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ABSTRACT

Maintenance strategies for engineered assets are shaped by the diversity of potential failure modes and their impact on func-
tional performance and safety. As these assets comprise numerous interconnected components, they are prone to concurrent
degradation and multi-source faults. Consequently, maintenance personnel face challenges in efficiently and accurately iden-
tifying specific failure types and pinpointing root causes to plan effective interventions. This paper introduces an intelligent
advisor—a question answering (QA) system—for fault diagnosis, failure mode identification and automated root-cause analysis
by integrating failure modes, effects and criticality analysis (FMECA), machine learning (ML) and a knowledge graph (KG). A
linear actuator serves as a case study to validate the approach via a four-stage implementation: (i) FMECA construction from
design knowledge and known degradation mechanisms; (ii) signal processing and feature engineering from sensor data collected
under multiple fault scenarios; (iii) digitisation of FMECA into a KG to represent concepts and relations; and (iv) a natural
language processing (NLP) layer that enables user-friendly interaction. Results show that the integrated framework enhances
the interpretability and traceability of automated diagnostics, providing a transparent pathway from sensor-level anomalies
through KG-based reasoning to prescriptive maintenance actions.

1 | Introduction

11 |

maintenance costs while improving productivity and return on

Background investment [1].

With the emergence of Industry 4.0, intelligent management
and production technologies have become central to modern
industrial manufacturing. Within this context, predictive
maintenance (PdM) has been widely recognised as a key
enabling technology, as it reduces equipment downtime and

Consequently, substantial research efforts have focused on
developing technologies to support the industrial adoption of
PdM strategies, including sensing infrastructures, data connec-
tivity and algorithms for fault detection, diagnosis and prog-
nosis. For example, Ompusunggu et al. [2] developed Kalman
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filtering-based prognostic solutions for automatic transmission
clutches. Wei et al. [3] proposed a closed-loop manufacturing
scheduling framework with integrated PAM capabilities, using a
convolutional neural network (CNN) trained on features
extracted from historical operational data. Maulana et al. [4]
introduced prognostic approaches combining machine learning
(ML) techniques with Bayesian filtering for aircraft engine
health management.

In addition, You and Meng [5] formulated a PAM scheduling
model and investigated optimal maintenance planning through
numerical analysis and dynamic updates. Tod et al. [6] applied
physics-based modelling to extract condition indicators from
sensor data for PAM of solenoid valves, whereas Brijder et al. [7]
and Vasquez et al. [8] developed PdM algorithms and software
tools to address corrosion-related degradation in offshore wind
turbine structures. Furthermore, Aremu et al. [9] examined
health indicator (HI) staging in PdM, characterising asset life-
cycle states using discrete health categories.

In contemporary PdM practice, as illustrated in Figure 1, con-
dition monitoring (CM) systems and/or supervisory control and
data acquisition (SCADA) systems collect sensor signals and
operational log data. These data sources capture events gener-
ated by various applications running on industrial assets and are
transmitted to a central database for fault diagnosis, prognosis
and trend analysis using data-driven algorithms. When calcu-
lated condition indicators or remaining useful life (RUL) esti-
mates exceed predefined thresholds, work orders (WOs) are
automatically generated by a computerised maintenance man-
agement system (CMMS) or manually issued by a maintenance
planner. The WO initiates corrective actions by maintenance
personnel. In addition to sensor data, service data—such as
performed maintenance activities, involved assets or tools,
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FIGURE 1 | Typical PAM workflow. Source: Adapted from Refs. [10, 11].
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consumed spare parts and observed failure types—constitute
another essential information source [10]. Collectively, mod-
ern PdM strategies contribute to more standardised, digitalised
and traceable maintenance processes.

Despite notable progress, current PdM implementations still
exhibit several limitations. First, they often fail to provide stake-
holders with a comprehensive understanding of failure root
causes, resulting in limited traceability. Second, they lack mech-
anisms for pushing explicit fault knowledge derived from data-
driven reasoning, leaving maintenance stakeholders with an
insufficiently intuitive understanding of the relationship between
sensor-based condition indicators and fault phenomena.
Addressing these shortcomings requires a transition from PdM to
prescriptive maintenance (RxM). Such a transition necessitates
advisory systems—specifically, question-answering (QA) sys-
tems with root-cause reasoning capabilities—that support
maintenance teams by explicitly linking fault symptoms, failure
mechanisms and optimal maintenance actions, thereby mini-
mising downtime and preventing catastrophic asset failures.

1.2 | Related Work

Failure modes, effects and criticality analysis (FMECA) is a well-
established technique for identifying critical components in
engineered assets and defining maintenance priorities, providing
a structured foundation for maintenance planning [12].
Conventionally, FMECA information is organised in tabular form
[13]. Although effective, this representation becomes increasingly
difficult to interpret as asset complexity grows.

Knowledge graphs (KGs) offer an alternative paradigm for
modelling complex relationships by representing real-world
entities and concepts as directed labelled graphs. As illustrated
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in Figure 2, a KG consists of four elements [14]: (i) nodes, (ii)
edges connecting nodes, (iii) labels assigned to edges and (iv) an
assignment function linking edges to labels. In the figure, nodes
A and C represent entities that can be persons/maintenance
personnel, places/sites, objects such as engineered assets,
events, models, abstract concepts etc. One can view the
assignment of label B to the edge E = (A and C) as a triple (A, B
and C), where A, B and C represent the subject, predicate (verb)
and object, respectively. The ability of KGs to efficiently encode
structured domain knowledge makes them particularly suitable
for representing FMECA data as interconnected triples
(e.g., fault type — manifestation — failure mechanism).

Compared with tabular representations, FMECA-KGs enable
flexible querying and reasoning using languages such as
Cypher, which was originally developed for the Neo4j graph
database [15]. Existing studies demonstrate the feasibility of
modelling FMECA using KGs. For instance, Chen et al. [16]
constructed a Neo4j-based FMECA-KG for power plant systems
and reported over a 60% improvement in analysis efficiency.
However, KG construction remains highly dependent on
domain experts, making it labour-intensive and time-
consuming. Similarly, Zhang et al. [17] showed that FMECA-
KGs can enhance engineers' understanding of root causes, yet
their approach is constrained by the availability of historical
FMECA records and failure data.

In parallel, machine learning (ML) techniques have become
dominant in PdM by learning failure patterns from high-
dimensional sensor data [18, 19]. Methods typically rely either
on feature engineering combined with classical ML algorithms
(e.g., random forests and support vector machines) or on deep
neural networks (NNs) that process raw sensor signals for fault
diagnosis and RUL estimation [20]. Liu et al. [21] proposed a
self-supervised deep learning framework for PAM under limited
label availability, whereas Chen et al. [22] introduced a Cox
proportional hazards deep learning model for sparse data sce-
narios. Nevertheless, these methods remain vulnerable to data
distribution shifts and often lack interpretability, particularly for
root-cause analysis. QA systems have also gained attention in
maintenance applications by enabling intuitive access to main-
tenance knowledge through natural language processing (NLP).
When integrated with KGs, QA systems can support precise and
efficient PAM. Chatterjee and Dethlefs [23] developed a KG-
based QA system for wind turbine maintenance, employing an
encoder-decoder NLP architecture to generate Cypher queries
for automated knowledge retrieval.

More recently, researchers have explored the integration of QA
systems, KGs and large language models (LLMs). Kohl et al. [24]
proposed an intelligent dialogue system that combines vector

FIGURE 2 | A triple in a directed labelled graph. Source: Adapted
from Ref. [14].

databases and KGs within a retrieval-augmented generation
framework, reducing LLMs hallucinations and supporting
multi-agent reasoning for maintenance planning. Other studies
have introduced LLMs into maintenance assistants to improve
natural language understanding and decision support [25, 26].
However, these approaches primarily focus on conversational
capabilities and user interaction rather than rigorous automated
root-cause analysis. Moreover, LLMs may face constraints such
as limited device resources and frequent model evolution, which
restrict their inference efficiency [27]. In specialised industrial
scenarios characterised by limited sensor data and sparse textual
corpora, LLMs-based solutions often underperform.

1.3 | Research Gap and Aim

Advanced question-answering (QA) systems and conversational
assistants for prescriptive maintenance constitute a rapidly
growing research area. Although substantial progress has been
achieved in machine learning (ML)-based fault classification,
failure modes, effects, and criticality analysis (FMECA),
knowledge graph (KG) modelling and QA system architectures,
these research streams have largely evolved in isolation.
Consequently, their systematic integration into a unified QA
framework for prescriptive maintenance (RxM)—capable of
automated fault root-cause analysis and actionable maintenance
recommendation—remains limited and fragmented. Further-
more, the feasibility of such integrated solutions under condi-
tions of small text corpora and limited sensor data, which are
common in real-world industrial environments, has not yet
been convincingly demonstrated.

Existing efforts to combine FMECA and KGs have primarily
focused on representing failure knowledge and facilitating
interaction between users and knowledge bases. For instance,
studies integrating failure mode analysis with KGs [28] mainly
emphasise the system's ability to recognise entities and re-
lationships in natural language queries and map them onto
graph structures. In parallel, large language models (LLMs)
have gradually been incorporated into maintenance assistants,
as demonstrated by Yang et al. [25] and Cao et al. [26]. How-
ever, these approaches predominantly centre on enhancing
natural language understanding, dialogue generation and
decision-support interaction, rather than on establishing a
rigorous and explainable linkage between data-driven fault
prediction results and structured maintenance knowledge. To
address these gaps, this paper proposes a novel QA system for
automated maintenance prescriptions that integrates ML-based
fault prediction with a knowledge graph constructed from
FMECA data (hereafter referred to as the FMECA-KG). A rule-
based and template-driven question-response mechanism is
adopted to map fault prediction outputs onto the FMECA-KG,
enabling explicit reasoning about failure root causes and cor-
responding maintenance actions. Through either user queries or
experimental data input, stakeholders can directly obtain pre-
scription results, including predicted faults, associated root
causes encoded in the FMECA-KG and recommended mainte-
nance interventions. A linear actuator system is employed as a
case study to demonstrate the feasibility and effectiveness of the
proposed integrated framework under realistic data constraints.
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1.4 | Scope and Contributions

The scope of this paper is confined to an integrated framework
comprising ML-based data prediction using a random forest
model, FMECA-KG construction and a rule-based question—
answering (QA) system. As discussed in Section 1.3, existing
applications of pre-trained language models and large language
models (LLMs) in maintenance systems predominantly focus on
system-level natural language understanding, entity recognition
and semantic mapping between user queries and knowledge
bases. In contrast, the emphasis of this study lies in establishing
a rigorous and explicit linkage between experimental sensor
data and structured maintenance knowledge, as represented by
an FMECA-KG.

By adopting a rule-based natural language processing strategy,
this research fixes the semantic mapping between fault predic-
tion outcomes and KG entities through predefined and domain-
consistent patterns. This design choice prioritises robustness,
interpretability and predictability over linguistic flexibility.
More importantly, it enables deep integration between the ML
model's data-driven understanding of real-world industrial
equipment behaviour and structured expert knowledge
embedded in the FMECA-KG. In doing so, this work validates
and operationalises an intelligent maintenance paradigm that
progresses systematically from ‘dataset — analysis — un-
derstanding — knowledge’.

The key contributions of this paper can be summarised as
follows:

e An integrated QA-based RxM framework that combines
ML-driven fault prediction with FMECA-KG reasoning to
support automated root-cause analysis and maintenance
recommendation.

e A rule-based mapping mechanism that links quantitative
prediction results to qualitative maintenance knowledge,
ensuring interpretability and traceability under limited data
and small-corpus conditions.

e A practical validation through a case study, demonstrating
the feasibility of the proposed approach on a linear actuator
system under realistic data constraints.

Finally, although the present work deliberately avoids reliance
on data hungry language models, it points towards a broader
intelligent maintenance paradigm with significant extension
potential. Future developments may include the incorporation
of more advanced neural network (NN) architectures for data
analysis or the selective integration of LLMs into rule inter-
pretation and reasoning processes, thereby further enhancing
the intelligence and adaptability of QA-based prescriptive
maintenance systems.

1.5 | Paper Structure

The subsequent sections of this paper are organised as follows.
Section 2 details the comprehensive methodological framework,
outlining the synthesis of FMECA, KG and ML. Section 3 pre-
sents a critical analysis of the experimental results and evaluates
the performance of the proposed system on the linear actuator
case study. Section 4 synthesises the key findings of the research

and outlines future research directions for scaling QA-based
prescriptive maintenance.

2 | Methodology

This section describes the architecture and configuration of each
module within the proposed question-answering (QA) system.
First, the construction of the failure modes, effects, and criti-
cality analysis knowledge graph (FMECA-KG) from stand-
ardissd FMECA documentation is presented. Next, the fault
prediction module—referred to as the maintenance analytics
tool—is introduced. Finally, the integration of the FMECA-KG
and the fault prediction module for implementing the QA sys-
tem is described.

2.1 | QA System Structure

Figure 3 illustrates the functional modules of the QA system
and their interconnections. An engineered asset serves as the
starting point of the system and provides two primary infor-
mation sources: FMECA documentation and sensor measure-
ment data.

FMECA documentation is generated using the IEC standard
tabular template [13], based on domain experts’ understanding
of the asset's physical structure, functional characteristics and
failure behaviour. This documentation is subsequently con-
verted into a structured knowledge graph (FMECA-KG). In
parallel, sensor data collected during asset operation are stored
in a local database and accessed by the maintenance analytics
tool, which autonomously learns from the data and produces
fault prediction results.

When users interact with the QA system through the interface,
their queries are analysed and mapped to predefined rules and
templates. The system then retrieves relevant knowledge from
the FMECA-KG and combines it with the fault prediction out-
puts to generate responses containing diagnostic and prescrip-
tive maintenance information.
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FIGURE 3 | Opverall structure of the QA system.
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2.2 | FMECA Knowledge Graph (KG)
Construction
2.2.1 | Asset Under Study and FMECA Development

A linear actuator, shown in Figure 4, was selected as the case
study asset. A series of experiments was conducted under
varying operating conditions and fault scenarios at Cranfield
University [29]. The resulting datasets are publicly available and
are briefly described in Section 2.3.1.

To establish the FMECA documentation for the linear
actuator, key elements—including components, faults, failure
modes, causes, effects and severity-occurrence-detection (SOD)
ratings—were systematically defined. Following the standardised
1EC tabular format [13], this information was recorded in text and
structured tables. The resulting FMECA data serve as the foun-
dational knowledge source for constructing the FMECA-KG,
enabling automated reasoning and root-cause analysis through
graph-based relationships.

Load actuator

%
Linear guides

2.2.2 | Entities and Relationships

In the FMECA documentation, entities correspond to either
physical asset components (e.g., screws, ballsand nuts) or spe-
cific fault types (e.g., spallingand backlash). Each entity belongs
to a distinct class, such as Component, Fault, Failure, or Action,
which is represented as a node label in the knowledge graph.
Figure 5 illustrates the logical relationships between entities
defined in the linear actuator FMECA.

In this study, the Neo4j platform was adopted to construct the
FMECA-KG. Entity nodes were created and assigned labels
according to their FMECA categories, while relationship prop-
erties were defined to represent the semantic links specified in
the FMECA documentation. To enable efficient and reproduc-
ible KG construction, two CSV files were prepared following the
entity-relationship logic illustrated in Figure 5. Table 1 presents
a partial example of the FMECA knowledge encoded in these
CSV files.

Test actuator

FIGURE 4 | Linear actuator used in the case study [29].
Component | Fault . Actions . Failure
. i Action A i
i spallin i i Increased
; pafiing ; : friction
i Action B i
Backlash : é Ui e
. defects
Action C
Lack of ' Increased
lubrication i clearance
. _ Action D ;
: T ' ' Restricted
2 e ! Z/:/ movement
i i Action E i
FIGURE 5 | Relationships between entities defined in the linear actuator FMECA.
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2.2.3 | Knowledge Graph Linking and Construction

During KG construction, entity types and relationship types
were formally defined to reflect the structure of the FMECA
methodology. In the FMECA-KG, entities such as failure
modes, failure effects, mechanisms, and maintenance actions
are represented as distinct node categories, interconnected
through semantically meaningful relationships (e.g., has_faults,
has_effects and has_actions). Table 2 summarises the entity
and relationship types defined for the linear actuator
FMECA-KG.

Based on these definitions, the relationships among different
entity types in the FMECA-KG can be summarised as shown in
Figure 6. The linear actuator is modelled as the root node,
which connects to all its constituent components. For illustra-
tion, a single component is depicted in the figure to demonstrate
how multiple sets of triples are associated with an individual
element. Starting from a component, the KG enables traversal to
identify potential faults, failure mechanisms, effects and corre-
sponding maintenance actions.

As illustrated, the entities forming each triple are not isolated;
instead, they collectively constitute a complex knowledge
network. Within the FMECA-KG, fault analysis can be initiated
from various entry points—such as a single fault symptom, a
specific component or multiple simultaneous conditions—
following the logic embedded in the FMECA structure. Figure 7
presents a partial view of the constructed FMECA-KG for the
linear actuator implemented on the Neo4j platform.

TABLE 1 | FMECA knowledge defined in CSV files (partially
shown).

Components Faults Actions Relationships
Screws Lack of Lubrication has_faults
lubrication check
Balls Spalling Surface leads_to
treatment
Nuts Backlash Correct ball has_mechanism
diameter

TABLE 2 | Entities and relationships in the FMECA-KG.

Entities Relationships

has_actions_of_failures,
has_failures

Components,
Failure_of Mechanism

Description, has_actions_of faults, has_faults

Effects_of_Failures
Equipment, actions has_components,
has_description_of_failures
has_effects,
has_description_of_faults
leads_to, has_RPN,
has_mechanism

Failures, faults

SOD_RPN, steps

2.3 | Maintenance Analytics

2.3.1 | Description of Measurement Signals

This study investigates machine learning (ML) based fault pre-
diction using features extracted from measured operational
signals to determine the health status or fault type in the linear
actuator introduced in Section 2.2.1. The experimental dataset
employed in this work originates from the test campaign re-
ported in [29], in which four health status or fault type scenarios
were considered: (i) normal condition, (ii) lack-of-lubrication,
(iii) spalling, and (iv) backlash. For each scenario, datasets were
collected under different loading conditions and motion trajec-
tories to capture a broad range of operational behaviours.

As documented in [29], both the backlash and lack-
of-lubrication fault types are characterised by two degradation
levels, whereas the spalling fault type exhibits eight degradation
levels. Since this study focuses on the early detection of fault
conditions, only measurement data corresponding to the first
degradation level of each fault type are analysed. Two repre-
sentative motion trajectories, trapezoidal and sinusoidal, were
imposed during the experiments. Both trajectories were evalu-
ated under three distinct load conditions (20, 40, and —40 kg) in
both healthy and faulty states. For each test condition, five
complete motion cycles were performed and repeated 10 times,
resulting in 50 complete motion cycles per condition.

In the trapezoidal motion trajectory, the actuator completed a
120 mm stroke at a constant velocity setpoint within 5 s, fol-
lowed by a 3-s dwell period at each end of the stroke. In
contrast, the sinusoidal trajectory featured smooth velocity
transitions, completing the same 120 mm stroke in 6 s with a 2-s
pause at each end. Each experiment, therefore, captured a full
round—trip motion, extension and retraction, over a total
duration of 16 s.

During each data acquisition, three signals were recorded to
characterise the actuator's motion behaviour: (i) reference po-
sition, (ii) position error, and (iii) motor current. Figures 8 and 9
show representative examples of these three signals under
trapezoidal and sinusoidal motion trajectories, respectively.

For each data acquisition, the three signals, namely reference
position x, position error y, and current gz, were sampled at a
frequency of f; = 25 Hz. Given the 16-s duration of each mo-
tion cycle (i.e., event), this resulted in N = 400 data points per
signal per experiment. As all signals were digitised, they can be
expressed as discrete time-series variables x;, y;, and g;, where
i = 1,2,..,N denotes the sample index. It is noted that the
reference position signal x serves solely as a command input and
remains identical across all experimental conditions, while
variations in y and z reflect changes in system health and fault
behaviour.

2.3.2 | Dataset Partitioning for RF Model Training-Testing

In this study, only the datasets acquired under the sinusoidal
motion trajectory are considered. For these datasets, three
loading conditions (20, 40, and —40 kg) and four operating
states or fault types, namely (i) normal, (ii) backlash, (iii) spal-
ling, and (iv) lack-of-lubrication, are investigated. Accordingly,
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a total of 12 test conditions are defined, as summarised in
Table 3.

For each test condition, defined by a unique combination of fault
type and applied load, 50 complete motion cycles (hereafter
referred to as ‘events’) are available. The datasets are partitioned
such that 80% of all the available motion cycles (i.e., 40 motion

has_description_of_component

has_component Linear

Actuator

Effects
of
Failures

HAS_EFFECTS

Node labels

© =
w Failure_Mechanism (3)
e

cycles) are used for training, while the remaining 20% (i.e., 10
motion cycles) are reserved for testing. This data partitioning
strategy is applied consistently across all test conditions, as
illustrated in Table 3. Given the 12 defined test conditions, the
overall dataset comprises 12 X 50 = 600 motion cycles, of which
480 motion cycles are used for model training and the remaining
120 motion cycles are used for model testing.

Artificial Intelligence for Engineering, 2026



150 T T T T T

Positicn [mm]
=)
o

o
=]
T
5

0 L L L L '

Mean
S Std

. Peak
N (near the start of motion)

Peak

(near the max speed)

0 2 4 6 8 10
Time [seconds)

Position error [mm]

i ul
| [t
‘ ' [ m““,m,m,:‘“ = =
| ! A | -
08 /| ] \ 1
z | MR
= W
o6l \Y | _
= |
a I " \“‘ <’A| ‘ f«'w’ N "“
NRTAYT | Al 4
" T'\!A‘i“i‘”f“ \‘ﬂ"“l 4\‘“‘%‘ W ‘:“'4"\
{ R
02f I LA ,
o ‘ . . . . . ‘
0 2 4 6 8 10 12 14 16

Time [seconds]

FIGURE 8 | Three representative signals under the trapezoidal motion trajectory.

2.3.3 | Signal Processing and Feature Engineering

In the fault analysis module of the proposed QA system,
user-uploaded experimental data are processed to predict fault
types through a four-stage workflow. First, representative signal
features are extracted from the measured operational signals, as
described in the following subsection. Second, Principal
Component Analysis (PCA) is applied to the extracted feature
set to reduce dimensionality and alleviate feature redundancy.
Third, a Random Forest (RF) machine-learning model, briefly
introduced in Section 2.3.4, is trained using the selected PCA
components to perform fault classification. Finally, a hyper-
parameter optimisation strategy, detailed in Section 2.3.5, is
employed to further enhance the predictive performance of the
RF model, with particular emphasis on evaluation metrics such
as the macro F1 score.

Reliable fault prediction depends on both high-quality signal
acquisition and effective feature extraction. Experimental re-
sults reveal noticeable differences in signal characteristics be-
tween trapezoidal and sinusoidal motion trajectories, as
illustrated in Figures 8 and 9. For sinusoidal motion trajectories,
the continuously varying velocity set-point prevents the signal

from reaching a stable steady-state value. In contrast, trape-
zoidal motion trajectories exhibit clear steady-state plateaus,
which facilitate the extraction of localised signal features.

For the position error signal, the maximum peak value within a
time window around motion start (including its temporal coor-
dinate) and the overshoot value are selected as key features to
characterise transient system behaviour. For the current signal, in
addition to the overshoot, regions where the velocity variation
around the maximum speed point is below 10% are analysed, as
these intervals exhibit relatively stable current behaviour. From
these regions, several features are extracted, including the mean
steady-state value, the maximum peak value within a window
around motion start, the maximum peak value within a window
around maximum speed, and the standard deviation. However,
due to the limited size of the training dataset, these localised
signal features alone are insufficient for the RF model to reliably
distinguish between similar fault conditions, particularly when
steady-state current segments exhibit comparable feature values.

By contrast, sinusoidal motion trajectories require fewer
localised features, resulting in lower computational comp-
lexity compared to trapezoidal trajectories. To improve the
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TABLE 3 | The number of datasets for RF model training and testing.
Training set (#motion cycle/ Testing set (#motion cycle/
No. Label Condition event) event)
1 Normal20 Normal, load = 20 kg 40 10
2 Normal40 Normal, load = 40 kg 40 10
3 Normalneg40 Normal, load = —40 kg 40 10
4 Lackoflubrication20 Lack of lubrication, 40 10
load = 20 kg
5 Lackoflubrication40 Lack of lubrication, 40 10
load = 40 kg
6  Lackoflubricationneg40 Lack of lubrication, 40 10
load = —40 kg
Spalling20 Spalling, load = 20 kg 40 10
Spalling40 Spalling, load = 40 kg 40 10
Spallingneg40 Spalling, load = —40 kg 40 10
10 Backlash20 Backlash, load = 20 kg 40 10
11 Backlash40 Backlash, load = 40 kg 40 10
12 Backlashneg40 Backlash, load = —40 kg 40 10

Artificial Intelligence for Engineering, 2026



discriminative capability of the RF model for sinusoidal motion
signals, additional global statistical features, namely Root Mean
Square (RMS,,;), Skewness (SKy,;) and Crestor factors (Cy,), are
introduced. These features characterise the overall signal
behaviour across the entire 16-s time window and complement
the existing local features for enhanced fault separability. Table 4
summarises the features extracted from the two measured signals:
the position error signal and the current signal.

In this study, feature extraction is restricted to the position error
signal y; and the current signal z;. Each experimental test is
conducted with multiple repetitions under varying operating
conditions. To ensure computational consistency and balanced
representation of the system's dynamic behaviour, signal fea-
tures are extracted separately for the extension and retraction
phases within each motion cycle.

As summarised in Table 4, a total of 26 features are extracted
from the position error signal y; and the current signal z; for
each motion cycle (i.e., event). For each test condition listed in
Table 3, this corresponds to 40 X 26 = 1,040 feature samples
used for model training, and 10 X 26 = 260 feature samples
reserved for testing/prediction purposes. Considering all 12 test
conditions, the complete training dataset therefore comprises
12 x 1040 = 12,480 feature samples, while the testing dataset
consists of 12 X 260 = 3,120 feature samples.

2.3.3.1 | Overshoot Calculation. Overshoot is defined as the
maximum magnitude by which the system response exceeds its
initial steady-state value before convergence. For each motion
cycle, overshoot is quantified as the difference between the
peak response and the corresponding average steady-state
response. The temporal locations of these features remain
nearly consistent across all trials, as illustrated in Figures 10
and 11. For each motion cycle, the following intervals were
identified:

1. Position error signal (yi), extension phase: the peak
response occurs between 2 — —4 s (i € [50,100]), while
the steady-state response is observed between
6 — —8 s (i € [150,200]).

2. Position error signal (yi), retraction phase: the peak response
occursbetween 10 — —12s(i € [250, 300]), with the steady-
state response between 8 — —10 s (i € [200, 250]).

3. Current signal (z;): the first maximum peak value near the
start of motion occurs within the interval of 2 — —4 s
(i € [50,100]), followed by a steady-state interval between
4 — —8 s (i €[100,150]). The second maximum peak
value near the start of motion is observed between
10 — —12 s (i €[250,300]), with the corresponding
steady-state interval occurring between 12 — —14 s
(i € [300,350]). For the maximum peak value near the
maximum speed, the first occurrence is located within the

TABLE 4 | List of features calculated from the two signals for each motion cycle (i.e., event).
Signal type Feature Calculation scope
Position Overshoot (OVy) Two features associated with retraction and extraction,
error (yi) respectively

Max peak value near the start of motion (P,)

Max peak location near the start of
motion (iP)
RMS (RMS))
Skewness (SKy)
Crest factor (Cy)

Current (z;) Overshoot (OV;)

Max peak value near the start of motion (P;)

Max peak location near the start of
motion (iP;)
Max peak value near the max speed (Ps;)
Max peak location near the max speed (iPs;)
Mean steady value (S;)

Standard deviation (o)

RMS (RMS,)
Skewness (SK3)
Crest factor (C;)

Two features associated with retraction and extraction,
respectively

Two features associated with retraction and extraction,
respectively

One feature associated with a complete motion cycle
One feature associated with a complete motion cycle
One feature associated with a complete motion cycle
Two features associated with retraction and extraction,
respectively

Two features associated with retraction and extraction,
respectively

Two features associated with retraction and extraction,
respectively

Two features associated with retraction and extraction,
respectively

Two features associated with retraction and extraction,
respectively

Two features associated with retraction and extraction,
respectively

Two features associated with retraction and extraction,
respectively

One feature associated with a complete motion cycle
One feature associated with a complete motion cycle
One feature associated with a complete motion cycle
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FIGURE 10 | Several features highlighted in a representative position error signal y;.
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FIGURE 11 | Several features highlighted in a representative current signal z;.
interval 4 — —6 s (i €[100,150]), while the second For the maximum peak values near the maximum speed in the
occurrence appears between 12 — —14 s (i € [300, 350]). current signal z;, the corresponding regions are highlighted in

Under these conditions, the overshoot of the position error
signal, OVy, and the overshoot of the current signal, OV, are
approximated as:

OVyz=Pyz = Sy @
where P),, denotes the maximum peak value occurring near the
start of motion within a single motion cycle of the signals y; and
z;, respectively, and S, , represents the corresponding average
steady-state value computed over the subsequent 2 s interval.
As illustrated in Figures 10 and 11, the maximum peak values
near the start of motion and the steady-state values are high-
lighted in yellow and red, respectively. The peak and steady-
state quantities are computed as:

Py - r_IjlaXyU (2)
P, = maxz, (3)
__]) ’k
Sy k J + 1 Zyl’ (4)
1 k
=—" i» 5
2T % —j+1 Z}Z ( )

where j and k are integer indices defining the lower and upper
bounds of the sampling interval associated with each identified
peak or steady-state region, as specified above.

green, as shown in Figure 11. The peak value in this case is
computed as:

Ps, = maxg;, (6)
i,k
2.3.3.2 | Standard Deviation Calculation. The standard de-
viation is a statistical measure that quantifies the dispersion of a
dataset relative to its mean. Since the time intervals during
which the linear actuator reaches its maximum speed are
known, the standard deviation is calculated only over the in-
tervals of 4 — —6 and 12 — —14s.

For the current signal z;, these time intervals correspond to the
integer sampling indices i€ [100,150] and i€ [300,350],
respectively, as illustrated in Figure 12.

The standard deviation of the current signal, denoted by o, is
calculated as:

1 k .
Oz = mé(zi—z), @)

where Z represents the mean value of the current signal z; over
the selected time interval [}, k].

2.3.3.3 | Crest Factor and RMS Calculation. The crest factor
is a time-domain feature used to characterise the peak

Artificial Intelligence for Engineering, 2026
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FIGURE 12 |

magnitude of a signal relative to its energy content. It is defined
as the ratio between the signal peak and its root-mean-square
(RMS) value. The crest factor of either the y; or the z; signal,
denoted by C),; is given by:

P
va,Z — ¥z )
RMS,,,

®)

where P, denotes the peak value of the corresponding signal.
The RMS values of the y; and z; signals are computed as:

1Y,
RMSy=\NZyi 9)

(10

RMS, = L
z—\ﬁ;zi

where N is the total number of samples.

2.3.34 | Skewness Calculation. Skewness, denoted by SK,,,,
describes both the degree of symmetry and the direction of
asymmetry of a data distribution. For the y; signal, the skewness
is calculated as:

=~ =D 2 Z < ) v
and for the z; signal as:
N Zi—%
K= o) (2

here y and z denote the mean values of the y; and z; signals,
respectively, over the entire time interval (i = 1,2, .., N), while
oy and o, represent their corresponding standard deviations.

2.34 | Random Forest (RF)

Random Forest (RF) is an ensemble learning algorithm based
on the bootstrap aggregating (‘bagging’) method, in which
multiple decision trees are independently constructed using
bootstrap samples drawn from the original dataset (input fea-
tures), and predictions are obtained via majority voting [30].
Specifically, the algorithm repeatedly samples the training data
with replacement, trains a classification or regression tree on

Standard deviation feature highlighted in a representative current signal z;.

each sample, and predicts new instances by aggregating the
outputs of the ensemble of trees [31]. An intuitive illustration of
the bagging principle in RF is provided by Salman et al. [32]. In
this study, we applied PCA to reduce dimensionality of features
before the RF model, which is shown in Figure 13.

Decision trees constitute the fundamental building blocks of RF.
A decision tree recursively partitions the input feature space
into distinct regions based on splitting rules applied to the input
features, and assigns a class label (or numerical value) at each
leaf node. By aggregating a large number of diversified decision
trees, RF can effectively capture the complex and nonlinear
influence of different feature variables on the target output [33].

In the bootstrap sampling process, samples are drawn with
replacement from the original dataset. When the number of
draws equals the total number of samples Mj, the probability P,
that any given sample is selected at least once is given by:

1\"
Pr=1-(1-—
M;

At each internal node of a decision tree, a random subset of
features is selected from the full feature set, and the optimal
feature from this subset is chosen to split the node. If the total
number of available features is k, the number of candidate
features d considered at each split is typically defined as:

d=vk

Each decision tree in the RF is trained independently using its
corresponding bootstrap sample and feature subsets until a
predefined stopping criterion is satisfied. In this study, the
dataset is labelled according to the experimental descriptions
introduced in Section 2.3.2. The trained RF model is subse-
quently embedded into the fault analysis module of the QA
system, enabling automated prediction of fault types based on
features extracted from measured signals.

13)

(14)

Previous studies have demonstrated the effectiveness of RF in
fault diagnosis applications. For example, Wu et al. [34]
extracted multiple signal features and employed an RF-based
feature selection strategy to identify an optimal subset,
thereby improving classification performance. The performance
of RF classifiers is commonly evaluated using Precision, Recall,

12

Artificial Intelligence for Engineering, 2026



FIGURE 13 | Schematic diagram of the RF algorithm with a pre-processing PCA. Source: Adopted from [32].

and the F1 score. Precision represents the proportion of samples
predicted as positive that are truly positive, while Recall mea-
sures the proportion of actual positive samples that are correctly
identified. These metrics are defined as:

Precision = P (15)
~ TP+ FP
TP
Recall = ———, (16)
TP + FN

where TP denotes the number of true positives, FP the number
of false positives, and FN the number of false negatives.

The F1 score provides a balanced measure of classification
performance by computing the harmonic mean of Precision and
Recall:

Fl = 2 X Precision X Recall
" Precision + Recall

17

Since RF performs multi-class classification in this study, the
macro F1 score, defined as the arithmetic mean of the F1 scores
across all classes, is adopted as the primary evaluation metric for
hyperparameter optimisation, as discussed in the subsequent
section.

2.3.5 | Hyperparameter Optimisation

The performance of the Random Forest (RF) model in dis-
tinguishing among different fault types depends on both the
structural configuration of the individual decision trees and the
characteristics of the extracted signal features. These design
choices, together with the selected feature dimensionality,
constitute key hyperparameters of the RF model. Appropriate
tuning of these hyperparameters is therefore essential to achieve
optimal fault classification performance.

Bayesian optimisation (BO) [35] is an efficient and widely
adopted strategy for hyperparameter tuning [36]. The RF algo-
rithm includes several user-defined parameters that influence
classification performance. In this study, the random seed was
fixed to 42 to ensure reproducibility. Among the available
hyperparameters, two were identified as having a substantial
impact on the RF model's performance: (i) the number of trees
(i.e., estimators) in the forest and (ii) the number of Principal
Component Analysis (PCA) components retained for dimen-
sionality reduction. Consequently, these two hyperparameters
were selected for optimisation.

The objective of the BO process was defined as the maximisation
of the macro-averaged F1 score, which provides a balanced
evaluation of classification performance across all fault classes.
Within the BO framework, the objective function was formulated
as a function of the RF hyperparameter configuration, allowing
systematic exploration of the hyperparameter search space.

To model the relationship between hyperparameter combina-
tions and the resulting macro F1 score, a Gaussian Process (GP)
surrogate model was employed. Further details on GP modelling
for hyperparameter optimisation can be found in [37, 38]. A
dynamic acquisition strategy was then adopted, which proba-
bilistically selects among multiple acquisition functions,
including the Lower Confidence Bound (LCB), Expected
Improvement (EI), and Probability of Improvement (Pol).
Through this iterative process, the BO algorithm identifies the
optimal hyperparameter configuration 6* by maximising the
objective function f(©):

0" = argmax f(0) (18)
oeR?
where € denotes the vector of hyperparameters to be optimised

and RP represents the p-dimensional real-valued hyper-
parameter space, with p = 2 in this study. For further details on

Artificial Intelligence for Engineering, 2026

13



the acquisition functions employed, readers are referred to the
relevant literature on LCB [39], EI [40], and PoI [39, 41].

2.4 | The Advisor (QA) System

2.4.1 | Advisor Structure

The QA system comprises two parallel data paths, as illustrated
in Figure 14. The first path processes user statements or queries,
while the second handles sensor data.

In the first data path, the QA system processes user queries on
the back end using Natural Language Processing (NLP) tech-
niques. Both Knowledge Graphs (KGs) and NLP have been
widely adopted to efficiently manage and interpret language
resources [42]. In this study, the primary objective of the NLP
module is to transform user queries related to the health status
and fault root causes of a linear actuator into Cypher queries,
which can then be executed over the FMECA-KG.

In the second data path, the QA system automatically identifies
potential fault types in the linear actuator based on sensor data.
Once potential faults are detected, the system follows the same
processing workflow as in the first data path. In addition, this
automated analysis generates and returns visual plots to illus-
trate the corresponding data analysis results.

For the development of the NLP module, this study adopts
open-source code from an existing QA system built on a medical
KG (GitHub project [43]). Using a rule- and dictionary-based
approach, the NLP processing pipeline consists of the
following three main stages:

1. Segment the words in the user's query using a custom
dictionary and word segmentation techniques.

2. Extract keywords, categorise them and assign keyword
types (e.g., component, fault or failure) using rule-based
methods.

- ———

o

Dataset ,

e

mm = pm————————— B
[ eur | { System -
1 | |
: .O | i NLP |
B !
: . ]
1 Users. : | Indentify user’s intent. | |
\ Question, \ ;s\
Y- B e —— -

Word

A}

, -
@ 2anosis |
| 1 Fault Diagnosis |

. R | Recognize Fault types |
ensors’, ~--

3. Detect interrogative terms, invoke the corresponding
Cypher query templates through rule-based matching, and
return the generated query to the system.

Once the QA system receives the constructed Cypher query, it
retrieves the relevant entities, attributes and relationships from
the FMECA-KG. These results are then incorporated into a
predefined answer template to generate the final response.

24.2 | Named Entities Recognition

Named entity recognition (NER) is employed to identify and
categorise entities with specific semantic meanings within the
text. In this work, NER is aligned with the entity types defined
in the FMECA documentation. Based on frequently asked fault-
related questions, a dictionary is constructed to enable auto-
matic entity recognition by the system, thereby facilitating
subsequent query classification. The entity categories included
in this dictionary are summarised in Table 5.

To identify the predefined keywords, the Aho-Corasick (AC)
algorithm is employed. The AC algorithm is a widely used
method for efficiently matching multiple string patterns simul-
taneously [44]. It locates all occurrences of multiple keywords
by scanning the input text only once. By applying the AC al-
gorithm together with the dictionary listed in Table 5, the QA

TABLE 5 | Types in the dictionary.

From FMECA

Action class

From question

Problem: ‘damage’, ‘alarm’...
Component class
Effect class

Failure class

Component: ‘element’, ‘piece’...
Cause: ‘why’, ‘reason’...
Prevent: ‘avoid’, ‘stop’...
Fault class Repair: ‘fix’, ‘rebuild’...

Mechanism class Definition: ‘Description’...

————————— - -~
System \l : Gur ‘,
Translation : i Execution !
To Cypher | : Find answers in :
Language | \ Knowledge Graph

/ ~ 7’

Question classification

Segmentation —— NER —— |ngentify question types

Add manual dicts

FIGURE 14 | Structure of the QA system.

Named Entity Recognition
Specify key words

In order to call correct template to
translate to Cypher language.
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system can associate recognised fault-related terms with their
corresponding entities in the FMECA-KG.

2.5 | Graph Searching

After the QA system identifies the question type, it generates the
corresponding Cypher query and executes it on the FMECA-KG.
Neo4j then returns the relevant entities, attributes and re-
lationships, which are subsequently populated into a predefined
answer template. The overall search process is illustrated in
Figure 15.

Similarly, once the fault data analysis results are obtained, the
system converts the identified fault labels into textual form and
inputs them into the QA system. The same NLP procedure is
then executed to extract the relevant entities, attributes and
relationships, as illustrated in Figure 16.

3 | Results and Discussion

This section first examines the findings derived from the
FMECA documentation and describes the construction and

MATCH (m:Faults)-[r:HAS_DESCRIPTION_OFAULTS]-
=(n:Description) where m.attribute_name = 'spalling' return

MATCH (m:Faults)=-[r;:HAS_FAULTS]-(n:Component) where
m.attribute_name = 'spalling' return m.attribute_name,

MATCH (m:Faults)-[r:HAS_DESCRIPTION_OFAULTS]-
It' =(n:Description) where m.attribute_name = 'spalling' return

organisation of the proposed FMECA-KG. Subsequently, the
effectiveness of the random forest (RF) method is evaluated, and
the corresponding fault-type prediction results are presented.
The prediction outcomes are analysed using both quantitative
metrics and visual representations. Finally, an overview of the
question-answering (QA) system interface is provided.

3.1 | The FMECA Knowledge Graph

3.1.1 | The FMECA Documentation

The FMECA documentation defines 10 entity classes, as sum-
marised in Table 6. According to the entity and relationship
definitions presented in Table 2, the Component entity consists
of 12 distinct part names. The Fault entity includes 23 fault
types, whereas the Failure entity contains 20 failure types. In
total, 35 failure mechanisms are categorised under the Failure
Mechanism entity, and 32 effects are captured within the Effects
of Failure entity.

Furthermore, the Action entity comprises 34 corrective or pre-
ventive measures. The Risk Priority Number (RPN) entity

& Types
what is the | Key words: | ‘definition_fault":
cause of | ‘what’
spalling what is
‘cause’ m.attribute_name, n.attribute_name
‘spalling’ ‘cause_fault”:
Types:
‘definition | n.attribute_name, rname
_fault’ +
‘cause_fau
n.attribute_name, rname

‘definition_fault:

The fault spalling has
following descriptions:
Surface defects cause
irregular movement and
increased wear;....
‘cause_fault’:

The fault spalling may
come from component:
nuts;screws;balls;bearin
gs.

The detail of these faults
are respectively:
Surface defects cause
irregular movement and
increased wear;...

Answers Graph returns

FIGURE 15 | Searching processes in KG.
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incorporates severity, occurrence and detection (SOD) values for
11 distinct combinations. The Step entity contains 38 sets of
detailed inspection or maintenance procedures. Table 7
presents representative examples extracted from the FMECA
documentation.

3.1.2 | Knowledge Graph Structure

The FMECA-KG is constructed based on the FMECA
documentation described above. Figure 17 illustrates the
overall structure and semantic relationships within the
FMECA-KG.

MATCH (m:Faults)«-[r:HAS_FAULTS]-(n:Component)
where m.attribute_name = 'backlash’' return
m.attribute_name, n.attribute_name, rname

MATCH (m:Faults)-[r:HAS_DESCRIPTION_OFAULTS]-
>(n:Description) where m.attribute_name = 'backlash’
return n.attribute_name, rname

The resulting FMECA-KG contains 10 node label types and 12
relationship types. The distribution of entity nodes is summar-
ised in Table 6, whereas the number of relationships for each
relation type is reported in Table 8. These statistics highlight the
richness and completeness of the constructed knowledge graph
for failure mode and maintenance analysis.

3.2 | Maintenance Datasets Analytics Results

3.2.1 | Optimised Hyperparameters for RF Model

Following the hyperparameter optimisation procedure described
in Section 2.3.5, a predefined search space was specified for each

Label Keywords&  Cypher Language
returns Types
‘spalling’ Key words ‘exist_fault”:
or (example):
‘hacklash’ ‘backlash’
or
‘lack of Types: N
.., | 'exist_fault’
lubrication
or
‘normal’

‘definition_fault:

All prediction here:
['Backlash20',... 'Backlash20']
| get label: backlash

The fault backlash may come
from component:
bearings;nuts;balls;screws.
The detail of these faults are
respectively:

Smaller balls cause increased
play and transmission error;..

Answers Graph returns

FIGURE 16 | Searching processes for fault diagnosis results.

TABLE 6 | Number of entities in the FMECA-KG.

TABLE 7 | The FMECA documentation (partly shown).

Components Faults Failures Actions, ...
Node label Count Screw Lack of Increased  Apply
Actions 34 lubrication friction lubrication, ...
Component 12 Spalling Surface Surface
Description 38 defects treatments, ...
Effects_of Failures 32 Balls Backlash Increased  Correct ball
Equi clearance diameter, ...

quipment 1
Failure_Mechanism 35 Contamination Increased Inspect
. wear regularly, ...

Failures 20 . .

Nuts Over tightened Restricted  Seal
Faults 23 movement adjustment, ...
SOD_RFN 1 Backlash Increased Check per
Steps 38 clearance installation, ...
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FIGURE 17 | Overall structure of the FMECA-KG.

TABLE 8 | Numbers of relationships.

Relationships Count
HAS_ACTIONS_OF_FAILURES 57
HAS_ACTIONS_OF_FAULTS 57
HAS_COMPONENTS 12
HAS_DESCRIPTION_OF_FAULTS 38
HAS_DESCRIPTION_OF_COMPONENTS 42
HAS_EFFECTS 48
HAS_FAILURES 36
HAS_FAULTS 38
HAS_MECHANISM 47
HAS_RPN 38
LEADS_TO 26
HAS_STEPS 42

model hyperparameter. Under the condition where the random
seed was fixed at 42, the number of trees (i.e., estimators) was
varied within the range of 50-250, whereas the number of

principal components was explored within the range of 4-8.
Applying this optimisation strategy to the training feature set
yielded the optimal combination of hyperparameters, with the
corresponding performance results summarised in Table 9.

3.2.2 | Prediction Results

Following the data analytics methodology described in Sec-
tion 2.3, the RF model embedded in the QA system was trained
using features extracted from signals acquired over 480 motion
cycles (i.e., events), as summarised in Table 3. The trained RF
model was then deployed within the QA system and evaluated
using a test dataset comprising 120 motion cycles (i.e., events).
This evaluation assessed overall prediction performance under
varying load conditions across 12 fault labels. The resulting
confusion matrix is shown in Figure 18.

As shown in the figure, the overall precision of the RF model
reached 85.00%. A comparatively lower prediction performance
is observed for the spalling fault, whereas the model demon-
strates strong performance for the remaining three fault types.
Notably, all lack-of-lubrication samples were correctly classified.
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For samples corresponding to normal operating conditions, one
sample under each load condition was misclassified as spalling
with the same load label. In the case of backlash faults, three
samples under the -40 kg load condition were misclassified as
spalling with the corresponding load label. For spalling fault
samples, multiple misclassifications occurred, primarily as
normal or backlash conditions. To enable further comparative
analysis, the evaluation metrics for the four fault conditions are
summarised in Figure 19.

Among the 120 motion cycles (i.e., test samples), the RF model
achieved the highest recall for the backlash and lack-of-
lubrication fault types, followed by the normal operating con-
dition. In contrast, the spalling fault exhibited the poorest recall
performance.

A plausible explanation is that the initial degradation level
associated with the spalling fault is insufficiently pronounced,
resulting in extracted feature characteristics that are relatively
similar to those of normal conditions and backlash faults. This
overlap in feature space can negatively impact the model's
discriminative capability for early-stage spalling. A more
detailed investigation will be carried out in the subsequent

TABLE 9 | Optimised hyperparameters and evaluation values.

Optimised hyperparameters

Number of trees 51
Number of PCA components 7

Evaluation values of fault conditions

Fault type Precision Recall Fl-score
Normal condition 0.8155 0.8000 0.8077
Backlash 0.8515 0.8190 0.8350
Spalling 0.7522 0.8095 0.7798
Lack of lubrication 0.9806 0.9619 0.9712
Overall evaluation values

Macro average 0.8500 0.8476 0.8484

discussion, in conjunction with the signal curves generated by
the QA system.

3.2.3 | Normal Condition

Figure 20 illustrates representative signals obtained under normal
operating conditions. The blue curves correspond to the measured
position error and motor current signals. For comparison, the
expected reference signals under normal conditions and the same
load are plotted as green curves within the same time interval.

Four characteristic features are highlighted using different col-
ours: overshoot, maximum peak value, mean value and stan-
dard deviation (o). These features are annotated separately for
the extension and retraction phases, denoted by ‘ex’ and ‘re’,
respectively. In the title bar, the prefix ‘I-’ indicates the pre-
dicted fault type for the individual data instance, whereas ‘A-’
represents the aggregated prediction result for the dataset group
to which the instance belongs.

For the normal condition, the predicted signals closely match
the reference curves, demonstrating strong agreement between
the measured data and the model expectations. This alignment
confirms that the RF model correctly identifies normal behav-
iour, as anticipated.

3.24 | Lack of Lubrication

Figure 21a presents the position error signal under a lack-of-
lubrication condition, where a noticeably larger absolute peak
value is observed compared with the normal operating case. In
addition, the corresponding current signal shown in Figure 21b
exhibits higher peak values, increased mean values and a larger
standard deviation (Std), indicating greater signal fluctuation.

These pronounced deviations from normal behaviour enhance
the separability of this fault type in the feature space, thereby
facilitating more accurate classification by the prediction model.
Consequently, the RF model achieves improved prediction
performance for this fault category, as reflected in the results
shown in Figure 18.

Reeal Label (se)
Prediction Label

Normal 20 | Normal 40 | Normal 40 | Backlash 20 | Backlash 40 | Backlash -40

Spalling 20| Spalling 40| Spalling 40 | Lack lubrication 20 | Lack lubrication 40 | Lack lubrication -40

Normal 20

Normal 40

=R =N -}

Normal -40

(=T =T =1
—

Backlash 20

Backlash 40

Backlash -40

Spalling 20

Spalling 40

—lo|lo|l~|la|lo]lw|o|o

Spalling -40

o|lo|lo|lojlo|lo|o|o|o

Lack Iubrication 20

o|lo|lw|la|lo|lw|lo|lo|o|o|ae

Lack lubrication 40

o|lo|lo|lu|lo|lo(w|lao|o|w|o
o|lo|lo|lo|lo|lojla|lo|o|o|o

olalalo|la|l~|o|o|—
ololalo(w|lo|lo|lo|lea|lalel|o

olo|lo

Lack lubrication -40 0

olololo|—w]le|o|o|~
olola|lw|lo|lo|k|lao|ao

0

Total Prediction Label 10 10 10 10 10 10

=]

10 10 10 10 10

Total Precision

8+0+8+10+-10+7+8+5+7+10+10+10 / 120 = 85.00%

FIGURE 18 | Prediction results of 12 fault labels.
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Total Motion Cycles for Prediction = 120
B =g Normal Backlash Spalling Lack of lubrication
Normal 25 0 4 0
Backlash 2 27 5 0
Spalling 3 3 21 0
Lack of lubrication 0 0 30
Precision 86.21% 79.41% 77.78% 00%
Recall 83.33% 90.00% 70.00% 00%
F1 Score 84.75% 84.38% 73.68% 00%

FIGURE 19 | Prediction results of four fault conditions.
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FIGURE 20 | Representative measured signals in a normal state,
(a) position error signal and (b) current signal.

3.2.5 | Backlash

Figure 22 demonstrates that during the extension phase, the
linear actuator signals under a backlash fault exhibit behaviour
that is largely comparable to that of the normal operating con-
dition. In contrast, pronounced deviations become evident
during the retraction phase. As shown in Figure 22a, the posi-
tion error signal associated with the backlash fault displays a
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FIGURE 21 | Representative measured signals under lack-of-
lubrication, (a) position error signal and (b) current signal.

significantly higher absolute overshoot than that observed un-
der normal conditions.

Similarly, the current signal presented in Figure 22b shows
increased values across all extracted features when compared
with the normal case, with these differences being particularly
pronounced during the retraction phase. Compared with other
fault types, the backlash condition therefore exhibits more
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FIGURE 22 | Representative measured signals under backlash
condition, (a) position error signal and (b) current signal.

distinguishable signal characteristics relative to normal opera-
tion, specifically during retraction, enabling the prediction
model to effectively discriminate between normal and backlash
fault states.

3.2.6 | Spalling

Figure 23 shows that the position error signals observed during
both the extension and retraction phases under the spalling
condition closely resemble those recorded under normal oper-
ating conditions. Moreover, the current signals during the first
extension movement exhibit similarly high conformity with the
normal case. In contrast, during the second retraction move-
ment, the current signal demonstrates noticeable increases in
standard deviation, overshoot and peak value.

These observations indicate that, under the first degradation
level of the linear actuator, the time-domain characteristics
associated with spalling faults are generally very similar to those
of normal operation. Although higher degradation levels could
make the fault characteristics more pronounced and enhance
feature distinguishability, they may also introduce additional
uncertainty and variability in the signal patterns, thereby
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FIGURE 23 | Representative measured signals under spalling fault
condition, (a) position error signal and (b) current signal.

increasing the overall complexity of the classification task.
Consequently, despite its overall effectiveness, the RF model
employed in this study exhibits a performance bottleneck when
distinguishing the spalling fault class.

3.3 | Interaction With the Advisor System

To facilitate the practical use of the integrated fault analysis
functionality, a front-end interface or graphical user interface
(GUI) was developed for the advisor system, as illustrated in
Figure 24. The interface supports two distinct query modes for
user interaction.

In the first mode, users submit queries in natural language.
Upon receiving a query, the system retrieves relevant informa-
tion from the FMECA-KG and, where applicable, performs fault
diagnosis based on the associated sensor data. Representative
interactions using this mode are shown in Figure 25.

In the second mode, the users upload measured sensor data
directly. The pre-trained random forest (RF) model described
earlier processes the uploaded sensor data to predict the corre-
sponding fault type and generates the associated fault labels.
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FIGURE 25 | Advisor interaction (part 1).

The system then follows the same processing pipeline as in the
first mode: Querying the FMECA-KG, compiling diagnostic and
explanatory information and presenting the results through the
front-end interface. Representative outputs are shown in
Figures 25 and 26.

Within the interface, the advisor system first displays the fault
prediction results for the submitted data. It then reports the
predicted fault labels and retrieves the corresponding diagnostic
knowledge from the FMECA-KG. To enhance interpretability, a
component position diagram of the linear actuator is generated
to provide spatial context. Finally, all diagnostic, explanatory
and visual information related to the analysed dataset is
consolidated and presented to the user for review.

Test actuator

a
predict ./dataset/output_3

'Backlashneg40' 'Backlashneg40' 'Backlashneg40'

4 | Conclusion and Outlook

4.1 | Conclusions

This study has investigated the design and implementation of an
artificial intelligence (AI) or machine learning (ML)-enabled
advisory system to support prescriptive maintenance in engi-
neered systems. Framed within the context of Question-
Answering (QA) systems, the proposed approach combines
data-driven fault diagnosis with knowledge-based reasoning by
integrating a random forest (RF) predictive model with a failure
modes, effects, and criticality analysis (FMECA) knowledge
graph (KG). This hybrid architecture aims to address a persistent
challenge in engineering maintenance: Bridging the gap between
predictive analytics and actionable decision support.
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The main contributions of this work can be summarised as fol-
lows. First, a linear actuator was adopted as a representative
engineered asset to demonstrate how domain-specific FMECA
knowledge can be structured and formalised within a graph-based
representation using Neo4j. Second, a query-to-knowledge map-
ping mechanism was developed to enable natural language
interaction with the FMECA-KG. This mechanism leverages rule-
based text segmentation via the Aho-Corasick algorithm to
associate user queries with relevant fault knowledge. Third, an
RF-based fault diagnosis model was trained using operational
data, enabling reliable discrimination between normal operation
and multiple degradation modes, including backlash, spalling and
insufficient lubrication. Finally, these components were inte-
grated into a unified QA system, allowing users to obtain pre-
scriptive maintenance guidance either through natural language
queries or by uploading measurement data.

From an AI perspective, the study demonstrates the feasibility
and value of coupling machine learning-based inference with
explicit symbolic knowledge representations for engineering
decision-making. The results suggest that such hybrid AI ar-
chitectures can enhance interpretability, user interaction and
practical utility in maintenance applications. More broadly, the
proposed framework contributes to ongoing research in AI for
engineering by illustrating how predictive models and struc-
tured domain knowledge can be combined to support intelligent
maintenance systems.

4.2 | Limitations

4.2.1 | Limitations of FMECA Knowledge Graph

In practice, the FMECA is performed through manual data
collection, data entry and data editing. The proposed method is
only applicable to a small-scale FMECA when the assets
involved are relatively simple. For complex assets, a large-
scale FMECA may significantly increase labour and time
expenditure. Similarly, defining attributes and relationships in

the FMECA also incurs considerable cost. As the scale of the
FMECA expands, the number and complexity of entity types, as
well as the relationships between entities, increase substantially.
The above factors lead to inherent limitations in the scale and
complexity of a manually constructed KG, which consequently
constrain the ability of the QA system to comprehend the
knowledge layer.

4.2.2 | Limitations of Natural Language Processing (NLP)

The natural language interaction layer in this study relies on
rule-based and dictionary-driven NLP techniques. Although
effective for constrained query types, this approach cannot
capture semantic nuance and contextual dependencies. Queries
containing previously unseen vocabulary or more complex lin-
guistic structures may therefore be interpreted incorrectly.
These limitations highlight the trade-off between transparency
and expressive power in NLP system design, and indicate that
the current solution is not readily scalable to open-ended or
large domain knowledge interaction scenarios.

4.3 | Future Work

4.3.1 | Knowledge Graph and Ontology

To further enrich the content of the FMECA-KG and expand its
structure, constructing the KG from an ontological perspective
is a considerable task. Ontology, as a powerful tool for knowl-
edge organisation, can store rich knowledge representations
and reasoning logic. For the fault analysis of engineered assets,
an ontology can provide conceptual definitions for all entities,
ranging from components to specific fault types. Enterprises
can progressively enhance the knowledge base by constructing
an ontology and establishing a set of knowledge-reasoning
mechanisms. Through the ontology, the KG can automatically
import all relevant content, eliminating the associated pro-
cessing costs.
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4.3.2 | Natural Language and Deep Learning

Deep learning techniques can be used to classify data features,
and can also serve as powerful tools for natural language pro-
cessing (NLP), such as pre-trained language models (PLMs). To
this end, both a large corpus training dataset and an extensive
knowledge base are necessary. Fault analysis is a specialised
domain, and the analytical approach also varies depending on
the target assets. How PLMs can be integrated, and whether the
structure of a new larger knowledge base shares similarities
with the FMECA-KG, will require further investigation.

4.3.3 | Towards Intelligent Planning in Maintenance Systems

Although the proposed system supports prescriptive recom-
mendations, the generation of complete maintenance plans re-
mains largely dependent on human expertise. A promising
direction for future research is to combine knowledge-based
reasoning, machine learning and planning algorithms to
enable automated or semi-automated maintenance planning.
Such capabilities would represent a significant step towards
intelligent closed-loop maintenance systems. However, trans-
ferring and adapting maintenance knowledge across diverse
industrial contexts remains a challenging largely unexplored
problem in AI for engineering.
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