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Explainable AI-Driven Predictive Maintenance Curriculum for

Smart Manufacturing
Abstract

Nowadays, Industry 4.0 has transformed manufacturing industries into a data-rich system driven by loT, automation,
and Artificial Intelligence (AI). Within this context, Predictive Maintenance (PdM) provides a proactive strategy that
leverages heterogeneous sensor data such as vibration, acoustic, electrical, and visual signals along with historical
performance and advanced analytics to forecast equipment failures before they occur. Usually, Al-driven PdM (Al-
PdM) enhances this capability by integrating Al-based sensor analytics to automate fault prediction and optimize
system reliability. However, traditional AI-PdM often functions as a “black box,” providing limited interpretability of
its decision-making process and posing challenges for trust, validation, and human oversight in critical manufacturing
environments. To address these challenges, explainable Al-based PAM (XAI-PdM) extends beyond prediction
accuracy by leveraging explainability through transparent-based analysis into intelligent maintenance decision-
making. XAI-PdM-based framework integrates heterogeneous sensor data with interpretable AI models that not only
predict equipment degradation but also clarify which sensors and features contribute to each prediction. Such
transparency bridges the gaps between complex Al algorithms and engineering expertise, fostering trustworthy Al,
traceability, and actionable insights for real-time maintenance. Identifying this need, it is essential to transfer XAl-
PdM concepts to future educators, empowering teachers to prepare students for the demands of smart manufacturing
environments. This paper provides condense guidelines for utilizing cutting-edge XAl tools with real industrial
datasets, enabling students to enhance their problem-solving skills and workforce readiness for next-generation
advanced manufacturing. The XAI-PdM-driven context integrates both theoretical and experiential learning to equip
students with cross-disciplinary competencies in Al and data analytics. Ultimately, these guidelines provide to prepare
students who can design, interpret, and deploy data-driven intelligent PAM systems that foster sustainability and
innovations in the manufacturing industry.

Keywords: Predictive Maintenance (PdM), Explainable AI, Smart Manufacturing, Heterogeneous Sensor,
Engineering Education.

1 Introduction

1.1 Background

Smart manufacturing under Industry 4.0 is rapidly transitioning factory environments into highly connected, data-rich
systems through the integration of the Industrial Internet of Things (IIoT), cyber-physical systems, advanced
automation, and artificial intelligence (AI) [1,2]. Manufacturing assets such as motors, pumps, CNC machines,
conveyors, gearboxes, and robotic systems produce continuous streams of operational data through diverse sensors
and control systems to measure vibration, temperature, current, sound, and many other signals [1,3]. These data
streams enable a shift from traditional maintenance strategies, which fix machines after failure, to data-driven
strategies or predictive maintenance (PdM). PdM supports condition-based interventions instead of fixed-interval
service, which can improve reliability, reduce unplanned downtime, and optimize maintenance resources. PdM
represents this shift by using historical and real-time monitoring data to estimate machine health. It also forecasts
failures before they occur [3]. This type of maintenance typically relies on multimodal measurements (vibration,
acoustic, current/voltage, temperature, pressure, speed, and other signals) combined with operational context (load,
duty cycle) to identify degradation patterns. On the other hand, Al-driven PdM enhances performance by leveraging
machine learning (ML) and deep learning (DL) models that can automatically learn complex patterns from large
datasets, assist in detecting early-stage anomalies, classify fault types, and estimate remaining useful life. As a result,
Al-based PdM has become more widely used in smart manufacturing systems to seek higher productivity, reduce
maintenance costs, and extend asset life sustainably.

In practice, many AI-PdM models are difficult to interpret. Such as, high-performing DL models often act as “black-
box” predictors. Typically, the output shows only the fault label or risk score without clearly identifying which signals,
features or operating conditions drove the decision [4]. In real manufacturing environments, this limited transparency
creates barriers to maintenance engineers and managers. Most of the time engineers hesitate to trust the model outputs.
Also, managers require justification before scheduling costly interventions and safety-critical systems often demand
traceable reasoning [4,5]. Moreover, due to not having interpretability, it becomes harder to validate models, diagnose
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errors and detect spurious correlations. To resolve this, explainable Al (XAI) can have a huge impact. XAl addresses
these barriers by providing tools and methods that make Al predictions transparent, actionable and interpretable. In an
XAl-enabled PdM framework (XAI-PdM), predictions are contained in explanations. For example, feature attribution,
sensor contribution ranking, time/frequency region importance. These explanations help to connect Al to physical
reasoning. In addition to improving user trust, XAl can support model debugging, data quality checks, root-cause
reasoning and human-decision-making. Therefore, XAI-PdM is not only a technical enhancement but also it is a safer,
more accountable and adoptable pathway for Al systems in terms of industrial maintenance [4,6].

To achieve the principles of Industry 4.0, one of the most important tasks is PAM, which transforms large volumes of
sensor machine data into actionable information regarding system reliability [1,5,8]. According to the recent roadmaps,
PdM can be classified into three main types, namely, data-driven, physics-based, and hybrid approaches, and
researchers still encounter issues related to model performance in different scenarios, secure processing of confidential
data, and integration of knowledge across different operating conditions [8]. Since smart manufacturing is a cyber-
physical, data-intensive system that relies on shareable data and high-quality sensing and analytics throughout the
entire product life cycle [1,5], education should familiarize students with the entire PdAM workflow, starting with
sensing and processing and ending with modeling, evaluation, explainability, and decision-making. With deep learning
methods advancing PdM system performance, explanation of maintenance actions becomes a necessary step to
guarantee transparency and reliability and consistency with domain knowledge in maintenance activities. Previous
research on XAI-PdM has concentrated on establishing trustworthiness and safety, explaining sensor patterns that
change over time, and providing explanation methods that match the way maintenance teams analyze system alerts
[4,9,10]. This is in line with the emphasis of NIST on reliable smart manufacturing, which also incorporates
performance, reliability and data traceability [1,5]. The standard XAl tools are limited to LIME/SHAP for the classical
ML and Integrated Gradients or saliency methods for deep models which are applicable in XAI-PdM labs [11-13]. In
terms of educational frameworks in smart manufacturing and Industry 4.0, prior works addressed course-level
instruction, lab-based learning environments, and broader curriculum modernization [14-16]. While these studies
support manufacturing-oriented digital and Al education, they do not appear to center explainable predictive
maintenance as a structured teaching workflow. To our knowledge, fewer studies have translated these combined ideas
into a unified curriculum framework that integrates sensing, preprocessing, modeling, explainability, and maintenance
decision documentation for smart manufacturing education.

This study is directly connected to manufacturing because it addresses manufacturing assets, industrial sensor streams,
and maintenance decision-making under real production constraints [1-5]. Based on this, the proposed XAI-PdM
framework is presented as a smart manufacturing educational approach, but not as an Al educational tool that can be
used for any purpose. Although engineering and ET programs are increasing Industry 4.0 content through project-
based learning curricula and PdM-focused initiatives [6,17,18]. Many courses still teach model accuracy and tool use
with little instruction on how to document data context, prevent leakage and spurious correlations, link explanations
to physical faults, and use predictions to make maintenance decisions based on cost, safety, and downtime. The Al-
based diagnostics and prognostics are growing fast in advanced manufacturing and therefore ET programs must train
students to this workforce reality [2,6,7]. The paper addresses these needs by:

e Advancing PdM education beyond accuracy or tool-usage training to implementation-ready applications
(data context, leakage/spurious relationships, and decision boundaries)

e Integrating the end-to-end PdM workflow: sensing — processing = modeling — evaluation —
explainability = maintenance action.

e Treating explainability as necessary proof through connecting model outputs to physical fault analysis and
justification.

o Using industry-style, assessable deliverables (e.g., dataset/model documentation and maintenance action
memos) instead of accuracy-only grading.

e Focusing on realistic testing and maintenance-related assessment to educate students to develop and deliver
constraint-based recommendations (cost, safety, downtime).
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1.2 Importance of PdM in engineering technology programs

PdM is an important field for ET education because it teaches students how to use hardware and instruments with data
analysis to make maintenance decisions. These are essential skills for smart manufacturing jobs. Through PdM
training, students will be able to relate what they learned in basic engineering classes, such as vibration, motion,
electronics, and reliability, with what they are teaching with modern, data-based processes. Explainable Al (XAI)
reinforces their learning by teaching students to justify their decisions with evidence, rather than blindly trusting the
output of models. The XAI-PdM course in Figure 1 covers multi-sensor data collection and metadata tracking up to
modeling, explanation and maintenance decision support, and evaluates students with industry-paper based
deliverables (dataset cards, feature reports, model cards and maintenance memos) rather than just the prediction
accuracy; thus, the curriculum focuses on measurable learning outcomes like:

e  Acquiring and managing multi-sensor datasets.
e  Applying time, frequency, and time-frequency analysis

Data acquisition and metadata
Multi-Sensor Layer © « AssetID, Timestamp
* Vibration, Acoustic n LLLWS * RegimeInfo
Current/Voltage ¥ * Maintenance Logs
* Temperature/Pressure
= \Visual (Images) ‘
+ Context Data (Load, Speed, PLC/SCADA) @ Storage & Integration

« Time-Series Database
* File Storage + Metadata

» Al Modeling \ . Signal & Data Processing
Megr + Anomaly Dectection ,.! - '“ © + Cleaning & Segmentation
— + Fault Diagnosic _ :).,_.‘ Rl £F . Feature Engineering
6 + RUL/Prognostics =t @4 .« Leakage-Safe Splits

— + ML&Deep Learning Models

4

L7 Explainability (XAl)
o @ \f « Feature Attribution
* SensorContribution

‘ * Time/FrequencyAnalysis

Maintenance Decision Support

Alert & Severity
XAl Explanations

* Action Recommendations
Documentation

Curriculum Outputs
Dataset Card

‘" , * Feature Report
e 4§ - ModelCard
= Maintenance Memo

Figure 1. End-to-end XAI-PdM workflow for smart manufacturing education, starts from multi sensor data acquisition to
ultimate curriculum outputs.

Building ML/DL models for fault analysis.

Evaluating models with appropriate metrics and validation strategies.

Generating and interpreting explanations.

Translating predictions into maintenance actions under constraint (Cost, Safety, downtime) .

PdM education also supports workforce readiness by mirroring how maintenance decisions are made in industry. In
practice, decisions are not based on model accuracy alone; they depend on trust, interpretability, and documentation
that enables validation and accountability. Accordingly, students submit industry-aligned artifacts such as dataset
cards, preprocessing logs/feature reports, model cards, explanation reports, and maintenance action memos. These
deliverables reinforce clear communication and traceability, both essential for successful adoption of Al in
manufacturing organizations. Overall, PAM and XAI-PdM provide a powerful educational platform for preparing
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students to design, interpret, validate, and deploy data-driven maintenance solutions in smart manufacturing
environments through an experiential learning approach grounded in realistic datasets and explainability tools. In this
paper, we use term curriculum framework to refer to a modular instructional structure. This structure may be
implemented as a course, a lab sequence or a project-based module using public PAM datasets, laboratory generated
datasets or institution/industry provided industrial datasets, depending on the data availability and institutional context.

2 Key applications of data-driven Al in PdAM

The Al in smart manufacturing systems does not start with a model but with data collected from an operational machine
under various loads, speeds, combinations, and environmental conditions. Therefore, the primary use of Al in PdM is
the development of a workflow that utilizes raw signals to generate accurate maintenance information. Educators
should ensure that students understand that the success of PAM programs depends on pragmatic engineering decisions
regarding what to measure, how to store, prepare, and maintain it in service. Students are also taught the proper way
of collecting diverse sensor data in a secure and consistent manner and the proper way of organizing it to be reusable
and maintain its physical characteristics of failure signatures.

2.1 Data collection and storage: sensor fusion and signal types

PdM uses data from various sources since the machine’s health is rarely detected in a single measurement. In a rotating
machine, a bearing can fail with the vibration signal being the first indication of the problem, followed by the thermal
signal. The change in a certain load will be apparent in the current value of the motor. This is why sensor fusion is
primary to PdAM. It unifies signals that enhance the health picture and decrease false alarms. In the curriculum, students
should be taught to classify following signals in practical terms:

1. High-rate continuous signals (vibration, acoustics): Capture fast mechanical events and are critical for early
fault detection; require careful sampling-rate selection, windowing, and data-volume management.

2. Medium-rate condition signals (motor current, temperature): Often reflect load variation, friction,
imbalance, and heating; typically, cheaper to instrument and easier to collect at scale.

3. Low-rate process/context tags (PLC/SCADA/MES variables): Speed, torque, recipe, pressure, and
operating mode strongly influence sensor patterns; without these context variables, models may confuse
normal regime changes with degradation.

4. Image-based data (thermal or visual inspection): Useful for specific defect modes but require different
storage formats and preprocessing pipelines than time-series signals.

A usable dataset module should teach metadata discipline so students can answer deployment-critical questions (e.g.,
which asset produced the signal, under what load and time, and what maintenance event followed). Accordingly,
datasets should include sensor readings linked to asset IDs, operating regimes, maintenance logs, and quality flags
(e.g., missing data, sensor replacement, calibration dates). Storage choices should also be part of engineering decision-
making: time-series data can be saved in structured arrays or historian-style exports, while images/audio can be stored
as files connected through metadata tables; for class projects, a consistent, well-documented folder and schema is
often sufficient.

2.2 Signal/data processing

After data is collected, the subsequent primary task involves converting the raw signals into forms that are stable and
comparable, and meaningful to modeling. The industrial signal data transmitted in actual time is quite disorganized.
Noise, transient and missing regions must be present. Thus, the PdM course needs to consider preprocessing as a
necessary engineering step. A normal preprocessing workflow that is curriculum-friendly can be described in the
following way. The first major step is transforming raw signals into stable signals. These are useful when modeling
and can be compared. The industrial signals used in real-time industrial applications are not clean. There are always
distortions, fleeting and missing parts. Therefore, PAM courses should regard preprocessing as a fundamental element
of engineering. A typical preprocessing pipeline that is curriculum-friendly is applied in the following steps.

1. Quality checks and cleaning: identifying missing data, saturation, sensor drift, and abnormal spikes; apply
basic filtering or denoising as justified.

2. Segmentation/windowing: define window length and overlap; ensure segmentation aligns with machine
dynamics and sampling rates.
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3. Normalization and operating-regime awareness: account for changes due to load/speed/mode and avoid
treating regime shifts as faults.

4. Feature engineering or representation learning: extract time-, frequency-, and time—frequency-domain
features (or build learned representations such as spectrograms).

5. Data splitting to avoid leakage: design deployment-realistic splits (e.g., by time, by asset, or by operating
regime) to prevent inflated performance estimates.

3  Al-enabled data-driven decision making in PdM

In smart manufacturing, PdM creates real value only when it supports maintenance decision-making, and Al is most
effective when it helps personnel identify whether a machine is degrading, which fault is most likely, the associated
risk level, and what action is most urgent. Therefore, an effective XAI-PdM curriculum should emphasize decision-
support, not just prediction accuracy, by linking (1) processed data and engineered features, (2) modeling methods
that translate patterns into predictions, and (3) operational constraints that determine whether to inspect, repair,
continue operation, or keep monitoring. The instructional goal is to develop engineering judgment with data: students
should justify their modeling choices, evaluate performance under realistic deployment conditions, and translate
model outputs (with explanations) into actionable maintenance recommendations. Figure 2 illustrates the support of
XAI explanations to the processed data and features, the predictions of AI/ML, and the combination of operational
constraints to generate workable maintenance decisions.

Processed Data &
Engineered Features

Al/ML Modeling (Operational Constraints (Maintenance Decisioﬂ
(Patterns = Predictions) l

e 7 Model outputs: Safety & Compliance I@ i
',—\Q * FaultTypes (Most probable) + Cost & Downtime #  Repair
‘ T 0 * Probability Score « Resource Availability & .
-[_ H * Risk Level * Decision Threshold ’ Continue Operation
E!!‘-’: ‘_’:!!j * Uncertainty
@ Inspect

* Prediction Score Training * Decision Support Systems
(Calibration, Thresholds, False (Action Policies, Work Order =~ pessssssssssas
Alarms vs. Misses) Prioritization)

Figure 2. Al-enabled data-driven decision-making workflow for explainable predictive maintenance.
3.1 Implementation of available techniques

In educational settings, students learn most effectively by repeatedly working through a structured project lifecycle
that starts with problem definition through the measurement of results. This lifecycle includes building a base version,
improving upon it, checking results, drawing conclusions and deciding on a course of action. By introducing the task
of understanding the data before progressing to building a complex model, this scaffold allows students to consider
the relevance of the data before proceeding with the creation of their model. This aligns well with explainability, as
correct evaluation and validation must be carried out for any explanation to be meaningful. In typical courses in
Predictive Data Modelling with XAl students implement models for one or more of the following tasks in Predictive
Data Modelling:

1. Anomaly detection: determining whether machine behavior deviates from expected operation.

2. Fault diagnosis (classification): identifying the most likely fault type (e.g., bearing defect, imbalance,
misalignment).

3. Prognostics / remaining useful life (RUL): estimating time-to-failure or remaining operational life.

Courses should clearly show students how to pick a method based on practical factors: trade-off between missed
failures and false alarms, sensor type and sampling method, quality and quantity of labels, clarity needs, and making
decisions in real-time. Student documentation of assumptions and constraints, and their work environment introduces
them to methods similar to industrial engineering practice and secure system implementation.
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3.1.1 Machine Learning model

The classical ML models offer an advantage for introductory PdM lessons since they train learners to consider features,
physical sense and model interpretability. Feature-based mode Is can still be useful in manufacturing environments
where they can be easily verified and are not as complex as DL models and hence may be used in training the
workforce. A curriculum-friendly progression is:

1) Interpretable baselines: establish physical intuition before introducing higher-complexity models.
a) Threshold rules based on domain health indicators, b) Linear or logistic regression as transparent baselines.
2) Stronger classical ML methods: Compare performance improvements, and document trade-offs using stronger
traditional ML methods. For example:
a) Decision trees and random forests (easy to explain and robust)
b) Gradient boosting methods (often high accuracy with engineered features)
¢) SVM (support vector machine) for structured feature sets
3) Unsupervised or weakly supervised models: These models imitate industrial conditions where fault labels are
not available or expensive to obtain. Examples include one-class based approaches and the Isolation Forest to
identify irregularities.

Students can conveniently use XAl in ML training with global and local explanation techniques to understand which
sensor attributes are responsible for the model on the whole and why this definite case was chosen. Representative
explainability tools suitable for the proposed curriculum include SHAP and LIME for classical ML models, and
Integrated Gradients or saliency-based methods for deep learning models. Clarifications are useful in debugging.
When the explanations repeatedly mention the operational regime variables instead of the health-related indicators,
the students may notice that the model is probably responding to regime changes rather than degradation, which is
one of the important failure modes in real-world implementations.

3.1.2 Deep Learning model

When sensor data is complicated and multilayered and cannot be easily described manually, DL can be helpful in
preventive diagnostics of systems (PdM). In DL it is increasingly applied to the analysis of vibration and acoustic
data, spectrograms, thermal images, and multi-channel time-series data in the smart manufacturing sector.
Educationally the following typical DL methods are appropriate:

a) 1D CNNs over the time-series raw data (e.g. vibration, motor current).

b) 2D CNNs schemes of time-frequency data (e.g. spectrograms).

¢) Sequential damage and time relationship LSTM/GRU models.

d) Transformer/attention-based models when long-range dependencies and context integration are critical.

ML develops rationality through feature value and comparatively simple decision borders, and DL focuses on
representation learning and the ability to process complex sensor data. Hence, XAl tools are essential to relate the DL
output to engineering knowledge. In a DL-based XAI-PdM module, students can create interpretable models which
point out critical time intervals, and frequency bands and (in case of multi-channel models) sensor-contribution
indices, which support fault diagnosis and maintenance decision-making.

3.1.3 Evaluation metrics

XAI-PdM evaluation should be taught in terms of both predictive performance and maintenance impact, emphasizing
deployment-realistic validation rather than misleading practices like random window splitting, which can inflate
results because adjacent time windows share similar signal patterns and operating regimes. Students should use
realistic splits (by time, asset, or regime) and report task-aligned, cost-aware metrics for fault diagnosis, anomaly
detection, and RUL prediction, interpreting each metric through its maintenance consequences (summarized in Table
1). Explainability should serve as a second validation lens: even high-scoring models can be unreliable if they are
“right for the wrong reasons” (e.g., responding to regime changes instead of degradation), so evaluation should assess
both predictive accuracy and whether XAI provides useful, trustworthy evidence to support maintenance decisions.

Table 1. Recommended evaluation of metrics and their maintenance relevance for PdM tasks

Area Metrics Why it matters
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Classification e  Precision, Recall, F1- score e  Fault data are often imbalanced; these metrics are more

(Fault informative than accuracy.
diagnosis) e Confusion matrix e Reveals which fault types are confused (e.g. imbalance
vs misalignment), supporting targeted improvement.
e PR-AUC e  Often more It is often more informative than ROC-

AUC when the number of faults is small and the cost
of false alarms is high. full than ROC-AUC when
faults are rare

Anomaly e Detection delay e This is of some benefit when the message is received
detection early enough to allow the operator to act.
e  Threshold selection e  Thresholds must be based on the trade-offs in
operations at the level, not random tuning.
e False alarm rate e High false-alarm burden reduces trust and operational
adoption.
RUL/ e MAE/RMSE e Indicative of the error in estimating the remaining
prognostics useful life.
e Early vs late cost e  Predicting too early wastes useful life; predicting too

late risks failure. students Should discuss this trade-off.

e  Uncertainty awareness e A plan requires value and confidence in the value.
(prediction intervals/
confidence)
/ ™ P ™~
/v~ Context Aware PdM training /s Explainability & Mechanistic Validation
'@' Associate operating conditions with | '@\' Compare Al explanations with physics-based /
expected signal patterns / \ models 4

/ &2\ Failures and What-if Scenarios \\4, Real- Time operational data E

\ @ Simulate Failure cases & explore “_
/

\ maintenance plans
N

Augment real data to simulate  EEEEEE—

% Synthetic data generation )
stresses & failures

Figure 3. Digital twin simulation updated by real-time sensor data to support explainable PdM.

3.1.4 Digital Twin as an extension for XAI-PdM

Digital twin can enhance the training of XAI-PdM by providing a structured and context-sensitive model of the actual
asset and updating it with operational data [19]. In PdM the twin is used to associate sensor reading with the state of
operation and expected future behavior which facilitates learning and decision making. Figure 3 depicts the way in
which a digital twin simulation is used to support XAI-PdM training through context-aware PdM learning, generation
of data, analysis of failures scenario and explainability with mechanistic validation. A digital twin in the classroom
allows several high-value educational operations. Initially, it facilitates context-aware PdM in that students are able to
associate the operating conditions, e.g., speed, load, duty cycle, and mode, with the expected signal patterns, which
reduces the number of the false alarms due to the normal production variation. Secondly, it supports the production of
synthetic data and rare-failure learning such that simple physics-based or simulation-informed models can be used to
simulate stress conditions and signatures of failures in cases where there is little real failure data. Third, it can improve
explainability by being a separate standard: the students are able to compare the Al derived explanations (e.g.,
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sensor/feature importance) to the physics-based expectations of the twin, and the idea that credible explanations should
be based on engineering mechanisms is strengthened. Lastly, the twin is useful in maintenance planning since the
students get to try what-if scenarios such as continued operation or planned maintenance and see their impact on risk
and downtime. Thus, digital twins are not just a representation of an object, they are a strong teaching tool that bridges
data-based understanding with physical reasoning and operational outcomes.

3.2 Decision-making

This section is important to an XAI-PdM course since it associates model outputs with actual maintenance actions.
PdM is not just about predicting failures, but also about selecting the proper response at the proper time, given
production time constraints, safety requirements, inventory, and downtime costs. The students acquire this skill by
doing a structured decision record for every alert, which is depicted in Table 2 as a maintenance action memo, that
what was detected, severity and confidence, what global/local explanation evidence, physically plausible degradation
explanation, and what feasible response.

4 Discussion

XAI-PdM curricula involve students in evidence-based maintenance-decision learning and not model-based learning.
In standard AI-PdM courses, the primary concern of students is the development of highly performing models and
accuracy reports. Human maintenance decisions do not rely solely on accuracy. Responsible decision makers,
including the supervisors, engineers and safety personnel, have to provide clear justification before the allocation of
the resources or the stoppage of production or the issue of the order. They must comprehend the reason for an alert
and the evidence and the level of confidence of the system in the alert under certain circumstances. Explainable Al
(XAI) takes a core position in PdM training since it is a practical tool that establishes the connection between data-
driven models and engineering criticality, through transparency, traceability and actionable reasoning.

Table 2. Decision-making template for XAI-PdM: mapping alerts and explanations for maintenance actions.

Step Component What it includes
Alert formation e Detection o What was detected (anomaly, fault, or RUL threshold).
e Severity e Severity level (risk score or urgency level).
e Confidence e Confidence score, prediction interval, or uncertainty
notes.
Evidence and explanation e Global context e What typically drives the model.
e [ocal evidence o Explanation of why this particular instance was detected
(local explanation).
o Engineering o Conversion of XAl evidence to physical reasoning (why
interpretation these sensors/features suggest degradation).
Action recommendation e Response type e Immediate check or planned service or continued
monitoring
e Troubleshooting e What to check first.
priority
o Parts ordering e Whether to pre-order parts according to lead time and
confidence
Decision documentation e Maintenance memo e A brief memo indicating recommendation, evidence and
(deliverable) impact expected.
e Assumptions/limits e Operating regime assumptions, limits known and/or
failure modes.
e Follow-up plan e What other information or tests proves the diagnosis and

how result data.
One of the primary benefits of this research is that it employs deliverable-based assessment, which is similar to the
practice of industrial documentation, as opposed to assessing students based on predictive performance only. Figure
4 (curriculum Deliverables Workflow) implements the entire PdAM pipeline by means of a set of artifacts prepared by
students. The figure demonstrates that reliable PdM starts upstream before the training of the models with careful
construction of datasets and proper fabrication of decisions regarding metadata management and preprocessing. In the
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data collection and storage phase, students describe sensor specification, sampling and synchronization, marking
protocol referencing maintenance logs, and data schemas. These artifacts are used to directly solve common
deployment errors such as the missing context, inconsistent labeling, and untraceable data provenance. A processing
log that can be replicated and that contains cleaning, segmentation, regime-aware normalization, parameters of
representation (FFT/STFT or time-frequency features), leakage-safe splits are required at the signal/data processing
stage. The curriculum requires these specifics as graded deliverables and thus supports the idea that claims of
performance are valid only when data preparation is correct and documented and repeatable.

Data collection & storage

* Sensor spec + calibration + mounting notes

« Sampling & synchronization plan (time alighment across sensors)

+ Dataset card: asset ID, timestamps, operating regime tags (load/speed/mode)
« Labeling protocol + link to maintenance logs (ground truth source)

« Data dictionary/schema (units, fields, missing codes)

< \Versioning + quality flags (missing segments, sensor replacement)

Signal/Data Processing

¢ Cleaning + quality checks (noise, missingness, saturation)
* Segmentation/windowing parameters (size, overlap)

« Normalization + operating-regime handling

« Feature/representation parameters (FFT/STFT settings or time-frequency features)
« Split strategy to prevent leakage (by time / by asset)

* Reproducible preprocessing log (steps + parameter table + seeds)

DL model

« Baseline vs improved model comparison (what changed +

Input format + architecture summary (shape + model type)

why) « Training details (loss, optimizer, early stopping)
= Features used + rationale tied to physics « Global explanation across fleet (sensor/band/time
* Validation method (deployment-realistic) + selected metrics importance)
* Hyperparameters (how chosen) « Localexplanation for one alert (what segment triggered)
+ Global + local explanation summary (top drivers + 1 case) « Explanation sanity check (stability or randomization test)
« Robustness check (by asset/regime) « Physical interpretation + uncertainty note (what it means for
action)

Evaluation metrics

+ Correct metrics for task (fault/anomaly/RUL)

* Performance by asset + by operating regime

= Error analysis examples (false alarms + misses with explanations)
« Lead-time / detection delay (when applicable)

+ Cost-sensitive discussion (false alarm vs missed failure)

* XAl check: do explanations differ for correct vs wrong?

« Alert summary (severity + urgency)

+ Evidence from XAl (global + local)

« Confidence/uncertainty statement

= Action threshold policy (inspect vs schedule vs monitor)

« Constraints + recommendation (downtime/parts/safety)

* Follow-up plan + feedback loop (what confirms; how outcome is recorded)

Figure 4. Curriculum deliverable workflow for XAI-PdM. Student artifacts from multisensory data collection to maintenance
decision documentation
The illustration also demonstrates the ML and DL routes, maintaining a standard requirement of interpretability. In
ML models, students evaluate baselines in the context of enhanced models and justify their selection of features with
information based on physics and provide global/local explanations. As for DL models, students are required to report
the architecture and training choices as well as explanation reports, which pinpoint the considerable time segments,
frequency regions, and sensor contributions. Most significantly, the structure of the deliverable precludes 'black-box
acceptance' because of the fact that explanations are used as part of the engineering evidence that will be used to
support decisions but not as supplementary visualizations. The succeeding stage reinforces the realism of the
deployment by necessitating performance reporting, error analysis, and cost-sensitive discussions of false alarms as
opposed to missed failures. The end-use document in the decision-making stage is a maintenance work order that
combines severity/urgency, evidence from XAI (global + local), confidence/uncertainty, action threshold policies
(inspect vs. schedule vs. monitor), operational constraints, and a follow-up plan with a feedback loop. This last artifact
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has been deliberately designed to fit the communication and validation of PAM recommendations in manufacturing
firms.

Table 3 summarizes how this curriculum approach supports learning across four critical dimensions: educational
viewpoint, realistic data, human-centered decision-making, and transferability in constraints. Educationally, the
deliverable workflow eliminates accuracy-only thinking since it requires students to interpret model performance and
support choices with evidence. In data realism, the workflow employs unreliable industrial data as an expected
condition and educates students to experiment with regimes, address imbalance, and test splits to prevent leakage.
Human-centered decision-making is promoted by converting predictions into a formal decision template that provides
evidence and constraints, which enables defensible actions as opposed to label-only results. Finally, transferability
indicates that many courses are run under limited hardware, computing, or instrumentation, and the curriculum can
still be implemented using scalable baselines and selective DL, but explanations must be provided to support decisions
under actual constraints.

Table 3. Discussion summary of XAI-PdM curriculum focus areas: educational value, data realism, human-centered decision-
making, and transferability.

Focuses Why matters in XAI-PdM ~ What students do What XAl reveals
Educational It prevents from “accuracy  Train baseline model, generate  The model learns the true
perspective only” thinking and forces explanation for all cases, failure-related signal vs
to interpret model Compare fault analysis data shortcuts.
behavior.
Data realism Real PdM data are Test across operating regimes,  Machine leakage, sensor-

imperfect. Students must
debug generalization.

check imbalance and verify
splits and then run stress tests

dominance, unstable
explanations

Decision making
with human
intelligence with
Al

Providing just labels for
maintenance does not
enough, they need
defensible action

Convert predictions into
decision template (risk/cost/
constraint)

What triggered the alarm and
what to inspect first.

Transferability
and constraints

Some courses must have
limited computing or
hardware

Compare lightweight baseline
vs DL, choose tools based on
resources

Whether explainability still
supports decision making
under constraints (tradeoff)

Overall, the curriculum deliverable workflow strengthens workforce readiness by teaching students not only to build
predictive models but also to produce auditable, explainable, and action-oriented maintenance recommendations. By
aligning course outcomes with industrial adoption requirements, transparency, traceability, and decision utility, this
approach supports trustworthy Al deployment in smart manufacturing settings. In addition to increasing technical
ability, the framework being presented will build students awareness of ethical use of Al by developing critical analysis
skills when reviewing "black box" model outputs while also documenting assumptions and limitations, identifying
and evaluating questionable relationships and providing transparent, traceable and accountable reasoning on how and
when to maintain AI models.

5 Conclusion and future outlook

This paper argues that XAI-PdM is a timely and effective educational theme for smart manufacturing and ET
curriculum. The approach suggested harmonizes model training and accuracy-based learning with total industrial PdAM
processes and required documentation practices to ensure reliable adoption. The training activities undertaken by the
students are as follows:

Data collection and organization with multiple sensor inputs,

Signal processing to produce significant physical representations,

ML and DL model training for PdM applications,

Performance evaluation based on real-world validation methods and maintenance-based metrics,
Explanation generation to summarize model reasoning processes,

Conversion of predictions and explanations into justifiable maintenance actions.

I
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Educationally, this paper provides a curriculum that is ready to teach as a course which combines theoretical
knowledge with practical implementation. Students gain expertise in sensing technologies and signal analysis and Al
model development and operational decision making through creating industry standard documents such as dataset
cards and preprocessing logs and feature reports and model cards and explanation reports and maintenance action
memos. The students gain practical experience with essential skills for Al manufacturing implementation which
include explaining Al decisions and building user trust and identifying system errors and debugging and maintaining
detailed records and presenting information clearly to stakeholders. The XAI-PdM curriculum prepares students to
create and evaluate and implement PdM systems that function as transparent and traceable and operational in
manufacturing settings.

Multiple advances can be used to enhance XAI-PdM technology and to make it more suitable in educational context:

1. Large-scale Multimodal PdM: In the future, PAM systems are expected to integrate vibration, acoustic,
electrical/current, thermal and process context data within unified multimodal monitoring frameworks.
Teaching programs may follow the development towards the combination of several types of data and trial
between various types of sensing paths.

2. Uncertainty-based decision-making: Maintenance planning requires confidence and predictions only.
Students, learning to measure and communicate uncertainty (such as prediction intervals, calibration or
ensemble agreement) will be more prepared for real situations and more inclined to trust the outputs of the
models.

3. Edge deployment and real-time constraints: Many PdM models must react rapidly by running on devices
close to equipment. Students need to learn lightweight models and speed/accuracy tradeoffs, and
explanation techniques that work on edge platforms.

4. Human-centered XAl: Explanations must match the information needs and methods of decision-making of
stakeholders. Explanations should fit the user's job and decision process. We need better explanation
testing, role-based reporting (operator or reliability engineer or manager), and human checks to ensure XAl
helps, not hinders, maintenance work.

5. Hybrid learning models that utilize both physics-based models and data-driven models show better
performance in paradigm generalization, model explanation, and model reliability. PAM researchers and
students need to learn how to combine Al methods with engineering concepts, and this approach can help
them achieve good learning experience.

The proposed XAI-PdM based curriculum provides a structured and potentially effective framework for preparing
students who will work in smart manufacturing environments where Al systems must be both accurate and
interpretable. The ongoing development of Al technology and industrial data systems creates expanding opportunities
for students to build, evaluate, explain, and deploy PdM solutions. A curriculum that emphasizes explainability,
traceability, and decision utility can help broaden participation in advanced manufacturing and support innovation in
sustainable, reliable industrial operations.
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