based
classification approach is employed, explicitly separating historical observations from the
future prediction interval.

3.1. Problem Formulation

Let {x;}]_, denote a multivariate time series acquired from an industrial system,
where each observation x; € R represents the vector of measurements collected at time
t from d sensors or process variables. In addition to sensor measurements, the system
generates discrete alarm signals indicating abnormal operating conditions or faults. In this
work, the predictive maintenance problem is formulated as an alarm prediction task, with
the objective of anticipating the occurrence of an alarm within a predefined future time
interval, based solely on historical observations.

More formally, given the time series {x;}’_; and the corresponding binary alarm
sequence {a; }I_;, where

1 if an alarm occurs at time ¢,
ar = .
0 otherwise,

the goal is to learn a predictive function
fRL 5 {01}

that maps a sequence of past observations of length L, corresponding to the observation
horizon later referred to as the Current Window (CW), to a binary output indicating whether
an alarm will occur within a future prediction horizon. Unlike regression-based formula-
tions, which aim to estimate the RUL or the exact time to failure, this formulation focuses
on event anticipation and is therefore particularly suitable for industrial environments
characterized by discrete alarm mechanisms and the need for actionable early warnings.
The prediction task is thus defined as a supervised binary classification problem on
time-dependent data, in which each input sample consists of a segment of multivariate
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observations and the corresponding label indicates whether at least one alarm occurs within
a subsequent future interval, referred to as the Future Window (FW).

3.2. Temporal Windowing and Labeling Strategy

To transform the alarm prediction problem into a supervised learning task, a window-
based segmentation strategy is adopted. The continuous multivariate time series is par-
titioned into overlapping segments, explicitly separating past observations from future
prediction intervals.

Let L denote the length of the CW, representing the observation horizon, and H the
length of the Future Window (FW), representing the prediction horizon. For each time
index t, an input sample is constructed from the past L observations:

dxL
Xt = {141, X—142,. .., X%} € R

The corresponding target label y; is determined based on the occurrence of alarms
within the subsequent future interval of length H:

Y=

1 ifdt e [t+1,t+ H]such thata, =1,
0 otherwise.

In this formulation, a positive label indicates that at least one alarm occurs within the
future window, whereas a negative label corresponds to normal operation throughout the
entire prediction horizon.

The dataset used for model training is obtained by sliding the pair (X;,y;) along the time
axis with a fixed stride, thereby generating a set of input—output pairs suitable for supervised
classification. Overlapping windows allow the model to capture fine-grained temporal
evolution of the system while preserving continuity in the underlying process dynamics.

The explicit separation between observation and prediction intervals ensures that
no future information leaks into the input representation, thereby maintaining a realistic
early-warning scenario.

Unlike conventional approaches in which temporal window lengths are fixed a priori,
this work treats L (CW) and H (FW) as independent design variables. By systematically
varying both parameters, it becomes possible to investigate how the amount of historical
information and the anticipation horizon jointly influence predictive performance and
operational lead time.

This formulation enables a controlled analysis of the trade-off between:

e Longer observation windows, which may capture slower degradation trends and
complex temporal dependencies;

e  Shorter observation windows, which favor responsiveness and computational efficiency;

e  Longer prediction horizons, which increase actionable lead time but may introduce
greater uncertainty;

e  Shorter prediction horizons, which typically yield more reliable predictions at the
expense of reduced anticipation capability.

The impact of these temporal design choices on different machine learning and deep
learning models is evaluated in the experimental section.

3.3. Learning Framework and Experimental Pipeline

The alarm prediction problem defined in the previous subsections is addressed
through a unified learning framework designed to enable a controlled evaluation of tempo-
ral window parameters across heterogeneous model families.
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Industrial
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Medical
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system
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generation
process

Sensor

Alarm

Sensor

Alarm

After generating the set of input—output pairs (Xy, y:), the resulting dataset is used
to train supervised predictive models. Each sample consists of a multivariate observation
window X; € R?L and the corresponding binary label y;, indicating whether an alarm
occurs within the future window of length H.

The learning pipeline follows a standardized structure composed of the following stages:

1.  Window extraction and labeling: construction of input-output pairs using predefined
length values of CW and FW.

2. Dataset partitioning: separation of data into training, validation, and test subsets
while preserving temporal ordering to ensure a realistic evaluation scenario.

3. Model training: supervised learning models are trained using the training subset,
while the validation subset is used for hyperparameter tuning.

4.  Performance evaluation: predictive performance is assessed on the test subset using
appropriate classification metrics.

To ensure comparability, all models are evaluated under the same data partitioning
strategy and identical window configurations. This allows the analysis to isolate the effect
of temporal parameters from model-specific characteristics.

The experimental study includes both machine learning and deep learning approaches,
enabling the assessment of how different model families respond to variations in obser-
vation and prediction horizons. Classical machine learning models operate on vectorized
representations of the input windows, whereas deep learning models directly extract the
features from the temporal structure of the multivariate sequences.

Crucially, the parameters L and H are treated as independent experimental variables
rather than fixed preprocessing choices. By systematically varying these parameters over a
predefined range of values, it becomes possible to investigate three fundamental aspects:
the sensitivity of predictive performance to the amount of historical information available to
the model, the effect of anticipation length on classification performance, and the interaction
between temporal horizon design and model architecture.

This experimental framework enables a structured investigation of the trade-off be-
tween early warning capability and predictive accuracy, providing insights into the tempo-
ral configuration that best balances operational lead time and model robustness in industrial
alarm prediction scenarios. Figure 1 provides an overview of the proposed methodology.

TEMPORAL WINDOWING TEMPORAL MODEL SYSTEMATIC EXPLORATION OF

PREPROCESSING  AND LABELLING STRATEGY ~ DATA SPLIT TRAINING TEMPORAL CONFIGURATIONS

FINAL INSIGHT

T .
AN MQCh_‘ne Performance
Leoiing Evaluation
NVVVW 4 II
1
~N, [
Current  Future Training 7o B e Accuacy
ii ii MinMax Window Window set g = = ‘ SV
normalization (cW) (FW) LGBM 04 AN
A A 0
N cw Early
e 5% T res (macro F1-score) warning
\ " Validation
Input Target set
N al
VWAV 5 L . >
Class L J S -
imbalance ) ) . :
Random Deep Learning S
J_M9 undersampling A : trade-off
Test Xéfg) |
Explicit separation o N | os
between observation and L, CNN-LsTM 2 Temporal window
prediction infervals: no 0.4 design strongly
information leakage 0 affects predictive
w " performance
Preserved TRTaTa Tranpormer models

=

Preservation (macro F1-score)
temporal Tewdiamier show strong

temporal e robustness across
consistency configurations

Figure 1. Framework of the employed methodology.
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The specific model configurations, hyperparameters, and evaluation metrics are de-
tailed in the following section.

4. Experimental Setup

The methodology was applied to three multivariate time series datasets collected
from distinct industrial contexts. The first dataset was provided by an industrial company
located in southern Italy. It contains data from an industrial mixing process, in which
sensor measurements describe the evolution of physical and operational variables during
production cycles. Table Al in Appendix A reports the parameters included in the dataset
together with their units of measurement or notation. The data cannot be disclosed because
it is proprietary to the company.

The second dataset concerns a refrigeration system used in a medical context, where
the monitored variables capture thermodynamic and other operational conditions of the
machine. Among the 58 monitored parameters, only 13 have been identified as rele-
vant [14] and selected for use in the present study. These variables are listed in Table A2 in
Appendix A, together with their units of measurement or notation and the minimum and
maximum values over the two-month monitoring period.

The third dataset concerns a nitrogen generation process, characterized by slower
dynamics and longer-term dependencies among variables. Five parameters have been
selected from this dataset [14], and are reported in Table A3 in Appendix A.

In all cases, the datasets consist of synchronized sensor measurements acquired over
time, where each observation corresponds to a vector of process variables. In addition
to sensor data, each dataset includes a binary alarm signal indicating the occurrence
of abnormal events. Together, these datasets provide a heterogeneous benchmark for
evaluating the robustness of predictive models across different industrial scenarios.

Prior to model training, a preprocessing pipeline is applied to ensure consistency and
reliability of the input data. All features are normalized using Min-Max scaling [49], which
preserves the relative structure of the signals while ensuring numerical stability during
model training. The normalization parameters are computed exclusively on the training set
and subsequently applied to validation and test sets, thereby preventing any form of data
leakage. Given the inherent imbalance between normal operating conditions and alarm
events, appropriate strategies are adopted to mitigate the effect of class imbalance during
training, including random undersampling. Random undersampling of the majority class
is used as a pragmatic way to reduce class dominance and computational burden across
many temporal configurations. This choice preserves the original sensor values and keeps
the benchmark feasible.

The predictive performance is evaluated using a set of supervised learning models
belonging to both machine learning and deep learning families. The selected machine
learning models include Elastic-Net Regularized Logistic Regression (ENRLR) [35], Light
Gradient Boosting Machine (LGBM) [36], and Polynomial Kernel Support Vector Machine
(PK-SVM) [50], chosen for their effectiveness on structured tabular data and in indus-
trial applications. In addition, deep learning architectures such as Convolutional Neural
Network-Long Short-Term Memory (CNN-LSTM) [41] and Transformer-based models [45]
are considered, as they can capture temporal dependencies and complex patterns in multi-
variate time series data.

ENRLR was implemented using an Elastic-Net penalized logistic regression model.
This formulation combines L1 and L2 regularization, enabling both coefficient shrinkage
and feature selection. The model was optimized using the SAGA solver [51]. The optimiza-
tion procedure used a maximum of 20,000 iterations and a convergence tolerance of 1073.
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Hyperparameter tuning was performed over the regularization strength C [52] and the
Elastic-Net mixing parameter /1_ratio.

LGBM was optimized using the active hyperparameter grid, including number of
estimators, learning rate, number of leaves, and maximum depth of each decision tree.
These parameters control the number of boosting iterations, the contribution of each tree,
and the complexity of the individual decision trees. Early stopping was applied using
validation log-loss to reduce overfitting.

PK-SVM was implemented to capture nonlinear decision boundaries through poly-
nomial feature mapping. Hyperparameter optimization was conducted using a 3-fold
stratified grid search over C, degree (d), gamma (7), and coef 0, corresponding to the regu-
larization strength and the main polynomial-kernel parameters [53].

The CNN-LSTM architecture was designed to capture both local patterns and sequen-
tial dependencies in the input representation. A one-dimensional convolutional layer was
followed by max-pooling to extract compact local features, which were then processed by
an LSTM layer. Dropout and a dense ReLU layer with L2 regularization were included
to improve generalization, followed by a sigmoid output layer for binary classification.
Bayesian optimization was used to tune the number of convolutional filters, kernel size,
pooling size, LSTM units, dropout rate, dense units, L2 regularization coefficient, and
learning rate.

The Transformer-based model was implemented as a single encoder-style block. Input
features were first projected into an embedding space and combined with sinusoidal
positional encodings to preserve sequential information. The encoder block consisted of
multi-head self-attention, a point-wise feed-forward layer, residual connections, and layer
normalization. Global average pooling and dropout with a rate of 0.1 were applied before
the final sigmoid output layer. Optuna [54] was used to tune the embedding dimension,
valid attention-head configurations, feed-forward dimension, and learning rate.

Model training was performed using a temporal data splitting strategy, in which the
datasets are divided into training, validation, and test subsets while preserving chronologi-
cal order. This approach reflects real-world deployment conditions and avoids information
leakage from future observations. Hyperparameter selection is conducted using the valida-
tion set, while final performance is assessed on the test set.

The experimental models were implemented in Python 3.12 using established machine
learning and deep learning libraries. The conventional machine learning models relied
primarily on scikit-learn [55], with ENRLR implemented through LogisticRegression and
PK-SVM through SVC. The LGBM model was implemented using LightGBM’s LGBM-
Classifier, which offers a scikit-learn-compatible estimator interface. For the deep learning
approaches, the CNN-LSTM architecture was developed using TensorFlow /Keras and
optimized with KerasTuner, whereas the Transformer-based architecture was implemented
in PyTorch 2.7 and tuned using Optuna.

Model performance is primarily evaluated using the Fl-macro score [56], which
provides a balanced measure of precision and recall across the two classes. This metric
is particularly suitable for imbalanced datasets, in which alarm events are substantially
less frequent than normal operating conditions. The Fl-macro score ensures that both
false positives and false negatives are appropriately penalized. This choice reflects the
operational requirements of industrial alarm prediction, where missed alarms and excessive
false alarms can both have critical consequences.

A key aspect of the experimental design is the systematic exploration of temporal
window parameters. Specifically, multiple CW-FW configurations are considered, where
CW represents the observation horizon and FW represents the prediction horizon. The
evaluated configurations are reported in Table 2.
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Table 2. CW-FW configurations used for each dataset.

Current Window (CW) Future Window (FW)
Dataset

[Minutes] [Minutes]
Mixing Process 10, 15, 20, 25, 30, 45, 60 30, 60, 90
Refrigeration System 10, 15, 20, 25, 30, 45, 60 30, 60, 90, 120

Nitrogen Generation Process 10, 15, 20, 25, 30, 45, 60 30, 60, 90, 120, 180, 300

These parameters are varied independently across a predefined range of values,
enabling the analysis of their individual and joint effects on predictive performance.

5. Results

The experimental results provide a comprehensive evaluation of the proposed method-
ology across multiple datasets, models, and temporal configurations. In particular, the anal-
ysis examines the effects of several CW and FW configurations on predictive performance,
as well as on the comparative behavior of different machine and deep learning models.

Table 3 reports the average training time, in minutes, across the tested CW-FW con-
figurations for each dataset and model. Training was performed on an NVIDIA GeForce
GTX 1070 Ti for the deep learning models and an AMD Ryzen 5 5600X for the classical ML
models. The results show that computational burden increases with model and dataset
complexity. In particular, the Transformer is the most expensive model in terms of average
training time, whereas ENRLR and LGBM provide substantially faster alternatives. Con-
sequently, when two configurations achieve comparable F1-macro scores, the lower-cost
model should be preferred for industrial deployment. From an implementation perspec-
tive, ENRLR and LGBM are expected to have the smallest deployment footprint; PK-SVM
may become more costly at inference because prediction depends on support vectors;
CNN-LSTM requires neural network weights and sequence activations during training; the
Transformer-based model is characterized by the largest expected training time footprint,
since self-attention introduces sequence-length-dependent memory and compute costs [57].
A future deployment benchmark should log wall-clock training time, peak CPU/GPU
memory, inference latency, throughput, and energy consumption under identical hardware,
batch size, and software constraints.

Table 3. Average training time expressed in minutes.

Dataset ENRLR LGBM PK-SVM CNN-LSTM Transformer
Mixing Process 2.27 242 343 10.21 23.02
Refrigeration System 0.83 0.86 2.20 5.40 8.20
Nitrogen Generation Process 0.30 0.46 147 2.99 6.68

It is worth noting that the training time in the mixing process dataset is higher than
the other two considered datasets because of its higher complexity.

The results are presented through heatmaps. Each heatmap represents the F1-macro
score as a function of CW and FW, providing a visual overview of how predictive perfor-
mance varies across different temporal configurations. The use of a common color scale
across all heatmaps enables direct comparison of model behavior and performance trends.

5.1. Mixing Process

Figure 2 shows the results obtained for the mixing process dataset. The performance
heatmaps highlight a clear dependency of predictive performance on both CW and FW, as
well as significant differences across models. A consistent trend observed across all models
is the degradation in performance as the prediction horizon increases. In particular, moving
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from FW = 30 min to FW = 90 min generally leads to lower F1-macro scores, confirming
that anticipating alarms further into the future introduces greater uncertainty and reduces
classification reliability. This effect is evident in both machine and deep learning models
and is particularly pronounced for CNN-LSTM and ENRLR, where performance drops are
more pronounced at larger FW values.
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Figure 2. Heatmaps of the F1-macro score for the mixing process.

The effect of the observation window (CW) appears to be more nuanced and model-
dependent. For classical machine learning models such as ENRLR and LGBM, performance
tends to remain relatively stable across different CW values, with slight improvements
observed for intermediate window lengths (e.g., CW between 20 and 30 min). In contrast,
PK-SVM shows a noticeable sensitivity to CW, achieving better performance with larger
observation windows, especially when combined with longer prediction horizons.

Deep learning models exhibit a different behavior. The CNN-LSTM architecture
shows moderate variability with respect to CW, with no clearly dominant configuration,
suggesting limited ability to fully exploit longer temporal contexts in this dataset. On the
other hand, the Transformer-based model consistently outperforms all other approaches
across almost all CW-FW configurations. In particular, it achieves the highest performance
values for shorter prediction horizons (FW = 30 min), with performance improving further
as the observation window increases, reaching peak values for larger CW configurations.

Overall, the results indicate that for the mixing process, shorter prediction horizons
combined with sufficiently large observation windows lead to the best predictive performance.

Table 4 highlights the best-performing model and the corresponding F1-macro score
for each CW-FW configuration.

The superior performance and stability of the Transformer model suggest that
attention-based architectures are particularly effective in capturing the temporal depen-
dencies of this process. However, for some longer prediction horizons, especially at
FW =90 min, classical or hybrid models such as ENRLR and CNN-LSTM occasionally
achieve the best score. This suggests that, when the prediction task becomes more uncer-
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tain, the advantage of the Transformer-based model is reduced, and simpler models may

remain competitive for specific temporal configurations.

Table 4. Best-performing models (F1-macro score) for every CW-FW configuration in the context

of mixing.
CW/FW 30 min 60 min 90 min
10 min Transformer Transformer ENRLR
(0.626) (0.515) (0.505)
15 min Transformer Transformer CNN-LSTM
(0.641) (0.498) (0.487)
20 min Transformer Transformer ENRLR
(0.638) (0.556) (0.474)
25 min Transformer Transformer Transformer
(0.633) (0.517) (0.529)
30 min Transformer Transformer Transformer
(0.632) (0.505) (0.489)
45 min Transformer Transformer CNN-LSTM
(0.683) (0.515) (0.522)
60 min Transformer Transformer Transformer
(0.751) (0.492) (0.464)

5.2. Refrigeration System

For the refrigeration system dataset, whose results are shown in Figure 3, the performance

heatmaps confirm a strong dependence of predictive performance on both the CW and FW,

while also revealing a generally better performance compared to the mixing process.
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Figure 3. Heatmaps of the F1-macro score for the refrigeration system.
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Similarly to the previous case, a consistent decrease in performance is observed as the

prediction horizon increases. Across all models, moving from FW = 30 min to FW = 120 min

results in a progressive reduction in F1-macro score values, highlighting the increasing

difficulty of anticipating alarms further in advance. However, compared with the mixing
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process dataset, this degradation is less abrupt, suggesting that the refrigeration system
exhibits more stable and predictable dynamics over longer time horizons.

The influence of the observation window (CW) is more evident in this dataset. For
machine learning models, particularly LGBM, performance improves as CW increases,
with the highest scores obtained for larger observation windows. This indicates that longer
temporal contexts are beneficial for capturing the underlying system’s behavior. ENRLR
shows a more stable performance across CW values, while PK-SVM exhibits moderate
sensitivity, with slightly better results for intermediate window lengths.

Deep learning models further emphasize the importance of longer observation hori-
zons. The CNN-LSTM architecture shows a clear performance improvement as CW in-
creases, reaching its best results for the largest window sizes. The Transformer-based model
again demonstrates strong and stable performance across a wide range of configurations,
maintaining high Fl-macro scores even for longer prediction horizons. In particular, it
exhibits greater robustness to changes in FW than the other models, indicating a superior
ability to capture longer-term temporal dependencies.

Overall, the results suggest that, for the refrigeration dataset, larger observation win-
dows combined with shorter prediction horizons lead to the best predictive performance,
although acceptable results can still be obtained for longer FW values. Compared with
the mixing process dataset, the stronger impact of CW highlights the relevance of longer
temporal dependencies in this system.

Table 5 highlights the best-performing model and the corresponding F1-macro score
for each CW-FW configuration.

Table 5. Best-performing models (F1-macro score) for every CW-FW configuration in the context of
the refrigeration system.

CW/FW 30 min 60 min 90 min 120 min

10 min Transformer Transformer Transformer Transformer
(0.797) (0.652) (0.605) (0.680)

15 min Transformer LGBM Transformer ENRLR
(0.793) (0.642) (0.610) (0.607)

20 min LGBM Transformer Transformer CNN-LSTM
(0.804) (0.652) (0.636) (0.629)

25 min LGBM Transformer CNN-LSTM ENRLR
(0.827) (0.641) (0.653) (0.598)

30 min LGBM Transformer ENRLR ENRLR
(0.795) (0.625) (0.600) (0.592)

45 min LGBM Transformer Transformer ENRLR
(0.805) (0.636) (0.597) (0.591)

60 min LGBM LGBM ENRLR CNN-LSTM
(0.821) (0.660) (0.589) (0.621)

While the Transformer-based model frequently achieves the highest F1-macro score,
especially for shorter and intermediate prediction horizons, LGBM becomes particularly
competitive when larger observation windows are considered, especially at FW = 30 min.
This confirms the behavior observed in the heatmaps, where the refrigeration system
benefits from longer observation windows and where tree-based ensemble learning can
effectively exploit structured temporal features extracted from the windows. ENRLR and
CNN-LSTM also emerge as best models in some configurations involving longer FW values,
indicating that no single model dominates uniformly across the entire temporal space.
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5.3. Nitrogen Generation Process

For the nitrogen generation dataset, the performance heatmaps (Figure 4) reveal a
markedly different behavior compared to the previous cases, with substantially higher
predictive performance across all models and a stronger dependence on CW.
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Figure 4. Heatmaps of the F1-macro score for the nitrogen generation process.

As observed in the other datasets, predictive performance generally decreases as the
prediction horizon increases. However, in this case, the degradation with respect to FW
is less pronounced, and relatively high F1-macro score values are maintained even for
long prediction horizons (up to FW = 300 min). This suggests that the nitrogen generation
process exhibits more regular and slowly evolving dynamics, allowing models to predict
alarms reliably over longer time intervals. The multivariate time series exhibits a clear
distinction between normal and abnormal dynamics in the monitored parameters.

The effect of the observation window is particularly evident in this dataset. Across
all models, increasing CW leads to noticeable improvements in predictive performance,
with the best results consistently obtained for larger observation windows. This trend
indicates that long temporal contexts are essential for capturing the underlying behavior of
the system, which is characterized by gradual changes and long-term dependencies.

Among machine learning models, LGBM and PK-SVM achieve strong performance
across a wide range of configurations, with PK-SVM showing particularly competitive
results for intermediate and large CW values. ENRLR also performs well, although with
slightly lower peak values compared to the other approaches. Deep learning models further
support this trend: CNN-LSTM exhibits high performance for larger CW values, while the
Transformer-based model demonstrates both high accuracy and strong robustness across
different CW-FW configurations. In particular, the Transformer-based architecture achieves
some of the highest overall scores and maintains stable performance even for extended
prediction horizons.

Opverall, the results indicate that, for the nitrogen generation process, large observation
windows combined with both short and long prediction horizons lead to consistently
high predictive performance. Compared with the mixing and refrigeration datasets, the
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reduced sensitivity to FW and the stronger dependence on CW highlight the importance of
long-term temporal information in this system.

Table 6 highlights the best-performing model and the corresponding Fl-macro score
for each CW-FW configuration.

Table 6. Best-performing models (F1-macro score) for every CW-FW configuration in the context of
nitrogen generation.

CW/FW 30 min 60 min 90 min 120 min 180 min 300 min

10 min Transformer PK-SVM CNN-LSTM Transformer CNN-LSTM Transformer
(0.940) (0.896) (0.892) (0.910) (0.840) (0.815)

15 min LGBM PK-SVM Transformer CNN-LSTM LGBM CNN-LSTM
(0.942) (0.897) (0.883) (0.885) (0.829) (0.815)

20 min LGBM PK-SVM CNN-LSTM CNN-LSTM CNN-LSTM LGBM
(0.938) (0.909) (0.889) (0.880) (0.857) (0.823)

25 min PK-SVM PK-SVM CNN-LSTM Transformer LGBM LGBM
(0.919) (0.897) (0.895) (0.905) (0.838) (0.826)

30 min PK-SVM PK-SVM Transformer Transformer LGBM Transformer
(0.910) (0.892) (0.903) (0.904) (0.855) (0.847)

45 min PK-SVM PK-SVM Transformer Transformer Transformer Transformer
(0.901) (0.894) (0.907) (0.915) (0.876) (0.864)

60 min LGBM PK-SVM Transformer PK-SVM LGBM Transformer
(0.913) (0.910) (0.925) (0.916) (0.878) (0.858)

The best-performing model varies more frequently among LGBM, PK-SVM, CNN-
LSTM, and the Transformer-based model. This result suggests that this process contains
strong and relatively stable predictive patterns that can be captured by both classical and
deep learning models. The frequent presence of PK-SVM and LGBM confirms the effective-
ness of nonlinear machine learning approaches in this dataset, while the Transformer-based
model remains highly competitive across several long-horizon configurations.

6. Discussion

This section interprets the experimental results from theoretical and managerial per-
spectives. Theoretically, the findings indicate that temporal windowing is not a neutral
preprocessing step. The observation window controls how much historical process infor-
mation is available to the classifier, whereas the future window controls the time interval
over which the model must anticipate an alarm. Their interaction affects the effective
signal-to-noise ratio of the classification task. From a managerial perspective, the prediction
horizon should be aligned with the minimum lead time needed for inspection, intervention,
or safe shutdown, while the observation horizon should be selected according to process
dynamics and computational constraints.

6.1. Theoretical Implications

The results obtained across the three datasets provide consistent and complementary
insights into the role of temporal window design in PdM tasks. In particular, the joint
analysis of CW and FW highlights that predictive performance is not determined by these
parameters independently, but by their interaction, confirming the importance of treating
temporal windowing as a core component of the modeling process rather than a simple
preprocessing step.

The first key finding concerns the impact of the prediction horizon. Across all datasets
and models, an increase in FW generally leads to a reduction in predictive performance,
which is consistent with existing literature on time-series prediction and failure forecast-
ing [24,26]. Longer prediction horizons introduce higher uncertainty and reduce the
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separability between normal and pre-alarm conditions, making classification more chal-
lenging. However, the extent of this degradation strongly depends on the underlying
process dynamics. While the mixing process shows a rapid performance drop for increas-
ing FW, the refrigeration system exhibits a more gradual degradation, and the nitrogen
generation process maintains high performance even for long prediction horizons. This
behavior aligns with studies highlighting that systems characterized by slower and more
regular dynamics allow more reliable long-term predictions [58].

This result is consistent with previous work on industrial failure prediction showing
that prediction-window length can have a strong effect on model performance [13,14]. The
present results extend this evidence by showing that the magnitude of the performance
reduction is process-dependent. In the mixing dataset, alarms appear more difficult to
anticipate at longer horizons, which is consistent with faster or more variable dynamics. In
contrast, the nitrogen generation process maintains higher F1-macro scores at extended
FW values, suggesting that its alarm precursors are more regular or evolve over longer
characteristic time scales. Therefore, the practical meaning of a “long” prediction horizon
is not universal; it depends on the dynamics of the physical process being monitored.

A second important observation relates to the role of the observation window. The
results clearly show that the benefit of increasing CW is highly dependent on the temporal
characteristics of the system. For systems with fast dynamics, such as the mixing dataset,
increasing CW provides limited improvements, suggesting that relevant information is
concentrated in shorter temporal contexts. In contrast, for systems with slower dynamics,
such as the refrigeration system and especially the nitrogen generation process, larger
observation windows substantially improve predictive performance. This finding is con-
sistent with previous works emphasizing the importance of long historical contexts for
capturing degradation trends and temporal dependencies [26,58], while also confirming
the trade-off between performance gains and computational cost discussed in [34].

The role of CW should therefore be interpreted as a process-dynamics question rather
than as a monotonic modeling rule. Longer CW values can improve performance when
they capture slow degradation patterns or delayed dependencies, but they can also add
redundant or stale information in faster processes. This explains why the nitrogen gen-
eration process benefits more consistently from larger CW values, whereas the mixing
process shows more limited gains. This interpretation strengthens the main theoreti-
cal contribution of the paper: temporal configuration should be selected as part of the
predictive-maintenance design, not inherited as a fixed preprocessing convention.

The results suggest that temporal window effects are process-dependent rather than
monotonic. Increasing the prediction horizon generally reduces Fl-macro because the
model is required to anticipate events farther away from the available observations. As
FW increases, uncertainty about intervening operating conditions grows, and the observed
sensor pattern may become less directly related to the eventual alarm. This agrees with prior
industrial failure prediction work showing that prediction window size can strongly affect
model performance [14]. The effect of CW is more nuanced. Longer observation windows
provide more historical context and can help when alarm precursors evolve gradually or
when the process has long characteristic time constants. This explains why slowly evolving
processes such as nitrogen generation benefit from larger CW values. Conversely, in faster
or cyclical systems, additional history can add stale information, increase dimensionality,
and reduce the benefit of flattened representations. Thus, CW should be aligned with
process dynamics rather than treated as a fixed preprocessing parameter.

From a model perspective, the results highlight clear differences between machine
and deep learning approaches. Classical machine learning models, such as ENRLR and
LGBM, generally provide stable and competitive performance, confirming their effec-
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tiveness in structured industrial data scenarios, as reported in [35,36]. However, their
sensitivity to temporal configurations is often limited, suggesting a reduced ability to fully
exploit complex temporal dependencies. In contrast, deep learning models, particularly
the Transformer-based architecture, demonstrate superior performance and robustness
across different CW-FW configurations. This behavior is consistent with recent studies
showing the effectiveness of attention-based models in capturing long-range dependencies
in multivariate time series [45]. At the same time, CNN-LSTM models exhibit more variable
performance, reflecting the challenges associated with modeling heterogeneous and noisy
industrial data using hybrid architectures [44].

The model-specific patterns reflect model inductive biases. ENRLR and LGBM re-
main competitive when alarm patterns are regular or sufficiently represented by flattened
windows. CNN-LSTM can exploit local motifs and recurrent dependencies when those
patterns are present. The Transformer-based model can remain robust when cues are
distributed across longer histories because self-attention can assign different weights to
distant time steps. However, the flexibility of deep models must be weighed against their
higher computational cost.

The results support the idea that there is no universally optimal temporal configura-
tion, but rather that the choice of CW and FW must be adapted to the specific characteristics
of the industrial system. This observation addresses a key limitation of many existing stud-
ies, where temporal windows are fixed a priori and not systematically analyzed [28-31]. By
explicitly varying both parameters and evaluating their joint impact, this work provided
a more comprehensive understanding of the trade-offs involved in predictive mainte-
nance design.

6.2. Managerial Implications

From an operational and managerial perspective, the findings have important impli-
cations. The selection of temporal horizons directly affects not only predictive accuracy
but also the balance between early warning capability and decision reliability. Shorter
prediction horizons may lead to more accurate predictions, but provide less actionable time,
while longer horizons increase anticipation but at the cost of higher uncertainty. Similarly,
longer observation windows improve performance in slow-dynamics systems but may
increase computational requirements and latency. Hence, FW should first be anchored to
the minimum actionable lead time required for inspection, intervention, or safe shutdown.
CW should then be tuned around the characteristic time scale of the process. For fast
systems, shorter observation windows may be sufficient and cheaper; for slow-dynamic
systems, longer observation windows may be necessary to capture gradual precursors.
The results also suggest a deployment rule, i.e., when Fl-macro is similar, prefer the sim-
pler and faster model; reserve deep architectures for cases where long-range temporal
structure provides a clear benefit. In safety-critical settings, the model should be used as
a decision support component only after threshold calibration, cost-sensitive validation,
and human-in-the-loop review. Trade-offs must therefore be carefully considered when
deploying predictive maintenance solutions in real industrial environments.

In deployment, the best temporal configuration is not necessarily the one with the high-
est isolated F1-macro score. A configuration must also provide enough lead time for action,
maintain an acceptable false-alarm burden, and fit the available computational resources.
For imbalanced alarm prediction, future deployments should therefore complement F1-
macro score with threshold-sensitive and cost-sensitive analyses, such as precision-recall
curves, average precision, alert burden, missed-alarm cost, and process-specific cost ma-
trices. This is particularly important because industrial false alarms and missed alarms
usually have asymmetric operational consequences.
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Finally, computational times should also influence deployment. Table 3 shows that
the Transformer-based model is the most computationally expensive option, whereas
ENRLR and LGBM provide faster alternatives. Thus, the best industrial configuration
is not necessarily the one with the highest absolute F1-macro, but the one that provides
sufficient lead time and predictive reliability under available compute, operational risk,
and human-review constraints.

7. Conclusions

This paper investigated the impact of temporal window design on predictive mainte-
nance performance, formulating alarm prediction as a window-based classification problem
on industrial multivariate time series. In particular, the study focused on the joint effect of
the observation horizon (CW) and the prediction horizon (FW), systematically analyzing
their influence across different datasets and predictive models.

The results demonstrated that predictive performance is strongly dependent on the
interaction between observation and prediction horizons, rather than on their individual
values. While shorter prediction horizons generally lead to higher predictive accuracy,
their effectiveness depends on the temporal dynamics of the underlying process. Similarly,
the benefit of increasing the observation window varies across systems, being limited in
fast-dynamics processes and substantially more relevant in slow-dynamics scenarios.

The comparative evaluation of machine and deep learning models further highlighted
that attention-based architectures, such as Transformer-based models, provide superior
performance and robustness across a wide range of temporal configurations, while classical
models remain competitive in less complex settings with lower computational requirements.

Opverall, the findings confirm that temporal window selection is a critical design factor
in predictive maintenance based on classification, and should be explicitly considered
during model development and deployment. By providing a systematic analysis of CW-FW
configurations, this work contributed to a better understanding of the trade-offs between
predictive accuracy, anticipation capability, and computational complexity in industrial
alarm prediction.

This study has several limitations. One limitation is the absence of formal statistical
validation of performance differences. The experiments were designed as a controlled
temporal holdout comparison across datasets, models, and CW-FW configurations, but
repeated runs, blocked bootstrap samples, rolling-origin folds, or complete per-window
score vectors were not retained. Consequently, it is not possible to compute reliable
confidence intervals or significance tests from the aggregate F1-macro tables alone. This
limitation is important since overlapping windows are not independent observations, and
standard random cross-validation may violate temporal ordering. Another limitation of this
study is the use of F1-macro score alone to assess the results. F1-macro does not provide a
complete threshold-dependent view of classifier behavior. Precision-Recall analysis and
average precision would be particularly useful complementary metrics in imbalanced
binary classification, while ROC-AUC (Receiver Operating Characteristic Area Under the
Curve) would provide a broader ranking-oriented view. These metrics have not been
considered in the present study, since the retained experiment archive does not contain the
per-window probability or decision score vectors required to reconstruct curves for every
dataset, model, and CW-FW configuration. Similarly, cost-sensitive evaluation would
require a process-specific cost matrix assigning operational or economic weights to false
alarms and missed failures. This information was missing from the analyzed datasets.

Future work may extend this approach by incorporating new data to evaluate ad-
ditional metrics such as ROC-AUC, expected cost, alert burden, and missed-failure cost.
In addition, adaptive or data-driven strategies for dynamic window selection may be
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considered, as well as exploring the integration of temporal optimization techniques into
automated model selection frameworks. Further investigations into larger and more het-
erogeneous datasets may help validate the generalizability of the proposed methodology.
Finally, given that random undersampling may not always be the optimal choice to mitigate
class imbalance, alternative approaches, such as class-weighted fitting, focal loss, synthetic
oversampling, threshold calibration, and cost-sensitive optimization could be compared.
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Appendix A

Table A1. Monitored variables for the industrial mixing process.

Parameter Description Unit Symbol/Notation

CM_Agitator_001.AmpsPV Agitator Current A

CM_Agitator_001.PV Agitator Revolutions per Minute RPM
CM_Agitator_001.StateRunning Agitator Status N/A [Binary]
CM_M166001_001.AmpsPV Vacuum Pump Current A
CM_M166001_001.StateRunning Vacuum Pump Status N/A [Binary]
CM_PIC161001_001.PV Tank Pressure bar
CM_TIC162001_001.PV Tank Temperature °C
CM_VesselWeight_001.PV Tank Mass kg
UN_Mixer_Ekato_001.Run Mixing Status N/A [Binary]
UN_Mixer_Ekato_001.AlarmActive Alarm Status N/A [Binary]
Table A2. Monitored variables for the refrigeration system.

Parameter Description \1,:[11;; \l,\: ;:‘e Unit Symbol/Notation
P_Temp Product Temperature —30.8 5.7 °C
E_Temp Evaporator Temperature —37.8 18.2 °C
C_Temp Condenser Temperature 15.8 36.7 °C

Pow_Sup Power Supply 134 146 \%

IPC Instant Power Consumption 0 661 W
SI Signal —113 85 dBm
DAS Door Alert Status 0 1 N/A [Binary]
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Table A2. Cont.

Min Max

Parameter Description Value Value Unit Symbol/Notation
DCS Door Close Status 0 1 N/A [Binary]
DOS Door Open Status 0 1 N/A [Binary]
MCS Machine Cooling Status 0 1 N/A [Binary]
MDS Machine Defrost Status 0 1 N/A [Binary]
MPS Machine Pause Status 0 1 N/A [Binary]

HPTA High Product Temperature Alarm 0 1 N/A [Binary]

Table A3. Monitored variables for the nitrogen generation process.

Parameter Description Min Max Unit
P Value Value Symbol/Notation
CMS_AP Carbon .Molecular Sieve 0 9.5 bar
Air Pressure

ocC Oxygen Concentration 5 500 ppm

NP Nitrogen Pressure 0 9 bar

O0T Oxygen Over Threshold 0 1 N/A [Binary]
CMS._PF Carbon Molecular Sieve 0 1 N/A [Binary]

Pressurization Fail
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