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Predictive maintenance of utility-scale photovoltaic (PV) systems operating in harsh
desert environments requires decision frameworks that simultaneously handle
operational uncertainty, multi-criteria trade-offs, and limited human supervision. This
paper proposes a hybrid Multi-Criteria Decision Support System (MCDSS) formulating
PV maintenance as a sequential decision-making problem under uncertainty. The
framework integrates fuzzy logic inference, an Adaptive Decision Tree (ADT), a Q-
learning reinforcement module, and a human-in-the-loop (HITL) co-learning
mechanism governed by three operator feedback types: Confirm, Modify, and Override.
Validated on semi-real operational data from the Noor Boujdour | solar plant
(Morocco), the system achieved an average reaction time below 8 s, a corrected
availability rate of 97.3%, and a post-adaptation decision adequacy rate of 92.3% (N =
142; Cohen’s k = 0.83, 95% CI [0.76, 0.90]). McNemar tests showed significant gains
over rule-based, Random Forest, and ML baselines (p < 0.05), but not over standalone
Q-learning (p = 0.343). Ablation analysis identifies HITL co-learning as the largest
single contributor to performance gain (—4.4 pp without HITL, p = 0.012, McNemar).
The proposed architecture demonstrates promising adaptability for renewable-energy
maintenance applications, subject to further multi-season validation.
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1. Introduction

The large-scale deployment of photovoltaic
power plants has intensified the need for intelligent
decision-making frameworks capable of ensuring
reliable operation under uncertain, dynamic, and
resource-constrained conditions. Although
photovoltaic systems play a strategic role in
decarbonized energy infrastructures, their operation
in desert environments, such as utility-scale
installations in the Moroccan Sahara, introduces
severe physical and operational constraints,
including extreme irradiance, strong thermal
gradients, abrasive dust deposition, and limited site
accessibility [1, 2]. These factors accelerate
component degradation and inverter aging, leading
to non-stationary system behavior, unplanned
curtailments, and increased maintenance costs [2—
5].

Within this context, predictive maintenance has
emerged not only as an asset-management strategy
but also as a sequential decision-making problem
under uncertainty, where maintenance actions must
be continuously adapted to evolving system states
and operational constraints. By exploiting real-time
sensing and data-driven analytics, predictive
maintenance aims to anticipate failures, reduce
corrective interventions, and optimize lifecycle
performance [3, 6-10]. The widespread adoption of
Internet-of-Things architectures has further enabled
this paradigm by supporting streaming data
acquisition, distributed sensing, and continuous
monitoring  across  geographically  extended
photovoltaic installations [11-13]. In parallel,
advances in artificial intelligence and large-scale
data analytics have significantly improved fault
detection and performance forecasting, particularly
through machine-learning-based approaches [7, 12]
and deep-learning methods applied to PV module
defect detection and degradation root-cause
identification [14, 15].

However, translating these advances into
operational maintenance  decisions  remains
challenging. Maintenance planning inherently
involves multi-criteria trade-offs between fault
severity, intervention  costs,  accessibility
constraints, and environmental risks, all of which
evolve over time. Decision support systems, and
particularly multi-criteria decision support systems,
have therefore been widely explored to structure
such trade-offs in photovoltaic operation and
maintenance [1, 4, 16]. A wide range of multi-
criteria decision-making methods has been applied
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to energy planning and maintenance resource
allocation problems [17-21]. Nevertheless, their
application to real-time photovoltaic maintenance
remains limited, as most implementations rely on
static weighting schemes and lack mechanisms for
adaptive learning and feedback integration in non-
stationary environments [18, 22].

Recent developments in Al-based decision
intelligence offer promising avenues to overcome
these limitations. Hybrid approaches that combine
fuzzy reasoning, decision tree models, and
reinforcement learning offer complementary
strengths for uncertainty handling, interpretability,
and adaptive policy refinement [23-25]. Fuzzy
logic supports linguistically interpretable reasoning
under ambiguous or incomplete information [23,
24], while reinforcement learning, particularly Q-
learning, introduces an adaptive mechanism capable
of improving maintenance decisions through
iterative interaction with evolving system states
[23-25], and has recently been applied to the
prediction of long-term PV module degradation
[26]. Despite this potential, most existing
frameworks have been validated only on simulated
datasets, limiting their relevance for utility-scale
photovoltaic plants exposed to real Saharan
operating conditions [3-5, 8].

Furthermore, although photovoltaic ~ fault
detection and performance assessment have been
extensively investigated [5, 14-16], the explicit
integration of human expertise within adaptive
decision loops remains insufficiently addressed.
Human-in-the-loop mechanisms are critical for
operational trust, transparency, and knowledge
transfer, particularly in safety-critical and
infrastructure-constrained environments [27-29].
Only a limited number of studies incorporate
operator feedback as an active component of Al-
driven maintenance decision systems [29], despite
growing  evidence from  the interactive
reinforcement learning literature that human-guided
feedback substantially improves policy
convergence and decision reliability [27, 28].
Moreover, user acceptance of multi-criteria decision
frameworks strongly depends on participatory
mechanisms and interpretable recommendations
[22], a dimension that existing photovoltaic
maintenance systems have largely neglected.

To address these gaps, this work proposes a
hybrid artificial intelligence decision framework for
predictive maintenance of photovoltaic power
plants operating in remote Saharan environments.
The main contributions of this study are threefold:
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1)An interpretable and adaptive hybrid decision
architecture is developed by combining fuzzy
reasoning for uncertainty modeling, adaptive
decision trees for transparent and incrementally
updatable decision logic, and Q-learning for
reinforcement-driven policy refinement [23-
25].

2)A formalized human-in-the-loop co-learning
mechanism is embedded within the decision
process, providing explicit algorithmic update rules
for each operator feedback type (Confirm, Modify,
Override), grounded in the policy shaping and
interactive reinforcement learning literature [27-
29].

3) The proposed framework is validated
through semi-real operational experiments at the
Noor Boujdour 1 solar facility, enabling
reproducible evaluation under realistic streaming
data and accessibility constraints, with quantitative

assessment of interpretability and inter-rater
agreement.

By jointly emphasizing interpretability,
adaptability, and robustness under operational

constraints, the proposed architecture provides a
scalable foundation for intelligent maintenance
decision-making in harsh and infrastructure-limited
environments [3, 11, 12]. Section 2 presents the
proposed methodology. Section 3 describes the field
deployment and evaluation. Section 4 discusses the
results and benchmarking. Section 5 concludes the
paper and outlines future directions.

2. Materials and Methods

The proposed Multi-Criteria Decision Support
System (MCDSS) is designed as a modular, data-
centric framework that combines loT-enabled
sensing, hybrid artificial-intelligence reasoning, and
human-in-the-loop (HITL) feedback to deliver
predictive maintenance for photovoltaic (PV) assets
operating under the extreme environmental
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conditions of the Moroccan Sahara [1-3]. Its
architecture  is  organized around  four
interdependent layers designed to ensure scalability,
interpretability, and robustness across
heterogeneous PV infrastructures, as illustrated in
Figure 1: (i) real-time data acquisition and
preprocessing; (ii) multi-criteria modeling of
technical, economic, and logistical constraints; (iii)
a hybrid Al decision engine for maintenance
prioritization; and (iv) a human-supervised
feedback  mechanism  enabling  contextual
adjustment and continuous learning [1, 6, 7, 29].

Following the formal problem specification
advocated in [30], the framework defines an explicit
data model. An observation at time t is a vector x(t)
€ RY, where d = 6 is the number of engineered
features extracted from raw sensor streams:
operating temperature T,,, failure probability P,
fault severity S,,, elapsed time since last
intervention At, projected maintenance cost C,,, and
component accessibility index A.. The target
variable y € {Corrective, Preventive, Deferred, No-
Action} represents the recommended maintenance
action category. The Maintenance Priority Score
(MPS) € [0, 100] is a scalar function of x(t) used to
rank concurrent maintenance requests before
dispatching to the decision engine [1, 16, 30].

This layered design reflects emerging paradigms
in Energy Informatics, where 10T connectivity [11,
31-33], data analytics [6-8], and Al-assisted
decision-making [23-25] converge to support
autonomous  yet  transparent  maintenance
frameworks. It also aligns with research trends
advocating self-learning, adaptive infrastructures
for renewable-energy systems [5, 8, 29], marking a
strategic shift from reactive supervision toward
anticipatory, data-driven operation and maintenance
(O&M) intelligence.
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Figure 1. Functional architecture of the proposed real-time MCDSS integrating 10T sensing, preprocessing,
hybrid Al reasoning, and human-in-the-loop feedback [1, 6, 7, 29]

2.1. System Architecture and Data Model

At the sensing layer, a distributed network of 0T
nodes continuously monitors thermal gradients,
electrical imbalances, and environmental conditions
including irradiance, ambient temperature, and dust
deposition [1, 2, 11, 32, 33]. Raw measurements are
sampled at 1-minute intervals across M inverter
units and aggregated into sliding windows of width
W = 15 minutes, yielding time-stamped observation
vectors x(t) as defined above. Data streams are
transmitted  through  lightweight  industrial
messaging and integration tools (MQTT, Node-
RED, and Apache Kafka), selected for their low
latency, reliability, and interoperability [6, 31].

A preprocessing module performs temporal
synchronization, Z-score-based outlier suppression
(threshold |z| > 3.0), and min-max normalization of
each feature dimension to [0, 1], ensuring data
integrity despite the noise and variability inherent to
Saharan PV environments [3, 7]. Missing values
arising from communication dropouts are imputed
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using forward-fill for intervals shorter than 5
minutes and flagged as uncertain beyond that
threshold, consistent with practices reported in
large-scale PV O&M systems [4, 12]. The
preprocessing pipeline supports modular integration
of anomaly detection and clustering components,
enabling scalable deployment across multi-site PV
installations [7, 14].

The modular structure facilitates rapid
adaptation to site-specific parameters (inverter type,
layout  configuration, and  communication
bandwidth) [16, 34], which is particularly relevant
for large-scale infrastructures such as Noor
Boujdour |, where heterogeneous equipment and
harsh climatic conditions demand highly adaptive
monitoring [2, 4]. Table 1 summarizes the six
feature variables constituting x(t), their physical
interpretation, measurement units, and
normalization ranges.
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Table 1. Formal Feature Vector x(t) — Six Input Dimensions of the MCDSS Data Model

tndlex Feature Physical Meaning | Unit Range Normalization
X T,y {\é'r?%lélrztureoperating oc 120, 85] min-max  [0.1]
2 fr (Fl\a}lI Il_u-l;eestimg;gg)a oy [0, 1] Direct
i So | (oxpercibelen) | O |00 =10
e At :Ealsipisrﬁgrvteir:?i%nsmce days [0, 365] + 365
s Cm ;r;jr?t%tﬁgnce cost UsD [50,5000] | min-max — [0,1]
* Ac gc?:r:sps?gielﬂ; index | ©) [0,1] Direct

Note: Label space y € {Corrective, Preventive, Deferred, No-Action}. MPS = f(x(t)) € [0, 100], computed as

the weighted sum defined in Section 2.2 [1, 16, 30].

The five-stage closed-loop workflow (Acquire
— Preprocess — Infer — Validate — Update)
transforms raw sensor inputs into operator-validated
maintenance decisions through iterative model
refinement [1, 6, 7].

2.2. Multi-Criteria Decision Modeling

Maintenance prioritization in desert-based PV
plants requires a holistic evaluation framework
extending beyond classical fault detection [1, 16].
The MCDSS computes the Maintenance Priority
Score as a weighted linear combination of the six
normalized feature dimensions:

MPS(t) =Ziwi * X (t), i €
{1,...,6}, Ziwi = 1, w; >0 (1)

where the weight vector w = [wy , ..., Wg |7
encodes the relative importance of technical,
economic, and logistical criteria. As shown in
Figure 2, decision criteria are hierarchically
structured into three principal domains:
e Technical criteria (T,p,, S,,): describe
system stress and intervention urgency;
e Economic criteria (P, Cp): reflect
financial implications of deferred actions;
e Logistical criteria (At, A.): determine the
feasibility of corrective actions under
Saharan field constraints.
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! & i v
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Figure 2. Hierarchical decision structure integrating technical, economic, and logistical dimensions for
maintenance prioritization [1, 16, 17, 35]
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Initial domain weights are derived through a
hybrid Multi-Criteria Decision-Making strategy
combining the Analytic Hierarchy Process (AHP)
and the Simple Multi-Attribute Rating Technique
(SMART), supplemented by heuristic weighting
derived from on-site observations at Noor Boujdour
I [17, 18, 35]. This combination ensures contextual
relevance, as logistical constraints and fault severity
often outweigh thermal thresholds in Saharan
environments [2, 4, 7].

To maintain adaptability, the weight vector w is
dynamically updated through a feedback-driven re-
weighting mechanism. Let k index operator
interaction events. At each event k, the operator
provides feedback f(k) € {Confirm, Modify,
Override}. The weight update rule is:

wk +1) = w(k) + n - Aw(f (), x(t,), (i)
)

where 1 is the MPS weight learning rate (n =nw
=0.02), y(t) is the system recommendation at time
t,, and Aw(-) is a feedback-specific update vector
computed as follows: (i) Confirm: Aw = 0 (no
change); (ii) Modify: Aw reinforces the domain
weight of the criterion dimension most discrepant
from the operator's preferred action (gradient from
expert correction); (iii) Override: Aw applies a
stronger correction proportional to the MPS gap
between § and the operator's chosen action [22, 27—
29]. This co-adaptive strategy continuously realigns
maintenance priorities with observed operating
dynamics [23-25, 34].

2.3. Hybrid Al Decision Engine

The MCDSS core is an intelligent decision
engine that ranks maintenance actions under the
uncertain,  non-stationary, and data-limited
conditions characteristic of desert PV plants [3, 8,
25]. The engine integrates three complementary
reasoning paradigms — Fuzzy Logic Inference
System (FLIS), Adaptive Decision Tree (ADT), and
Q-learning - to balance interpretability,
adaptability, and computational efficiency [23-25].

2.3.1.  Fuzzy Logic Inference System (FLIS)

The FLIS layer converts continuous sensor
readings into linguistic descriptors using triangular
membership functions Ua(x) =
max(0,min((x — a)/(b — a),(c — x)/(c —
b))), where [a, b, c] define the support, core, and
right boundary of each fuzzy set A [23, 24]. Fuzzy
rules of the form IF (T,, is High) AND (S,, is
Critical) THEN (MPS_contribution is Very_High)
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are evaluated using Mamdani inference, and the
resulting fuzzy outputs are defuzzified via centroid
method. This step enhances robustness to diurnal
variability and incomplete sensor data, both of
which are common in desert PV operations [2, 4].
2.3.2.  Adaptive Decision Tree (ADT)

The ADT layer provides transparent, traceable
decision logic through a batch-retrained
interpretable  classification tree  (scikit-learn
DecisionTreeClassifier, Gini, max_depth = 5).

The ADT is periodically retrained whenever
Npaten = 20 newly labeled HITL observations
accumulate, ensuring continued alignment between
expert-derived  decision rules and evolving
operational patterns [2, 4, 7].

Its low computational overhead and structural
transparency make it well suited for edge
deployment; it directly supports the HITL update
mechanism detailed in Section 2.4.

2.3.3.  Q-learning Reinforcement Module

The Q-learning module refines maintenance
policies through iterative interaction with the
operational environment [23-25]. The state space is
defined as
S={s=(b;,b,,bsz,bs,bs,bg)|bi€{Low,
Medium, High}, i=1, ..., 6},
where each dimension of x(t) is discretized into
three bins based on domain thresholds, yielding |S|
=3¢ =729 states.

The action space is A = {Corrective, Preventive,
Deferred, No-Action}, with |A| = 4, giving a Q-table
of size 729 x 4 = 2,916 entries. The reward function
is defined as:

r(s,a) = ar - I(TOZ[J > 75°C) + s+ Sep —
Cn —ap-1(a= Deferred A Pr > 0.7)
3)

where I(-) is the indicator function and {a7, as,
ac, ap} are domain-tuned penalty coefficients (ay
=0.35, ag = 0.30, a; = 0.20, ap, = 0.15), reflecting
the operational priority of thermal and severity
anomalies over cost minimization in Saharan PV
contexts. Higher penalties are therefore assigned to
undetected thermal anomalies and to the deferral of
high-risk interventions, consistent with the risk
profile of utility-scale desert plants [2, 4]. The Q-
value update follows the Bellman optimality
equation:

ac'
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Q(s,a) < Q(s,a) + a[r(s,a) +
y maxQ(s’,a’) = Q(s,a)] 4)

Training follows an e-greedy exploration policy
with g, = 0.3 decaying by factor egepqy =
0.995 per episode, learning rate a = 0.2, and
discount factor y = 0.85. Ten-fold cross-validation
confirmed convergence after approximately 300

episodes per scenario [23, 24]. Computational
complexity: Q-table lookup is O(1) with O(2,916)
storage; FLIS inference is O(R x F); ADT inference
is O(d x log n) where d = 5; all operations are sub-
millisecond and compatible with edge deployment.
Training parameters and convergence metrics are
reported in Table 2.

Table 2. Q-Learning Formulation; State Space, Action Space, and Training Parameters

Parameter Symbol Value Description

State space size S| 729 3 bins x 6 features = 3° discrete states
Action space size |A 4 Corrective / Preventive / Deferred / No-Action
Q-table size IS|x|A| 2,916 Total learnable Q-value entries

Learning rate o 0.2 Update magnitude per iteration

Discount factor Y 0.85 Weight of future rewards

Initial exploration £ 0.3 Probability of random action selection
Exploration decay Edecay 0.995 Per-episode reduction of exploration rate
Episodes/scenario N, 300 Training iterations before convergence
Validation - 10-fold CV Internal cross-validation protocol
Convergence accuracy - 98% Achieved after ~ 300 episodes

Reward coefficients: a = 0.35 (thermal), ag= 0.30 (severity), @, = 0.20 (cost), ap= 0.15 (deferral risk). Q-
table initialized to zero; e-greedy policy with exponential decay [23-25].

2.3.4. Two-Phase Training Protocol: Offline
Pre-Training and Online HITL Adaptation

The Q-learning agent operates under a two-
phase training protocol designed to separate initial
policy acquisition from operational refinement. In
the offline pre-training phase, the Q-table is
initialized to zero and trained exclusively on the
350-sample training subset (the training partition of
the stratified 70/30 split of the full 500-sample
annotated dataset [30]) over N, = 300 episodes per
fault scenario, using the e-greedy exploration policy
described above. The 150-sample HITL/post-
adaptation evaluation subset was held out from the
outset and was not used at any stage of this offline
pre-training phase. This offline phase produces a
baseline policy defined over the 729 discrete states
of S before any field deployment (states not visited
during offline training retain their zero initialization
and are refined online through HITL feedback),
ensuring that the system does not enter operation in
a fully uninformed state. Convergence is confirmed
by ten-fold cross-validation performed exclusively
within the 350-sample training subset, with the 150-
sample HITL/post-adaptation evaluation subset
entirely excluded from all folds, yielding a mean
classification accuracy of 98% across folds, with

3419

inter-fold variance below 0.8 pp, indicating stable
performance of the tabular Q-table across the
internal cross-validation folds and the discrete state
partitions induced by the six feature bins [23, 24,
30]. The HITL/post-adaptation evaluation subset
was subsequently used for the sequential HITL
deployment described in Section 3.2, and the
metrics reported in Section 3 (Cohen's k, DAR, and
related statistics) characterize system performance
at the end of this online adaptation phase, consistent
with an evaluation of the fully deployed,
continuously updated framework (see Section 4.4).
The convergence trajectory is illustrated in Figure 4,
showing the evolution of cumulative reward and 10-
fold CV accuracy over the 300 training episodes.

In the online incremental adaptation phase, the
Q-table is updated in real time via the HITL co-
learning mechanism formalized in Algorithm 1
(Section 2.4). Each operator feedback event —
Confirm, Modify, or Override — triggers a targeted
Q-value correction at the current state-action pair (s,
¥), using the reward signals 7ionfirm = +0.5,
Tmodify = —-0.3, and Toverride = —1.0
respectively, without restarting the episode counter
or resetting the exploration rate. This incremental
online update is strictly bounded: only the Q-entries
corresponding to the visited state s and the
recommended or corrected actions ¥ and y* are
modified, preserving the stability of the remaining
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2,914 Q-table entries. The learning rate o = 0.2 is
kept constant across both phases to ensure a uniform
update magnitude [23-25]. This two-phase design —
offline initialization followed by HITL-driven
online refinement — reflects established practice in
interactive reinforcement learning, in which a stable
prior policy is necessary to generate meaningful
recommendations before operator feedback can
improve system performance [27, 28].

2.3.5. Computational Cost and Edge
Deployment

From a deployment standpoint, the three
paradigms are computationally lightweight: FLIS
inference requires approximately 2 ms on a standard

CPU (R =48 rules, F = 6 features); ADT inference
requires less than 1 ms (max depth d = 5); Q-table
lookup is O(1) requiring less than 1 MB RAM. The
full MCDSS inference pipeline operates in under 5
ms per observation on an industrial ARM gateway,
well within the 8-second ART target. This confirms
edge deployment feasibility for remote Saharan
sites with intermittent connectivity [11, 12]. By
integrating these paradigms, the MCDSS achieves a
synergistic balance: FLIS handles input ambiguity,
ADT ensures transparent reasoning, and Q-learning
provides adaptive policy refinement [6, 23, 24].
Figure 3 illustrates the Q-learning decision loop; the
complete integration of all three modules within the
human-supervised feedback architecture is detailed
in Section 2.4 and Figure 5.

1) State s(t) 2) e-greedy 3) Execute Action a 4) Environment Transition 5) Bellman Update (Eq. 4)
= Action Selection
Discretized state e Corrective Observe reward
(1) = (Top S, Pro G, B, Ac) | ) With probabilitye, | | Bt N H6(0,0) | ol Q(s,a) ~ Q(s,a)
hy € {Low, Medium, High) choose random action P
¢ Deferred (Eq. 3) +a [r(s, a) +ymax, Q(s,d')
Tox. Sk By G, 1AL A; With probability 1 — ¢, AR
ol ) Wl T Ml a choose Observe next state - Q(s‘a)]
a* = argmax, Q(s(t),a) Al =4 s(t+1)
S| = 3% =729
& .
t . 6) Update
v = = ; N S e Q-table

_______________________ Q-table (IS| x |A] =729 x 4 =2,916 entries) | —-- :’ Toakolag Parsmeters E

{ : i : ! Store updated

oy | (O | . oo |

1 s A : H s

|: Operator feedback at override :______’ | 3 | | | |l e : =03 Cdecay = 0.995 :

| 9 | 53 | I

1 events modifies the reward i | | Episodes / scenario = 300 |

1 r(s, a) before update. ! ! H

| 1 1 10-fold CV, Convergence = 98% |

_______________________ 5720 |\ |

— Information flow = = HTIL feedback D Decision process D Environment D Learning / Update

Figure 3. Q-learning decision loop illustrating state discretization, reward assignment (Eg. 3), and Q-value
update (Eq. 4) [23-25]
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2.4. Human-in-the-Loop Feedback
Mechanism

The long-term effectiveness of predictive-
maintenance systems depends fundamentally on
operator engagement and on mutual learning
between human expertise and automated
intelligence [22, 27-29]. Drawing on the TAMER
framework [27] and policy shaping paradigms [28],
the MCDSS formalizes operator feedback as a direct
signal in the learning loop, rather than a post-hoc
correction layer. Active learning principles [36]
further guide the selection of high-uncertainty cases
for operator annotation, thereby maximizing the
information gain per interaction.

The HITL mechanism handles three feedback
types — Confirm, Modify, Override - each
triggering a specific, algorithmically defined update
across the three Al components. Algorithm 1
provides the formal pseudocode.

Algorithm 1: HITL Co-Learning Update
Rules

Input observation  x(t), system
recommendation y, feedback f € {Confirm,
Modify, Override}
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Output: updated FLIS thresholds 8, ADT
parameters 6, Q-table Q

1: if f = Confirm then

2: Op « Og /I No update —
recommendation accepted

3 6p « 6p

4: 06,9 « Q.9 + a -

Tconfirm // Teonfirm = +0.5

5: else if f = Modify then

6:  // Operator provides corrected action
y* and adjusted priority

7. Ab < x(t) —uy
from fuzzy centroid of ¥

// Discrepancy

8: Or[dim] « Og[dim] +ng -
Ab[dim] [/ Update fuzzy boundaries
9: // on the dimension most

responsible for error
10: B.append(x(t), y*) /I if |B|>=20:
ADT.retrain(B); B.clear() [30]

11 Q(,¥) < Q9 + a -
Tmodify // Tmodify = -0.3
12: Q(s,y") <« Q(s,y) + a -

Teorrect [/ Teorrece = +0.3
13: else // f = Override

14 Op <« Op + np - sign(y® — §) -
|[MPS(y*) — MPS($)| // Strong shift
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15:  ADT.retrain({x(t), y*}) I
Forced node split / relabel

16: Q) < Q9 + a -
Toverride // Yoverride = -1.0

17 A, y") <« Qs y) + a-
rcorrect // Tcorrect = +1-0

18: end if

19: w e w+ 1, - Aw(f,x(t),¥)
Il MPS weight update (Eq. 2)

Note: nr = 0.05 (fuzzy LR), 3, = 0.02
(MPS weight LR), a = 0.2 (Q-LR)

Algorithm 1. HITL co-learning update rules
formalizing the propagation of operator feedback
(Confirm / Modify / Override) to FLIS thresholds,
ADT structure, and Q-learning reward signals [27,
28, 36].

The dedicated Graphical User Interface (GUI)
serves as a cognitive bridge between analytical
processing and field-level decision-making [1, 7]. It

fulfills three principal functions: (i) real-time

visualization of key performance indicators
including module temperature, inverter
performance-ratio  deviations, historical fault

profiles, and probabilistic failure metrics; (ii)
maintenance recommendations ranked by MPS,
urgency, and logistical feasibility [16, 17]; and (iii)
interactive feedback controls through which
technicians annotate, confirm, or override Al-
generated decisions [27-29].

Each operator interaction triggers the updates
specified in Algorithm 1, recalibrating fuzzy
membership thresholds, retraining the ADT in
batches (Npgeen = 20) [30], and adjusting Q-
learning reward structures. This continuous
exchange transforms passive oversight into a
dynamic human-machine co-learning cycle [6, 7,
23, 24], enabling the MCDSS to evolve alongside
real-world operational contexts. Figure 5 illustrates
the complete HITL feedback loop.

Modify: O (rule)

1) o . : Op =
Op (rule) + np - Arp(x) ‘ +
« Override: Oy = Oy +
0 np - sgn(y” — gr) [

* Modify: Add ((x(t),y*)) to
batch B; if |B| > Bu
retrain ADT; B + @

w = w + 9y - Aw(f, x(t),§) J

1] e Modify: Q(s,y") « Q(s,y")
+a-é

"1 o ovemide: Q(s,37) « Q(s,7)
+a- 6]

1) Anomaly Detection & 2) Al Recommendation (MCDSS) 3) Operator Review (GUI) 4) Operator Feedback
Feature Extraction f € {Confirm, Modify, Override}
-Learni Information di: ed P == — ————
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2 o Key indicators & trends gl
o Ty (Oper?(m.g temperature) i) Decision Q-table o' o action (4) L Accept recommendation (F) ‘
o Se  (Severity index) =" Tree 7294 | T} o s, e sy g = —
> ¢ Pr (Failure probabily) = « Explanation (ADT path, FLIS rules) e Modify o
s " M X 7 rovide context action (y'
: G (Maloeriaiics con) Compute MPS(t) = Z w; - x;(t) S and adjusted priority
] o At (Time since last int.) - |
' e =
I | * A (Accessibiity index) Recommend action a* € A I Override |
lor 0 . .
: i = RT = {Corrective, Preventive, o= Reject and ’f'm action (y*) ‘
! rvation: x(t) € Deferred, No-Action} (Strong disagreement)
]
LI T n TN e A St S S Feedback f = _l ________ i
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i v
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]
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|
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Figure 5. Human-in-the-loop feedback cycle I|nk|ng anomaly detection, Al recommendation, operator
validation, and model update via Algorithm 1 [27-29, 36]

This paradigm encapsulates the transition from
automated decision-making toward collaborative

intelligence, where Al augments rather than
replaces human  expertise [27-29]. The
interpretability of recommendations is further
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enhanced by the ADT's traceable decision paths and
the linguistic transparency of FLIS outputs,
consistent ~ with  the  information-theoretic
explainability framework developed in [37-39]. By
embedding operator feedback directly into the
learning cycle, the MCDSS evolves into a
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trustworthy, context-sensitive, and transferable
solution suitable for PV assets, hybrid microgrids,
and decentralized renewable-energy infrastructures
[3,11, 12].

3. Experimentation and Evaluation

The proposed MCDSS was validated
experimentally through a semi-real operational
campaign at the Noor Boujdour | photovoltaic (PV)
plant, located in the Moroccan Sahara at 26.12°N,
14.48°W. Characterized by extreme peak irradiance
(up to 1,050 W/m?), large diurnal temperature
amplitudes (AT > 35°C), recurrent sand intrusions,
and limited site accessibility, this facility constitutes
a stringent and operationally representative testbed

for evaluating predictive-maintenance frameworks
under harsh desert conditions [1, 2, 8]. The site
operates at utility scale with heterogeneous inverter
units and constrained communication bandwidth,
conditions  frequently associated with non-
stationary fault dynamics and elevated maintenance
costs [2-4].

A dedicated loT-based sensing network was
installed across critical PV subsystems to capture
real operational dynamics [6, 11, 32, 33]. The
infrastructure collects multimodal measurements at
variable frequencies across electrical, thermal,
mechanical, and environmental domains. Data
streams are transmitted through MQTT and Apache
Kafka brokers, ensuring real-time communication
and high data integrity [6, 31]. Table 3 summarizes
the complete instrumentation deployed at the site.

Table 3. Deployed Sensor Inventory — Noor Boujdour | PV Plant

Sensor Type Measured Frequency Deployment Zone | Units
Parameter

Thermocouples (Type Module surface 5 min Selected modules °C

K) temperature

Voltage transducers Inverter string 5 min Inverter terminals V

(DC) voltage

Fault-signal readers Inverter alarms & Event-driven Integrated control O]
fault codes

Maintenance log Technician Manual Control room O]

terminals interventions (timestamped)

Ambient temperature Ambient air 10 min Weather mast °C

Sensors temperature

Irradiance Global horizontal 5 min Mounting rack W/im2

pyranometers irradiance

Dust density sensors Front-surface Daily (a.m./p.m.) Front-row panels g/mz2
soiling index

Note: Irradiance measurements (GHI) were included to contextualize thermal and electrical readings. All
sensors were calibrated prior to deployment following IEC 61724-1 procedures [1, 11].

The monitoring campaign extended over a three-
month period (June-August), covering peak-
irradiance conditions representative of the Saharan
summer. This temporal window yields a diverse
dataset suitable for assessing the responsiveness,
prioritization logic, and adaptability of the proposed
MCDSS across multiple fault types and
environmental regimes [4, 8, 12].

3.1. Dataset Construction and Experimental
Scenarios
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A hybrid dataset was developed by combining
real field measurements from the Noor Boujdour |
plant with synthetic anomaly scenarios, following
established practices in PV predictive maintenance
research in which operational fault occurrences are
insufficiently frequent for fully supervised learning
[7, 14, 15]. The dataset characteristics are reported
in Table 4.
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Table 4. Dataset Composition and Partitioning — Noor Boujdour |

Category Samples Fraction (%) Description

Real operational data 320 64% | Field measurements, normal +
degraded operation

Synthetic fault scenarios 180 36% | Emulated anomalies calibrated on
field parameters

Total annotated dataset 500 100% | Stratified 70/30 train/validation split
[30]

Training subset 350 70% | Stratified sampling preserving class
proportions

HITL/post-adaptation 150 30% | Excluded from offline training and

evaluation subset cross-validation; subsequently used
for sequential HITL adaptation and
post-adaptation metric/kappa
computation

Synthetic samples were generated by perturbing real operational readings within physically plausible bounds
validated against the literature [7, 14, 15]. The synthetic fraction (36%) is explicitly reported to enable
assessment of potential bias on Q-learning reward estimation [30].

Four representative failure types were emulated
to stress-test the Al modules under critical

conditions characteristic of  desert PV
environments:
*  Overheating (OH): prolonged inverter

temperature exceeding 80°C, sustained
over > 30 minutes;

*  Voltage deviation (VD): DC string voltage
drop or surge of + 15% from nominal,
persisting over two consecutive acquisition
intervals;

«  Structural vibration (SV): high-frequency
mechanical  vibration  (accelerometer
resolution = 2g) associated with rack-
loosening or grounding faults;

+  Communication loss (CL): intermittent
MQTT/Kafka dropout exceeding 5
consecutive minutes, flagged as a critical
availability event.

3.1.1. Dataset Adequacy and Limitations

A natural question concerns whether 500
annotated samples (320 real and 180 synthetic)
constitute a sufficient basis for validating a
reinforcement learning and adaptive learning
framework. Three complementary arguments
support this choice in the specific context of the
present study.

First, the sample size is consistent with
comparable semi-real validation studies in PV
predictive maintenance research. Al-Humairi et al.
[7] validate a machine-learning-based PV
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maintenance classifier on datasets of 450-600
samples combining SCADA telemetry with
emulated fault scenarios; Aragon et al. [16] report
decision support system evaluation on 380 expert-
annotated fault records from operational PV
installations; and Lindig et al. [4] demonstrate that
statistically robust O&M performance indicators
can be derived from datasets covering three to six
months of operational data, which is precisely the
temporal scope of the present campaign. The 500-
sample dataset of this study therefore falls within
the validated range for semi-real PV maintenance
evaluation, particularly given the stationarity of
fault dynamics over the three-month Saharan
summer window (June—August), during which
environmental conditions — irradiance regime, dust
deposition rate, and thermal cycling amplitude —
remain broadly stable [2, 4].

Second, the tabular Q-learning formulation used
here is specifically suited to data-limited settings.
Unlike deep reinforcement learning approaches that
require thousands of environment interactions to fill
high-dimensional function approximators, the
tabular Q-table of size 729 x 4 = 2,916 entries can
be initialized and refined over a bounded episode
set, with convergence confirmed at approximately
300 episodes by ten-fold cross-validation [23, 24,
30]. The discrete state space design deliberately
limits sample complexity at the cost of
representational granularity, a trade-off appropriate
for a first semi-real deployment in a safety-
constrained field environment [25].

Third, the 36% synthetic fraction was generated
by perturbing real field measurements within
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physically plausible bounds calibrated on the
literature [7, 14, 15], and its potential bias effect on
Q-learning reward estimation is explicitly disclosed
in Table 4. Sensitivity experiments showed that
removing all synthetic samples and retraining the Q-
agent on the 320 real samples alone reduced the
convergence accuracy by 3.1 pp (from 98% to
94.9%), indicating that the synthetic augmentation
provides meaningful coverage of rare fault
configurations  without introducing dominant
distributional bias.

The authors acknowledge that 500 annotated
samples represent a first deployment stage.
Extended multi-season validation — spanning
autumn and winter operating regimes at Noor
Boujdour | — and cross-site deployment are
prioritized as the next validation phase, as discussed
in Section 5 (Axis 3) [3, 8].

3.1.2.  Observed Fault Scenarios

Representative fault scenarios were observed
during the monitoring campaign. Overheating
events (OH) sustained above 80°C for > 30 min
were recorded on 12 occasions, with peak
temperatures reaching 94°C during Saharan
summer afternoons, well above the 70°C
degradation threshold defined in IEC 62093 [2, 8].
Voltage-drop events (VD) of + 15% correlated with
elevated vibration amplitudes were simultaneously
observed in 8 cases, consistent with rack-loosening
or incipient grounding fault signatures [5, 16].

These scenarios directly informed the reward
function of the Q-learning module (Eg. 3, Section
2.3), with higher penalty coefficients assigned to
undetected thermal anomalies (a; = 0.35) and to the
deferral of high-failure-probability components
(ap= 0.15) reflecting their disproportionate impact
on plant availability [23-25]. The hybrid dataset
was used to train and validate the three Al
components — FLIS, ADT, and Q-learning —
integrated within the MCDSS [23, 24, 40].

3.2. Human-in-the-Loop Experimental
Protocol

To validate the practical applicability of the
proposed MCDSS under real operational
conditions, a dedicated Human-in-the-Loop (HITL)
experimental protocol was conducted using
maintenance scenarios collected from the Noor
Boujdour | photovoltaic plant during the three-
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month monitoring campaign (June-August) [1, 2,
8].
3.2.1.  Expert Panel

Three domain experts participated in the HITL
evaluation process. Their profiles are summarized
in Table 5. All three experts were directly involved
in maintenance planning and operational decision-
making at Noor Boujdour I, ensuring that the
collected feedback reflected genuine field judgment
rather than laboratory conditions.

Table 5. Expert Panel Profile — HITL
Evaluation at Noor Boujdour |

Expert | Role at Noor Domain Experience
Boujdour | Expertise
El Senior electrical | Inverter fault 14 years
maintenance diagnostics and
engineer PV system
protection
E2 SCADA and Predictive 9 years
monitoring maintenance and
specialist operational
supervision of
desert PV
infrastructures
E3 Field Preventive and 11 years
maintenance corrective
supervisor maintenance
scheduling for
utility-scale solar
plants
3.2.2.  Annotation Procedure

A total of 150 maintenance cases were extracted
from the operational database and presented
sequentially to each expert through the dedicated
graphical user interface (GUI) described in Section
2.4. Each case displayed: (i) the normalized feature
vector x(t); (ii) the predicted Maintenance Priority
Score (MPS); (iii) the recommended maintenance
action; and (iv) explainability indicators comprising
the active FLIS inference rules, the ADT decision
path, and the top Q-values for each action category.
Cases were presented in randomized order to
prevent temporal bias and operator habituation
effects. Each expert reviewed all recommendations
independently prior to issuing a formal Confirm,
Modify, or Override response, with no cross-expert
consultation permitted during the annotation phase.

The complete HITL campaign lasted
approximately 12 working days, with a mean expert
interaction time of 42-55 seconds per case
depending on scenario complexity. More complex
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scenarios —  particularly  those  involving
simultaneous fault signatures or borderline MPS
scores — required longer deliberation times and were
associated with a higher proportion of Modify and
Override responses.

3.2.3. Feedback Distribution

The observed operator feedback distribution
over the 150 evaluated cases is reported in Table 6.

Table 6. Distribution of Operator Feedback over the
150 HITL Validation Cases

Feedback | Cases |Percentage | Triggered Update

Type (Algorithm 1)

Confirm | 102 68.0% Q-table positive
reinforcement (r_confirm
= +05)

Modify 31 20.7% Fuzzy boundary
adjustment + ADT buffer
update + Q-table
correction

Override |17 11.3% Full FLIS shift + forced
ADT retraining + Q-table
penalty (r_override =
-1.0)

Total 150 100% -

The high confirmation rate (68.0%) indicates
strong baseline alignment between MCDSS
recommendations and expert operational judgment,
consistent with the DAR of 92.3% reported in
Section 3.4. Override events (11.3%) occurred
predominantly in safety-critical scenarios involving
simultaneous inverter alarms and communication
instability, where expert contextual knowledge
identified risk factors not fully captured by the
current reward structure. Each of the 150 feedback
events triggered the corresponding co-learning
update rules specified in Algorithm 1 [27, 28, 36].
3.2.4.  Sequential Experimental Workflow

The complete experimental protocol followed
four sequential phases, summarized in Table 7. The
temporal boundary between offline pre-training and
HITL deployment was strictly maintained to ensure
that the initial policy had no prior exposure to the
150 HITL cases.
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Table 7. Sequential Phases of the HITL
Experimental Protocol

Phase Description Duration

Acquisition of operational,
environmental, and maintenance
data from the loT sensing
infrastructure at Noor Boujdour
I, covering electrical, thermal,
mechanical, and environmental
domains (Table 3)

June—August
2024 (3
months)

1 - Data
Collection

Initial calibration of FLIS
membership functions, ADT
classification structure, and Q-
table entries using the 350-
sample stratified training subset,

over N, = 300 episodes per
fault scenario with e-greedy
exploration

Real-time expert interaction and
co-learning updates via
Algorithm 1, covering 150
validation cases presented in
randomized order through the
dedicated GUI

Computation of DAR, CAR,
ART, Cohen’s k, McNemar
pairwise tests, IS scores, and
ablation experiments on the
150-sample HITL/post-

Prior to
HITL
deployment

2 — Offline
Pre-Training

3-HITL
Deployment

12 working
days

4 —
Performance
Evaluation

3 working
days

adaptation evaluation subset

A total of 150 formal feedback events were
recorded during Phase 3, each directly triggering the
co-learning update rules of Algorithm 1 and
contributing to the progressive refinement of the
MCDSS decision policy [27, 28].

3.2.5.
Analysis

Robustness and Adaptive Learning

The HITL co-learning mechanism progressively
refined the weighting structure of the MCDSS
across expert interaction cycles. The most
significant parameter adaptations were observed for
fault severity S,,, maintenance cost C,,, and
component accessibility A., consistent with the
sensitivity analysis reported in Section 4.2 and
illustrated in Figure 6. These three dimensions
account for the largest sensitivity values across all
Al modules (S., = 0.81 for FLIS, C,, = 0.79 for
Q-learning), confirming their central role in driving
co-learning updates.

Across the 150-case validation campaign, the
mean normalized variation of FLIS membership
parameters remained below 8%, indicating
controlled and stable adaptation without oscillatory
drift. ADT structural stabilization converged after
approximately 110 interaction events, at which
point no further node splits or relabeling were
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triggered by the batch retraining mechanism
(Npaten = 20) [30]. The Q-table convergence
trajectory, illustrated in Figure 4, confirms 98%
mean classification accuracy across ten-fold cross-
validation folds after 300 training episodes, with
inter-fold variance below 0.8 pp. These
observations collectively confirm the robustness of
the proposed HITL adaptation mechanism under
realistic operational variability and support the
statistical reliability of the performance results
reported in Section 3.4 [23-25, 27, 28].

3.3. Evaluation Metrics and Formal
Definitions

System performance was assessed using four
complementary indicators relevant to Energy
Informatics and predictive-maintenance research [1,
8, 12]. All metrics were computed on the 150-
sample HITL/post-adaptation evaluation subset.
3.3.1. Average Reaction Time (ART)

ART quantifies the delay between anomaly

onset (first threshold exceedance) and system-
generated maintenance recommendation:

ART Z% ' Zi(trec, i tdet,i) (5)

where  t.o, ; and tge; denote the
recommendation and detection timestamps for
event i, and N is the total number of evaluated
events. ART quantifies real-time responsiveness
and is benchmarked against the human-only
baseline reaction time of ty,men = 45 s (median
technician response, measured on-site) [1, 4].
3.3.2.  Corrected Availability Rate (CAR)

CAR measures the proportion of total
operational time during which the plant is protected
from failure through predictive actions, excluding

scheduled maintenance outages:
T =T fai =T
CAR = (Ttotal failure scheduled)

6
(T_total_Tscheduled) i . ( )
where Ti,:q; IS the total monitoring period,

Traire 1S cumulative unplanned downtime, and
Tscheaulea 1S Planned outage time. This formulation
follows predictive-maintenance availability
conventions reported in [1, 8, 12].
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3.3.3.  Decision Adequacy Rate (DAR) and Inter-
Rater Agreement

DAR measures the proportion of MCDSS
recommendations validated as technically correct
by independent domain experts. Three maintenance
engineers independently evaluated the 150
validation recommendations.

Concordance was quantified using Cohen's

kappa [41]:
(Po — Pe)
T (-pe) Q)

where p,, is the observed agreement proportion
and p.is the expected agreement under chance. A
kappa value k > 0.80 was targeted as the threshold
for strong agreement [41]. DAR was computed as
the proportion of recommendations for which the
majority vote of the three experts matched the
system output, explicitly excluding ambiguous
cases (cases where all three experts disagreed):
DAR = |{l majorityvote(elyezyeg)i = yl}l/
8

where N,,;;4 denotes the number of cases with
a clear expert majority (> 2/3 agreement). Cases
without majority consensus are reported separately
as ambiguous and excluded from DAR
computation, in accordance with standard
evaluation protocols for expert-system assessment
[22, 41].

Nvalid

3.3.4. Interpretability Score (1S)

To move beyond qualitative interpretability
assessment, an information-theoretic metric is
adopted following the framework of Jung and
Nardelli [37]:

IS = HY) — HY | E) 9)

where H(Y) is the entropy of system predictions
and H(Y|E) is the conditional entropy given
operator feedback E (Confirm / Modify / Override
events). IS quantifies the reduction in prediction
uncertainty attributable to operator explanation,
measured in bits [37-39]. This operationalization
leverages the structured HITL feedback already
collected by the MCDSS, enabling a quantitative
comparison of interpretability across the three Al
modules.

3.4. Overall Performance Results
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The proposed MCDSS demonstrated consistent
and statistically reliable performance across all
evaluation metrics on the 150-sample HITL/post-
adaptation  evaluation subset. Results are
summarized in Table 8.

Table 8. MCDSS Overall Performance — Main

Evaluation Results

Metric MCDSS |Baseline/ Interpretation
Result Target
ART (critical <8s ¢, ~ 45 | 5.6% faster than
anomalies) s man on-site human
response
CAR 97.3% | Industry target | Exceeds target by
>95% +2.3 pp
DAR 92.3% | Human-only | Strong alignment
DAR = with expert
100%* majority vote
Cohen's k 0.83+ k>0.80 Strong agreement
(inter-rater) 0.04 (strong) among 3
evaluators
Ambiguous 8/150 Expert
cases (5.3%) disagreement;
(excluded) excluded from
DAR
IS—FLIS 1.42 bits Baseline
interpretability
IS—- ADT 1.89 bits Highest
individual
interpretability
IS-Q- 0.71 bits Lower IS, offset
learning by superior
adaptability

Note: DAR denominator N,q;;q= 142 (150
validation samples — 8 ambiguous cases excluded).
x = 0.83 £ 0.04: mean =* std across three pairwise
expert comparisons. IS computed from 150 HITL
feedback events using Eq. (9) [37-39]. *The expert
majority vote defines the reference labels; the
human-only DAR is therefore 100% by
construction.

The ART below 8 seconds for critical anomalies
represents a 5.6-fold improvement over the on-site
human baseline (t_human = 45 s), thereby directly
reducing the window of undetected degradation.
The CAR of 97.3% exceeds the 95% industry
benchmark, indicating that predictive actions
effectively shielded the plant from the majority of
impending failures. The DAR of 92.3% on N4 =
142 clear-majority cases reflects strong alignment
between system recommendations and expert
consensus, with Cohen's kappa x = 0.83 = 0.04
confirming strong inter-rater reliability among the
three evaluating engineers [41]. The 8 ambiguous
cases (5.3%) reveal the inherent uncertainty of
edge-case maintenance decisions, a limitation
discussed further in Section 4.4.
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The HITL mechanism demonstrated a
measurable impact on system performance. In the
ablation configuration where HITL updates were
disabled, DAR dropped to 87.9% (—4.4 pp),
confirming the empirical significance of co-learning
reported in Table 10. The IS scores reveal a
consistent trade-off across Al paradigms: the ADT
achieves the highest interpretability (1.89 bits)
owing to its traceable decision paths, followed by
FLIS (1.42 bits), while Q-learning exhibits lower IS
(0.71 bits) but superior adaptability - a
complementarity that justifies the hybrid design
[23-25, 37].

Of the 142 evaluable cases, 131 MCDSS
recommendations matched the expert majority label
and 11 did not; together with the explicit reporting
of the eight ambiguous exclusions, this ensures a
transparent interpretation  of  classification
performance [41].

3.4.1.  Module-Level Comparison

A comparative assessment of the three Al
modules was performed across five evaluation
dimensions: average reaction time (ART),
interpretability score (1S), adaptability (measured as
DAR gain from Episode 1 to Episode 300 in Q-
learning), decision concordance, and contribution to
overall system DAR. Table 9 reports the
quantitative results.

Table 9. Comparative Performance of Al
Decision Modules within the MCDSS

Criterion FLIS ADT Q-Learning
Avg. Reaction 53 6.1 7.8
Time (s)

Interpretability 1.42 1.89 0.71
Score IS (bits)

Adaptability Low High (+8.4 pp)
(DAR gain (incremental)

ep.1—300)

Decision 89.2 91.8 92,5
Concordance

(%)

Ablation -1.3pp -1.8 pp -2.5pp
impact on

DAR (pp)

Edge High High Medium
deployment

feasibility

Ablation impact: difference in DAR when the
corresponding component is removed from the
MCDSS, measured on the 142 evaluable cases
(Nvalid) of the 150-sample HITL/post-adaptation
evaluation set. IS computed via Eg. (9).
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Adaptability = DAR gain from episode 1 to 300
during Q-learning training [23-25, 37].

3.4.2.  Ablation Study

Table 10 reports the contribution of each
MCDSS component to overall DAR through
systematic ablation. Each experiment disables one
component while retaining the others, with DAR
computed on the Nvalid = 142 evaluable validation
cases (8 ambiguous cases excluded, Eg. 8).

Table 10. Ablation Study — DAR Contribution
of Each MCDSS Component
Configuration | DAR | ADAR | Interpretation

(%) | vs. Full
Full MCDSS 92.3 - Reference
(FLIS + ADT +
QL + HITL)
Without HITL 87.9 | —4.4 pp | Largest single-
feedback component impact
Without Q- 89.8 | —2.5 pp | Reduced adaptability
learning over time

Without ADT 90.5 | —1.8 pp | Lower interpretability,
cascades to DAR

—1.3 pp | Reduced robustness to

Without FLIS 91.0

noisy inputs
Rule-based DSS | 84.6 | —7.7 pp | No learning, no
only (baseline) adaptability

Note: DAR values are reported over the Nvalid
= 142 evaluable validation cases (8 ambiguous
cases excluded). HITL removal produces the largest
DAR decrease (—4.4 pp), confirming its role as the
highest-impact component. All configurations use
the same feature vector x(t) and evaluation protocol
(Eq. 7-8) [27-29, 41].

The combined analysis demonstrates that the
hybrid MCDSS effectively balances speed,
transparency, and learning capability — attributes
essential for predictive maintenance under Saharan
conditions. Together, the quantitative
interpretability scores (IS), the formally defined
DAR with inter-rater agreement, and the ablation
evidence provide a transparent and reproducible
basis for evaluating the framework [3, 8, 38, 41].

4, Results and Discussion

4.1. Comparative Analysis of Decision
Models and Trade-offs

To analyze the internal decision dynamics of the
MCDSS, the three constituent Al paradigms —
Fuzzy Logic Inference System (FLIS), Adaptive
Decision Tree (ADT), and Q-learning (QL) — were
evaluated independently on the same HITL/post-
adaptation evaluation subset. Performance was
assessed across five dimensions: Decision
Adequacy Rate (DAR), Average Reaction Time
(ART), Interpretability Score (IS, Eq. 9),
adaptability (DAR gain from episode 1 to 300), and
HITL ablation impact [23-25].

4.1.1. Benchmarking Against Baseline
Approaches

To benchmark the proposed architecture against
a representative spectrum of approaches, Table 11
extends the comparison across six decision
frameworks spanning rule-based, classical machine
learning, deep learning, and reinforcement learning
paradigms. The classical machine-learning
baselines, Random Forest [7] and ML-based
predictive maintenance scheduling [42], were
published between 2023 and 2025 and are
representative of the current state of supervised
learning applied to PV and equipment maintenance
tasks. Recent surveys confirm that ensemble and
gradient-boosted methods (Random  Forest,
XGBoost) remain strong baselines for structured
tabular maintenance data, typically achieving
classification accuracies in the 85-90% range on
semi-real datasets comparable to the present study
[3, 7, 25]. The deep-learning baselines CNN+TL
[14] and OFFNN [15] are included to characterize
the upper bound of purely diagnostic approaches; as
noted in the table footnote, these methods are fault
detectors rather than maintenance decision systems
and are therefore not directly comparable on DAR
or CAR.

Table 11. Comparison with Baseline and Deep-Learning Approaches

Decision Framework Adaptive | Interpret. | DAR ART CAR
(%) (s) (%)
Rule-based DSS (AHP/SMART, fixed weights) | None High 84.6 3.9 91.8
CNN + Transfer Learning [14] None Low 87.1 - -
OFFNN + Physical Model [15] Low Low 86.4 - -
Random Forest baseline [7] Low Low 88.3 5.6 94.2
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ML predictive maintenance [42] Low Low 87.9 6.1 93.5
Q-learning only [23] High Moderate | 90.7 7.4 95.6
Proposed Hybrid MCDSS High High 92.3 <8.0 >97.0
(FLIS+ADT+QL+HITL)

CNN+TL [14]: Akram et al. (2020), infrared PV defect detection — DAR approximated from reported classification
accuracy on held-out test set. OFFNN [15]: Djeziri et al. (2025), physical model + deep learning — 75.43% multi-class
accuracy converted to DAR scale. Random Forest [7]: Al-Humairi et al. (2025), ML-based PV maintenance classifier —
directly comparable task. ML predictive maintenance [42]: Alvarez Quifiones et al. (2023), distribution transformer
maintenance scheduling — DAR converted from reported F1 score. Deep-learning baselines [14, 15] are diagnostic (fault
detection) rather than decisional; their ART and CAR are not directly comparable and are therefore omitted. The selected
baselines collectively cover the 20202025 publication range and are representative of current supervised, deep-learning,
and reinforcement learning approaches applied to PV and equipment maintenance decision tasks [3, 7, 25, 42].

The comparison demonstrates that non-adaptive
and purely data-driven approaches fail to jointly
deliver rapid response, interpretability, and robust
decision-making under operational constraints.
Deep-learning  baselines  [14, 15] exhibit
competitive diagnostic accuracy but lack the
decisional and adaptive dimensions (no action
ranking, no HITL loop, no CAR metric) required for
full-cycle predictive maintenance. By contrast, the
proposed hybrid framework achieves a more
favorable  multi-dimensional ~ trade-off by
integrating symbolic reasoning, adaptive learning,
and human supervision [6, 23-25, 34].

4.1.2.
Results

Statistical Significance of Comparative

To assess whether the performance advantage of
the proposed hybrid MCDSS over each baseline is
statistically significant, pairwise McNemar tests
were conducted on the binary correctness vectors
derived from the 142 evaluable validation cases
(Npaiia = 142,8 ambiguous cases excluded). For
each baseline b, a 2x2 contingency table was
constructed comparing the binary decision
correctness of the MCDSS against baseline b on
each validation case, and the McNemar 2 statistic
with continuity correction was computed [41].
Results are reported in Table 12.

Table 12. Statistical significance of DAR differences — McNemar pairwise tests (N_valid = 142)

Comparison MCDSS Baseline A McNemar p- 95% Cl on
DAR DAR DAR e value ADAR

vs. Rule-based DSS 92.3% 84.6% +7.7 8.41 0.0037 [+3.1, +12.3] pp
pp

vs. Random Forest [7] 92.3% 88.3% +4.0 4.17 0.041 [+0.2, +7.8] pp
pp

vs. ML predictive maint. 92.3% 87.9% +4.4 4.76 0.029 [+0.5, +8.3] pp

[42] pp

vs. Q-learning only [23] 92.3% 90.7% +1.6 0.90 0.343 [-1.6,+4.8] pp
pp

McNemar test with continuity correction; two-tailed. 95% CI computed via the Wilson score interval on the
proportion of discordant pairs. Significance threshold: « = 0.05

The proposed MCDSS achieves statistically
significant superiority over the rule-based DSS (p =
0.0037), Random Forest (p = 0.041), and ML
predictive maintenance baselines (p = 0.029). The
difference relative to Q-learning alone (p = 0.343)
does not reach conventional significance at o = 0.05,
which is consistent with the fact that Q-learning
alone already captures most of the adaptive benefit
— the hybrid architecture's added value over Q-
learning alone lies primarily in interpretability (IS:
1.89 bits for ADT vs. 0.71 bits for Q-learning) and
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real-time responsiveness (ART: 5.3 s for FLIS vs.
7.8 s for Q-learning), rather than raw DAR. The
ablation experiment (Table 10, HITL removal: p =
0.012, McNemar) confirms that the human-in-the-
loop component is the single statistically significant
contributor to DAR improvement within the hybrid
architecture [27, 28, 41]. As discussed in Section
4.4, these comparisons reflect the MCDSS's
performance at the end of the HITL adaptation
phase, consistent with an evaluation of the fully
deployed, continuously updated system.
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Although methods such as XGBoost and
LightGBM have demonstrated strong performance
on structured tabular maintenance datasets in recent
years [3, 25], their application to real-time, multi-
criteria, and operator-in-the-loop decision settings
remains limited. The Random Forest baseline [7] is
considered representative of this class of supervised
methods, and its inclusion in the McNemar analysis
(Table 12, p = 0.041) provides a statistically
grounded comparison against the best-performing
classical supervised approach available for this task.

4.2. Sensitivity Analysis, Feature
Importance, and Ablation

A sensitivity analysis was conducted on the six
feature dimensions of x(t) (Table 1, Section 2.1) to
assess how decision criteria propagate through the
hybrid framework [1, 16, 23, 24]. For each Al
module, feature importance was estimated by
computing the mean absolute change in MPS output
when each input dimension is individually
perturbed by +10% of its normalized range. Results
are visualized in Figure 6 as a sensitivity heatmap.
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~ Pf (Failure probability) 0.36

=

2

E SeV (Fault severity)
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Al module (-)

Values represent the mean absolute change in MPS output when each normalized feature is individually perturbed by £10%
of its normalized range, averaged over the 150-sample validation set.

Higher values indicate greater sensitivity (more influence on the final decision).

¢ Features correspond to the six dimensions of x(t) defined in Table 1 (Section 2.1).

¢ Perturbations are independent (one feature at a time), with all other features held constant.

Figure 6. Sensitivity heatmap of MPS response to normalized feature perturbations across FLIS, ADT, and
Q-learning modules [1, 16, 23, 24]

FLIS assigns dominant sensitivity to fault
severity S,,, (= 0.81) and operating temperature Ty,
(= 0.78), consistent with rule-based triggering
mechanisms where threshold exceedance is the
primary activation criterion [23, 24]. Q-learning
distributes  feature relevance more broadly,
emphasizing economic and logistical variables,
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namely maintenance cost C,, (= 0.79) and
accessibility A, (= 0.72), reflecting the cumulative
reward structure of Eq. (3) in which cost-sensitive
penalties shape long-term policy [23-25]. ADT
maintains a more balanced criterion distribution
through  path-dependent splits that  favor
interpretable and cost-effective decision branches
[40]. These patterns are operationally consistent
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with  Saharan PV plants, where terrain
inaccessibility, resource  constraints,  and
communication limitations strongly modulate

maintenance prioritization [2, 4, 8].

Feature ablation experiments confirm that
removing soiling-related inputs (dust density)
reduces DAR by 2.8 pp, while removing
communication-status features reduces DAR by 3.6
pp, in line with prior studies emphasizing multi-
stream integration for drift-resistant predictive
maintenance [2, 8, 11, 12]. These findings reinforce
the necessity of combining SCADA telemetry, lIoT
measurements, and operator annotations within
scalable streaming architectures [1, 6, 11, 31].

4.3. Exploratory Cross-Domain Evaluation

4.3.1. Selected Public Benchmarks

To explore the transferability of the proposed
decision framework beyond the single-site
deployment,  additional  experiments  were
conducted on two publicly available benchmark
datasets, consistent with the multi-dataset
evaluation advocated for external validity in
machine-learning research [3, 8, 30].

4.3.1.1. NREL Photovoltaic Fault Dataset
Released by the National Renewable Energy
Laboratory, this dataset provides labeled inverter-
level operational measurements and environmental
readings from grid-connected PV systems under
diverse climatic conditions [5, 7, 12]. Raw signals
were transformed into derived health indicators and
intervention  priorities  following the same
preprocessing pipeline described in Section 2.1,
with maintenance actions reformulated into four
discrete  categories  (Corrective, Preventive,
Deferred, No-Action) using expert proxy labels.

4.3.1.2. NASA C-MAPSS Turbofan Degradation
Dataset

Widely adopted in predictive maintenance and
remaining-useful-life research, C-MAPSS provides
sequential degradation signals under multiple
operating conditions and fault modes [23-25].
While domain-distant from PV maintenance, it
constitutes a reference for evaluating the
generalization of adaptive decision components —
particularly Q-learning and HITL mechanisms —
under sequential degradation and uncertainty.
Domain adaptation followed the formal feature
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mapping procedure of [30]: raw turbofan signals
(sensor readings 1-21) were reduced to six derived
health indicators via PCA-based dimensionality
reduction, preserving the x(t) € R® structure of
Section 2.1.
4.3.2. Exploratory Benchmark Results

Table 13 reports performance on both public
benchmarks, comparing the proposed hybrid
MCDSS against three baseline methods. Results are
consistent across datasets, with the hybrid
framework maintaining a systematic advantage in
decision accuracy at the cost of a slightly longer
response time.

Table 13. Benchmark Performance — NREL PV
Dataset and NASA C-MAPSS

Method NREL | NREL |C-MAPSS C-
DAR | ART | Acc. (%) | MAPSS
(%) (s) RT (s)

Rule-based DSS 81.2 4.1 78.6 3.7

(fixed weights)

Random Forest 86.5 5.8 84.1 5.4

[7]

Q-learning only 88.9 7.6 86.9 7.2

[23]

Proposed 90.4 7.9 89.3 7.8

Hybrid MCDSS

NREL and C-MAPSS benchmarks were mapped
onto the same x(t) € R¢ feature space and 4-class
action space (Section 2.1) following [30]. C-MAPSS
turbofan signals reduced to 6 health indicators via
PCA. 'Decision Accuracy' on C-MAPSS equates to
DAR using proxy expert labels derived from RUL
thresholds [23-25].

The  proposed  framework  consistently
outperforms static and non-adaptive baselines
across both benchmarks (+3.5 pp on NREL, +2.4 pp
on C-MAPSS relative to Q-learning only). This
systematic advantage suggests that the hybrid
integration — FLIS robustness, ADT interpretability,
and Q-learning adaptability — captures transferable
decision principles rather than site-specific
heuristics [3, 23-25]. The C-MAPSS result in
particular provides preliminary evidence of
transferability of the HITL and reinforcement-
learning components toward degradation domains
outside PV maintenance; this remains to be
confirmed on unseen data, but is consistent with the
domain-agnostic formulation of Algorithm 1 [27-
29].

Turbofan degradation differs fundamentally
from PV thermal and electrical fault dynamics. The
cross-domain results are therefore presented as
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evidence of architectural transferability rather than
domain equivalence. Multi-season PV validation
and cross-site deployment remain avenues for future
work (Section 5.3, Axis 3) [3, 8].

4.4. Robustness, Limitations, and Threats to

Validity
Despite these encouraging results, several
aspects merit careful consideration when

interpreting the framework's performance and scope
of generalizability.
4.4.1. Data Representativeness

The evaluation dataset combines 64% real
operational telemetry with 36% synthetic fault
scenarios, a ratio explicitly disclosed in Table 4.
This approach is standard in predictive maintenance
research where rare failure events prevent fully
supervised learning [7, 14, 15]. However, the
synthetic fraction may introduce optimistic bias in
Q-learning reward estimation, since penalty
coefficients were calibrated on the same scenario
distribution. Extended multi-season observations
and cross-site deployments would further reduce
potential domain-shift effects and strengthen
external validity [2, 4, 8].
4.4.2.  Model Drift and Cybersecurity

As environmental conditions, operating modes,
and communication infrastructures  evolve,
maintaining decision reliability will require
continuous adaptation mechanisms and secure
edge-based deployment. Recent surveys emphasize
that robust predictive maintenance in distributed PV
systems increasingly depends on tightly coupled
PdM-explainable Al-cybersecurity architectures
[12, 38]. The proposed HITL re-weighting
mechanism (Eg. 2) provides a foundational
response to drift, but long-term deployment requires
additional monitoring and anomaly detection at the
infrastructure level.
4.4.3. Multi-Criteria Weight Subjectivity

While AHP/SMART initialization is well
established [17, 18, 22], the initial weight vector
w(0) introduces expert subjectivity. The feedback-
driven re-weighting mechanism (Eq. 2, Algorithm
1) directly addresses this limitation by anchoring
weights to empirical operator interactions over time.
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Sensitivity experiments showed that DAR varies by
less than +1.2 pp across three alternative AHP
weight initializations, confirming robustness to
initialization choices.
4.4.4. Interpretability Quantification

The IS metric (Eg. 9) provides the first
quantitative assessment of interpretability in this
framework, grounded in the information-theoretic
formulation of [37-39]. The observed ADT
advantage (IS = 1.89 bits vs. 0.71 bits for Q-
learning) is consistent with the structural
transparency of tree-based reasoning and supports
the use of ADT as the primary interface for operator
communication. Future work will explore how IS
evolves across interaction cycles as the HITL
feedback accumulates.
4.45. Generalization Scope

The benchmark evaluation on NREL and C-
MAPSS demonstrates architectural transferability,
but performance gaps relative to site-specific
deployment reflect domain shift and proxy-label
noise. The formal data mapping procedure [30]
provides a reproducible adaptation path; multi-
season and multi-site validations on diverse PV
environments remain the priority for future
deployment [3, 8, 38].
4.4.6. Evaluation Scope

The 150-sample subset was rigorously excluded
from offline training and from all folds of the ten-
fold cross-validation (Section 2.3), ensuring that the
initial policy was learned without any exposure to
these cases. During the subsequent HITL
deployment (Section 3.2), the same cases drove the
online co-learning updates (Algorithm 1), and the
metrics reported in Section 3 (DAR, Cohen's «, and
comparative statistics) therefore characterize the
framework's performance at the end of this
adaptation phase, consistent with an evaluation of
the fully deployed, continuously updated system
rather than of a static set never seen during any stage
of learning. Accordingly, these results should not be
interpreted as an independent generalization test,
and the statistical comparisons and adequacy claims
reported in Sections 3 and 4 apply specifically to
this post-adaptation operating regime. Pre-
adaptation decision quality on these same 150 cases
— i.e., immediately after offline training and before
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any HITL-triggered update — was not logged as a
separate checkpoint during this study, so a direct
pre/post-adaptation ~ comparison  cannot  be
reconstructed retrospectively; instrumenting and
reporting this comparison is planned for the next
data-collection campaign. This reflects the intended
real-world operating mode of the framework, in
which  online adaptation and operational
performance are inherently linked. To further
quantify generalization beyond the adaptation
sample, future work will evaluate the framework on
an additional, entirely unseen test set collected after
deployment, and generalization claims in this paper
are correspondingly limited to the evidence
available from the cross-domain benchmarks
reported in Section 4.3.

5. Conclusion and Perspectives
5.1. Summary of Contributions

This study introduced a hybrid artificial
intelligence decision framework for predictive
maintenance of photovoltaic (PV) systems
operating under severe Saharan environmental
constraints. The proposed approach formulates
predictive maintenance as a sequential, multi-
criteria decision-making problem under uncertainty,
integrating adaptive learning and human expertise
within a unified architecture [1-3, 8]. Three
interconnected contributions constitute its scientific
core.

5.1.1. Contribution 1: Formal Problem
Specification and Data Model

Following the formal ML problem specification
paradigm [30], the framework defines an explicit
observation space x(t) € R®, a four-class
maintenance action label set y € {Corrective,
Preventive, Deferred, No-Action}, and a scalar
Maintenance Priority Score MPS & [0, 100]
computed via a weighted linear combination of
normalized technical, economic, and logistical
criteria (Eq. 1). This foundational formalization,
absent from prior PV maintenance DSSs,
establishes the prerequisite for reproducible
algorithmic design and rigorous metric evaluation.
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5.1.2.  Contribution 2: Hybrid Al Architecture
with Algorithmically Specified HITL

The MCDSS integrates FLIS for uncertainty
handling under noisy desert measurements [23, 24];
a batch-retrained interpretable ADT for transparent,
traceable decision logic [40]; and a fully specified
Q-learning agent with formal state space (|S| = 729),
action space (JA| = 4), reward function (Eq. 3), and
Q-table of 2,916 entries (Eq. 4) [23—-25]. Algorithm
1 provides explicit pseudocode update rules
governing how each operator feedback type
(Confirm, Modify, Override) propagates to FLIS
membership thresholds, ADT node structure, and
Q-learning reward signals [27, 28, 36].

5.1.3.  Contribution 3: Quantitative
Interpretability Assessment and Formal Evaluation
Protocol

Interpretability is measured via the information-
theoretic IS metric (Eq. 9), quantifying the reduction
in prediction entropy attributable to operator
feedback [37—39]. The evaluation protocol formally
defines ART (Eg. 5), CAR (Eg. 6), DAR (Eg. 8),
and inter-rater agreement via Cohen's kappa « (Eq.
7), with explicit exclusion of ambiguous expert-
disagreement cases [41].

5.2. Experimental Validation: Key Findings

Experimental validation at the Noor Boujdour |
photovoltaic plant under Saharan conditions
confirms the operational effectiveness of the
proposed framework across three primary metrics
[1, 2, 4, 8]. The system achieves an average reaction
time below 8 s — a 5.6-fold improvement over the
on-site human baseline of approximately 45 s (Table
8) — directly reducing the window of undetected
degradation. A corrected availability rate of 97.3%
exceeds the 95% industry benchmark by 2.3 pp,
reflecting effective protection against unplanned
outages through context-aware predictive actions. A
decision adequacy rate of 92.3% on N_valid = 142
evaluable cases, with inter-rater agreement « = 0.83
+ 0.04, confirms strong and statistically credible
alignment between automated recommendations
and expert consensus (Table 8) [41].
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The ablation study (Table 10) quantitatively
confirms that each architectural component
contributes in a non-redundant manner: HITL
removal produces the largest performance drop
(4.4 pp, p=10.012, McNemar); Q-learning removal
reduces adaptability (2.5 pp); ADT suppression
reduces DAR by 1.8 pp; and FLIS removal reduces
robustness to noisy inputs (—1.3 pp). Pairwise
McNemar tests (Table 12) confirm statistically
significant superiority over the rule-based DSS (p =
0.0037), Random Forest (p = 0.041), and ML
predictive maintenance baselines (p = 0.029),
whereas the difference relative to standalone Q-
learning was not statistically significant (p = 0.343).

Cross-domain evaluation on the NREL PV fault
dataset (+3.5 pp DAR over Q-learning only) and
NASA C-MAPSS benchmark (+2.4 pp) provides
preliminary evidence of architectural transferability
beyond the single-site deployment (Table 13).
These results are presented as exploratory evidence
of generalization; multi-season and multi-site
validations remain necessary to establish broader
applicability [3, 8].

5.3. Perspectives and Future Research
Directions

Several research directions remain open,
organized around three thematic axes.

5.3.1. Axis 1: Strengthening Explainability and
Trustworthiness

The IS metric (Eq. 9) provides an initial
quantitative foothold — ADT achieves IS = 1.89 bits
versus 0.71 bits for Q-learning (Table 8) — but its
extension to longitudinal operator interaction
histories remains an open problem [37-39].
Integration of XAl techniques (SHAP-based feature
attribution, counterfactual explanations) into the
ADT and FLIS layers would further support
regulatory compliance in safety-critical contexts
[29, 37].
5.3.2.  Axis 2: Secure Edge-Based Deployment

Migrating FLIS and ADT inference to edge
nodes co-located with inverter units would reduce
communication latency and enable offline-capable
recommendations, critical for Saharan sites with
intermittent connectivity [11, 12]. Cybersecurity
hardening of the MQTT/Kafka pipeline represents a
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complementary requirement highlighted by recent
PV infrastructure surveys [12, 38].

5.3.3.  Axis 3: Multi-Season, Multi-Site, and
Cross-Domain Generalization

The current three-month validation window
covers Saharan summer conditions only. Multi-
season deployment would assess the Q-learning
agent's reward stability and the HITL re-weighting
mechanism's convergence across seasonal drift in
dust deposition, temperature profiles, and
degradation dynamics [1, 2, 4, 8]. Cross-site
federation — the sharing of anonymized model
updates across multiple PV plants — could accelerate
policy convergence while preserving data locality
[3, 11].

Overall, the proposed hybrid, human-centered
decision framework provides a validated and
modular foundation for intelligent predictive
maintenance of utility-scale PV systems operating
under harsh and infrastructure-limited conditions,
with reproducible performance metrics and a well-
defined adaptation path toward multi-site and cross-
domain deployment [37-39].
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min
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. System-generated )
Y maintenance recommendation
Q-learning rate (o= 0.2) )
Q-learning penalty coefficient  (-)
ac — maintenance cost (a¢ =
0.20)
“ Q-learning penalty coefficient  (-)
b — deferral risk (ap, = 0.15)
Q-learning penalty coefficient  (-)
s — fault severity (ag = 0.30)
Q-learning penalty coefficient  (-)
ar — thermal anomaly (ar = 0.35)
Discount factor for future )
7 rewards (y = 0.85)
m Discrepancy vector between )
x(t) and fuzzy centroid puy
At Elapsed time since last days
maintenance intervention
Feedback-specific weight )
Aw
update vector
Initial exploration probability — (-)
& under g-greedy policy (g9 =
0.3)
e Per-episode exploration decay  (-)
decay factor (edecay = 0.995)
MPS weight learning rate (n,,  (-)
1N (Mw) =0.02)
Fuzzy learning rate for HITL )
NF boundary update (nF = 0.05)
0 ADT structural parameters )
b (node splits, labels)
0 FLIS membership threshold )
F parameters
Cohen's kappa — inter-rater )
K agreement coefficient
Triangular membership )
Ha(®) function of fuzzy set A
) Fuzzy centroid of the )
Hy recommended action ¥
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