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Abstract

Maintenance scheduling in large run-of-river hydropower plants requires balancing main-
tenance urgency, asset condition, hydrological opportunity, and operational constraints.
This study proposes an integrated decision-support framework for the Santo Antônio Hy-
dropower Plant, a 50-unit facility in Brazil. The methodology combines condition-informed
maintenance inputs, multi-criteria prioritization of generating-unit maintenance needs,
and a Forced Impact of Downtime (FID)-guided Large Neighborhood Search (LNS) algo-
rithm with problem-specific destroy-and-repair operators. The optimization reallocates
eligible maintenance activities from high-impact hydrological periods while enforcing
resource, electrical, hydraulic, and synchronization constraints. The proposed approach
was compared with Genetic Algorithm (GA) and Ant Colony Optimization (ACO) bench-
marks over 1000 independent runs using real operational data. LNS achieved the lowest
mean fitness value (3587.68), compared with 3939.45 for ACO and 3964.54 for GA, and
the shortest average execution time. Relative to the baseline schedule prepared by plant
specialists, the optimized schedule reduced FID from 452 to 302 equivalent unavailabil-
ity hours, corresponding to a 33.2% reduction. These results demonstrate the potential
of hydrology-aware, condition-informed optimization to support practical maintenance
planning in large run-of-river hydropower plants.

Keywords: maintenance scheduling; hydropower plants; Large Neighborhood Search;
condition-based maintenance; degradation forecasting; Forced Impact of Downtime; outage
planning; metaheuristic optimization

1. Introduction
Maintenance scheduling is a critical task in the operation of large-scale hydropower

plants, since planned outages directly affect generation availability, equipment reliability,
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and operational risk [1,2]. In plants composed of dozens of generating units, maintenance
decisions must account not only for the technical need to intervene in specific assets,
but also for the hydrological period in which each unit is removed from service. This
coupling between maintenance requirements and water availability makes hydropower
maintenance planning a complex decision-making problem.

In run-of-river hydropower plants, the operational impact of a planned outage de-
pends strongly on the inflow condition. Removing a generating unit from service during
periods of high hydrological availability may increase spillage or reduce the plant’s ability
to convert the available flow into electrical energy. Conversely, the same intervention may
have lower operational impact when scheduled during periods of reduced water availabil-
ity. Therefore, maintenance scheduling should not be treated as a purely calendar-based
allocation problem. It requires a coordinated evaluation of outage timing, unit availability,
maintenance duration, hydrological opportunity, and operational restrictions.

However, optimizing only the hydrological convenience of outages may also lead
to inadequate decisions. Some maintenance activities are associated with component
degradation, safety exposure, forced-outage risk, or recurrent technical issues. Delaying
these interventions only because they are inconvenient from an availability perspective may
increase asset risk and compromise maintenance governance. Thus, a practical scheduling
framework must simultaneously consider two complementary aspects: the operational cost
of stopping a unit and the technical urgency of performing each maintenance activity.

This paper addresses this challenge in the context of the Santo Antônio Hydropower
Plant, a large run-of-river facility composed of 50 generating units. The scheduling problem
involves several maintenance classes, different execution durations, unit-level restric-
tions, shared resources, overhead-crane (portico) constraints, electrical subsystem limits,
hydraulic-level requirements, and group synchronization rules. In addition, some main-
tenance requests are derived from asset-condition information, such as condition-based
recommendations for phenolic gasket replacement. In this work, such condition-based
recommendations are treated as scheduling inputs to be prioritized and allocated together
with the remaining planned maintenance activities.

To support this decision-making process, this work proposes an integrated mainte-
nance scheduling framework that combines condition-based maintenance inputs, multi-
criteria prioritization, and metaheuristic optimization. The condition-based input layer con-
verts degradation-driven maintenance needs into structured scheduling requests. The pri-
oritization module transforms heterogeneous maintenance indicators into comparable
urgency scores by combining local generating-unit condition with maintenance-class criti-
cality. The optimization module then constructs feasible schedules using a Forced Impact
of Downtime (FID)-guided Large Neighborhood Search (LNS) algorithm.

The use of LNS is motivated by the combinatorial structure of the problem. A mainte-
nance schedule can be represented as a set of generating-unit–maintenance pairs associated
with start and end dates. Small changes in these dates may affect feasibility, overlap,
hydrological impact, and priority-related penalties. Exact optimization approaches may
become computationally expensive when applied to realistic instances with many units,
maintenance types, and operational constraints. The computational complexity of large-
scale maintenance scheduling has motivated the adoption of heuristic and metaheuristic
optimization techniques in practical power-system applications [1,3,4]. A preliminary
version of the optimization framework was presented in [5], where GA, ACO, and LNS
were compared for the maintenance-scheduling problem using a common FID-based eval-
uation framework. The present journal article substantially extends that conference study
in both methodological scope and experimental validation. Specifically, the previous work
focused primarily on the comparative performance of the three metaheuristics, whereas
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the present study (i) formalizes a condition-based maintenance input layer that converts
degradation forecasts into structured maintenance requests; (ii) formalizes and expands a
detailed multi-criteria prioritization model that combines unit-level condition indicators
with maintenance-class criticality; (iii) reformulates the scheduling objective to explic-
itly integrate hydrological impact, priority consistency, seasonal allocation preferences,
and end-of-horizon penalties; (iv) provides a more detailed mathematical representation
of the plant-specific operational constraints and of the FID-guided LNS operators; and
(v) expands the experimental assessment from 100 to 1000 independent executions per
method and includes a direct schedule-level comparison with the maintenance plan pre-
pared by plant specialists. Therefore, the present work should be regarded as a substantial
methodological and experimental extension of the preliminary conference study rather
than a repetition of the previously reported benchmark.

In the proposed implementation, the destroy operator is guided by the daily FID
contribution of the current schedule. Eligible non-protected activities allocated in high-
impact periods are selected for removal, and the repair operator attempts to reinsert them
into lower-impact feasible dates while respecting hard operational constraints. This strategy
directly exploits the hydrological structure of the objective function, making the search
process more informed than purely random perturbation mechanisms.

The main contributions of this paper are summarized as follows:

• A formalized end-to-end decision-support framework that connects condition-based
maintenance recommendations, maintenance prioritization, and hydrology-aware
scheduling within a single computational workflow.

• A condition-based input layer that transforms degradation-derived recommenda-
tions into structured maintenance requests that can be directly incorporated into the
scheduling problem.

• A multi-criteria prioritization methodology that combines maintenance-specific unit
condition indicators with the global criticality of each maintenance class, producing a
unified priority score for each generating-unit–maintenance pair.

• An extended scheduling formulation in which the FID-based hydrological criterion is
combined with priority consistency, seasonal allocation preferences, end-of-horizon
penalties, and a detailed representation of plant-specific hard operational constraints.

• An expanded computational and operational validation based on 1000 independent
executions of each metaheuristic and a direct comparison between the optimized
schedule and the original maintenance plan developed by plant specialists.

The results show that the proposed LNS method outperformed the benchmark ap-
proaches in solution quality and computational time. The obtained results are consistent
with the literature, which reports that neighborhood-search-based optimization techniques
are particularly effective for large-scale maintenance scheduling problems with complex
operational constraints [3,6]. In the evaluated benchmark campaign, LNS achieved the
lowest mean fitness value, the best individual solution, and the shortest average execution
time. At the schedule level, the optimized plan reduced FID from 452 to 302 equiva-
lent unavailability hours, corresponding to an approximate reduction of 33.2%. These
results indicate that the proposed framework can produce feasible, interpretable, and hy-
drologically efficient maintenance schedules while preserving the priority of technically
critical interventions.

The remainder of this paper is organized as follows. Related Work Section presents
the literature review. Section 2 describes the maintenance scheduling problem at the Santo
Antônio Hydropower Plant, highlighting the operational characteristics of the plant, the hy-
drological seasonality of the Madeira River, and the main planning challenges associated
with generating-unit outages. Section 3 presents the proposed methodology, including the
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condition-based maintenance inputs, prioritization, and optimization modules. Section 4
reports the computational results, benchmark comparison, and schedule-level analysis.
Finally, Section 5 concludes the paper and discusses future research directions.

Related Work

Maintenance scheduling in power systems has been extensively studied due to its di-
rect influence on generation availability, reliability, operating costs, and asset-management
decisions. In the electricity industry, maintenance planning typically involves the allo-
cation of preventive or condition-driven outages over a finite horizon while satisfying
technical, operational, reliability, and resource constraints. Comprehensive reviews show
that this problem appears in different forms across regulated and deregulated power sys-
tems, including generator maintenance scheduling, transmission maintenance, integrated
generation–transmission maintenance, and maintenance planning under uncertainty [1,7].

Generator maintenance scheduling (GMS) is one of the most established formulations
in this field. In classical GMS models, the decision maker determines the periods in which
generating units should be removed from service while preserving system adequacy and
minimizing cost, risk, or reliability-related indicators. Mathematical programming formula-
tions provide rigorous modeling structures for this class of problems, especially when unit
availability, maintenance duration, continuity, and operational limits must be explicitly rep-
resented. However, realistic instances may become computationally demanding due to the
large number of binary variables and coupling constraints, particularly when high temporal
resolution, hydropower allocation, or long planning horizons are considered [1,8,9].

To overcome the computational limitations of exact approaches, several studies have
applied heuristic and metaheuristic techniques to maintenance scheduling. Dahal and
Chakpitak [10] investigated genetic algorithms, simulated annealing, and hybrid strategies
for generator maintenance scheduling, showing the ability of metaheuristics to explore
large constrained search spaces. Other works have proposed thermal generator scheduling
procedures based on metaheuristic search [11], differential evolution assisted by math-
ematical programming structures [12], and exchange market algorithms for GMS [13].
More recently, multi-objective formulations have been proposed to represent conflicting
maintenance objectives such as cost, reliability, and violation minimization [3]. These
studies support the use of metaheuristics when exact optimization becomes difficult or
when multiple practical criteria must be incorporated.

The broader power and energy systems literature also emphasizes the importance of
careful benchmark design when using metaheuristics. Chicco and Mazza [14] discuss the
risks of applying generic metaheuristics without sufficient customization, highlighting the
need for problem-specific operators and fair comparisons. This observation is particularly
relevant for maintenance scheduling, since feasibility is often governed by highly specific
operational constraints, such as resource limits, equipment dependencies, electrical restric-
tions, hydraulic windows, and temporal synchronization requirements. Real-world energy
management and power-grid maintenance applications further illustrate that scalable
heuristic or matheuristic approaches are frequently required when industrial constraints
make exact solution methods impractical [15,16].

Large Neighborhood Search (LNS) is especially suitable for highly constrained schedul-
ing problems because it modifies a solution by partially destroying and reconstructing
selected components. The method was originally introduced in the context of vehicle
routing in [17] and later systematized as a general metaheuristic framework by Pisinger
and Ropke [18]. Its adaptive variant, ALNS, further improves the search by dynami-
cally selecting destroy and repair operators according to their historical performance [19].
In maintenance scheduling applications, Woller and Kulich [6] demonstrated the suitability
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of ALNS for handling complex feasibility structures through iterative removal and inser-
tion procedures. These characteristics motivate the use of an LNS-based approach in the
present work, where maintenance activities must be reallocated without violating hard
operational constraints.

In hydropower plants, maintenance scheduling introduces additional challenges com-
pared with thermal or generic generation benchmarks. Planned outages interact with
inflow seasonality, hydraulic availability, turbine-flow capacity, shared plant infrastructure,
and operational restrictions imposed by electrical and hydraulic systems. In run-of-river
plants, the impact of removing a generating unit from service may vary substantially
depending on the hydrological period in which the outage is scheduled. Consequently,
a maintenance plan that is feasible from a resource-allocation perspective may still be ineffi-
cient if high-priority outages are concentrated in periods of high hydrological opportunity.

Post-maintenance return-to-service procedures also introduce technical requirements
that must be considered in hydropower maintenance planning. Transient operating condi-
tions associated with start-up, shutdown, load rejection, and other operating transitions
may produce significant hydraulic and mechanical effects. Recent work has investigated
physics-based and data-aided prediction of transient behavior in pumped-storage hy-
dropower systems [20], while experimental studies have characterized transient pressure
behavior during emergency shutdown, total load rejection, and runaway conditions in hy-
draulic turbines [21]. Although these studies address turbine configurations and transient-
analysis objectives that differ from the run-of-river scheduling problem considered here,
they highlight the importance of post-maintenance commissioning and safe return-to-
service procedures. The present work does not simulate transient hydraulic dynamics
explicitly; instead, their operational implications are represented through maintenance-
specific testing and commissioning periods included in the scheduling model.

Another important aspect is that maintenance activities are not homogeneous. Dif-
ferent intervention classes may involve different operational consequences, degradation
relevance, safety implications, and planning urgency. Recent studies in condition-based
and risk-informed maintenance emphasize that maintenance decisions should consider
equipment condition, operational criticality, and production impact instead of relying ex-
clusively on fixed preventive intervals [22,23]. Therefore, practical maintenance scheduling
frameworks must be able to incorporate condition-based maintenance requests and priority
information while still respecting hydrological and operational constraints.

Recent inspection and maintenance optimization studies further reinforce the im-
portance of coupling asset-condition information with maintenance-timing decisions.
Li et al. [24] proposed a group inspection and maintenance policy for heterogeneous
multi-component systems that explicitly considers component-specific degradation behav-
ior, maintenance requirements, and shared maintenance resources. Wei et al. [25] developed
a predictive inspection and maintenance policy based on the belief-based semi-Markov
decision process, allowing for inspection and maintenance decisions to be made at non-
equidistant time intervals according to the estimated system condition. These studies
focus primarily on inspection and maintenance policy design, whereas the present work
addresses the subsequent plant-level scheduling problem, in which condition-derived
maintenance recommendations must be coordinated with hydrological opportunity and
operational constraints.

Despite these advances, few studies integrate condition-based maintenance inputs,
multi-criteria prioritization, hydrological opportunity, and LNS-based optimization into a
single scheduling framework for large run-of-river hydropower plants. Most GMS studies
focus on thermal units or general power-system benchmarks, while large hydropower
plants require additional modeling of inflow seasonality, unit hydraulic availability, shared
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infrastructure, electrical restrictions, and the operational impact of planned generating-
unit outages.

This work addresses this gap by proposing an integrated decision-support frame-
work for the maintenance scheduling of 50 generating units at the Santo Antônio Hy-
dropower Plant. The proposed methodology combines condition-based maintenance
inputs, multi-criteria prioritization of generating-unit–maintenance pairs, and a Forced Im-
pact of Downtime (FID)-guided LNS algorithm. By explicitly linking maintenance urgency,
hydrological impact, and hard operational constraints, the proposed approach contributes
both to the maintenance scheduling literature and to practical planning in large run-of-river
hydropower plants.

2. Maintenance Scheduling Problem at Santo Antônio Hydropower Plant
The Santo Antônio Hydropower Plant (SAE) plays a fundamental role in the Brazilian

electrical energy system, with an installed capacity of approximately 3568 MW, as reported
in [26]. It is currently one of the largest hydropower plants in Brazil, ranking among the
top five in terms of installed capacity.

The plant is located on the Madeira River and operates as a run-of-river facility. This
characteristic imposes significant operational challenges due to the high seasonal variability
of river inflows. In particular, the Madeira River exhibits substantial hydrological fluctu-
ations throughout the year, with high flow rates typically observed during the Brazilian
summer (early months of the year) and significantly reduced flows during the dry season,
especially between June and September.

These hydrological conditions have a direct impact on the operation of generating
units (GUs), as periods of low inflow often lead to hydraulic constraints that limit power
generation or even force unit shutdowns. Consequently, maintenance scheduling must
be carefully aligned with these seasonal patterns in order to take advantage of periods in
which unit unavailability is unavoidable due to reduced water availability.

Therefore, the maintenance scheduling problem at SAE consists of determining an opti-
mal allocation of maintenance activities over time, considering both operational constraints
and hydrological conditions. The objective is to strategically assign maintenance outages to
periods of lower water availability, thereby minimizing the impact on energy production.

At the same time, the scheduling process must ensure equipment reliability and
compliance with maintenance requirements, while minimizing key performance indicators
such as total unavailability hours and the Forced Impact of Downtime (FID). This results in
a highly constrained and large-scale optimization problem, requiring advanced solution
techniques to obtain high-quality schedules.

3. Methodology
This section describes the proposed decision-support framework for maintenance

scheduling in a large run-of-river hydropower plant. The methodology integrates three
computational layers: (i) a condition-based input layer, which converts degradation-driven
maintenance needs into structured maintenance requests; (ii) a multi-criteria prioritization
module, which ranks maintenance needs according to operational, degradation, and planning
criteria; and (iii) an optimization module, which constructs and improves feasible maintenance
schedules using Large Neighborhood Search (LNS), while also allowing for benchmarking
against Genetic Algorithm (GA) and Ant Colony Optimization (ACO) implementations.

Unlike a purely calendar-based planning procedure, the proposed framework couples
asset condition indicators, hydrological availability, unit-level operational constraints,
and maintenance priorities within a unified optimization workflow. Figure 1 summarizes
the end-to-end architecture adopted in this work.
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Figure 1. Proposed integrated methodology for condition-informed, priority-driven and hydrology-
aware maintenance scheduling.

3.1. Condition-Based Maintenance Input

Some maintenance activities considered in the scheduling problem are not defined
exclusively by fixed calendar intervals. In particular, VE maintenance, associated with
phenolic gasket replacement, depends on the degradation condition observed during
periodic inspections. Therefore, before the optimization stage, inspection records are
converted into condition-based maintenance recommendations that can be incorporated
into the maintenance planning process.

In this work, the VE replacement horizon is obtained from a degradation-forecasting
procedure that combines data-driven time-series prediction with probabilistic degradation
assessment. Historical measurements of the upper and lower phenolic gasket regions are used
to estimate a candidate replacement horizon, while a Weibull-based Monte Carlo assessment is
applied to verify whether the recommended date is consistent with the adopted replacement-
probability threshold. The detailed development and validation of the degradation model are
outside the main scope of this scheduling-oriented study; here, this degradation-forecasting
procedure is used only as an input-generation layer for the optimizer.

From the perspective of the proposed maintenance scheduling framework, the output
of this stage is a set of VE maintenance requests. Each request identifies the generating
unit, the maintenance class, and the recommended replacement date. In compact form,
the condition-based VE recommendation for generating unit u is represented as

aVE
u =

(︂
u, VE, D̂VE

u

)︂
, (1)

where D̂VE
u denotes the recommended replacement date obtained from the degradation-

forecasting procedure.
These VE recommendations are then combined with the remaining planned mainte-

nance activities and forwarded to the prioritization and optimization modules. For VE
maintenance, the condition-based module provides a recommended replacement date,
which is used by the optimizer as the preferred execution date. The scheduling procedure
first attempts to allocate the activity on this date. If the proposed allocation violates any
hard operational or scheduling constraint, the maintenance is reassigned to the closest
feasible date. Therefore, the predicted VE date is not treated as an unconditional fixed date,
but as a preferred scheduling reference whose final allocation remains subject to operational
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feasibility. Other maintenance classes are not driven by this predictive module and follow
their respective prioritization criteria based on generating-unit operational parameters.

3.2. Multi-Criteria Prioritization Module

The prioritization module converts heterogeneous maintenance information into a
unified score that represents the relative urgency of each generating-unit–maintenance
pair. This step is necessary because maintenance scheduling cannot be guided only by
operational availability indicators, such as the Forced Impact of Downtime (FID), accu-
mulated unavailability hours, or hydrological opportunity. Although these quantities are
essential to estimate the operational cost of removing a unit from service, they do not fully
capture the risk associated with postponing critical interventions. In some cases, delaying
a maintenance activity may increase the probability of asset degradation, forced outages,
safety hazards, or collateral damage to auxiliary systems.

The proposed framework separates the notion of when it is convenient to stop a unit from
the notion of which maintenance actions are more critical. The first aspect is mainly addressed
by the optimization module through FID and scheduling constraints, whereas the second
is addressed by the prioritization module. The output of this module is a ranked list of
candidate maintenance activities, in which each element is associated with a generating
unit, a maintenance type, and a global priority score.

The prioritization pipeline is composed of three main stages, as illustrated in Figure 2.
Let U denote the set of generating units andM the set of maintenance types considered in
the planning problem. Each candidate maintenance requirement is therefore represented
by a pair (u, m), where u ∈ U identifies the generating unit and m ∈ M denotes the
corresponding maintenance activity.

Figure 2. Multi-criteria prioritization workflow.

The objective of the prioritization module is to assign a unified priority score to every
candidate pair (u, m). To achieve this, the procedure is divided into three sequential stages.
First, the generating units are ranked independently for each maintenance type according
to maintenance-specific condition indicators. Second, each maintenance type is assigned
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a global criticality score based on four planning criteria: impact on FID, rescheduling
relevance, required maintenance resources, and degradation condition. Finally, the local
ranking of each generating unit is combined with the global maintenance criticality score,
producing a single priority score that quantifies the overall importance of scheduling
maintenance type m on generating unit u.

For every pair (u, m), the available information is organized into a condition vector
qu,m, whose composition depends on the maintenance type under analysis. This vector may
include physical measurements, inspection results, elapsed time since the last intervention,
binary execution indicators, leakage levels, crack severity, transformer-related variables,
adjustment-ring condition, or other maintenance-specific descriptors. Since different main-
tenance classes rely on distinct technical indicators, the local condition score is computed
through a maintenance-dependent scoring function:

ℓu,m = ψm(qu,m), 0 ≤ ℓu,m ≤ 1, (2)

where ψm(·) denotes the scoring rule associated with maintenance type m, mapping the
available condition indicators into a normalized priority score. Consequently, ℓu,m = 0
represents the lowest maintenance priority within that maintenance class, whereas ℓu,m = 1
identifies the generating unit with the highest urgency according to the adopted criterion.

The value ℓu,m represents the relative priority of generating unit u within the candidate
list of maintenance type m. A score close to zero indicates low urgency for that specific
maintenance action, while a score close to one indicates that the unit is among the most
critical candidates for that maintenance type. This normalization is important because
the original indicators may have different units and scales, such as days, millimeters,
qualitative inspection classes, or binary conditions.

Table 1 summarizes the main rule families used to build the unit-level rankings.
The objective is not to impose a single scoring model for all maintenance types, but to
preserve the physical interpretation of each maintenance indicator while mapping all
outputs to a common priority scale.

Table 1. Examples of local scoring rules used to rank generating units within each maintenance type.

Rule Family Interpretation

Condition-based ordering Units are ranked according to measured condition variables, such as wear, degradation level,
or inspection measurements.

Elapsed-time ranking Units with longer time since the last maintenance intervention receive higher local scores.

Binary not-done rule Units that have not yet received a mandatory or planned intervention are prioritized.

Leakage severity mapping Qualitative or quantitative leakage information is converted into a severity score.

Crack criticality scoring Crack occurrence, location, and severity are mapped into a local structural-risk score.

Transformer-related rule Electrical or transformer-associated indicators are converted into maintenance urgency.

Adjustment-ring condition Inspection data related to adjustment-ring condition are mapped into local priority levels.

Condition-based VE rule The validated phenolic gasket replacement recommendation is converted into urgency according to
proximity to the recommended replacement date.

After the unit-level ranking is obtained for each maintenance type, the module eval-
uates the global criticality of the maintenance class itself. This second stage is required
because two maintenance types may produce similar local scores but represent different
operational consequences. For example, a high local score in a low-impact preventive
activity may be less urgent than a moderate local score in a maintenance class associated
with safety, severe degradation, or high forced-outage risk.
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The global maintenance criticality score Gm is computed from a set of prioritization
criteria C. Each criterion c has an importance weight wc, while the maintenance type m
receives two normalized assessments under that criterion: a probability-related component
pm,c and an impact-related component im,c. The resulting score is defined as

Gm = ∑
c∈C

wc pm,c im,c. (3)

In this formulation, the product pm,cim,c emphasizes maintenance types that simulta-
neously present high likelihood and high consequence under a given criterion. The weight
wc allows for the decision maker to adjust the relative importance of the different planning
dimensions.

For the case study considered in this work, four criteria were adopted in the global
maintenance-class assessment: impact on FID, rescheduling relevance, required mainte-
nance resources, and degradation condition. Their nominal weights were set to 0.20, 0.10,
0.10, and 0.60, respectively, as summarized in Table 2. The weights sum to one and define
the reference prioritization configuration used throughout the case study.

Table 2. Criteria and nominal weights adopted in the global maintenance-class prioritization for the
case study.

Criterion Planning Dimension Nominal Weight

C1 Impact on FID w1 = 0.20
C2 Rescheduling relevance w2 = 0.10
C3 Required maintenance resources w3 = 0.10
C4 Degradation condition w4 = 0.60

The influence of these expert-defined weights is examined through the sensitivity
analysis presented in Section 4.5.

The local and global dimensions are then combined into a single priority score for
each unit–maintenance pair. The score assigned to pair (u, m) is given by

ρu,m = ℓu,m Gm. (4)

This definition preserves the internal ranking of generating units for the same main-
tenance type while also accounting for the relative importance of different maintenance
classes. As a consequence, a unit with a high local urgency in a highly critical maintenance
type receives a high global score, whereas a similar local score in a less critical maintenance
class receives a lower global priority.

The final output of the prioritization module is the ordered set

Q = sortρ{(u, m, ℓu,m, Gm, ρu,m) : u ∈ U , m ∈ M}, (5)

where the sorting operation ranks the candidate pairs in decreasing order of ρu,m. This list
can be filtered by execution limits defined for each maintenance type. If Km denotes the
maximum number of activities of type m to be forwarded to the optimizer, the selected
candidate set is

A = {(u, m) ∈ Q : rankm(u) ≤ Km}. (6)

This filtering step reduces the size of the scheduling problem and avoids allocating
optimization effort to low-priority interventions that are not expected to be executed within
the considered planning cycle. At the same time, it preserves the most critical maintenance
needs identified for each maintenance class.
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The selected set A is then converted into structured maintenance requests and passed
to the optimization module. In the following stages, the global priority score ρu,m is also
used as part of the fitness-function penalization mechanism. Thus, schedules that postpone
or poorly allocate high-priority maintenance activities are penalized more strongly than
schedules that delay low-priority interventions. The complete mathematical definition of
this priority-dependent penalty is presented in the fitness-function formulation.

3.3. Optimization Module

The optimization module is the final computational layer of the proposed methodology.
It receives the maintenance requests generated by the condition-based input and prioritization
modules and transforms them into an executable maintenance schedule for the hydropower
plant. In this stage, each candidate schedule is evaluated according to hydrological opportu-
nity, operational restrictions, maintenance priority, and calendar feasibility.

The optimization problem is not limited to minimizing the number of unavailable
units or distributing outages uniformly over time. In a run-of-river hydropower plant,
the operational impact of stopping a generating unit depends strongly on the available
flow, hydraulic head, turbine class, and the number of units already unavailable on the
same day. Therefore, the optimizer must decide not only which maintenance actions will
be executed, but also when each action should start so that high-priority interventions are
allocated with minimum operational impact.

Figure 3 summarizes the main steps of the optimization module. The candidate mainte-
nance set is first encoded as a schedule, then evaluated through the hydrological model and
the constraint-checking procedures. The resulting feasible schedules are compared using
the fitness function. The proposed Large Neighborhood Search (LNS) algorithm improves
the schedule iteratively, while Genetic Algorithm (GA) and Ant Colony Optimization
(ACO) implementations are used as benchmark methods.

Figure 3. Optimization module workflow.
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3.3.1. Problem Definition and Solution Encoding

In the implemented optimization model, a maintenance activity is structured according
to the same information required by the scheduling system: generating unit, maintenance
type, start day, and end day. Thus, the basic scheduling object associated with activity j is
represented as

aj(x) =
(︁
uj, mj, sj, ej(x)

)︁
. (7)

The first two elements, uj and mj, identify the generating unit and the maintenance
type. These values are fixed once the candidate maintenance set is defined by the previous
modules. The start day sj is the decision variable adjusted by the optimizer, while the end
day ej(x) is calculated from the start day and the effective duration of the corresponding
maintenance activity. Therefore, the optimizer manipulates dates, but the schedule itself
remains directly interpretable by maintenance planners.

A complete maintenance schedule is a list of activities of the form given in (7). This list
represents both the output expected by the maintenance planning process and a candidate
solution of the optimization problem:

S(x) = [a1(x), a2(x), . . . , aN(x)]. (8)

A maintenance schedule can also be represented by its decision variables, namely the
planned start day of each maintenance activity. Let

sj ∈ Tj (9)

denote the scheduled start day of maintenance activity j, where Tj ⊆ T is the set of
admissible start dates determined by technical, operational, and planning constraints. Since
the activity duration is fixed once the maintenance type is defined, the end date is implicitly
obtained from the corresponding execution time.

Using this notation, an entire maintenance schedule is encoded by the start-date vector

x = (s1, s2, . . . , sN), (10)

where each component specifies the planned starting day of one maintenance activity. This
representation is particularly convenient for metaheuristic optimization because neighbor-
hood operators only need to modify selected start dates while preserving the corresponding
generating unit and maintenance type. Consequently, destroy-and-repair operators can
explore different temporal allocations without altering the composition of the maintenance
plan itself.

The end day of each activity is a deterministic consequence of its start day. In addition
to the nominal maintenance duration, most interventions require on-site commission-
ing tests before the generating unit can return to normal operation. Depending on the
maintenance class, the commissioning stage typically adds either two or four days to the
activity duration. These commissioning days are explicitly included in the scheduling
interval and therefore affect generating-unit availability, operational-constraint checking,
and the FID calculation. Additional technical stages may also include drying, draining,
and refilling, while calendar effects such as weekends and non-working days may further
modify the effective duration. The detailed transient phenomena and commissioning test
procedures themselves are outside the scope of the present scheduling study. For activity j,
this duration is modeled as

Dj(sj) = dj + ∆mj + Ωmj(sj), (11)
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combining the nominal execution time dj, the additional technical time ∆mj required
by maintenance type mj, and the calendar correction Ωmj(sj). Once Dj(sj) is known,
the corresponding end day is obtained by

ej = sj + Dj(sj)− 1. (12)

Let T = {1, . . . , T} denote the reference planning horizon, with T = 365 days in the
case study considered in this work. Maintenance start dates are restricted to this reference
horizon. However, an activity starting within T may extend beyond day T because of its
effective duration. Therefore, T ⊃ T denotes the extended calendar used to represent
complete activity intervals and to verify feasibility after the end of the reference horizon.
Hydrological impact and FID are evaluated over T , whereas unit unavailability occurring
in T \ T is accounted for through the end-of-horizon penalty.

Each maintenance activity occupies the calendar interval:

Ij(sj) = {t ∈ T : sj ≤ t ≤ ej(sj)}. (13)

Given a candidate schedule x = (s1, . . . , sN), the daily unavailability state of each
generating unit is derived from the activity intervals. The binary variable zu,t(x) indicates
whether unit u is unavailable on day t due to at least one scheduled activity:

zu,t(x) = min

⎧⎨⎩1, ∑
j:uj=u

I
(︁
t ∈ Ij(sj)

)︁⎫⎬⎭. (14)

This variable links the activity-level schedule to the hydrological and operational
evaluations. Once zu,t(x) is known for all units and days, the optimizer can compute the
number of unavailable units by turbine class, identify operational conflicts, estimate the
Forced Impact of Downtime (FID), and evaluate the fitness function.

Using this representation, the scheduling problem can be written in compact form as

min
x∈X

F(x), (15)

with X representing the feasible schedules and F(x) the fitness function used to compare
candidate solutions. The feasible set is defined by the operational, hydraulic, electrical,
logistical, and calendar constraints described in Section 3.3.4. The LNS algorithm ex-
plores this space by partially destroying and repairing the activity list, always preserving
the interpretation of a solution as a maintenance schedule composed of generating-unit,
maintenance-type, start-day, and end-day records.

3.3.2. Hydrological Evaluation and Forced Impact of Downtime Calculation

The hydrological evaluation estimates the operational impact caused by the mainte-
nance outages contained in a candidate schedule. This step is essential because the same
maintenance activity may have different consequences depending on the flow available on
the scheduled day. Stopping a unit during a low-flow period may have negligible impact,
whereas the same outage during a high-flow period may increase spilled water or reduce
the ability of the plant to convert the available hydrological resource into electricity.

The principal variables employed throughout the hydrological evaluation are sum-
marized in Table 3. These symbols are consistently used in the equations that model
turbine availability, hydraulic capacity, spilled-flow estimation, and the Forced Impact of
Downtime (FID).
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For each day t, the evaluator uses the daily long-term mean (MLT) river-flow series
Qt, the upstream level Hup, and a downstream-level curve Hdown(Qt). The net head
considered in the turbine performance calculation is given by

ht = Hup −
[︂

Hdown(Qt)− η(Qt)
]︂
, (16)

where η(Qt) is an empirical hydraulic adjustment associated with the operating condition.
The resulting head is used to evaluate turbine performance curves for the two turbine
classes present in the plant, namely four-blade and five-blade units. These classes are
represented by the set B = {4, 5}.

For turbine class b, the turbine discharge of one available unit on day t is denoted by
qturb

b,t . The number of units of class b effectively available under schedule x is computed
after removing the units unavailable due to planned maintenance:

Ndisp
b,t (x) = Nhid

b,t − ∑
u∈Ub

zu,t(x). (17)

Here, Nhid
b,t represents the number of hydraulically available units of class b before mainte-

nance scheduling effects, and Ub is the subset of generating units belonging to class b.
The total turbine-flow capacity available under the candidate schedule is then

Cturb
t (x) = ∑

b∈B
Ndisp

b,t (x)qturb
b,t . (18)

The average turbine flow of the available units is used to translate spilled flow into
equivalent unavailable-unit time. It is calculated as

q̄t(x) =
∑b∈B Ndisp

b,t (x)qturb
b,t

∑b∈B Ndisp
b,t (x)

. (19)

The available river flow is adjusted by the flow deviations associated with the fish
transposition system and the log spillway system, denoted by QSTP

t and QET
t , respectively.

The required number of units to absorb this adjusted flow is approximated by

Nreq
t (x) =

⌈︄
Qt −QSTP

t −QET
t

q̄t(x)

⌉︄
. (20)

Although Nreq
t (x) is not directly included as a separate penalty term in the objective

function, it provides an auxiliary hydrological indicator for interpreting the relationship
between the available turbine capacity and the flow absorption requirement under a given
maintenance schedule.

The main hydrological penalty is derived from a spilled-flow proxy. Let Cref
t be

the turbine capacity that would be available if all hydraulically available units were not
under planned maintenance. The additional flow that cannot be absorbed because of the
scheduled outages is estimated by

Vt(x) = max
{︂

0, min
(︂

Qt, Cref
t

)︂
− Cturb

t (x)−QSTP
t −QET

t

}︂
. (21)

The daily contribution to the Forced Impact of Downtime is obtained by converting
this flow deficit into equivalent unit-hours of forced impact:

ϕt(x) =
24Vt(x)
q̄t(x)|U | . (22)
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The total FID associated with schedule x is accumulated over the reference
planning horizon:

FID(x) = ∑
t∈T

ϕt(x). (23)

Since (Vt(x)) and (q̄t(x)) are both expressed as flow rates, the ratio (Vt(x)/q̄t(x)) repre-
sents the equivalent number of generating units affected by the flow deficit. Multiplication
by 24 converts this quantity into equivalent generating-unit hours, while division by
(|U |) expresses the result as average equivalent unavailability hours per generating unit.
Therefore, (ϕt(x)) and (FID(x)) are expressed in hours on a plant-normalized basis.

From an engineering perspective, FID should be interpreted as a measure of lost
hydrological utilization opportunity caused by scheduled unit unavailability. When the
available river flow exceeds the turbine-flow capacity of the generating units remaining
in service, the excess-flow term Vt(x) represents water that cannot be processed by the
available turbines under the considered operating condition. Therefore, a larger FID
indicates that maintenance outages coincide more strongly with periods in which additional
turbine capacity would otherwise be useful for absorbing the available flow.

FID is not, however, a direct measurement of electrical energy loss in MWh. Its
formulation converts the unabsorbed-flow proxy into equivalent generating-unit hours and
normalizes it at plant level. A direct conversion to lost electrical energy would additionally
require the integration of unit-specific power-output and efficiency characteristics over
time. Accordingly, FID is used in this work as an operational proxy for the generation
opportunity affected by maintenance outages: reducing FID indicates a lower exposure
of scheduled unavailability to periods with potentially relevant spill or generation loss,
but should not be interpreted as an equivalent numerical reduction in MWh.

This metric penalizes schedules that remove generating units from operation on
days when the remaining turbine capacity is insufficient to absorb the available flow.
Consequently, the optimizer is encouraged to allocate outages to periods with lower
hydrological opportunity or lower marginal impact on plant availability.

Table 3. Main variables used in the hydrological evaluation.

Symbol Description

Qt Daily long-term mean (MLT) on day t.
ht Net head used in turbine performance evaluation.

qturb
b,t Turbine discharge of one available unit of class b.

Ndisp
b,t (x) Number of available units of class b under schedule x.

Cturb
t (x) Total turbine-flow capacity under schedule x.
q̄t(x) Average turbine flow among available units.
Vt(x) Spilled-flow proxy associated with scheduled outages.
ϕt(x) Daily contribution to FID.

3.3.3. Fitness Function

The fitness function compares candidate schedules by combining hydrological impact,
maintenance-priority consistency, seasonal allocation preferences, and end-of-horizon ex-
tensions. Since the original components represent different planning quantities, the penalty
terms are reformulated on a common temporal scale before aggregation. The FID term is
already expressed as average equivalent unavailability hours per generating unit. The re-
maining components are converted into hour-based measures and normalized according
to their respective aggregation structures.
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The objective minimized by the optimizer is defined as

F(x) = λFIDFID(x) + λPPh
prio(x) + λDPh

dry(x) + λEPh
end(x), (24)

where (λFID), (λP), (λD), and (λE) are dimensionless preference coefficients. The super-
script (h) indicates that the corresponding penalty has been converted to an hour-based
temporal measure.

The priority component discourages schedules in which high-priority maintenance
activities are allocated later than lower-priority activities. The total pairwise priority weight
is first defined as

Wρ =
N

∑
i=1

N

∑
j=1

I
(︁
ρi > ρj

)︁(︁
ρi − ρj

)︁
. (25)

The hour-based priority penalty is then expressed as

Iρ(x) =
N

∑
i=1

N

∑
j=1

I
(︁
ρi > ρj

)︁
max

(︁
0, si − sj

)︁(︁
ρi − ρj

)︁
. (26)

Ph
prio(x) =

⎧⎪⎨⎪⎩
24

Iρ(x)
Wρ

, Wρ > 0,

0, Wρ = 0.
(27)

In these expressions, Iρ(x) represents the total weighted temporal inversion among
maintenance activities, whereas Wρ is the corresponding total pairwise priority weight. The
normalization by Wρ prevents the priority component from increasing merely because the
number of pairwise comparisons increases. Consequently, Ph

prio(x) represents the weighted
average temporal inversion of the maintenance priorities, expressed in hours. The term is
zero when every higher-priority activity starts no later than each lower-priority activity
against which it is compared.

The seasonal component represents the undesired allocation of five-blade generating-
unit outages during the dry period. Since the original summation is expressed in generating-
unit days, it is converted to hours and normalized by the total number of generating units:

Ph
dry(x) =

24
|U | ∑

t∈Tdry

∑
u∈U5

zu,t(x). (28)

Here, Tdry ⊆ T denotes the set of dry-season days, defined in this study as the period from
June through September, and U5 ⊆ U denotes the set of five-blade generating units.

Therefore, (Ph
dry(x)) represents the average equivalent unavailability hours per plant

generating unit associated with discouraged five-blade-unit outages during the dry period.
The normalization by (|U |) is consistent with the plant-level normalization adopted in the
FID calculation.

To avoid counting multiple simultaneous maintenance activities on the same gener-
ating unit more than once, the end-of-horizon component is defined from the unit-level
unavailability state rather than from the individual activity overruns. Let

T + = T \ T (29)

denote the set of calendar days contained in the extended calendar but located after the
reference planning horizon. The end-of-horizon penalty is defined as

Ph
end(x) =

24
|U | ∑

t∈T +
∑

u∈U
zu,t(x). (30)
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This term represents the average equivalent unavailability hours per generating unit
occurring after the reference planning horizon. Unlike an activity-based overrun summa-
tion, this formulation counts each unavailable generating unit only once per day, even when
multiple compatible maintenance activities are executed simultaneously on the same unit.

Accordingly, all four objective components are represented on an hour-based tem-
poral scale. However, they retain distinct operational interpretations: (FID(x)) measures
hydrologically induced equivalent unavailability, (Ph

prio(x)) measures the weighted average

time associated with priority inversions, (Ph
dry(x)) measures discouraged dry-period un-

availability, and (Ph
end(x)) measures unavailability extending beyond the reference horizon.

The preference coefficients in (24) therefore control the trade-off among these planning
dimensions rather than performing unit conversions.

3.3.4. Operational Constraints

The optimizer enforces operational restrictions during schedule construction and re-
pair. Candidate insertions that violate hard constraints are rejected before fitness evaluation,
which reduces the number of infeasible solutions explored by the metaheuristic. These
restrictions represent practical limitations related to maintenance crews, shared equipment,
electrical reliability, hydraulic conditions, and execution continuity.

Commissioning periods are treated as part of the corresponding maintenance execu-
tion intervals. Consequently, the applicable crew and execution-capacity limits, calendar
restrictions, weekend-related rules, and other operational constraints remain active when
these post-maintenance stages are scheduled.

The first group of constraints is associated with the temporal feasibility of activity
starts. Every scheduled start day must belong to its admissible set. The end of an activity
may exceed the reference planning horizon, but such extensions are penalized through
Ph

end(x) in the fitness function:

sj ∈ Tj, j = 1, . . . , N. (31)

Maintenance activities on the same generating unit are not allowed to overlap unless
the corresponding maintenance types are explicitly configured as compatible for parallel
execution. Let Cpar denote the set of maintenance-type pairs that may be executed in
parallel on the same unit, and let Kinc denote the set of activity pairs assigned to the
same generating unit whose maintenance types are not parallel-compatible. Defining
bj,t(x) = I

(︁
t ∈ Ij(x)

)︁
, the incompatibility constraint is written as

bi,t(x) + bj,t(x) ≤ 1, (i, j) ∈ Kinc, t ∈ T . (32)

The simultaneous execution limit controls the maximum number of ongoing activ-
ities of the same maintenance type. This restriction represents workforce, equipment,
and planning-capacity limitations:

∑
j:mj=m

I
(︁
t ∈ Ij(x)

)︁
≤ Lsim

m , m ∈ M, t ∈ T . (33)

Shared infrastructure constraints are also considered. Several maintenance activities
require the use of overhead cranes (porticos) or other heavy lifting equipment that is shared
among multiple generating units. Since each portico can support only one intervention at
a time, concurrent maintenance activities assigned to the same lifting infrastructure are
not allowed.
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Let Gport denote the set of portico groups, where each group represents a collection
of generating units sharing the same lifting infrastructure. For each group g ∈ Gport,
let J port

g be the subset of maintenance activities that require the corresponding portico.
The scheduling restriction is expressed as

∑
j∈J port

g

I
(︁
t ∈ Ij(x)

)︁
≤ 1, ∀g ∈ Gport, ∀t ∈ T . (34)

Electrical reliability constraints are also incorporated into the scheduling model. A sub-
set of the generating units is connected to the 230 kV electrical subsystem, whose mainte-
nance activities may simultaneously remove important transmission paths or reduce the
operational flexibility of the plant. To preserve system security and comply with opera-
tional requirements, only a limited number of these generating units are allowed to be
unavailable at the same time.

Let U230 ⊆ U denote the subset of generating units connected to the 230 kV bus, and let
L230 be the maximum number of these units that may be simultaneously under planned
maintenance. The corresponding constraint is given by

∑
u∈U230

zu,t(x) ≤ L230, ∀t ∈ T . (35)

The number of simultaneous drying or draining starts is restricted by logistical capacity
within the reference planning horizon. For the set of maintenance types that require this
operation, denoted byMdry, the daily start limit is expressed as

∑
j:mj∈Mdry

I
(︁
sj = t

)︁
≤ Ldry, t ∈ T . (36)

Hydraulic-level restrictions apply to wagon-gate maintenance activities. Let T CV ⊆ T
be the subset of days for which the downstream-level criterion is satisfied. If activity j
corresponds to wagon-gate maintenance, its full execution interval must be contained in
this feasible hydraulic window:

mj = CV ⇒ Ij(x) ⊆ T CV. (37)

Start-day rules are used to avoid beginning specific maintenance activities near the
end of the work week when this would compromise execution continuity. These rules
are incorporated in the admissible start-day set Tj. Maintenance classes configured as
island-level interventions must also be synchronized across all units belonging to the same
hydraulic island. For an island r and an island-level maintenance type m, the synchroniza-
tion condition is

su,m = sv,m, u, v ∈ U island
r . (38)

The complete constraint set is summarized in Table 4. These constraints are enforced
as hard feasibility rules by the construction and repair procedures of the optimizer. As a
result, the fitness function is primarily responsible for ranking feasible or near-feasible
schedules according to hydrological and priority-based criteria, while the constraint system
prevents operationally invalid allocations from being accepted.
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Table 4. Summary of hard constraints enforced by the optimization module.

Constraint Purpose

Start window Ensures that activities start on admissible days. End-of-horizon extensions are treated through
the fitness penalty.

Parallel compatibility Avoids incompatible maintenance activities on the same generating unit.

Simultaneous execution limit Represents crew, equipment, and execution-capacity restrictions.

Portico coupling Prevents conflicts in shared lifting or portico infrastructure.

230 kV limit Preserves electrical operational reliability.

Drying or draining start limit Limits concurrent dewatering, drying, or refilling logistics.

CV hydraulic level Allows for wagon-gate maintenance only under feasible downstream-level conditions.

Start-day rule Avoids maintenance starts that would compromise work-week continuity.

Island synchronization Enforces simultaneous scheduling of island-level maintenance activities.

3.4. Large Neighborhood Search Implementation

The Large Neighborhood Search (LNS) algorithm is the main optimization engine
of the proposed framework. After the condition-based input and prioritization modules
define the set of maintenance requests, the LNS procedure searches for a feasible calendar
allocation that minimizes the fitness function while respecting the operational restrictions
of the plant. In this stage, each candidate solution is interpreted as a complete mainte-
nance schedule composed of records in the form (u, m, s, e), indicating the generating unit,
the maintenance type, the start day, and the end day of each planned intervention.

The initial solution is produced by a constructive scheduler that inserts the mainte-
nance activities according to technical feasibility and planning priority. VE interventions
derived from the condition-based input layer are allocated first, using their predicted
replacement dates as preferred execution dates. When a predicted date is infeasible because
of hard operational or scheduling constraints, the constructive procedure searches for the
closest feasible allocation. Once this feasible allocation is established, condition-based VE
activities are protected from subsequent LNS destroy-and-repair operations. The remaining
activities are then inserted considering their priority score, effective duration, turbine class,
hydrological seasonality, and the hard constraints described previously. This construction
step attempts to produce a complete feasible schedule x0, which becomes the starting point
for the iterative search. If all required activities cannot be allocated within their admissible
windows, the corresponding run is discarded and no incomplete schedule is presented to
the planner.

At each LNS iteration, the current schedule is evaluated through the same fitness
function (24) used for all optimization methods. Besides the scalar objective value F(xk),
the evaluator computes the daily FID contribution ϕt(xk), which quantifies the hydrological
impact associated with each day of the planning horizon. These values are then used to
guide the destroy phase toward the portions of the schedule that contribute the most to the
overall objective.

Let Kcrit denote the number of critical days selected at each iteration. The correspond-
ing set of days is obtained by

T crit
k = TopKKcrit

({ϕt(xk) : t ∈ T }), (39)

where TopKKcrit
(·) returns the Kcrit days with the largest daily FID contributions. Conse-

quently, T crit
k contains the time intervals that are most responsible for the hydrological

impact of the current solution.
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Maintenance activities overlapping these critical days become candidates for removal,
except for activities protected from rescheduling. Let F denote the set of fixed mainte-
nance activities and V the set of condition-based VE activities whose feasible dates were
established during initial schedule construction. The set of protected activities is therefore
defined as

P = F ∪ V , (40)

where P contains all activities excluded from the destroy operator. Let S(xk) denote the
set of maintenance activities contained in the current schedule, and let Ij(xk) denote the
execution interval of activity j. The removal candidate set is then defined as

Rk =
{︂

j ∈ S(xk) \ P
⃓⃓⃓
Ij(xk) ∩ T crit

k ̸= ∅
}︂

, (41)

Fixed activities remain unchanged because their dates are predefined by the mainte-
nance plan, whereas condition-based VE activities are excluded from the destroy operator
after their predicted dates have been checked for feasibility and, when necessary, adjusted
to the closest feasible dates. Consequently, neither fixed activities nor condition-based
VE interventions are modified during the iterative LNS search. In the case of island-level
interventions, the destroy operator preserves structural consistency by simultaneously re-
moving the corresponding activities of all generating units belonging to the same hydraulic
island. Therefore, instead of randomly perturbing the schedule, the proposed destroy
strategy deliberately targets the non-protected maintenance activities associated with the
largest hydrological penalties, providing a more informed starting point for the subsequent
repair phase.

Only a fraction of the candidate set is removed at each iteration, which controls the
size of the explored neighborhood. The partial schedule after destruction is represented by

x−k = xk \ ˜︁Rk, ˜︁Rk ⊆ Rk. (42)

The repair phase reconstructs the solution by reinserting the removed activities into
feasible positions. Activities are sorted according to execution difficulty, mainly duration
and planning criticality, so that harder tasks are allocated first. For each removed activity,
the candidate start-date set combines three sources of information: low-FID days, dates
close to the original allocation, and randomly sampled days for diversification. This strategy
allows for the algorithm to intensify the search around hydrologically favorable regions
while still exploring alternative allocations.

For a removed activity a, the candidate date set used by the repair operator is de-
noted by

Ca = CFID
a ∪ Cshift

a ∪ Crand
a . (43)

The subset CFID
a contains dates associated with low hydrological impact, Cshift

a con-
tains controlled shifts around the previous position of the activity, and Crand

a introduces
stochastic exploration. For each candidate date, the effective duration is recalculated and
all hard constraints are checked. The activity is inserted only if the tentative allocation is
feasible. When no feasible position is found, the activity is restored to its previous position,
preserving the completeness of the schedule.

Figure 4 illustrates the destroy-and-repair logic adopted in the proposed LNS imple-
mentation.

The acceptance rule adopted in the current implementation is improvement-based.
A reconstructed solution replaces the current solution when it reduces the total fitness.
The best solution found during the search is stored independently, ensuring that the final
output corresponds to the best feasible schedule identified throughout the execution.
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The complete FID-guided LNS procedure is summarized in Algorithm 1.

Figure 4. LNS workflow.

This implementation makes the search directly responsive to the physical behavior
of the hydropower plant. Instead of exploring the schedule only through generic ran-
dom perturbations, the algorithm uses the FID profile to identify where changes are most
likely to improve the solution. At the same time, the repair phase ensures that any ac-
cepted movement remains compatible with maintenance duration, portico availability,
electrical restrictions, hydraulic-level limitations, island synchronization, and simultaneous
execution limits.

Benchmark Optimization Methods

The computational framework also includes Genetic Algorithm (GA) and Ant Colony
Optimization (ACO) implementations to benchmark the proposed LNS strategy. All three
methods solve the same scheduling problem, use the same candidate maintenance set,
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evaluate solutions with the same fitness function, and enforce the same hard constraints.
This common evaluation environment is essential to ensure that the comparison reflects
differences in search behavior rather than differences in problem definition.

GA and ACO were selected as comparative benchmarks because they are estab-
lished metaheuristic paradigms for scheduling problems and, more importantly, provide
search mechanisms that differ substantially from each other and from LNS. GA performs
population-based evolutionary search through selection, crossover, and mutation, whereas
ACO constructs solutions probabilistically using pheromone-guided learning. In contrast,
LNS improves an incumbent solution through large destroy-and-repair moves. The pur-
pose of including GA and ACO is therefore not to provide an exhaustive comparison of
optimization methods, but to evaluate the proposed LNS against two representative and
structurally distinct search strategies under exactly the same scheduling model, constraints,
and fitness function.

Algorithm 1 FID-guided Large Neighborhood Search for maintenance scheduling.

Require: Candidate maintenance set A, fixed activities F , condition-based VE activities V ,
hydrological series, hard constraints, and fitness function F(·)

1: Build the initial feasible schedule x0, allocating VE activities at their predicted or closest
feasible dates

2: Define the protected set P ← F ∪ V
3: Evaluate F(x0) and the daily FID profile {ϕt(x0)}t∈T
4: xbest ← x0, x← x0
5: while the stopping criterion is not met do
6: Identify the critical days T crit from the largest FID contributions
7: Build the removal candidate setR from non-protected activities overlapping T crit

8: Remove a stochastic subset ˜︁R ⊆ R, preserving protected activities in P
9: Sort removed activities by duration and priority

10: for each removed activity a ∈ ˜︁R do
11: Build the candidate date set Ca from low-FID days, shifted dates, and random

dates
12: for each candidate start date s ∈ Ca do
13: Recalculate the effective duration and tentative end date
14: if all hard constraints are satisfied then
15: Insert activity a at date s
16: break
17: end if
18: end for
19: if activity a cannot be feasibly reinserted then
20: Restore activity a to its previous position
21: end if
22: end for
23: Let x̃ be the reconstructed schedule
24: if F(x̃) < F(x) then
25: x← x̃
26: Update the daily FID profile
27: end if
28: if F(x) < F(xbest) then
29: xbest ← x
30: end if
31: end while
32: return xbest

In the GA implementation, each individual represents a complete maintenance sched-
ule. Equivalently, the chromosome can be interpreted as a vector of start dates associated
with the candidate maintenance activities. The initial population is generated from feasible
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or repaired schedules, and the evolutionary process combines selection, crossover, muta-
tion, repair, and elitism. Crossover exchanges subsets of maintenance assignments between
parent schedules, while mutation applies bounded shifts to selected start dates. After each
variation step, the repair mechanism checks feasibility and corrects or rejects allocations
that violate hard operational constraints. The best individuals are preserved through elitist
selection according to the fitness value F(x).

The ACO implementation constructs schedules from probabilistic decisions guided
by pheromone trails and heuristic information. Each ant incrementally assigns dates to
maintenance activities. The probability of selecting a candidate start date depends on the
pheromone level associated with the activity–date pair and on a heuristic term that favors
feasible, low-FID, and priority-consistent allocations. For an activity a and candidate date
t ∈ Ca, the transition probability is represented as

Pr(sa = t) =
Θα

a,tΓ
β
a,t

∑r∈Ca Θα
a,rΓβ

a,r
. (44)

The term Θa,t represents the pheromone intensity, while Γa,t represents the heuristic
attractiveness of assigning activity a to date t. The parameters α and β control the relative
influence of learned search experience and problem-specific heuristic information. After the
ants generate complete schedules, pheromone trails are updated by evaporation and
reinforcement from the best solutions:

Θnew
a,t = (1−ϖ)Θa,t + ∑

h∈H
∆Θ(h)

a,t . (45)

The evaporation parameter ϖ prevents unlimited accumulation of pheromone, and the
reinforcement term ∆Θ(h)

a,t increases the attractiveness of assignments used by high-quality
schedules. In this way, ACO gradually concentrates the search around date allocations that
repeatedly contribute to lower fitness values.

Table 5 summarizes the main characteristics of the optimization methods considered
in the benchmark. Although GA and ACO provide useful comparative baselines, the LNS
method is expected to be particularly suitable for the proposed problem because it modifies
coherent portions of the schedule associated with high-FID days, rather than perturbing
assignments independently. This property is important in the maintenance scheduling of
hydropower plants, where moving one activity may affect several operational constraints
and the hydrological value of multiple days.

Table 5. Summary of the optimization methods evaluated in the benchmark.

Method Solution Representation Main Search Mechanism Role in the Comparison

LNS Maintenance records or
start-date vector.

FID-guided
destroy-and-repair operations.

Proposed method for
hydrological impact.

GA Population encoded by activity
start dates.

Selection, crossover and
mutation.

Evolutionary baseline for
global search.

ACO Schedules generated by
activity–date paths.

Pheromone reinforcement and
heuristic attraction.

Swarm-intelligence baseline for
constructive search.

For the benchmark reported in this study, each method was executed 1000 times.
The resulting statistics are presented in the Results and Discussion section, including the
distribution of final fitness values and the convergence behavior of the best run obtained
by each method.
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4. Results and Discussion
4.1. Experimental Setup

The experiments were carried out considering the 50 generating units of the Santo
Antônio Hydropower Plant. The reference planning horizon extends from 1 January 2026
to 31 December 2026, using a daily time discretization. Hydrological seasonality was repre-
sented by the daily long-term mean (MLT) river-flow series, and all candidate schedules
were evaluated using the same FID-based hydrological impact model. Condition-based VE
recommendations were generated using a replacement-probability threshold of Pth = 0.8,
while the optimization module compared the proposed Large Neighborhood Search (LNS)
against Genetic Algorithm (GA) and Ant Colony Optimization (ACO) implementations.

The threshold Pth = 0.8 was adopted as a conservative decision criterion, ensur-
ing that VE maintenance recommendations are forwarded to the scheduling stage only
when the degradation-forecasting procedure indicates a high probability of reaching the
replacement condition.

The optimization parameters adopted for LNS, GA, and ACO were not selected
arbitrarily. Before the benchmark campaign, preliminary calibration experiments were
performed by systematically varying the principal algorithmic parameters, including
the LNS destruction ratio, the GA mutation probability, the population size, and the
number of ACO candidate solutions. The configurations producing the best compromise
between solution quality, convergence behavior, and computational time were selected as
the nominal parameter settings used throughout the comparative evaluation.

The parameter calibration was conducted prior to the benchmark experiments and
independently from the reported performance evaluation, ensuring that the comparison
among the optimization methods was not influenced by parameter tuning during the
testing phase.

Regarding the fitness function, the temporal conversions and aggregation normaliza-
tions are embedded directly in the definitions of Ph

prio(x), Ph
dry(x), and Ph

end(x). The FID
component is expressed as average equivalent unavailability hours per generating unit,
whereas the remaining components represent, respectively, the weighted average hours
associated with priority inversions, the average equivalent unavailability hours associ-
ated with discouraged dry-period outages, and the average equivalent unavailability
hours occurring beyond the reference planning horizon. Therefore, the fitness coefficients
are dimensionless preference coefficients and do not perform conversions between days
and hours.

Following consultation with maintenance specialists from the Santo Antônio Hy-
dropower Plant, equal coefficients were adopted:

λFID = λP = λD = λE = 1.

This benchmark configuration indicates that no additional preferential scaling was imposed
after the temporal harmonization and aggregation normalization of the objective compo-
nents. Equal coefficients do not imply that the components represent the same physical
phenomenon; rather, they indicate that the plant did not prescribe an additional prefer-
ence among hydrological impact, maintenance-priority consistency, dry-period allocation,
and end-of-horizon extension.

The equal-coefficient configuration was therefore adopted as the reference setting
rather than as an assumption of equal physical importance among the four objective
components. Its influence was subsequently evaluated through the ±20% one-at-a-time
sensitivity analysis described in Sensitivity-Analysis Protocol Section.

Table 6 summarizes the computational settings adopted in the benchmark experiments.
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Table 6. Computational setup used in the optimization experiments.

Parameter Value/Description

Generating units 50

Reference planning horizon From 1 January 2026 to 31 December 2026

Time discretization Daily

Hydrological input Daily long-term mean (MLT) flow series

VE recommendation threshold Pth = 0.8

Compared methods LNS, GA, and ACO

Number of executions 1000 executions per method

Stopping criterion 500-iteration limit

LNS destruction ratio 20% (selected during parameter calibration)

GA population size/ACO colony size 50 individuals/50 ants (selected during parameter calibration)

GA mutation probability 10% nominal configuration (selected during parameter calibration)

Fitness coefficients Dimensionless coefficients: λFID = λP = λD = λE = 1, after hour-based reformulation
and aggregation normalization

Constraint treatment Hard feasibility checks during construction, repair, and candidate evaluation

Sensitivity-Analysis Protocol

Two complementary sensitivity analyses were conducted to evaluate the influence
of the expert-defined prioritization weights and the preference coefficients of the fitness
function. In both analyses, moderate perturbations of ±20% were adopted to assess
whether changes around the nominal configuration materially affect the resulting rankings,
hydrological impact, or maintenance schedule.

For the prioritization module, each criterion weight wc was perturbed individually by
factors of 0.8 and 1.2. After each perturbation, the complete weight vector was renormalized
to preserve a unitary sum. The global maintenance-class scores Gm and the generating-unit–
maintenance scores ρu,m were then recalculated without running the scheduling optimizer.
The perturbed rankings were compared with the nominal ranking using Spearman’s rank
correlation, maximum rank displacement, and the overlap among the 20 highest-priority
generating-unit–maintenance pairs.

For the fitness-function analysis, each coefficient λFID, λP, λD, and λE was indepen-
dently perturbed to 0.8 and 1.2 while the remaining coefficients were kept equal to one.
Together with the nominal configuration, this resulted in nine scenarios. The same set of
random seeds was used for all scenarios, with 500 LNS iterations per run. Runs in which
all required maintenance activities could not be allocated within the admissible scheduling
windows were excluded, consistently with the operational workflow in which incomplete
schedules are not presented to the planner. To preserve paired comparisons, a seed was
retained only when a complete schedule was obtained in all nine scenarios. This procedure
resulted in 37 paired seeds per scenario, corresponding to 333 complete optimization runs.

Because different coefficient configurations define different scalar objective functions,
their native fitness values are not directly compared across scenarios. Instead, each resulting
schedule was also evaluated using the common reference configuration λFID = λP = λD =

λE = 1:
Fref(x) = FID(x) + Ph

prio(x) + Ph
dry(x) + Ph

end(x). (46)

Schedule stability was evaluated by comparing each perturbed solution with the
nominal solution obtained from the same random seed. The analysis considered the
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mean absolute change in maintenance start dates and the percentage of movable activities
remaining within seven days of their nominal start date.

4.2. Condition-Based Maintenance Results

The condition-based input layer generated VE replacement requests from the inspec-
tion history of the phenolic gasket. These requests were used as maintenance inputs for the
prioritization and optimization modules. Since the focus of this paper is the hydrology-
aware scheduling problem, only a representative subset of the VE requests is reported to
illustrate the type of information forwarded to the optimizer.

Table 7 presents examples of VE maintenance requests considered in the scheduling
problem. The validated VE recommendations falling within the reference planning hori-
zon were used together with the remaining planned maintenance activities during the
optimization stage.

Table 7. Representative subset of condition-based VE maintenance requests forwarded to the
optimizer.

GU Recommended
Horizon

Upper Gasket
Length

Lower Gasket
Length

Replacement
Probability

41 25 days 1 mm 1 mm 92.45%
31 44 days 5 mm 7 mm 87.65%
13 60 days 10 mm 9 mm 91.02%

In the evaluated annual scheduling instance, 13 VE maintenance activities generated
by the condition-based module were incorporated into the optimization. Since the pre-
dictive module returns the number of days until the recommended intervention, only
recommendations falling within the reference 365-day planning horizon were included
in the current scheduling instance. Recommendations extending beyond this horizon are
considered in subsequent planning periods.

In the present framework, the recommended VE dates are treated as deterministic
inputs to the scheduling stage. Consequently, uncertainty in the degradation forecast
may shift the preferred maintenance date and, indirectly, the final scheduled allocation.
The optimization layer ensures operational feasibility by relocating an activity to the closest
feasible date whenever its recommended date violates a hard constraint; however, uncer-
tainty in the degradation forecast itself is not explicitly modeled in the current scheduling
formulation. Incorporating prediction uncertainty or alternative degradation scenarios into
the optimization process constitutes a relevant extension for future work.

4.3. Prioritization Results

The prioritization module ranked candidate interventions by combining two com-
plementary dimensions. The first one is the global criticality of each maintenance type,
represented by Gm (3), which reflects the relative importance of the maintenance class
according to impact on FID, rescheduling relevance, required maintenance resources,
and degradation condition. The second one is the local condition score ℓu,m, which ranks
the generating units within each maintenance type according to the specific technical
indicators associated with that intervention.

This distinction is important because the optimization problem should not be re-
duced to hydrological convenience alone. High-priority activities may combine stronger
degradation conditions with different rescheduling implications, resource requirements,
and hydrological impacts. Therefore, the prioritization module first identifies which main-
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tenance types are globally more critical and then determines which generating units are
more urgent within each maintenance class.

Table 8 presents the four highest-ranked maintenance types obtained from the global
criticality assessment. The maintenance type C obtained the highest score, followed by
RAC, CV and TAR. This result indicates that, before considering unit-specific conditions,
these maintenance classes have the largest relative importance in the prioritization model.

Table 8. Highest-ranked maintenance types according to global criticality score.

Rank Maintenance Type Global Criticality Score Gm

1 C 0.476
2 RAC 0.376
3 CV 0.359
4 TAR 0.356

The final output of the prioritization module is an ordered list of generating-unit–
maintenance pairs. For each pair (u, m), the global priority score ρu,m is obtained by
weighting the local condition score of the unit by the global criticality score of the corre-
sponding maintenance type. Thus, the score used to rank the pair is given by (4).

Table 9 shows the five highest-ranked generating-unit–maintenance pairs. Since
maintenance type C has the largest global criticality score in Table 8, units with high local
scores for this maintenance class appear at the top of the global pair ranking. For example,
GU 28 has a local score equal to 1.00 for maintenance C, resulting in a global priority score
of approximately 1.00× 0.476 = 0.476.

Table 9. Highest-ranked generating-unit–maintenance pairs forwarded to the optimization module.

Rank GU Maintenance Local Score ℓu,m Global Score ρu,m

1 28 C 1.00 0.4760
2 30 C 0.94 0.4474
3 29 C 0.93 0.4427
4 23 C 0.91 0.4332
5 4 RAC 1.00 0.3760

The link between Tables 8 and 9 illustrates how the prioritization mechanism combines
maintenance-level and unit-level information. The maintenance ranking defines the relative
weight of each intervention class, while the local ranking identifies the most critical units
inside each class. As a result, the optimizer receives a reduced and ordered set of candidate
interventions that reflects both the technical urgency of the assets and the strategic relevance
of each maintenance type. These global scores are subsequently used in the fitness-function
penalization mechanism, so that delaying or poorly allocating high-priority activities has a
stronger effect on the objective value.

4.4. Optimization Performance

The optimization performance was evaluated through 1000 independent executions
of each method. Since the proposed objective function aggregates hydrological impact,
priority-related penalties, seasonal allocation penalties, and end-of-horizon overrun penal-
ties, lower fitness values indicate better maintenance schedules. Table 10 summarizes the
descriptive statistics obtained in the benchmark campaign.

The proposed LNS method achieved the best overall performance among the evaluated
approaches. Its mean fitness was 3587.68, compared with 3939.45 for ACO and 3964.54
for GA. This represents an average fitness reduction of approximately 8.93% relative to
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ACO and 9.51% relative to GA. The best solution found by LNS reached a fitness value
of 3423.48, improving the best ACO solution by approximately 10.02% and the best GA
solution by approximately 9.17%.

Table 10. Benchmark statistics for the evaluated optimization methods over 1000 independent
executions. Lower fitness values are better.

Method Mean Fitness Std. Dev. Best Worst Mean Time (s)

LNS 3587.68 65.69 3423.48 3717.00 19.58
ACO 3939.45 37.92 3804.57 3953.69 61.02
GA 3964.54 80.80 3769.06 4232.16 79.22

An important result is that even the worst LNS solution obtained in the 1000 executions,
with a fitness of 3717.00, was better than the best solution found by ACO and GA in the
same benchmark campaign. This suggests that, for the tested configuration, the FID-
guided destroy-and-repair mechanism consistently directed the search toward regions of
the solution space with better maintenance allocation quality.

The computational time also favored the proposed approach. LNS required an average
execution time of 19.58 s, while ACO and GA required 61.02 s and 79.22 s, respectively.
Therefore, LNS was approximately 3.12 times faster than ACO and 4.05 times faster than GA.
This difference is relevant for practical maintenance planning, where several scenarios may
need to be evaluated by changing hydrological assumptions, priority weights, execution
limits, or operational constraints.

Regarding dispersion, LNS presented a standard deviation of 65.69, which is higher
than the ACO deviation of 37.92 but lower than the GA deviation of 80.80. However,
the lower dispersion of ACO should be interpreted together with its higher mean fitness
and narrow convergence around a less competitive region of the search space. In contrast,
LNS combined lower average fitness, lower best fitness, and a worst-case result that
remained superior to the best results of the benchmark methods.

Figure 5 shows the best-run fitness progress for each optimization method. The LNS
curve exhibits a sequence of improvements throughout the search process, with relevant
reductions occurring not only in the initial iterations but also in later stages of the run.
This behavior indicates that the destroy-and-repair mechanism continued to identify and
improve high-impact portions of the maintenance schedule. GA showed an early reduction
followed by a long stagnation plateau, while ACO continued to improve gradually but
converged to a final fitness value above that of the best LNS solution.

The distribution of final fitness values is presented in Figure 6. The boxplot confirms
the ranking observed in Table 10. LNS produced the lowest fitness distribution among the
three methods, with its interquartile range concentrated below the final values obtained
by ACO and GA. GA presented the largest dispersion and the highest worst-case value,
indicating greater sensitivity to initialization and evolutionary search dynamics. ACO
exhibited a more compact distribution, but concentrated around a higher fitness level,
suggesting premature convergence to a less favorable region.

Overall, these results indicate that the proposed LNS implementation is better suited
to the structure of the hydropower maintenance scheduling problem. By explicitly targeting
high-FID periods during the destroy phase and reconstructing the schedule under hard
feasibility constraints during the repair phase, LNS achieved lower fitness values with
substantially lower computational effort.
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Figure 5. Best-run fitness progress by optimization method.

Figure 6. Distribution of final fitness values obtained by each optimization method over 1000 inde-
pendent executions.

4.5. Sensitivity Analysis
4.5.1. Prioritization-Weight Sensitivity

The sensitivity analysis of the expert-defined prioritization weights showed that
moderate perturbations produced only limited changes in the overall ranking structure.
Each of the four nominal weights was independently varied by ±20% and the complete
vector was renormalized before recalculating the maintenance-class and generating-unit–
maintenance priority scores. Across the eight perturbed configurations, the Spearman
correlation with the nominal maintenance-class ranking remained between 0.973 and 0.995,
whereas the correlation for the generating-unit–maintenance ranking remained above
0.998. The maximum displacement observed at maintenance-class level was two ranking
positions, and the overlap among the 20 highest-priority generating-unit–maintenance
pairs remained between 95% and 100%.
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The largest ranking change occurred when the degradation criterion, which has the
largest nominal weight, was increased by 20%. Nevertheless, even in this configuration, the
generating-unit–maintenance ranking retained a Spearman’s correlation of approximately
0.999 with the nominal configuration. These results indicate that the prioritization proce-
dure is not strongly dependent on moderate variations in a single expert-defined weight,
although local exchanges among activities with similar priority scores may occur.

Figure 7 summarizes the rank-correlation results for all tested perturbations. In the
figure, C1 denotes the impact-on-FID criterion, with nominal weight w1 = 0.20; C2 denotes
rescheduling relevance, with w2 = 0.10; C3 denotes required maintenance resources,
with w3 = 0.10; and C4 denotes degradation condition, with w4 = 0.60. The labels −20%
and +20% indicate the individual perturbation applied to the corresponding nominal
weight before renormalizing the complete weight vector. The nominal case represents the
unperturbed reference configuration. As shown in the figure, both ranking levels remain
highly correlated with the reference case across all tested perturbations, with the largest
visible variation occurring for the maintenance-class ranking when the degradation weight
is increased.

Figure 7. Spearman’s rank correlation obtained after independent ±20% perturbations of the prioriti-
zation weights. Correlations are reported for both maintenance-class rankings and generating-unit–
maintenance pair rankings.

4.5.2. Fitness-Coefficient Sensitivity

The second sensitivity analysis examined whether moderate changes in the four fitness
coefficients materially affect the hydrological impact or the resulting maintenance schedule.
Table 11 summarizes the mean results obtained from the 37 paired complete schedules
available for each coefficient configuration.

Table 11. Sensitivity of the LNS solutions to independent ±20% perturbations of the fitness coeffi-
cients. Values are averages over 37 paired complete schedules.

Scenario Mean FID (h) ∆Fref Mean Start Shift (Days) Within ±7 Days (%)

Nominal 340.77 0.00 0.00 100.00
FID −20% 346.79 −0.63 4.31 94.88
FID +20% 343.01 26.34 3.69 96.45
Priority −20% 345.69 44.93 12.60 86.16
Priority +20% 348.14 14.12 5.18 93.87
Dry-period −20% 346.64 11.95 5.76 93.51
Dry-period +20% 347.57 11.13 7.00 92.05
End-of-horizon −20% 340.77 0.00 0.00 100.00
End-of-horizon +20% 340.77 0.00 0.00 100.00
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In Table 11, ∆Fref denotes the difference between the mean reference fitness of each
perturbed scenario and that of the nominal configuration; therefore, negative values indicate
a lower mean reference fitness.

The mean FID remained relatively stable across the tested coefficient perturbations.
The nominal configuration produced a mean FID of 340.77 h, while the perturbed configu-
rations ranged from 340.77 to 348.14 h. The largest mean difference relative to the nominal
configuration was 7.37 h, corresponding to approximately 2.2%. Therefore, none of the
moderate one-at-a-time coefficient changes produced a large variation in the hydrological-
impact metric.

Figure 8 provides the corresponding graphical comparison of the mean FID values and
their 95% confidence intervals across the nominal and perturbed coefficient configurations.
The substantial overlap among the confidence intervals is consistent with the limited
variation in mean FID observed over the tested range.

The component-level responses nevertheless confirm that the preference coefficients
influence the intended trade-offs. Reducing λP by 20% increased the mean priority-related
penalty by 56.71 h, whereas increasing λP reduced this component slightly relative to the
nominal configuration. Similarly, increasing λD by 20% reduced the mean dry-period
penalty by 18.30 h. These changes were accompanied by comparatively small variations in
the common reference fitness, whose largest mean deviation from the nominal configuration
was 44.93, approximately 1.4% of the nominal mean reference fitness.

At the schedule level, most coefficient perturbations also produced limited temporal
changes. For the FID coefficient perturbations, approximately 95–96% of the movable
maintenance activities remained within seven days of their nominal start dates. The greatest
schedule sensitivity was observed when λP was reduced by 20%, for which the mean
absolute start-date displacement reached 12.60 days and 86.16% of the movable activities
remained within seven days of the nominal schedule. Increasing the dry-period coefficient
also produced a more noticeable, but still localized, schedule adjustment, with a mean
displacement of 7.00 days and 92.05% of movable activities remaining within seven days.

Changes of±20% in λE produced no schedule changes in the analyzed case, indicating
that this perturbation range was insufficient to modify the trade-off associated with the
limited end-of-horizon unavailability observed in these schedules. This result should not be
interpreted as implying that the end-of-horizon coefficient is generally inactive, but rather
that its influence was limited within the tested range and case-study conditions.

Figure 8. Mean FID obtained under independent ±20% perturbations of the four fitness coefficients.
Error bars indicate 95% confidence intervals across the 37 paired complete schedules.
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4.6. Schedule-Level Analysis

The optimized schedule was also analyzed from an operational perspective. Al-
though the fitness value provides a compact numerical indicator of solution quality, it
does not fully describe how maintenance activities are distributed across the planning
horizon. For this reason, schedule-level visualizations are required to verify whether the
optimized plan is coherent with practical execution constraints, generating-unit availability,
maintenance duration, and hydrological opportunity.

Figure 9 presents the final maintenance schedule obtained by the proposed LNS
method. The chart is represented in the Gantt format, where each row corresponds to
a generating unit with at least one scheduled intervention and each horizontal segment
represents the execution interval of a maintenance activity. The color of each segment
identifies the corresponding maintenance type.

Figure 9. Optimized maintenance schedule obtained by the proposed LNS method. Each row
represents a generating unit with at least one scheduled intervention, and each colored bar indicates
the execution interval of a maintenance activity. Colors identify maintenance types.

The Gantt representation shows that the optimized plan concentrates the selected
interventions mainly between July and December 2026. This behavior is consistent with
the objective of reallocating planned outages toward periods that are more favorable
from the hydrological and operational perspectives. Long-duration activities, such as
maintenance type C, are clearly visible due to their extended execution windows, while
shorter grouped interventions, such as CDG, appear as synchronized activities across
multiple generating units. This visualization also allows for the planner to inspect possible
temporal concentration effects, verify the coexistence of different maintenance classes,
and evaluate whether the resulting schedule is operationally interpretable.

Activities extending beyond 31 December 2026, are allowed by the soft-horizon formu-
lation and are penalized through Ph

end(x), rather than being treated as hard infeasibilities.
In addition to the Gantt chart, the hydrological impact of the schedule was evaluated

through the temporal distribution of generating-unit unavailability associated with FID.
Each daily bar represents the number of unavailable generating units contributing to the
hydrological impact under the considered operating condition, providing a temporal view
of the concentration of maintenance-induced unavailability over the planning horizon.

Figure 10 compares the baseline schedule with the best schedule obtained by the
proposed LNS method. The baseline schedule presented a FID value of 452 equivalent
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unavailability hours, whereas the optimized LNS schedule reduced FID to 302 h, corre-
sponding to an approximate reduction of 33.2%. The maximum daily concentration of
impacted generating units was also reduced from approximately 10 to 6 units.

To complement the FID-impact analysis, the baseline and optimized schedules were
also compared in terms of the individual components of the fitness function. This de-
composition is important because the optimization objective does not depend exclusively
on hydrological impact, but also accounts for maintenance-priority consistency, seasonal
allocation preferences, and end-of-horizon extensions. Table 12 reports each component
evaluated under the reference coefficient configuration.

Table 12. Fitness-function components for the baseline and optimized LNS schedules.

Component Baseline Optimized LNS Change (%)

FID(x) 452.00 302.00 −33.2
Ph

prio(x) 3069.35 2394.76 −22.0
Ph

dry(x) 1165.44 710.88 −39.0
Ph

end(x) 0.00 15.84 –
Total fitness F(x) 4686.79 3423.48 −27.0

The component-wise comparison shows that the improvement in total fitness was
not driven exclusively by the hydrological term. The FID component decreased from
452.00 to 302.00, corresponding to a reduction of 33.2%. The priority-related component
decreased from 3069.35 to 2394.76, a reduction of approximately 22.0%, while the dry-
period component decreased from 1165.44 to 710.88, corresponding to a reduction of
approximately 39.0%. In contrast, the end-of-horizon component increased from 0.00 to
15.84, indicating that the optimized schedule accepted a limited amount of maintenance
unavailability beyond the reference planning horizon. Despite this increase, the total fitness
decreased from 4686.79 in the baseline schedule to 3423.48 in the optimized schedule,
corresponding to an overall reduction of approximately 27.0%.

These results reveal the trade-offs inherent in the multi-component objective function.
The LNS substantially reduced the hydrological-impact, priority-consistency, and seasonal-
allocation components, while accepting a small end-of-horizon penalty. In particular,
the reduction in Ph

prio(x) indicates that the hydrological improvement was achieved without
systematically postponing higher-priority maintenance activities, whereas the reduction in
Ph

dry(x) shows that fewer discouraged five-blade-unit outages were allocated during the

dry period. The increase in Ph
end(x) reflects the use of the soft-horizon mechanism, which

allows for some maintenance execution to extend beyond the reference planning horizon
when this produces a more favorable overall schedule. Therefore, the 27.0% reduction in
total fitness reflects the balance established among hydrological opportunity, maintenance
urgency, seasonal allocation, and end-of-horizon effects.

The baseline schedule corresponds to the original maintenance plan provided by the
plant planning team before optimization. Both the baseline and optimized schedules were
evaluated using the same hydrological series, maintenance durations, candidate activities,
and FID calculation procedure.

The comparison in Figure 10 indicates that the optimization procedure did not merely
improve the aggregate fitness value. It also changed the temporal structure of the outages
in a way that reduced the hydrological impact of the maintenance plan. In the baseline
schedule, FID-impacting outages were more concentrated in specific periods, especially
around May–June, late July–August, and November. After optimization, the impacts were
redistributed mainly between late July and November, with lower accumulated impact and
a reduced peak number of affected units.
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This result is directly related to the FID-guided destroy-and-repair mechanism of
the LNS algorithm. By identifying high-impact days, removing selected non-protected
activities from those intervals, and reinserting them into feasible lower-impact windows,
the optimizer was able to reduce both the accumulated FID-related impact and the sever-
ity of the most critical daily concentrations. At the same time, the schedule remained
constrained by maintenance priorities, resource limitations, portico restrictions, electrical
constraints, hydraulic conditions, and island-level synchronization requirements.

(a) Baseline schedule. (b) Optimized LNS schedule.

Figure 10. Daily number of FID-impacting generating units in the baseline and optimized mainte-
nance schedules.

Overall, the schedule-level analysis confirms that the proposed method provides not
only lower numerical fitness values but also operationally meaningful maintenance plans.
The optimized schedule preserves the structure required for practical execution while
improving the alignment between planned outages and hydrological availability.

5. Conclusions
This paper proposed an integrated decision-support framework for hydrology-aware

maintenance scheduling in a large run-of-river hydropower plant. The framework com-
bines condition-based maintenance inputs, multi-criteria prioritization, and a FID-guided
Large Neighborhood Search algorithm to construct feasible maintenance schedules while
accounting for asset condition, maintenance urgency, hydrological opportunity, and opera-
tional constraints.

The computational results obtained with real operational data from the Santo Antônio
Hydropower Plant showed that the proposed LNS outperformed the GA and ACO benchmark
methods over 1000 independent executions. LNS achieved the lowest mean fitness value,
the best individual solution, and the shortest average execution time among the evaluated
algorithms. Its mean fitness was 3587.68, compared with 3939.45 for ACO and 3964.54 for GA,
corresponding to average reductions of approximately 8.93% and 9.51%, respectively.

At the schedule level, the optimized plan reduced FID from 452 h in the baseline
schedule to 302 h, corresponding to a 33.2% reduction. The maximum daily concentration
of impacted units was also reduced from approximately 10 to 6 units. The component-wise
evaluation further showed reductions of approximately 22.0% in the priority-related term
and 39.0% in the dry-period term, while the end-of-horizon penalty increased from 0 to
15.84 h. Despite this limited horizon-extension penalty, the total fitness decreased from
4686.79 in the baseline schedule to 3423.48 in the optimized schedule, corresponding to an
overall reduction of approximately 27.0%. These results indicate that the proposed method
not only improves the aggregate objective-function value, but also reallocates eligible main-
tenance activities toward periods of lower hydrological impact while preserving feasibility
with respect to resource, portico, electrical, hydraulic-level, and island-level constraints.

The results also highlight the practical relevance of combining hydrological impact
with maintenance priority. A purely hydrology-driven optimizer could postpone techni-
cally critical activities, whereas the proposed formulation incorporates condition-based
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maintenance recommendations and multi-criteria priority scores into the scheduling pro-
cess. This allows the optimized schedule to remain aligned with both operational opportu-
nity and asset-management requirements.

The sensitivity analyses further showed that the main results are not strongly affected
by moderate variations in the adopted preference parameters. Perturbing the expert-
defined prioritization weights by ±20% preserved very high rank correlations, with mini-
mum values of Spearman’s coefficients of approximately 0.973 for maintenance classes and
0.999 for generating-unit–maintenance pairs. Likewise, independent±20% perturbations of
the fitness coefficients changed the mean FID by at most approximately 2.2% relative to the
nominal configuration. Some schedule-level sensitivity was observed, particularly when
the priority coefficient was reduced, indicating that the coefficients influence the temporal
trade-offs among feasible schedules even when the aggregate hydrological performance
remains comparatively stable.

Future work will investigate additional hydrological and maintenance-demand sce-
narios and extend the sensitivity analyses presented in this study beyond the moderate
parameter perturbations considered here, including broader combinations of operational
conditions, resource availability, and maintenance requirements.
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