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ABSTRACT Artificial Intelligence (AI) in Smart Agricultural Facilities (SAF) often lacks explainability,
hindering farmers from taking full advantage of their capabilities. This study tackles this gap by introducing
a model that combines eXplainable Artificial Intelligence (XAI), with Predictive Maintenance (PdM). The
model aims to provide both predictive insights and explanations across four key dimensions, namely data,
model, outcome, and end-user. This approach marks a shift in agricultural AI, reshaping how these technolo-
gies are understood and applied. Themodel outperforms related studies, showing quantifiable improvements.
Specifically, the Long-Short-TermMemory (LSTM) classifier shows a 5.81% rise in accuracy. The eXtreme
Gradient Boosting (XGBoost) classifier exhibits a 7.09% higher F1 score, 10.66% increased accuracy, and
a 4.29% increase in Receiver Operating Characteristic-Area Under the Curve (ROC-AUC). These results
could lead to more precise maintenance predictions in real-world settings. This study also provides insights
into data purity, global and local explanations, and counterfactual scenarios for PdM in SAF. It advances AI
by emphasising the importance of explainability beyond traditional accuracy metrics. The results confirm the
superiority of the proposed model, marking a significant contribution to PdM in SAF. Moreover, this study
promotes the understanding of AI in agriculture, emphasising explainability dimensions. Future research
directions are advocated, including multi-modal data integration and implementing Human-in-the-Loop
(HITL) systems aimed at improving the effectiveness of AI and addressing ethical concerns such as Fairness,
Accountability, and Transparency (FAT) in agricultural AI applications.

INDEX TERMS Agriculture, smart agricultural facilities, predictive maintenance, machine learning, deep
learning, explainable artificial intelligence.

LIST OF ABBREVIATIONS
Abbreviation Definition
AI Artificial Intelligence.
ANN Artificial Neural Network.
AUC Area Under the Curve.
CFE Counterfactual Explanations.
CNN Convolutional Neural Network.
CPU Central Processing Unit.
CSIR Council for Scientific and Industrial

Research.
CSML Cost-Sensitive Machine Learning.
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DiCE Diverse Counterfactual Explanations.
DL Deep Learning.
DNN Deep Neural Network.
DT Decision Tree.
EL Ensemble Learning.
ELI5 Explain Like I Am Five.
ELM Extreme Learning Machine.
FAT Fairness Accountability Transparency.
FN False Negative.
FP False Positive.
GB Gradient Boosting.
GBDT Gradient Boosting Decision Tree.
GBM Gradient Boosting Model.
GDPR General Data Protection Regulation.
GHz Gigahertz.
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GPU Graphics Processing Unit.
HITL Human-in-the-Loop.
IAI Interpretable Artificial Intelligence.
ID Identifier.
LGBM Light Gradient Boosting Model.
LIME Local Interpretable Model-agnostic Explana-

tions.
LOCF Last Observation Carried Forward.
LR Linear Regression.
LRP Layer-wise Relevance Propagation.
LSTM Long-Short-Term Memory.
LVQ Learning Vector Quantisation.
MB Megabyte.
ML Machine Learning.
MLP Multi-Layer Perceptron.
NN Neural Network.
OC One-Class.
OC-SVM One-Class Support Vector Machine.
OS Operating System.
PdM Predictive Maintenance.
PPS Predictive Power Score.
PRISMA Preferred Reporting Items for Systematic

Reviews and Meta-Analyses.
RAM Random-Access Memory.
ReLU Rectified Linear Unit.
RF Random Forest.
RFECV Recursive Feature Elimination with Cross-

Validation.
RNN Recurrent Neural Network.
ROC Receiver Operating Characteristic.
ROC-AUC Receiver Operating Characteristic-Area

Under the Curve.
RTX Ray Tracing Texel eXtreme.
RUL Remaining Useful Life.
SAF Smart Agricultural Facilities.
SHAP SHapley Additive exPlanations.
SLR Systematic Literature Review.
SRBD Systematic Research on Big Data.
STD Standard Deviation.
SVM Support Vector Machine.
TANH Hyperbolic Tangent.
TL Transfer Learning.
TM Trademark.
TN True Negative.
TP True Positive.
USA United States of America.
VT Variance Thresholding.
WoS Web of Science.
XAI eXplainable Artificial Intelligence.
XGB eXtreme Gradient Boosting.

I. INTRODUCTION
Agricultural enterprises grapple with maintenance complex-
ities and costly machinery [1], [2], [3], [4], [5], [6], [7].

These challenges threaten equipment upkeep and diminish
productivity. Responding, farmers adopt Smart Agricultural
Facilities (SAF), transforming farming practices with tech-
nologies like sensors and drones [8], [9]. These innovations
not only streamline tasks such as soil classification [10], pest
management [11], and water leakage detection [12], [13],
but also enhance sustainability and efficiency. However, SAF
systems, while transformative, are prone tomalfunctions. The
Predictive Maintenance (PdM) literature offers strategies to
mitigate these problems, promoting operational efficiency,
and reducing costs [14], thus sustaining and optimising SAF.

PdM in agriculture transcends mere data collection, rev-
olutionising equipment upkeep. Farmers predict machine
failures by leveraging data, enhancing efficiency, slashing
costs, and boosting output [15]. However, the success of
PdM and SAF is based on seamless data integration, user
acceptance of new technologies, and strict privacy adher-
ence [16], [17]; these factors determine the viability of
these innovations in agriculture. With challenges in PdM
and SAF, eXplainable Artificial Intelligence (XAI) becomes
critical, especially under legal mandates like the General
Data Protection Regulation (GDPR), demanding explainabil-
ity in automated systems [18], [19]; this highlights the need
for practical, user-friendly, and legally compliant AI mod-
els [20]; this study probes a fundamental question: How does
one trust AI predictions in SAF without explanations? It
explores XAI model development, focusing on PdM strate-
gies [21] and AI explainability methods [22].
Recent AI models for PdM in SAF often obscure their

decision-making process, a significant shortfall [23]; this
opaqueness, exacerbated by literature focusing narrowly on
accuracy and F1 scores without detailed train and test results,
diminishes transparency and robustness. Additionally, AI’s
role in agriculture, as either a farmer’s aid or replacement,
remains unclear [24]. Consequently, farmers find current AI
models in agriculture challenging to grasp, limiting their
utility; this gap calls for XAI to improve the understanding
and usability of AI in PdM and SAF [25], [26], [27], [28].
Therefore, this study proposes a model blending XAI with
PdM in SAF to improve transparency and practicality.

Although some studies on AI explainability adopt a broad,
universal approach [29], this study seeks a more detailed,
flexible explainability method, tailored to varied stakeholder
needs. It focuses on matching explanation depth to the unique
needs of diverse users, like AI experts and farmers; this
approach recognises that explanation purposes differ, requir-
ing a more customised framework. Specifically, this study
highlights the importance of explanations that provide scien-
tific insight and meet stakeholders’ internal needs, aiming for
a more refined use of AI in agricultural PdM.

Embarking on this study involves conducting a thorough
Systematic Literature Review (SLR) with bibliometric anal-
ysis to understand the current state of AI models, honing in
on XAI. It involved delving into the literature on Deep Learn-
ing (DL) and Machine Learning (ML) in PdM, emphasising
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XAI’s importance due to the opaque decision-making of AI
models in SAF [23]. These explorations shape the study’s
objectives and influence the development of a combined
model, highlighting XAI’s role in agricultural PdM. The
study evaluates four DL and seven ML algorithms, select-
ing the top-performing ones based on the test F1 score for
explainability and for comparative analysis. The research
aims to (1) predict maintenance needs and (2) provide expla-
nations using XAI in SAF. To this end, the study focuses on:
(i) AssessingAImodels’ status and the need for explainability
through SLR and bibliometric analysis. (ii) Develop DL and
ML models for PdM. (iii) Evaluation of the effectiveness of
these models. (iv) Elucidating the rationale behind the AI
model’s predictions. The key contributions of this study are
summarised as follows:

1. It pioneers integrating XAI with PdM in SAF, focusing
on four explainability dimensions: (1) data, (2) model,
(3) outcome, and (4) end-user.

2. Conducts an SLR on the current state of AI models,
highlighting the necessity of XAI.

3. Presents transparent training and testing outcomes
using the more stringent Receiver Operating
Characteristic-Area Under the Curve (ROC-AUC)met-
ric, underscoring the importance of XAI beyond just
accuracy.

4. Adapts design principles from XAI and PdM for the
specific context of SAF.

5. Strengthens the theoretical underpinnings and future
trajectories of XAI in PdM for SAF.

II. LITERATURE REVIEW
This study undertook an extensive literature review to anal-
yse advanced AI-driven PdM techniques critically. It aimed
to identify and assess XAI models for PdM, focusing on
their role in enhancing maintenance practices. The study
also aimed to shed light on the strengths, limitations, and
practicality of various XAI models in PdM. Evaluating and
synthesising these findings aimed to provide a comprehensive
overview of the current state and future direction of XAI
models in agricultural PdM.

A. PREDICTIVE MAINTENANCE
This review uncovered three PdM approaches: (1) anomaly
detection, (2) prognostics, and (3) diagnostics [21]. Anomaly
detection is akin to spotting the unusual in data. Prognos-
tics predict future system performance, while diagnostics
identify current issues through performance analysis. Among
the reviewed literature, eleven studies focused on prognos-
tics [30], [31], [32], [33], [34], [35], [36], [37], [38], [39],
[40], three on anomaly detection [41], [42], [43], and two
on both prognostics and diagnostics [40], [44]. Notably,
none focused solely on diagnostics, revealing a significant
research gap. Future studies should explore how anomaly
detection and prognostics can lead to effective diagnostics,
thereby improving the robustness and efficiency of PdM
in SAF.

B. DEEP AND MACHINE LEARNING FOR PREDICTIVE
MAINTENANCE
For prognostics, the Recurrent Neural Networks (RNNs) and
Long-Short-Term Memory (LSTM) stand out for their pre-
cision; they achieved a notable 90.07% accuracy [33]. Simi-
larly, in predicting Remaining Useful Life (RUL), boundaries
were pushed with Bidirectional Recurrent Neural Networks
(Bi-RNN) and LSTMs, attaining a 96.15% precision [30].
LSTMs play a pioneering role in anomaly detection, comple-
mented by One-Class Support Vector Machines (OC-SVM),
which significantly reduce false alarms [38]. However,
OC-SVMs struggle with supervised problems.

An alternative study that used RandomForest (RF) in prog-
nostics also incorporated AutoML. The Random Forest (RF),
showed versatility, especially in component-level analy-
sis [32], [36]. However, AutoML’s generalist approach, while
democratising ML, hinders model optimisation [45]. Ensem-
ble Learning (EL) offered diverse algorithmic solutions and
found utility in the prognostics realm of manufacturing
industries [36]. Despite their complexity, other methods like
Balanced K-Star, Multi-Layer Perceptron (MLP), Extreme
Learning Machine (ELM), and Transfer Learning (TL)
provide alternative approaches, as do Deep Convolutional
AutoEncoders [34], [35], [40], [46]. Diagnostics in PdM have
been less explored, with only a few studies touching on it [40].
In general, PdM combines a variety of methodologies, each
with unique strengths and challenges, necessitating ongoing
critical evaluation.

C. EXPLAINABLE ARTIFICIAL INTELLIGENCE
In the fast-paced era of DL and ML, sophisticated model
deployment now pervades sectors like healthcare, finance,
and agriculture. However, the intricate nature of these models
often clouds their decision-making processes, raising con-
cerns about transparency [23]. This opacity has catalysed the
emergence of explainability in DL and ML, a concept that
transcends mere transparency. Explainability entails dissect-
ing the complexities of the DL andMLmodels to render their
decision-making understandable, catering to both experts and
non-experts. Crucially, explainability embodies a spectrum of
facets, each pivotal to demystifying and ensuring the reliabil-
ity of the DL models.

1) DIMENSIONS OF EXPLAINABILITY
Four explainability dimensions were extracted from the
reviewed literature: (1) data, (2) model, (3) outcome, and
(4) end-user. The ‘‘data dimension’’ delves into the data’s
limitations and potential [22]. However, most studies over-
looked these aspects, failing to assess whether the data could
support the insights sought; this oversight calls for more
in-depth research on the data capabilities for PdM in SAF.
The ‘‘model dimension’’ explores how input data influences
model predictions [22]. Often, researchers assume feature
independence, a notion prone to bias. Despite this, most
studies incorporated this dimension, with a few focusing
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on both model and ‘‘outcome dimensions’’ [30], [31], [32],
[36], [39]. The review revealed only two studies dedicated
to outcome explainability [34], [37], indicating a research
gap in understanding the reasoning behind single-instance AI
model predictions. Addressing this can enhance transparency
and decision-making in AI models. The ‘‘end-user’’ dimen-
sion, which tailors explanations to non-technical users [47],
remained unexplored in the reviewed literature, signalling a
need for research that makes AI understandable to a broader
audience.

2) APPROACHES TO EXPLAINABILITY
Six explainability approaches emerged from the litera-
ture [48]: local explainability, global explainability, model-
specific, model-agnostic, model-centric, and data-centric
approaches. Local explainability clarifies individual pre-
dictions, while global explainability unveils overall model
behaviour. Two studies tackled both local and global explain-
ability [33], [41], but none solely focused on global explain-
ability, indicating a research gap. Thirteen studies explored
local explainability alone [30], [31], [32], [34], [35], [36],
[37], [38], [39], [40], [42], [43], [44].
Model-specific approaches are confined to specific AI

models, whereas model-agnostic strategies apply universally.
Ten studies used model-agnostic methods [30], [31], [32],
[34], [36], [38], [40], [42], [43], [44], while three used model-
specific approaches [33], [35], [37], and only two studies
harnessed both [39], [41]. Model-centric approaches analyse
input-output relationships within models, while data-centric
approaches focus on data quality and relevance [47]. All
reviewed studies focused on model-centric approaches, leav-
ing data-centric strategies largely unexplored, thus highlight-
ing a significant research opportunity.

D. EXPLAINABLE ARTIFICIAL INTELLIGENCE FOR
PREDICTIVE MAINTENANCE
SHapley Additive exPlanations (SHAP) stood out, despite
complexities [30], [32], [36], [38], [39], [40], [42], [44].
SHAP was used to clarify feature impacts for false alarm
predictions [38]; its diagnostic application helped in model
interpretation [40], [44]. Local Interpretable Model-agnostic
Explanations (LIME), versatile in various AI models,
excelled in specific, localised predictions, as demonstrated
in transportation anomaly detection [41]. However, LIME’s
local focus limits a broader understanding of the model.

Layer-wise Relevance Propagation (LRP), suited for DL,
offered detailed insights into prediction influences [33].
LRP’s effectiveness was notable, but model-specific. A com-
parison of LIME, SHAP, and Explain Like I Am Five (ELI5)
revealed varied feature attributions and efficiency [39].
LIME was shown to be efficient; ELI5 provided more
intuitive explanations, but lacked model-agnostic versatility.
Counterfactual Explanations (CFE) have gained popular-
ity for enhancing AI acceptability, especially among non-
experts [34], [36]. Consequently, while XAI for PdM presents

TABLE 1. Databases and search strings.

TABLE 2. Search parameters.

various tools, challenges in complexity, accessibility, and
applicability, these highlight the ongoing quest for a balance
between technical depth and user-friendly explanations.

E. BIBLIOMETRIC ANALYSIS
This study undertook a detailed bibliometric analy-
sis emphasising transparency in AI. The methodology
encompassed data processes, descriptive statistics, keyword
analysis, knowledge synthesis, and exploration of concep-
tual and social structures. Searches focused on ‘‘Titles’’,
‘‘Abstracts’’, and ‘‘Subject Headings’’, covering literature
from 2012 to 2022, excluding the incomplete year 2023.
In the databases, ‘‘Keywords Plus’’ and ‘‘Keywords’’ served
as Subject Headings, enabling a thorough search through syn-
onyms, domain-specific terms, and relevant keywords [49];
this approach helped identify literature pertinent to the
research topic. Table 1 details the specific search strings used
in the Web of Science (WoS) and Scopus databases. Also,
note the parameters selected in the search strings in Table 2.
Fig. 1 depicts a Preferred Reporting Items for Systematic

Reviews and Meta-Analyses (PRISMA) flow diagram [50],
outlining the data collection, screening, and analysis steps
and how resources were chosen or excluded for the review.
The ‘‘Identification’’ stage involved gathering 1711 records
from two academic databases (WoS and Scopus), with
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361 duplicates removed. Screening assessed each record’s
relevance, leading to the exclusion of 51 preprints and non-
journal records, based on criteria in Table 2. The ‘‘Included’’
stage refers to the final selection of 759 records for the review.

1) REVIEW METHODOLOGY
The review involved a rigorous bibliometric analysis, sourc-
ing data from the WoS and Scopus databases on 30 June
2023. A uniform search string on both platforms yielded
759 publications for this review. Data from WoS and Scopus
were merged using the Bibiometrix R software package [51],
employing the ‘‘mergeDbSources’’ function for integration
and the ‘‘remove.duplicated’’ feature to ensure no dupli-
cation. Data pre-processing, crucial for accuracy, involved
filtering terms like ‘‘na’’, ‘‘n/a’’, ‘‘n.a’’, and ‘‘0’’, and man-
aging synonyms to maintain data consistency [52]. The study
conducted a comprehensive bibliometric and critical analysis
using RStudio, enhanced by the Bibliometrix package [51],
streamlining the review [53].

2) DESCRIPTIVE STATISTICS
The bibliometric analysis included 759 journal articles, with
an average age of 2.16 years and an average citation count
of 14.24 per document. The yearly expansion rate stood
at 44.85%, encompassing 35274 references. The analy-
sis revealed 3878 instances of ‘‘Keywords Plus’’ [49] and
2564 instances of ‘‘Author Keywords’’. Table 3 provides
an overview of the final dataset used in this bibliometric
analysis.

3) KEYWORD ANALYSIS
Keywords served as vital links, guiding researchers to rel-
evant materials through academic databases, and embodied
the core ideas of a research topic; their absence makes
finding pertinent documents challenging. Author keywords,
self-selected by authors, represent the essence of their work.
In this review, Fig. 2 shows the top 10 author keywords
in the dataset. ‘‘machine learning’’ led with 212 instances,
reflecting its prominence in XAI and PdM research. Fol-
lowing were ‘‘explainable artificial intelligence’’ and ‘‘deep
learning’’, with 208 and 145 occurrences, respectively. These
author-provided keywords efficiently navigate the knowledge
landscape of scientific fields.

4) KNOWLEDGE SYNTHESIS AND CONCEPTUAL STRUCTURE
Science mapping, a pursuit to unravel the network within
evolving scientific knowledge [54], aimed to uncover the
structure and dynamics of scientific research. It offered
a statistical lens to delve into scientific domains, high-
lighting key themes and developments. Using the Walktrap
algorithm [55], the interactive co-occurrence grid visu-
alised in Fig. 3, standardised associations, and linked words
within a unified document; this approach illuminated top-
ics and insights within a research field and mapped the
evolutionary path of studies over time. Fig. 3’s network

TABLE 3. Overview of the final dataset (2012 – 2022).

portrays the progression of XAI in PdM research, demon-
strating the frequent co-occurrence of ‘‘explainable artificial
intelligence’’ and ‘‘deep learning’’, underscoring the growing
emphasis on integrating explainability into DL algorithms.

5) SOCIAL STRUCTURE
Fig. 4 highlighted Wang Y and Zhang Y as prominent con-
tributors with significant collaboration scores in the field.
Interestingly, their collaborative efforts were not directed
toward each other.

Fig. 5 shows that prominent institutions like the University
of Florida, TsinghuaUniversity, and Central South University
held significant ranks in collaboration. However, their collab-
orative efforts remain separate, without intersections.

Similarly, Fig. 6 revealed that the United States of America
(USA) predominantly collaboratedwith China and India in its
research efforts. Following this detailed bibliometric analysis,
the next section presents the critical analysis and identified
research gaps, elucidating this study’s rationale.

F. CRITICAL ANALYSIS
Analysing research gaps is crucial to highlighting what is
lacking in the literature and driving this research effort.
It reveals sectors that need XAI and influences the method-
ologies chosen. Bibliometric analysis also leads to the need
for XAI. The review identified three sectors using PdM with
XAI: (a) transportation, (b) manufacturing, and (c) smart
grids. Among these, manufacturing garnered the attention of
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FIGURE 1. Summary of the data extraction and screening process.

FIGURE 2. Top 10 most frequent author keywords in the dataset.

FIGURE 3. Co-occurrence network.

twelve studies [31], [32], [33], [34], [35], [36], [37], [38],
[40], [42], [43], [44], while transportation claimed two [30],
[41], and smart grids only one [39].

FIGURE 4. Collaboration network by author.

FIGURE 5. Collaboration network by institution.

Various state-of-the-art models, like Ensemble Learning
(EL) [36], [44], and Deep Learning [30], [33], [37], were
used in PdM; this study will use similar algorithms, aiming
for comparable results and employing metrics like F1 score,
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FIGURE 6. Collaboration network by country.

accuracy, and ROC-AUC for evaluation [30], [32], [33], [44],
[56], [57]. Also, due to the prevalent usage of the test F1 score
and for comparative analysis, it will be used to select the most
outstanding DL and ML algorithms on each dataset, which
will then be used for the explainability stage.

Popular explainability techniques included ELI5, LIME,
SHAP, and LRP. Where ELI5 focused on feature impact,
while [39] SHAP provided global explanations [30], [32],
[36], [38], [39], [40], [42], [44] and LRP suits DL mod-
els [33], [41]. Although CFEs showed their application in
the outcome dimension [34], [36], this study will embrace
them to address the end-user dimension, offering choices
for desired outcomes. Unfortunately, most studies do not
address the data dimension’s explainability [22], a gap that
this research aimed to fill.

The bibliometric analysis revealed a prevailing trend of
AI models being used in PdM, substantiating the literature
review finding [31], [32], [36], [38], [39], [40], [42], [44]
(refer to Fig. 2). Additionally, it underscored the prevalent use
of XAI inDL, reinforcing the imperative need for explainabil-
ity in DL (refer to Fig. 3). The social structure also showed
an increasing demand for collaborative efforts to advance
XAI in PdM research (refer to Fig. 4, 5, and 6). Notable
gaps include data, outcome, end-user explainability, and the
need for global explainability combined with model-specific
and model-agnostic methods. There is also a gap in inte-
grating anomaly detection and diagnostics, and a lack of
focus on diagnostics alone. The intersection of XAI and
PdM in SAFwas under-researched, impeding farmers’ under-
standing and usage of AI. Therefore, this study proposed a
combined model that merges XAI and PdM to (1) predict
maintenance needs and (2) provide explanations for the pre-
dictions made by the model, trained on a time series dataset
of maintenance records, sensor readings dataset, for machine
and water pump statuses. The proposed AI model predicted
potential failures (prognostics), highlighting their root causes
by component level (diagnostics). Also, the model addressed
four dimensions: (1) data, (2) model, (3) outcome, and
(4) end-user [22], [47].

III. EXPERIMENTAL DESIGN
This study aimed to predict maintenance needs and provide
explanations using XAI. Also, it outlines the experimental

TABLE 4. Telemetry attributes.

design, covering the datasets, research design, system and
parameter configurations. To achieve its objectives, the study
conducted various experiments.

A. DATA
Additionally, this study used open-source data to experi-
ment with and assess the proposed AI model, enhancing
reproducibility. It used the Telemetry for Predictive Mainte-
nance dataset [58] with 11 attributes, and the Pump Sensor
dataset [59] with 54 attributes. The Telemetry data covered
hourly intervals from 06:00:00 on the first day of 2015 to
the same time on the first day of 2016. The Pump Sensor
data spanned from midnight, on 1 April 2018, to one minute
before midnight on 31 August 2018, recording every minute
and included data from 52 sensor units before pre-processing.
The attributes and definitions within the Telemetry Predictive
Maintenance dataset are shown in Table 4. The attribute and
meaning of the Pump Sensor dataset are shown in Table 5.

After pre-processing, the Telemetry for Predictive Main-
tenance dataset had 292019 observations with 19 unique
attributes, while the Pump Sensor dataset comprised
218880 observations with 4 attributes. Both datasets revealed
a significant class imbalance. In the Telemetry dataset, nor-
mal (class none) instances exceeded failure instances (comp1,
comp2, comp3, comp4) by 98%. Similarly, in the Pump
Sensor dataset, normal status instances surpassed abnor-
mal (recovering, broken) by 93%. Cost-Sensitive Machine

24354 VOLUME 12, 2024



M. Kisten et al.: XAI Model for PdM in SAF

TABLE 5. Pump sensor attributes.

FIGURE 7. Modified SRBD stages.

Learning (CSML) was applied before the modelling stage
to address these imbalances, ensuring fair representation and
accuracy across different classes.

B. RESEARCH DESIGN
Influenced by the objectives of this study, the research
design adopted the Systematic Research on Big Data (SRBD)
methodology [60]. Despite critiques about SRBD’s lack of
role clarity [61], its data-driven, agile nature suited this aca-
demic research, enhancing reproducibility. SRBD typically
involves seven stages: information extraction and cleaning,
preliminary analysis, defining research goals, data design,
model and feature selection, output evaluation, and visual-
isation; this study expanded to nine stages, each tailored
to specific objectives and shown in Fig. 7. Stage 1, data
acquisition, was pivotal for later stages. Stage 2 focused on
XAI, deciphering predictions made by the model. A thorough
SLR with bibliometric analysis commenced, addressing the
(i) landscape of AI models and the need for explainability.
Stages 2 to 6 concentrated on (ii) developing an AI model
for PdM, stage 7 (iii) evaluating it, and the final stages,
8 and 9, aimed at (iv) providing explanations for the model’s
predictions, meeting all research objectives comprehensively.

In this study, data acquisition denoted the sourced machine
and irrigation system data, analysing component-specific
failures and pump failures. Information extraction and clean-
ing involves data pre-processing, rendering the data fit for
subsequent stages [52]; this procedure encompassed (1) data
cleaning, (2) data formatting, (3) feature engineering, and (4)
data integration.

Additional information on these are provided as follows:
(i) Data cleaning. The study employed ‘‘forward fill’’ for
missing values, avoiding data leakage, also known as Last
Observation Carried Forward (LOCF), which replaces miss-
ing values with their preceding present value, honouring the
dataset’s temporal order. Moreover, this method is effective
when working with time series data [62], [63]. (ii) Data
formatting deals with categorised variables for efficient pro-
cessing. (iii) Feature engineering was used to extract features:
(a) dateTime features, (b) lag features, (c) window features,
and (d) periodic cyclic features. (iv) Data integration relates
to merged multiple files in the Telemetry for PredictiveMain-
tenance dataset [58]. Moreover, preliminary data analysis is
focused on data analysis.

The research goal is aimed at predictingmaintenance needs
and providing explanations using XAI. Research data design
involves structured data for AI modelling, ensuring tempo-
ral order during encoding and scaling, and split data into
70% training and 30% testing sets. In terms of the model
and feature selection, the selected models and features were
based on the literature review, using the test F1 score as
the benchmark and for comparative analysis [32], [44]. The
following were implemented in terms of the feature selec-
tion process: (1) Variance Thresholding (VT), (2) pairwise
correlation, (3) Recursive Feature Elimination with Cross-
Validation (RFECV), and (4) Boruta-SHAP.

For the output evaluation, the F1 score, accuracy, ROC-
AUC, and class weights were used for performance evalua-
tion, which were widely used in academic literature and those
particularly tailored for dealing with imbalanced data [32],
[33], [44], [56], [57]. A classifier could land within any
category of the confusion matrix: TP, TN, FP, or FN.Where:
TP denotes True Positive (correctly identified), TN denotes
True Negative (correctly rejected), FP denotes False Posi-
tive (incorrectly identified), and FN denotes False Negative
(incorrectly rejected). Moreover, the performance evaluation
of a classification algorithm hinges on using a confusion
matrix; this matrix presents correct classifications compared
with erroneous ones, all categorised per class [64], [65].
Furthermore, the F1 score embodies the harmonic average,
combining recall and precision; the former gauges the accu-
rate prediction of true positives, whilst the latter quantifies
the misrepresentation of the positive class. A mathematical
definition of the F1 score metric emerges in Equation (3).
Note that the precision and recall must first be computed:

Precision =
TP

TP+ FP
(1)

Recall =
TP

TP+ FN
(2)

F1 =
2 × Precision× Recall
Precision+ Recall

=
2 × TP

2 × TP+ FP+ FN
(3)

In this context, the accuracy shows the proportion of
accurate classifications relative to the total classifications.
A mathematical definition of the accuracy metric emerges
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FIGURE 8. PdM and XAI illustration.

in Equation (4):

Accuracy =
TP+ TN

TP+ TN + FP+ FN
(4)

The ROC visually shows model effectiveness, while the
AUC numerically grades it from 0 to 1 [66], [67]. The
AUC’s versatility in appraising performance across various
thresholds renders it crucial, mainly when classes differ in
significance or risk. This study used the Trapezoidal rule
for AUC calculation, among other methods like Riemann
Sums and Simpson’s rule; this approach is particularly rel-
evant here, as accurate failure prediction is deemed more
critical than correctly identifying non-failures, reflecting
the unequal importance of different classes in this con-
text. More so, the design involving eXplainable Artificial
Intelligence is targeted toward transparency in predictions
across four dimensions: (1) data, (2) model, (3) outcome, and
(4) end-user [22], [47].

Summarily, this research advanced a unified model that
fused XAI with PdM to (1) predict maintenance needs and
(2) furnish explanations for the model’s predictions, as seen
in Fig. 8.Moreover, trained on a time series dataset containing
maintenance logs, sensor data, and machine and water pump
statuses, the proposed AI model predicts potential failures
(prognostics), elucidating their underlying causes by compo-
nent level (diagnostics) and addressing explainability through
four dimensions: (1) data, (2) model, (3) outcome, and (4) the
end-user [22], [47]. Finally, the study explored the option of
using SHAP plots and CFE tables for intuitive explanation
and visualisation presentation.

C. SYSTEM AND PARAMETER CONFIGURATION
Research experiments were done using an Intel(R) Core (TM)
i5.10500HCentral ProcessingUnit (CPU) at 2.50GHz speed,
and 16174 MB RAM, running on Windows 11 Pro 64-bit
Operating System (OS) with a 6009 MB Nvidia GeForce
RTX 3060 laptop Graphics Processing Unit (GPU). The
Python 3.8.17 language underpinned the programming. The
research detailed configurations for top-performing DL and
ML algorithms per dataset. It also outlined parameter settings
for the four explainability dimensions: (1) data, (2) model,
(3) outcome, and (4) end-user [22], [47]. The sequence began
with DL configurations for the Telemetry for Predictive
Maintenance dataset, followed by those for explainability.

FIGURE 9. DL - Convolutional long-short-term memory neural network
parameters (telemetry for predictive maintenance).

It then presented DL configurations for the Pump Sensor
dataset and their explainability aspects, with a similar pattern
for ML configurations.

1) TELEMETRY FOR PREDICTIVE MAINTENANCE DATASET
CONFIGURATIONS
This study divided its dataset, allocating 70% to training
and 30% to testing. A consistent random state, fixed at 777,
was applied throughout all experiments. The model input
comprised 19 features, with output targeting classification
across 5 classes.

a: DEEP LEARNING (TELEMETRY FOR PREDICTIVE
MAINTENANCE)
The Convolutional Long-Short-Term Memory (LSTM) Neu-
ral Network’s parameters, displayed in Fig. 9, involve a
sequence where input data are first transformed, normalised,
and scaled; this ensures efficient training. The data are then
reshaped into a (19, 1, 1) configuration, followed by a
1D Convolutional LSTM with four output channels. Sub-
sequently, the input is flattened into a vector, retaining its
initial form. To enhance regularisation, a certain percentage
of inputs are randomly dropped. The final step involves a
fully connected layer with 5 output units, facilitating the
classification into 5 classes.

i) DATA EXPLAINABILITY (TELEMETRY FOR PREDICTIVE
MAINTENANCE)
Table 6 shows the parameters for the Deepchecks data
explanations.

TABLE 6. Deepchecks data explainability parameters (telemetry for
predictive maintenance).

ii) MODEL EXPLAINABILITY (TELEMETRY FOR PREDICTIVE
MAINTENANCE)
Table 7 shows the parameters for the DL SHAP model
explanations.
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TABLE 7. DL - SHAP model explainability parameters (telemetry for
predictive maintenance).

iii) OUTCOME EXPLAINABILITY (TELEMETRY FOR PREDICTIVE
MAINTENANCE)
Table 8 shows the parameters for the explanations of the DL
SHAP outcomes.

TABLE 8. DL - SHAP Outcome explainability parameters (telemetry for
predictive maintenance).

iv) END-USER EXPLAINABILITY (TELEMETRY FOR PREDICTIVE
MAINTENANCE)
Table 9 shows the parameters for the DL DiCE end-user
explanations.

b: MACHINE LEARNING (TELEMETRY FOR PREDICTIVE
MAINTENANCE)
Bagging uses an ensemble of Decision Trees (DT) (Fig. 10).
Weights find themselves assigned to classes, harmonising
model performance. The entropy criterion comes into play

TABLE 9. DL - DiCE end-user explainability parameters (telemetry for
predictive maintenance).

FIGURE 10. ML - Bagging classifier parameters (telemetry for predictive
maintenance).

for DT node splitting. The maximum depth of the DT
receives specification. The ensemble boasts 100 DT estima-
tors. Processor cores maximised (-1) for parallel processing,
accelerating model training. A random state, fixed at 777,
persists, applying to all experimental procedures.
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FIGURE 11. DL - Bidirectional recurrent neural network and
Long-Short-Term memory neural network parameters (pump sensor).

TABLE 10. Deepchecks data explainability parameters parameters (pump
sensor).

2) PUMP SENSOR DATASET CONFIGURATIONS
The dataset was split, dedicating 70% for training and the rest
for testing, ensuring uniformity in all trials with a random
state of 777. It involved 4 distinct features as inputs and
3 classes as output for classification.

a: DEEP LEARNING (PUMP SENSOR)
In Fig. 11, the Bidirectional Recurrent Neural Network
(Bi-RNN) and Long-Short-Term Memory Neural (LSTM)
Network parameters were meticulously set. The input data
are first transformed, normalised, and scaled. The data are
then reshaped into a (1, 4) configuration, followed by a
Bi-RNN and LSTM with 16 output channels. To enhance
regularisation, a certain percentage of inputs are randomly
dropped. The final step involves a dense layer with 3 output
units, facilitating the classification into 3 classes.

i) DATA EXPLAINABILITY (PUMP SENSOR)
Table 10 shows the parameters for the Deepchecks data
explanations.

ii) MODEL EXPLAINABILITY (PUMP SENSOR)
Table 11 shows the parameters for the DL SHAP model
explanations.

iii) OUTCOME EXPLAINABILITY (PUMP SENSOR)
Table 12 shows the parameters for the explanations of the DL
SHAP outcomes.

iv) END-USER EXPLAINABILITY (PUMP SENSOR)
Table 13 shows the parameters for the DL DiCE end-user
explanations.

b: MACHINE LEARNING (PUMP SENSOR)
The parameter configurations for the Adaptive Boosting clas-
sifier are shown in (Fig. 12). The learning rate is set to
0.2, dictating the step size for model updates. The Adaptive

TABLE 11. DL - SHAP Model explainability parameters (pump sensor).

TABLE 12. DL - SHAP Outcome explainability parameters (pump sensor).

FIGURE 12. ML - Adaptive boosting classifier parameters (pump sensor).

Boosting classifier includes 100 estimators (weak models) by
definition. A random state, fixed at 777, persists, applying to
all experimental procedures.

IV. RESULTS AND DISCUSSION
This section presents the results of XAI and PdM in SAF in
distinct sub-themes. The research delved into prognostics and
diagnostics for PdM. Prognostics predicts water pump condi-
tions, whereas diagnostics identifies specific machine failure
components. Both use DL andML algorithms. The study also
explored the ‘‘data dimension’’, assessing how data limita-
tions and expectations influence insight extraction.Moreover,
this section presents global explainability, aiming to unravel
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TABLE 13. DL - DiCE end-user explainability parameters (pump sensor).

the model’s behaviour through model-centric approaches
for the ‘‘model dimension’’. Local explainability strives
to explain single prediction instances, providing insights
for the ‘‘outcome dimension’’. Addressing the ‘‘end-user
dimension’’ emphasises creating explanations that balance
abstraction and detail. In addition, discussions detail a com-
parative analysis with related studies, while following themes
(prognostics, diagnostics, data, model, outcome, and end-
user) and results interpretation, exposing implications and
alignment to the related literature; this section concludes by
summarising results and discussion.

Recall, that this research had a dual aim to: (1) predict
maintenance needs and (2) provide explanations using XAI in
PdM for SAF. Section II conducted an SLR with bibliometric
analysis, tackling the first research objective: (a) conducting

an SLR using a bibliometric analysis to determine the current
landscape of AI models and the need for XAI. Section III
addressed the following three objectives of this research to
achieve its aim: (b) developing an AI model to predict main-
tenance needs, (c) evaluating the proposed AI model, (d) then
identifying and providing explanations for the predictions
made by the proposed AI model.

A. EXPERIMENTAL RESULTS
The experimental results reveal insights from the PdM along-
side the XAI experiments. First, it dissects the results of both
the employed DL and ML models. Next, it shifts towards
XAI, casting light on the four explainability dimensions
drawn from scholarly literature: (1) data, (2) model, (3) out-
come, and (4) end-user.

1) PREDICTIVE MAINTENANCE RESULTS
In Section II, the research navigated prognostics and diagnos-
tics for PdM in SAF, focusing on system failure and compo-
nent failure prediction literature. The Telemetry for Predictive
Maintenance dataset, initially with 11 attributes, expanded
to 40 through feature engineering and refined to 19 for
optimised performance, dismissing non-essential attributes
like ‘‘Datatime’’, ‘‘MachineID’’, and ‘‘model’’. Similarly, the
Pump Sensor dataset, starting with 54 attributes, was distilled
to 214, then to 4 after releasing irrelevant or incomplete
attributes. With high test F1 scores (above 92%), accura-
cies (above 90%), and ROC-AUCs (above 80%), the models
exhibited strong adaptability to new data, avoiding overfit-
ting. DT and CatBoost classifiers, while slightly trailing,
still delivered competitive results. These results, detailed in
Tables 14 to 17, underscore the proposed model’s efficacy as
a leading solution for PdM in SAF.

a: DEEP LEARNING (PREDICTIVE MAINTENANCE RESULTS)
Table 14 shows the DL classifier comparison on the Teleme-
try for Predictive Maintenance dataset.

TABLE 14. DL - classifier comparison (telemetry for predictive
maintenance).
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Table 15 shows the DL classifier comparison on the Pump
Sensor dataset.

TABLE 15. DL - classifier comparison (pump sensor).

b: MACHINE LEARNING (PREDICTIVE MAINTENANCE
RESULTS)
Table 16 shows the ML classifier comparison on the Teleme-
try for Predictive Maintenance dataset.

TABLE 16. ML - classifier comparison (telemetry for predictive
maintenance).

Table 17 shows the ML classifier comparison on the Pump
Sensor dataset.

Furthermore, as established earlier, applying the test F1
score calls for its use in selecting distinguished DL and ML
algorithms per dataset [32], [44]. Thus, the Convolutional
LSTM Neural Network, BiRNN LSTM Neural Network,
Bagging classifier, and AdaBoost classifier algorithms were
used for the explainability stage.

TABLE 17. ML - classifier comparison (pump sensor).

2) EXPLAINABLE ARTIFICIAL INTELLIGENCE RESULTS
Section III’s ‘‘Data’’ segment, showed two datasets: Teleme-
try for Predictive Maintenance and Pump Sensor, each with
5 and 3 classes, respectively. The analysis considers these
class structures, unless otherwise indicated. Key variables
like ‘‘age’’, ‘‘datetime_day_of_month’’, ‘‘datetime_hour_
sin’’, and ‘‘datetime_week’’ transformed into float val-
ues post-standardisation; this section presents and discusses
explainability dimensions, using DL algorithms as input
tools.

a: INSIGHTS FROM THE DATA
Using data-centric methods, the study extracted deep insights
directly from the data, assessing its purity and quality. Results
showed meticulous dataset preparation, adhering to con-
sistency, integrity, and predictability criteria. For instance,
the Telemetry for Predictive Maintenance dataset featured
21 columns, surpassing the original 19. In contrast, the Pump
Sensor dataset had 6, exceeding the original 4. However,
these extra columns, included categorical features and target
variables, which were essential metadata, influencing neither
data purity checks nor overall test outcomes. Data evaluations
in Table 18 showcased successful checks, confirming diverse
values, the absence of excessive special characters, uniform
handling of null values, minimal variation in data types,
string content uniformity, lack of duplicate data, and rele-
vant correlations under the threshold. A minor discrepancy
emerged, with 0.02% of the samples showing conflicting
labels, narrowly exceeding the set limit. Similarly, Table 19
affirmed diversity in columns, appropriate handling of spe-
cial characters and null values, minimal data-type variation,
string uniformity, and no duplicate data. Although, feature-
feature correlations and predictive power of features like
‘‘sensor_05’’, with a score of 0.93, stood out, a single test
narrowly missed the mark. These evaluations showed the
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TABLE 18. Data purity (telemetry for predictive maintenance).

passing of 9 out of 10 tests in both datasets, underscoring the
datasets’ robustness and reliability, setting a strong founda-
tion for subsequent PdM and AI analysis.

i) DATA RESULTS
Table 18 shows the data purity tests on the Telemetry for Pre-
dictive Maintenance dataset. Table 19 shows the data purity
tests on the Pump Sensor dataset.

b: INSIGHTS FROM THE MODEL
A focus on global explainability emerged, and delved into
model-centric methodologies that explore links between
input features and outcomes; this approach yielded rich
insights directly from the model, primarily through
SHAP plots, which clarify feature impact direction using
colour-coded bars (blue for negative, red for positive). For
clarity, plot titles like ‘‘class ‘compX’’’ indicate ‘‘compY’s’’
influence on the target ‘‘compX’’, underpinning precise
component-level PdM. Unlike feature importance, SHAP
values provide a nuanced view of feature attribution, applying
game theory for a comprehensive impact assessment [68],
[69]. Also, unlike feature importance, which ranks features by
performance but lacks detailed impact analysis [70], SHAP
values offer a balanced view, suitable for both global and local
effects. The research also leverages SHAP for global feature

TABLE 19. Data purity (pump sensor).

attribution using DL algorithms, providing a holistic under-
standing of model behaviour. For instance, Fig. 13 shows how
the ‘‘error1count_1’’ feature significantly influences predic-
tions for class ‘‘comp1,’’ with a notable SHAP value of 0.09.
Similarly, Fig. 14 highlights sensor_05 as a key predictor for
a ‘‘broken’’ pump status, shown by its leading SHAP value;
this analysis, extending beyond individual predictions, helps
identify critical features for effective PdM, guiding future
data strategies.

i) DEEP LEARNING (MODEL RESULTS)
Fig. 13 shows the DL Global SHAP for class comp1 on the
Telemetry for Predictive Maintenance dataset.

Fig. 14 shows the DL Global SHAP for class broken on the
Pump Sensor dataset.
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FIGURE 13. DL - Global SHAP for class comp1 (telemetry for predictive
maintenance).

FIGURE 14. DL - Global SHAP for class broken (pump sensor).

c: INSIGHTS FROM THE OUTCOME
Local explainability methods illuminate individual pre-
diction instances, extending the model’s insights. SHAP,
central to this analysis, analyses single-instance fea-
ture impact. Features like ‘‘error1count_2’’ quantify spe-
cific error occurrences, while ‘‘datetime_hour_sin’’ and
‘‘datetime_hour_cos’’ emerge from sine and cosine trans-
formations (detailed in Section III’s ‘‘Periodic Cyclic
Features’’). The study then applied SHAP to DL for local
feature attribution in the outcome dimension, providing
detailed insights. Unlike global attribution, local SHAP
provides granular explainability. For instance, in Fig. 15,
‘‘error1count_1’’ significantly sways the prediction towards
‘‘comp1’’. Other features like ‘‘comp4’’ and ‘‘comp2’’ also
impact this prediction, albeit less so. On the contrary,

FIGURE 15. DL - Local SHAP for class comp1 (telemetry for predictive
maintenance).

FIGURE 16. DL - Local SHAP for class broken (pump sensor).

‘‘datetime_week’’, ‘‘datetime_hour_sin’’, and ‘‘comp3’’
reduce the impact of classifying as ‘‘comp1’’. Features such
as ‘‘error3count_1’’ and ‘‘comp1’’ show zero impact on
classification, highlighting the nuanced influence of differ-
ent features. Fig. 16 further shows local attribution, where
‘‘sensor_05’’ negatively affects the ‘‘broken’’ pump status
prediction, while ‘‘sensor_10_window_3H_mean’’ enhances
it. However, features like ‘‘sensor_11_window_3H_mean’’
and ‘‘sensor_12_window_3H_mean’’ show no effect on the
prediction; this approach underscores the specific influence
of each feature on the model’s decision-making process.

i) DEEP LEARNING (OUTCOME RESULTS)
Fig. 15 shows the DL Local SHAP for class comp1 on the
Telemetry for Predictive Maintenance dataset.

Fig. 16 shows the DL Local SHAP for class broken on the
Pump Sensor dataset.

24362 VOLUME 12, 2024



M. Kisten et al.: XAI Model for PdM in SAF

d: INSIGHTS TOWARD THE END-USER
CFEs balance abstraction and detail. ‘‘Counterfactual n for
class ‘compX’’’ indicates altering ‘‘compY’’ to trigger a
‘‘compX’’ a broken status, aiding in pinpointing the mal-
functioning component. Phrases like ‘‘The feature compY
must transition’’ indicate necessary changes in ‘‘compY’’ to
affect ‘‘compX’’. Some CFEs, without percentage change,
relate to categorical features, while others, exceeding 100%,
indicate the extent of change needed for a desired out-
come. Light grey and light blue in the CFE tables represent
decreasing and increasing feature changes, respectively.
Table 20 presents ‘‘what-if’’ (counterfactuals) scenarios for
the Telemetry for Predictive Maintenance dataset, showing
changes needed to switch from class ‘‘none’’ to ‘‘comp1’’.
These counterfactuals highlight the impact of features like
‘‘comp4’’ and ‘‘comp2’’, with substantial percentage changes
(increases of 593.70% and decreases of 165.64%, respec-
tively). The ‘‘errorXcount_Y’’ features, moving from 0.0 to
1.0 demonstrate the influence of specific errors. Counterfac-
tuals reveal that minor adjustments, like a 22.33% change
in ‘‘datetime_week’’, can be significant. Consistent settings
of ‘‘error1count_2’’ and ‘‘error2count_1’’ to 1.0 in Coun-
terfactual five highlight their ongoing effect on outcomes.
In the Pump Sensor dataset, counterfactuals in Table 21 show
shifts from ‘‘normal’’ to ‘‘broken’’. A dramatic change in
‘‘sensor_05’’ is required, indicating its crucial role in predict-
ing breakdowns. Counterfactuals two and three also demand
significant adjustments in ‘‘sensor_12_window_3H_mean’’
and ‘‘sensor_05’’. ‘‘Sensor_05’’ is consistently altered across
scenarios, underscoring its impact on classifying the ‘‘bro-
ken’’ status.

i) DEEP LEARNING (END-USER RESULTS)
Table 20 shows the DL CFE from none to comp1 on the
Telemetry for Predictive Maintenance dataset.

TABLE 20. DL - CFE from none to comp1 (telemetry for predictive
maintenance).

Table 21 shows the DL CFE from normal to broken on the
Pump Sensor dataset.

TABLE 21. DL - CFE from normal to broken (pump sensor).

B. DISCUSSION
After presenting the experimental results, the results are then
discussed in the context of this research. It starts with a
comparative analysis with related studies while discussing the
results in a similar order as was done in the presentation of
results: PdM and the XAI results. The first (PdM) discusses
the results of both the DL and ML models. The second
(XAI) discusses the results of XAI, focusing on the four
dimensions of explainability extracted from the literature: (1)
data, (2) model, (3) outcome, and (4) end-user.

1) COMPARATIVE ANALYSIS WITH RELATED STUDIES
The comparative analysis in this section offers insights
into this research’s unique contributions, contrasting with
previous studies to deepen understanding. Performance com-
parisons in Table 22 demonstrate the superior functioning of
DL andML classifiers on two datasets. Thesemodels, Convo-
lutional LSTM and BiRNN LSTM Neural Nets, excel across
metrics without overfitting, highlighting their reliable gen-
eralisation. Comparisons with [33] show that this research’s
LSTM classifiers consistently outperformed others, with a
5.81% test accuracy improvement, calculated as an average
percentage difference. Moreover, the XGBoost classifiers
perform exceptionally well on diverse datasets (Table 23).
For instance, in the Telemetry for Predictive Maintenance
dataset, XGBoost achieves consistent F1 scores and accuracy.
Compared to [44], this research’s XGBoost classifier shows
enhanced performance, with an increase of 7.09% in test
F1 score, 10.66% in accuracy, and 4.29% in ROC-AUC;
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this research’s XGBoost classifier surpasses [44] in all test
metrics, affirming the superiority of this approach in PdM,
machine status, and water pump data analysis. These results
emphasise LSTMs and Boosters’ efficacy in PdM for SAF.

Table 22 shows the DL classifier comparison with related
studies.

TABLE 22. DL - classifier comparison with related studies.

Table 23 shows the ML classifier comparison with related
studies.

TABLE 23. ML - classifier comparison with related studies.

2) EXPLAINABILITY DIMENSIONS
a: DATA DIMENSION
Contrary to related studies, this research addresses an unex-
plored dimension: data explainability. Pioneering in this
dimension, the study sets a precedent for future research.
It methodically demonstrates how to discern data limitations
and align researcher expectations. Tables 18 and 19 exhibit
rigorous dataset analysis, highlighting diversity, uniformity,
and minimal duplications. Despite minor label discrepancies,
these datasets exemplify consistency and integrity, crucial for
reliable PdM and AI analysis.

b: MODEL AND OUTCOME DIMENSIONS
This research diverges from related studies in its model
and outcome explainability approach. A key premise often
assumed is the independence and non-correlation of features

or attributes; this assumption is fallible, introducing poten-
tial biases in the ‘‘model and outcome dimensions.’’ Thus,
data explainability becomes a foundational element for these
dimensions, guiding the assessment of inherent limitations
and depth of insights derivable from the data; this research’s
contribution lies in establishing a framework for exploring
the levels of explainability achievable with specific datasets.
Employing SHAP for global feature attribution in DL, it tran-
scends mere feature ranking, enabling a comprehensive
understanding of model behaviour. In local explainability, the
study goes further, analysing individual prediction instances.
Local methods, through SHAP, provide an in-depth feature
impact analysis on single-instance predictions.

c: END-USER DIMENSION
Concerning end-user explainability, this research stands out
from existing literature, particularly in explaining predictions
to non-technical users; this study significantly advances end-
user explainability, showcasing how to strike this balance
effectively. Using the two datasets, it presented ‘‘what-if’’
(counterfactuals) scenarios in Tables 20 and 21, demonstrat-
ing the necessary changes to shift predictions from one class
to another preferred class (outcome). These counterfactuals
elucidate the impact of specific features, underscoring the
significance of consistent settings in influencing outcomes.

3) SCOPE AND LIMITATIONS OF THE RESEARCH
The scope of the study was to incorporate XAI and PdM in
SAF, focusing on (1) machines and (2) irrigation systems.
Moreover, the study faced constraints stemming from lim-
ited PdM data, using merely two time series datasets. PdM
findings focused exclusively on DL and EL for ML models,
influenced by pertinent literature. Similarly, the scope of
XAI was confined to (1) data, (2) model, (3) outcome, and
(4) end-user explanations, framed by established
dimensions of explainability. Additionally, the bibliometric
analysis faced its own set of limitations; the review method-
ology encapsulated data processes, descriptive statistics,
keyword analysis, knowledge synthesis, and the explo-
ration of conceptual and social structures. Searches targeted
‘‘Titles’’, ‘‘Abstracts’’, and ‘‘Subject Headings’’ in a period
from 2012 to 2022, excluding the incomplete year 2023.
In the databases, ‘‘Keywords Plus’’ and ‘‘Keywords’’ were
used as Subject Headings to search for synonyms, domain-
specific language, and additional known relevant words [49];
this approach extracted literature relevant to the topic of this
research. In addition, only two academic databaseswere used:
WoS and Scopus. For replication and ensuring reproducibil-
ity, the researcher’s experimental code is available in their
GitHub repository at: https://github.com/iammelvink.

V. CONCLUSION
This research marks a significant advancement in SAF, merg-
ing XAI with PdM. It predicts maintenance requirements
and elucidates model predictions; this fusion enhances under-
standing and application of AI for PdM in SAF, addressing
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the research aim and objectives. The study illuminates the
potent synergy between XAI and PdM, fostering transparent,
understandable algorithmic decisions, a vital move towards
clarifying the often opaque nature of DL and ML. The
research showcases the impressive performance of the LSTM
and XGBoost classifiers in PdM, setting new benchmarks in
SAF. These advances promise improved predictive accuracy
and reliability. Exploring data dimensions reveals inherent
limitations and refines expectations for data-driven insights.
The research unravels the model and outcome complexi-
ties using SHAP values and providing detailed, practical
explanations. It also introduces varied predictive scenarios
through counterfactuals, which could improve stakeholder
decision-making.

Future research directions include integrating multi-modal
data to enhance AI model efficacy for PdM in SAF; devel-
oping new explainability metrics; incorporating Human-in-
the-Loop (HITL) systems for collaborative decision-making
and enhanced PdM model reliability; analysing the effects
of XAI on human decision-making in agriculture; explor-
ing ethical aspects of agricultural AI, focusing on Fairness,
Accountability, and Transparency (FAT); and assessing the
long-term impact of these technologies on productivity,
sustainability, and economic factors in SAF, setting the
stage for future studies that are as impactful as they are
essential.
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