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INTRODUCTION

ABSTRACT

Modern air-defense environments are characterized by rapidly changing mission
scenarios, heterogeneous sensing and response resources, uncertain threat
directions, and increasingly complex operational constraints. Conventional
resource-deployment approaches that rely primarily on predefined rules and expert
experience have difficulty representing the large combinatorial search spaces and
dynamic interactions among sensing, command-and-control, and response
functions. This study develops a Digital Twin-Enabled Intelligent Generation and
Optimization Framework for Mission Scenario-Driven Air Defense Resource
Deployment Schemes. The proposed framework integrates digital-twin modeling,
scenario-driven representation, intelligent optimization, and stochastic coverage
estimation into a unified decision-support architecture. A mathematical
representation is established to describe the relationship between mission
scenarios, sensing resources, response resources, spatial coverage, compatibility
constraints, and uncertainty. A nested evolutionary optimization strategy is
introduced at the conceptual level to efficiently explore large solution spaces,
while Monte Carlo sampling is employed to estimate spatial coverage and
characterize overlapping functional regions. Three representative analytical
problems are examined: single-resource optimization, joint sensing-response
optimization, and deployment robustness under uncertain approach directions. The
results derived from the reference scenarios indicate that intelligent optimization
can substantially reduce the computational burden associated with exhaustive
enumeration while producing more balanced and comprehensive resource-
allocation solutions. The incorporation of a digital twin further enables continuous
synchronization between scenario models, resource states, environmental
conditions, and simulation outcomes. The study demonstrates that the combination
of digital twins and intelligent optimization provides a promising methodological
foundation for future air-defense simulation and decision-support research,
particularly for complex, uncertain, and dynamically evolving environments.

Future air-defense environments are expected to become increasingly complex as the tempo of
engagement accelerates, mission scenarios diversify, and heterogeneous sensing, command-and-
control, and response capabilities become increasingly interconnected. Traditional approaches to
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resource planning have generally treated an operational unit or platform as the basic deployment
element and have relied heavily on predefined rules, fixed configurations, and expert experience. Such
approaches become increasingly difficult to apply when resources are decoupled into functional
elements and dynamically coordinated through networked architectures.

The transformation from platform-centered organization toward distributed, network-enabled resource
architectures introduces new requirements for resource planning and deployment. Functional resources
may include sensing resources, command-and-control resources, communication resources, and
response resources. Their effectiveness is not determined solely by individual performance
characteristics but also by their spatial relationships, compatibility, information connectivity, temporal
synchronization, and interactions with the mission scenario.

Two fundamental challenges therefore emerge.

First, the number of decision variables increases substantially. Once conventional operational units are
decomposed into functional elements, the possible combinations of resource types, locations,
orientations, and task assignments can become extremely large. The resulting search space may grow
rapidly with the number of resources and scenario variables. Simple rule-based approaches based on
extensive conditional statements are consequently inadequate for exploring the complete solution
space.

Second, deployment planning must simultaneously satisfy numerous constraints. These constraints
may involve resource compatibility, spatial accessibility, communication connectivity, functional
capacity, geographical restrictions, mission priorities, and uncertainty in the operating environment.
Furthermore, these constraints may interact with each other, meaning that an improvement in one
performance indicator can adversely affect another.

Therefore, mission scenario-driven resource optimization requires a transition from static, experience-
based planning toward computationally assisted and dynamically adaptive decision support.

Digital twin technology provides an important foundation for this transition. A digital twin can
maintain a continuously updated digital representation of a physical or organizational system,
incorporating changes in resource status, environmental conditions, mission requirements, and
simulation outcomes. When combined with intelligent optimization, it can provide a closed-loop
framework in which scenario generation, resource modeling, simulation, optimization, and evaluation
are continuously connected.

Previous studies have investigated resource allocation, sensor scheduling, operational effectiveness
evaluation, and optimization algorithms in air-defense-related applications. Researchers have
developed quantitative models for evaluating system-level capabilities and have investigated
optimization methods including evolutionary algorithms, particle swarm optimization, and multi-
sensor coordination techniques. However, many existing approaches remain dependent on relatively
static scenario assumptions and do not fully integrate dynamic digital representations with intelligent
optimization.

Against this background, this study proposes a Digital Twin-Enabled Intelligent Generation and
Optimization Framework for Mission Scenario-Driven Air Defense Resource Deployment Schemes.
The main contributions are as follows:

1. A mission-scenario-driven digital representation of heterogeneous air-defense resources is
established.
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2. A generalized mathematical framework is developed for evaluating spatial and functional
coverage under multiple constraints.

3. A nested evolutionary optimization strategy is introduced as an efficient computational
mechanism for large combinatorial search spaces.

4. Monte Carlo sampling is incorporated to estimate effective spatial coverage and overlapping
functional regions.

5. Three representative optimization problems are examined: single-resource optimization, joint
sensing-response optimization, and optimization under uncertain approach directions.

6. A digital-twin feedback mechanism is proposed to enable continuous updating of scenario and
resource models.

The objective is not to prescribe operational employment procedures but to establish a generalized
computational methodology that can support research, simulation, training, and system-level decision
analysis.

2. Digital Twin-Enabled Mission Scenario Representation
2.1 Overall Framework
The proposed architecture consists of five interconnected layers:
1. Mission scenario layer
2. Digital resource layer
3. Mathematical modeling layer
4. Intelligent optimization layer
5. Evaluation and visualization layer

The mission scenario layer describes the operating environment, mission objectives, environmental
uncertainty, and representative threat classes at an abstract level.

The digital resource layer maintains the virtual representation of sensing, command-and-control,
communication, and response resources. Each resource is represented by a digital state vector
containing generalized characteristics such as functional type, availability, spatial state, capacity,
compatibility, and operational constraints.

The mathematical modeling layer transforms the scenario into a formal optimization problem.

The intelligent optimization layer searches for high-quality feasible solutions without requiring
exhaustive enumeration.

Finally, the evaluation and visualization layer provides quantitative indicators and spatial
representations for analysis.

This architecture creates a closed loop:
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Scenario generation — Digital-twin synchronization — Modeling — Optimization — Simulation —
Evaluation — Model updating.

The same architecture can subsequently support different mission scenarios without requiring the
entire computational framework to be reconstructed.

2.2 Mission Scenario Modeling
A mission scenario can be represented as

where:
§={E,T,M,R,C,U},

o E denotes environmental conditions;

o T denotes abstract threat characteristics;
e M denotes mission requirements;

e R denotes available resources;

e C denotes operational constraints;

e U denotes uncertainty variables.

The scenario representation should remain sufficiently general to accommodate changes in
environmental conditions, resource availability, mission priorities, and uncertainty.

Unlike traditional static models, the proposed framework treats the scenario as a dynamic object. A
change in any major scenario variable can trigger model updating and re-evaluation.

2.3 Digital Representation of Resources

Each resource is represented by a digital-twin state:

D.(t) = {Typer, State,, Pos,, Capy, Comp;, Avail, },

where represents the functional category, represents its current state, represents its abstract spatial
state, represents functional capacity, represents compatibility information, and represents availability.

This representation permits the optimization model to distinguish between theoretically available
resources and resources that are actually available under the current scenario.

The digital-twin model can also record historical simulation results. Consequently, resource
characteristics can be updated through accumulated data rather than remaining permanently fixed.

3. Intelligent Optimization of Resource Deployment
3.1 Single-Resource Optimization

The simplest optimization problem concerns the deployment of a single functional resource category.
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For example, a sensing-resource optimization problem can be formulated as maximizing generalized
spatial coverage subject to resource-number, geographical, and functional constraints.

Let
X.f.e = {$]_, Layenn, I‘m}

denote the decision vector describing the deployment state of sensing resources.

The objective can be represented as

IﬂMET(X:s} = CH{XH} - P%(X.fr)v

where Cs denotes effective coverage and Ps represents penalties associated with constraint violations or
inefficient resource utilization.

Similarly, a generalized response-resource optimization problem can be expressed as
max F.(X;) = C.(X;) — P.(X;).
The framework deliberately separates functional coverage from platform-specific parameters so that

the model can be applied to different classes of simulation studies.

Figure 1 illustrates the conceptual spatial coverage of a representative sensing-resource configuration.
The responsibility-sector geometry shown in the figure should be understood as a schematic
representation; practical applications may incorporate terrain, environmental, accessibility, and other
scenario-specific constraints.

Figure 2 illustrates the corresponding conceptual optimization of response-resource coverage.
3.2 Joint Optimization of Sensing and Response Resources

In practical systems, sensing and response functions are interconnected. A response capability may
depend on information obtained through sensing and command-and-control networks.

Therefore, independently optimizing the two resource categories may result in theoretically high
individual coverage but relatively low effective system-level performance.

The joint optimization problem can be expressed as
max Fi. (X, X;)
subject to

X:i = R‘i* X‘F‘ € R‘F".
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And
T(X.ez -XT} =1,

where represents generalized compatibility and connectivity conditions.

Effective coverage can be represented by
Cﬁf}r =C,NC..
Thus, the model does not simply count the total coverage of individual resources. Instead, it evaluates

the functional overlap between sensing and response capabilities.

Figure 3 illustrates the conceptual relationship between sensing coverage and response coverage. The
intersection represents the generalized effective functional region.

This approach is important because it prevents the optimization process from treating resources as
isolated components.

3.3 Optimization under Uncertain Scenario Directions

A further complication arises when the future scenario cannot be represented by a single deterministic
direction or configuration.

Instead of optimizing only for one scenario , the proposed framework considers a set of possible
scenarios:

(0 = {s1,82,...,5L}.

The overall objective can then be formulated as
L
F(X) =) wyFy(X),
-1

where wq represents the importance or probability weight associated with scenario 0 .

The weights can be determined through scenario analysis, historical data, expert assessment, or
probabilistic modeling.

This formulation transforms the optimization problem from a single-scenario optimization problem
into a robustness-oriented optimization problem.

Figure 4 presents the conceptual framework for optimization under multiple uncertain scenario
directions.

4. Mathematical Model and Intelligent Solution Method

4.1 General Optimization Formulation
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The generalized deployment problem can be expressed as a constrained nonlinear optimization
problem:

max F(X)
subject to
XeR, R C U,
where X is the decision vector, U represents the overall decision space, and R denotes the feasible
solution space.

A generalized weighted coverage objective can be expressed as

me n

L
F(X] = L_{];,ZZZW:Jﬂgu AIJE?{X) o AP('X)

g-1 i=1 j=1

where:
e Sisthe total area of the evaluation region;
e L isthe number of representative scenarios;
e M is the number of sensing resources;
e N isthe number of response resources;
e Wi is a scenario-dependent weighting coefficient;
o g represents functional compatibility;
o Aij denotes effective overlapping coverage;
e P(X) represents penalties;
e Ais the penalty coefficient.

For a single-resource problem, the corresponding intersection term can be simplified to the coverage
area of the resource itself.

4.2 Constraint Representation
The model may incorporate several classes of generalized constraints:
Resource constraints

The number of available resources cannot exceed the inventory:
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N}L i: ﬂ;I'IET;.FHJT.

Spatial constraints

Resource states must remain within the predefined evaluation region:

x; € 1.

Functional constraints
A resource configuration must satisfy the required functional relationships.
Capacity constraints

The number of simultaneously supported functions cannot exceed the available capacity:
THar

Connectivity constraints

The required information or coordination relationships must remain feasible.

Scenario constraints

The resulting configuration must remain valid under the selected scenario assumptions.

Solutions that violate hard constraints are rejected or assigned sufficiently large penalty values.

5. Nested Evolutionary Optimization Framework
5.1 Motivation

The search space becomes extremely large when multiple resource categories, locations, orientations,
and scenario conditions are considered simultaneously.

Exhaustive enumeration may theoretically identify an optimum, but its computational cost increases
rapidly with problem dimensionality.

An evolutionary optimization framework provides an alternative by searching promising regions of the
solution space without evaluating every possible configuration.

The proposed nested strategy divides the optimization problem into multiple levels.

The outer optimization process determines high-level resource configuration variables, while the inner
optimization process evaluates compatible subordinate variables.

This structure reduces unnecessary searches and allows different decision variables to be processed
using different evolutionary operators.

5.2 Hierarchical Encoding

A generalized hierarchical chromosome can be represented as

Electrocatalytic Oxidation of Hydrogen Peroxide Anions by Chemisorbed Hydroxyl Species in Alkaline Media: Role of
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X = X*s: X‘r: Xf.']!

where:
e X, describes sensing-resource states;
o X, describes response-resource states;
o Xc describes compatibility or coordination states.
The encoding should remain abstract and independent of specific weapon systems.

For categorical resource states, integer encoding can be used. For continuous variables, real-valued
encoding may be more appropriate.

The combination of these representations allows heterogeneous decision variables to be handled
within the same optimization framework.

5.3 Genetic Operations

Different decision-variable types require different evolutionary operations.

For discrete variables, crossover and mutation can be performed using integer-based operators.
For continuous variables, real-valued crossover and perturbation operators can be employed.

Adaptive probabilities can be introduced:

P,r_' = Pp(ﬁ). P‘m = P‘m(t)a

Where P. and P, represent crossover and mutation probabilities.

At the beginning of optimization, a relatively high exploration capability is desirable. As the
population converges, the algorithm can gradually increase exploitation of promising regions.

5.4 Fitness Evaluation

The fitness value is determined by the generalized objective function:
Fitness(X) = F(X) — P(X).
A solution with high coverage but severe constraint violations should not be considered superior to a
feasible solution.
Therefore, the optimization framework incorporates feasibility into the fitness evaluation.

The complete computational process can be summarized as:

1. Generate the mission scenario.
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Initialize the digital twin.

Generate the initial population.

A won

Decode candidate configurations.

5. Evaluate spatial and functional coverage.

6. Apply constraint checks.

7. Calculate fitness.

8. Perform selection.

9. Apply crossover and mutation.

10. Update the digital scenario representation.

11. Repeat until the termination criterion is reached.
12. Compare and rank candidate solutions.

The complete architecture is shown in Figure 5, while the corresponding optimization workflow is
presented in Figure 6.

6. Monte Carlo-Based Spatial Coverage Estimation
6.1 Rationale

For irregular evaluation regions and heterogeneous coverage geometries, analytical calculation of the
exact effective area can become difficult.

Monte Carlo sampling provides a flexible alternative.

A large number of random evaluation points are generated within the region:
P ={p1,p2,...,pN}-

For each point P;, the model determines whether the point satisfies the relevant sensing and response
conditions.
The estimated coverage ratio is

{.ﬂ. . I\'TL'r;Iicf

where Nvaiia is the number of valid points.

The estimated area is then

= I"'rvaﬁcf
A=8—.
N
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Increasing N generally improves the statistical stability of the estimate.

6.2 Multi-Stage Evaluation

The proposed framework employs a multi-stage evaluation process.

First, the point is examined against the generalized sensing-coverage condition.

Second, its relationship with the corresponding response-resource coverage is evaluated.
Third, compatibility and scenario constraints are checked.

Only points satisfying the complete set of conditions are considered effective points.

This produces a more realistic representation of effective system-level coverage than simply adding
the individual coverage areas of different resources.

6.3 Boundary and Resource-Waste Penalties

An optimized solution may theoretically obtain high coverage by placing resources near or outside the
permitted evaluation region.

To prevent such solutions, a resource-waste penalty can be introduced:
Pu' = HArﬂrt.‘i‘iffﬁ!

Where Aouside denotes the generalized area or resource contribution outside the permitted region and é
is a penalty coefficient.

The final objective therefore becomes
Fft'ﬂai = (;n.‘ff T .Bc?gm'm'ity - UAm:t:sid&::

where Cpriority represents coverage of priority areas and B is its weighting coefficient.

This formulation encourages the optimization process to balance overall coverage, priority-region
performance, and efficient resource utilization.

7. Computational Analysis
7.1 Single-Resource Optimization

The first analytical experiment examines the optimization of one resource category while other
resource functions are represented through fixed background conditions.

The reference scenario compares an evolutionary optimization strategy with exhaustive enumeration.

The original reference results indicate that the evolutionary approach reaches high-quality solutions
substantially earlier than exhaustive enumeration. In the representative case, the evolutionary method
obtained an objective value of approximately 0.42 after 500 generations and 0.44 after 2,000
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generations, whereas exhaustive enumeration reached approximately 0.31 after 500 and 2,000
iterations and approximately 0.38 after 200,000 iterations.

These values are retained as reference computational results rather than being interpreted as universal
performance guarantees.

Table 1. Comparison of representative optimization results

0.42 0.31
0.44 0.31
_ 0.35
— 0.37
_ 0.38
— 0.38

The results suggest that intelligent optimization can provide substantially better computational
efficiency for high-dimensional search problems. The advantage becomes increasingly important as
the number of decision variables grows.

Exhaustive enumeration has a rapidly increasing computational burden because the number of
candidate configurations can grow combinatorially.

7.2 Joint Sensing and Response Optimization
The second experiment considers the interaction between sensing and response resources.

Instead of evaluating the coverage of each resource independently, the analysis evaluates their
effective overlap.

The Monte Carlo method generates representative points across the evaluation region. Each point is
classified according to the number of sensing resources associated with it and the number of response
resources associated with it.

Figure 7 presents the sensing-resource coverage heatmap. Areas with higher degrees of overlapping
coverage are represented by stronger visual intensity.

This representation enables analysts to identify regions characterized by relatively high or low sensing
redundancy.

Figure 8 provides the corresponding response-resource coverage heatmap. The figure demonstrates
how response coverage is distributed spatially and where multiple response capabilities overlap.

The two heatmaps should not be interpreted as operational instructions. Rather, they provide a visual
method for evaluating the structural characteristics of candidate resource configurations.

7.3 Resource Contribution Analysis

Electrocatalytic Oxidation of Hydrogen Peroxide Anions by Chemisorbed Hydroxyl Species in Alkaline Media: Role of
Interfacial Hydroxyl Concentration


https://international-journal-of-applied-sciences.jo/

The International Journal of Applied Sciences.
APPLIED Vol. 2, No. 1, 2026, pp. 172-193
ISSN 3104-8935

SCIENCE https://international-journal-of-applied-sciences.jo

Aggregate coverage alone cannot fully explain the contribution of individual resources.

Therefore, the framework calculates the number of sampled points associated with each resource and
ranks resources according to their marginal or aggregate contribution.

Figure 9 illustrates the relative contribution of the leading sensing resources.

The figure makes it possible to identify which resources contribute most strongly to the evaluated
coverage metric.

Similarly, Figure 10 ranks the corresponding response resources according to their contribution to the
evaluated scenario.

This ranking can assist analysts in identifying redundancy, underutilization, or potential bottlenecks
within a simulated configuration.

7.4 Optimization under Scenario Uncertainty
In realistic simulation studies, the future scenario may not be known precisely.
Accordingly, the framework considers multiple representative scenario directions or states.

For each scenario Sg , the optimization procedure calculates:
Fy(X).

The aggregate robustness score is then

L
Fr(X) = Z’WI}P}J(X)-
-1

This allows the optimization process to favor configurations that perform consistently across multiple
possible scenarios rather than configurations that are highly optimized for only one assumed condition.

Figure 11 presents the representative multi-scenario optimization result.

The different regions shown in the figure represent different levels of modeled functional
effectiveness. The overall configuration is obtained by considering the aggregate performance across
the representative scenario set.

8. Digital Twin Feedback and Dynamic Updating

One of the principal improvements introduced by the proposed framework is the incorporation of
digital-twin feedback.

Traditional optimization generally follows a one-directional process:

Input — Optimization — Result.
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The proposed framework instead establishes a closed-loop architecture:

Physical/Scenario Data — Digital Twin — Simulation — Optimization — Evaluation — Digital Twin
Update.

When new information becomes available, the corresponding digital state can be updated.

For example, changes in resource availability, environmental conditions, communication status, or
mission priorities can be incorporated into the digital model.

The optimization procedure can then be executed again without reconstructing the entire simulation
environment.

This architecture provides three important advantages.

First, it improves model consistency.

Second, it enables continuous evaluation.

Third, it supports adaptive decision analysis under changing conditions.

The digital twin therefore acts not simply as a visualization tool but as an intermediary between
scenario data, simulation models, and optimization algorithms.

9. Discussion

9.1 Advantages of the Proposed Framework

The proposed framework provides several methodological advantages.
9.1.1 Reduction of Combinatorial Complexity

Intelligent optimization avoids exhaustive evaluation of every possible configuration and therefore
provides a more scalable approach for high-dimensional problems.

9.1.2 Integration of Heterogeneous Resources

The model allows sensing, response, and coordination functions to be represented within a common
mathematical framework.

9.1.3 Explicit Treatment of Uncertainty

Rather than relying on a single deterministic scenario, the framework can evaluate multiple
representative conditions.

9.1.4 Visualization of Spatial Relationships

Monte Carlo sampling and heatmap visualization provide an intuitive representation of spatial overlap
and redundancy.

9.1.5 Digital-Twin-Based Continuous Updating
The digital twin enables the simulation environment to evolve with changing scenario information.
9.2 Limitations

Despite these advantages, several limitations remain.

Electrocatalytic Oxidation of Hydrogen Peroxide Anions by Chemisorbed Hydroxyl Species in Alkaline Media: Role of
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First, evolutionary algorithms generally provide approximate rather than mathematically guaranteed
global optima.

Second, Monte Carlo estimation introduces sampling uncertainty. The accuracy of the estimated
coverage depends on the number and distribution of samples.

Third, the quality of optimization results depends strongly on the accuracy of the underlying digital
model.

Fourth, scenario uncertainty is difficult to represent completely. A limited set of representative
scenarios cannot capture every possible future condition.

Fifth, real-world validation remains necessary. Simulation results should therefore be interpreted as
analytical decision-support outputs rather than direct substitutes for empirical evaluation.

10. Future Research Directions
Future work can develop the framework in several directions.
10.1 Multi-Objective Optimization

Future models should simultaneously consider coverage, resilience, resource efficiency, robustness,
communication connectivity, and computational cost.

The optimization problem can therefore be extended to
max [Fy(X), F5(X), ..., Fi(X)].

Multi-objective evolutionary algorithms can then be used to generate a Pareto-optimal solution set.
10.2 Reinforcement Learning

Reinforcement learning can be incorporated into the digital-twin environment to enable the system to
learn from repeated simulations.

Instead of optimizing only a static configuration, the system could learn policies for adapting to
changing scenario states.

10.3 Explainable Artificial Intelligence
The increasing use of intelligent algorithms creates a need for interpretable decision support.

Future systems should explain why a particular candidate solution receives a higher evaluation score
and which variables contribute most strongly to the result.

This is particularly important for human-in-the-loop decision environments.

10.4 Uncertainty Quantification
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Future models should explicitly represent uncertainty in scenario information, environmental
conditions, model parameters, and resource availability.

Probabilistic simulation and uncertainty propagation can improve the reliability of optimization
results.

10.5 Digital Twin and Real-Time Simulation

A mature digital-twin architecture could integrate heterogeneous data streams with simulation and
optimization.

This would allow the model to continuously update its representation of the simulated environment
and evaluate alternative scenarios in near-real time.

10.6 Quantum-Enhanced Optimization

Quantum computing may eventually provide new approaches for certain large-scale combinatorial
optimization problems.

However, current quantum technologies should be treated cautiously. Their practical advantage for
complex real-world deployment optimization remains an active research question.

Future research should therefore focus on hybrid classical-quantum optimization rather than assuming
immediate replacement of classical evolutionary algorithms.

11. Conclusion

This study developed a Digital Twin-Enabled Intelligent Generation and Optimization Framework for
Mission Scenario-Driven Air Defense Resource Deployment Schemes.

The framework addresses the limitations of traditional experience-based and exhaustive-search
approaches by integrating mission scenario modeling, digital twins, mathematical optimization,
evolutionary search, Monte Carlo sampling, and multi-scenario analysis.

The representative computational results demonstrate that intelligent optimization can reach high-
guality solutions with substantially fewer computational evaluations than exhaustive enumeration in
the reference problem. The joint modeling of sensing and response functions further allows effective
overlapping coverage to be evaluated rather than simply summing independent resource capabilities.

The Monte Carlo method provides a flexible mechanism for estimating spatial coverage in irregular
regions, while heatmap and ranking techniques offer intuitive methods for analyzing resource
contribution and redundancy.

The introduction of digital twins further transforms the optimization process from a static
computational exercise into a continuously updateable simulation framework. Changes in scenario
conditions, resource states, and mission requirements can be incorporated into the virtual environment,
allowing subsequent optimization and evaluation to be performed without reconstructing the entire
model.

At the same time, the proposed methodology has important limitations. Evolutionary optimization
cannot guarantee a mathematical global optimum in every problem; Monte Carlo estimation is subject
to sampling uncertainty; and the validity of the results depends on the fidelity of the underlying digital
model. Therefore, future research should place greater emphasis on multi-objective optimization,
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uncertainty quantification, explainable artificial intelligence, reinforcement learning, and hybrid
digital-twin architectures.

Overall, the combination of digital twins and intelligent optimization provides a promising
methodological direction for next-generation defense simulation and decision-support research. Rather
than relying solely on static deployment rules or human experience, future simulation systems can
progressively evolve toward adaptive, data-driven, scenario-aware, and continuously updated
computational environments. Such development can improve the efficiency, robustness, and analytical
transparency of complex resource-planning studies while maintaining an appropriate human role in the
interpretation and validation of simulation results.
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