
8.3.4 Maintenance 
Strategy Modeling:

Grouped Maintenance 
Strategies for Multi-
Component Systems



Motivation for Grouped Maintenance
The traditional approach of maintaining each component independently in multi-component systems presents significant 
inefficiencies in modern industrial environments. This inefficiency is particularly evident in complex systems where components share 
spatial proximity, functional relationships, or require similar maintenance resources.

Grouped maintenance strategies have emerged as a solution to these inefficiencies, aiming to reduce total maintenance costs and 
system downtime through coordinated interventions. The fundamental principle involves balancing the trade-offs between individual 
component optimal maintenance timing and the benefits of synchronized maintenance activities.

Positive Effects of Grouping

Shared setup costs across multiple components

Reduced total system downtime

Optimized logistics (tools, parts, personnel)

Decreased administrative overhead

Better resource utilization (maintenance crews)

Negative Effects of Grouping

Premature replacement of components

Increased skill requirements for technicians

Potential increase in failure probability due to maintenance-
induced errors

Complexity in planning and coordination

Possible increase in short-term costs
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Indirect Grouping: Selective Maintenance
Indirect grouping, also known as selective maintenance strategies, represents a threshold-based approach to maintenance 
coordination. This method relies on decision indicators to determine when maintenance actions should be triggered across 
multiple components.

Core Principles of Selective Maintenance

In selective maintenance, interventions are triggered when one or more carefully selected decision indicators exceed 
optimized critical thresholds. The effectiveness of this approach heavily depends on the construction of reliable decision 
indicators that accurately reflect component and system health.

The selection of appropriate indicators and their corresponding thresholds must balance the risk of failure against maintenance 
costs, while accounting for the interactions between components and their relative importance to system function.

This approach enables maintenance teams to prioritize activities based on system criticality, resource availability, and 
operational requirements without necessarily determining detailed grouping structures in advance.



Key Decision Indicators in Selective Maintenance

1

Degradation Level
A direct, intuitive measure of component health 
based on physical or performance parameters.

Decision rule: Action if 

(t) gX̂ D  crit

Advantages: Simple to interpret when monitoring 
is accurate; provides direct insight into 
component condition.

Limitations: Highly sensitive to measurement 
noise and imperfect detection; often requires 
sophisticated filtering techniques (stochastic 
filtering, hidden Markov models) to improve 
reliability.

2

Conditional Hazard Rate
A measure that incorporates environmental and 
operational factors to estimate failure probability 
in the short term.

Mathematical representation: 

h(t#x) =  

S(t#x)
f(t#x)

Advantages: Captures dynamic failure behavior 
under varying conditions; provides immediate risk 
assessment.

Limitations: Complex to calculate and interpret; 
often not directly observable in practice; requires 
substantial historical data for accurate estimation.

3

Conditional Remaining Useful Life 
(RUL)
A predictive metric that estimates future behavior 
using current monitoring data.

Mathematical representation: 

RUL(t) = E[T 2 t#X(t)]

Advantages: Provides forward-looking 
assessment; enables proactive planning; more 
precise than non-conditional RUL.

Limitations: Prediction accuracy diminishes with 
longer time horizons; requires sophisticated 
prognostic models; sensitive to unexpected 
operational changes.

The selection of appropriate indicators depends on the specific application context, available monitoring capabilities, and the criticality of the system under 
consideration. Modern maintenance strategies often employ multiple complementary indicators to improve decision robustness.



Factors Affecting Selective Maintenance Effectiveness

Indicator Quality
The accuracy, reliability, and sensitivity of the chosen indicators 
significantly impact maintenance decisions. Poor indicators lead to 
suboptimal timing of interventions.

Measurement precision

Signal-to-noise ratio

Update frequency

System Structure
The arrangement of components (series, parallel, k-out-of-n) 
determines how individual component conditions affect system 
performance.

Series: system fails if any component fails

Parallel: redundancy provides resilience

K-out-of-n: system functions if k of n components work

Dependencies
Relationships between components can be economic, stochastic, or 
structural, affecting optimal maintenance timing.

Economic: shared setup costs

Stochastic: failure of one affects others

Structural: physical access requirements

Support Constraints
Resource limitations often restrict when and how maintenance can be 
performed, regardless of indicator status.

Spare parts availability

Technician skills and availability

Equipment and tool requirements

These factors interact in complex ways, necessitating a systems approach to selective maintenance planning. Organizations must consider these elements 
holistically when designing and implementing selective maintenance strategies.
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Direct Grouping: Dynamic Maintenance
Direct grouping, also referred to as dynamic grouping strategies, represents a more sophisticated approach to maintenance 
coordination. Unlike selective maintenance which operates primarily through thresholds, direct grouping determines 
maintenance groups jointly over a finite planning horizon according to specific optimization criteria.

This approach aims to find the optimal combination of components to maintain simultaneously, considering both immediate 
needs and future projections. The dynamic aspect refers to the continuous re-evaluation and adjustment of maintenance 
groups as new information becomes available and system conditions evolve.

Direct grouping strategies explicitly model the dependencies between components and the economic benefits of grouping, 
allowing for more precise cost optimization at the system level. However, this increased precision comes at the cost of greater 
computational complexity and data requirements.



Optimization Methods for Direct Grouping

Dynamic Programming
This approach breaks down the maintenance grouping problem into simpler sub-
problems and combines their solutions to address the overall challenge.

Optimal for problems with overlapping sub-problems and optimal substructure

Can handle time-dependent costs and failure rates

Computational complexity increases exponentially with system size

Well-suited for sequential decision-making under uncertainty

Genetic Algorithms
These evolutionary algorithms mimic natural selection to search for near optimal 
maintenance grouping solutions.

Effective for large-scale systems with many components

Can handle non-linear relationships and complex constraints

Do not guarantee global optimality but find good solutions efficiently

Particularly useful when the objective function is not differentiable

Heuristics & Simulated Annealing
These methods use approximation techniques and probabilistic approaches to find 
near-optimal grouping solutions.

Computationally efficient for very large systems

Can escape local optima through controlled randomization

Easily adaptable to different system structures and constraints

Particularly valuable when quick solutions are needed

Deep Reinforcement Learning
Leverages reinforcement Learning combined with deep neural networks to learn 
optimal maintenance policies through trial and error thanks to a reward function.

Excels in complex, high-dimensional environments with continuous state and 
action spaces

Can adapt to dynamic changes and previously unseen scenarios without 
explicit programming

Requires large amounts of data or extensive simulation for training

Offers potential for highly adaptive and predictive maintenance strategies

The selection of an appropriate optimization method depends on the system complexity, available computational resources, and the required solution quality. In practice, many 
maintenance management systems implement hybrid approaches that combine multiple methods to balance optimality and computational efficiency.



Cost Modeling in Direct Grouping

The fundamental economic justification for direct grouping stems from the cost savings achieved by performing maintenance 
actions simultaneously rather than independently. This can be represented mathematically as:

C  =total  C  2
i=1

3
n

i �C  group

Where:

Ctotal is the total maintenance cost with grouping

n is the number of individual component and Ci their maintenance costs

 �Cgroup represents the savings from grouping

The grouping savings �Cgroup typically arise from several sources:

Shared setup costs (equipment preparation, system shutdown)

Reduced downtime costs (production losses)

Optimized logistics (single dispatch of personnel and equipment)

Administrative efficiency (planning, documentation)

The effectiveness of direct grouping depends on accurately quantifying these cost components. This requires detailed cost 
accounting and may involve sophisticated models to estimate downtime impacts on production and revenue.



Contextual Information in Direct Grouping

Opportunistic Maintenance Windows
Direct grouping strategies capitalize on planned production stops, 
facility shutdowns, or operational pauses to perform maintenance 
activities with minimal impact on system availability. These windows 
are incorporated into the optimization model as periods with reduced 
downtime costs.

Example: A manufacturing plant schedules comprehensive 
maintenance during annual holiday shutdowns, coordinating 
interventions across multiple production lines simultaneously.

Component and System Behavior Changes
Degradation levels, condition indicators, and mission reliability metrics 
provide crucial inputs for dynamic grouping decisions. The 
optimization continuously incorporates updated condition monitoring 
data to refine maintenance schedules.

Example: When accelerated bearing wear is detected in a critical 
pump, the grouping algorithm reevaluates the maintenance schedule 
to include nearby components that would benefit from simultaneous 
intervention.

Logistic and Resource Constraints
Limited availability of spare parts, specialized tools, or qualified 
technicians creates boundaries within which grouping must be 
optimized. These constraints are formulated as hard or soft constraints 
in the optimization model.

Example: When only two specialized technicians are available, the 
grouping algorithm limits simultaneous maintenance to what can be 
accomplished by the available workforce.

Dynamic Operational Context
Changes in production schedules, environmental conditions, or 
business priorities can significantly impact the optimal grouping 
strategy. Dynamic grouping algorithms incorporate these factors as 
they evolve.

Example: During peak production seasons, the algorithm prioritizes 
minimal intervention strategies focused only on critical components, 
while scheduling more comprehensive grouping during low-demand 
periods.



Limitations of Direct Grouping

Despite its theoretical advantages, direct grouping faces several practical challenges that can limit its effectiveness in certain contexts:

System Structure Sensitivity
Strategies optimized for one system structure (e.g., series) may not transfer 
effectively to other structures (e.g., parallel or k-out-of-n). This necessitates 
custom modeling for each system type, increasing implementation complexity.

For example, in series systems, component failures have immediate system-
wide impacts, while parallel systems with redundancy may tolerate individual 
failures, fundamentally changing the grouping calculus.

Computational Complexity
For large systems with many components, the combinatorial nature of 
potential groupings creates computational challenges. As component count 
increases, the solution space grows exponentially, potentially making exact 
optimization intractable.

Industrial systems with hundreds or thousands of maintainable components 
often require significant simplification or approximation methods to make 
dynamic grouping computationally feasible.

Data Requirements
Effective direct grouping requires accurate data on component degradation 
patterns, failure distributions, maintenance costs, and dependency 
relationships. Obtaining and maintaining this data at sufficient quality presents 
a significant operational challenge.

Organizations often struggle with inconsistent historical records, incomplete 
cost accounting, and limited sensor coverage, all of which compromise the 
quality of grouping optimization.

Model Fidelity
Mathematical models necessarily simplify complex real-world systems. 
Assumptions about cost structures, degradation processes, and component 
interactions may not fully capture operational realities, leading to suboptimal 
grouping decisions.

Regular validation and calibration of models against actual maintenance 
outcomes is essential but often neglected in practice.



Comparative Analysis: Indirect vs. Direct 
Grouping
Both indirect (selective) and direct (dynamic) grouping strategies offer distinct approaches to maintenance coordination, each 
with specific strengths, limitations, and application contexts. Understanding these differences is crucial for selecting the most 
appropriate strategy for a given maintenance scenario.

The following analysis compares these approaches across multiple dimensions, highlighting key considerations for 
maintenance engineers and reliability analysts when designing and implementing grouped maintenance strategies.



Feature Comparison: Indirect vs. Direct Grouping

Feature Indirect Grouping (Selective) Direct Grouping (Dynamic)

Decision Basis Thresholds on indicators (degradation, RUL) Joint optimization over planning horizon

Computational Requirements Moderate (indicator-based rules) High (sophisticated optimization algorithms)

Adaptivity Event-driven (indicator exceeds threshold) Horizon-driven, updates periodically

Implementation Complexity Lower (rule-based approach) Higher (requires optimization framework)

Data Requirements Moderate (indicator thresholds, component data) High (detailed cost models, component interactions)

Strengths Simple, interpretable, robust to uncertainty More cost-efficient at system level, considers future 
states

Limitations May ignore global optimality, reactive nature High complexity, data intensive, computationally 
demanding

Best Suited For Systems with limited monitoring, uncertain 
environments

Well-understood systems with extensive monitoring 
and data


