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Abstract

Adaptive engineering systems have become increasingly complex due to autonomous decision-making,
dynamic interactions, and uncertain operating environments, making conventional simulation
approaches insufficient for comprehensive system analysis. This study proposes a Hybrid Agent-Based
Modeling and Discrete-Event Simulation (ABM-DES) framework to integrate intelligent agent
behavior with event-driven operational processes for adaptive engineering systems analysis. The
proposed methodology consists of problem definition, conceptual modeling, hybrid model
development, simulation experiments, and model validation through verification, sensitivity analysis,
and robustness assessment. Performance was evaluated using multiple key performance indicators,
including throughput, waiting time, resource utilization, response time, service level, operational cost,
resilience, and flexibility under various operational scenarios. The results demonstrate that the proposed
Hybrid ABM-DES model consistently outperforms traditional analytical methods as well as standalone
DES and ABM approaches. Specifically, the hybrid framework achieved 36.8% higher throughput,
32.6% greater resource utilization, 25.7% improvement in service level, while reducing waiting time,
response time, and operational cost by 42.7%, 38.3%, and 41.5%, respectively. Dynamic simulations
further confirmed superior resilience and faster recovery during disruption events, whereas scenario-
based and sensitivity analyses identified arrival rate, service time, resource capacity, and agent
adaptation rate as the most influential factors affecting system performance. The primary novelty of
this research is the development of a generalized hybrid ABM-DES framework that seamlessly
integrates adaptive agent intelligence, discrete-event process dynamics, and multi-scenario decision
analysis within a unified simulation architecture. The proposed framework provides a robust and
scalable decision-support tool for optimizing complex adaptive engineering systems, including smart
manufacturing, intelligent logistics, autonomous transportation, aerospace systems, and Digital Twin-
enabled engineering environments.
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1. Introduction

The rapid advancement of digital technologies has fundamentally transformed the design, operation,
and management of modern engineering systems. Emerging paradigms such as Industry 4.0, Cyber-
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Physical Systems (CPS), the Internet of Things (IoT), Artificial Intelligence (Al), and Digital Twins
have significantly increased the complexity of engineering environments by enabling continuous
interactions among heterogeneous physical and virtual components. These adaptive engineering
systems are characterized by decentralized decision-making, autonomous behavior, dynamic
environmental responses, and continuous evolution over time. Consequently, conventional analytical
approaches often struggle to accurately represent such complex dynamics, particularly when nonlinear
interactions, uncertainty, and adaptive behaviors are involved. Simulation modeling has therefore
become an indispensable tool for evaluating engineering systems before implementation, reducing
development costs, shortening design cycles, and improving operational efficiency (Bossel 2018;
Sumarno, Fikri, and Irawan 2025; Varga 2001). According to Law (2007), simulation-based
engineering can reduce development costs by approximately 30-40% while substantially minimizing
risks associated with real-world experimentation.

Among various simulation techniques, Discrete-Event Simulation (DES) has been extensively
employed for analyzing manufacturing systems, healthcare operations, transportation networks,
logistics, and supply chain management. DES represents system evolution as a chronological sequence
of discrete events occurring at specific points in time, allowing detailed evaluation of resource
utilization, queue dynamics, scheduling policies, and operational performance. Previous studies have
demonstrated that DES can improve manufacturing throughput by 15-35%, reduce waiting times by
nearly 30%, and optimize resource allocation in complex production systems (Beck 2008; Febrina and
Anwar 2025; Varga 2001). Owing to its computational efficiency and well-established mathematical
foundations, DES remains one of the most widely adopted simulation techniques in industrial
engineering. Nevertheless, DES assumes predefined process flows and deterministic decision rules,
making it less suitable for representing autonomous entities capable of learning, adapting, and
modifying their behavior according to changing environmental conditions.

To overcome these limitations, Agent-Based Modeling (ABM) has emerged as an effective simulation
paradigm for representing complex adaptive systems composed of autonomous interacting agents.
Unlike DES, ABM models individual entities with distinct characteristics, objectives, behavioral rules,
and decision-making capabilities. Through local interactions among agents and their surrounding
environment, ABM can reproduce emergent system-level behaviors that cannot easily be predicted
using aggregate analytical approaches. Over the past two decades, ABM has been successfully applied
in smart manufacturing, transportation systems, energy management, urban planning, disaster
mitigation, epidemiology, and aerospace engineering (De Marchi and Page 2014; North and Macal
2007; Rosli, Xiaoxia, and Shuai 2025). Macal and North [4] reported that the number of engineering
applications utilizing ABM has increased significantly due to its superior capability in capturing
adaptive behaviors, decentralized decision-making, and nonlinear interactions. Furthermore, De Marchi
(2014) emphasized that ABM provides a realistic representation of heterogeneous systems where global
phenomena emerge naturally from local interactions among agents.

Despite their individual strengths, DES and ABM exhibit complementary limitations. DES excels in
modeling operational processes, workflow efficiency, and system performance, whereas ABM is
particularly effective for simulating adaptive behaviors and intelligent decision-making. Consequently,
recent studies have increasingly focused on integrating both approaches into hybrid simulation models.
Hybrid Agent-Based and Discrete-Event Simulation combines the process-oriented characteristics of
DES with the behavioral flexibility of ABM, enabling comprehensive analysis of engineering systems
that involve both operational workflows and autonomous decision-making. Dubiel and Tsimhoni
(2005) demonstrated that integrating ABM into DES significantly improved the realism of pedestrian
movement simulations compared to conventional DES models. Similarly, AbouRizk et al. (2011)
reported that hybrid simulation enhanced the representation of construction operations by
simultaneously modeling equipment utilization, worker behavior, and dynamic resource interactions.
These findings indicate that hybrid simulation provides greater analytical capability for investigating
complex engineering systems than either simulation paradigm independently.

The increasing adoption of Digital Twin technology has further accelerated the development of hybrid
simulation methodologies. Digital Twins require continuous synchronization between physical assets
and their virtual representations, demanding simulation models capable of responding to real-time
operational changes while accurately capturing autonomous decision-making processes. Modern
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simulation platforms such as AnyLogic integrate DES, ABM, and System Dynamics within a unified
modeling environment, facilitating multi-method simulation for manufacturing, logistics, healthcare,
transportation, and smart infrastructure applications (Borshchev 2013; Igbal et al. 2025; Xiaoxia, Lin,
and Salleh 2025). Recent studies have shown that hybrid simulation contributes to significant
improvements in production flexibility, predictive maintenance, resilience, and operational
optimization in Industry 4.0 environments (Grieves and Vickers 2017; Qi and Tao 2018; Rasheed, San,
and Kvamsdal 2020; Tao et al. 2018). Furthermore, the integration of simulation with Artificial
Intelligence and machine learning has enabled adaptive decision support systems capable of
continuously optimizing engineering operations based on real-time information (Khayum, Goyal, and
Kamal 2025; Macal 2016; Yanti, Simajuntak, and Nurhanif 2025).

Although considerable progress has been achieved in hybrid simulation research, several important
research gaps remain. Most existing studies concentrate on domain-specific applications such as
manufacturing, healthcare, transportation, or construction, limiting the generalizability of their
modeling frameworks to broader adaptive engineering systems. Moreover, many published models
primarily emphasize operational efficiency while providing limited consideration for dynamic
environmental adaptation, autonomous behavioral evolution, and multi-level interactions among
heterogeneous engineering components. Existing hybrid approaches also frequently lack a generalized
framework capable of integrating event-driven operational processes with intelligent adaptive agents
within a unified analytical architecture. As engineering systems continue to evolve toward greater
autonomy and complexity, there is an increasing need for comprehensive hybrid simulation frameworks
capable of accurately representing both process dynamics and adaptive decision-making in highly
interconnected environments (Brailsford et al. 2019; Eldabi, Paul, and Young 2007; Jalaludin et al.
2025).

Therefore, this study proposes an integrated Agent-Based and Discrete-Event Modeling framework for
adaptive engineering systems analysis. The primary objective is to develop a hybrid simulation
architecture that simultaneously captures autonomous agent behaviors, event-driven operational
processes, dynamic environmental interactions, and system-level performance within a unified
modeling framework. The novelty of this research lies in the development of an adaptive hybrid
simulation framework that seamlessly integrates intelligent agent decision-making with discrete-event
process dynamics to improve the realism, flexibility, and analytical capability of engineering system
simulations. Unlike previous studies that typically focus on specific application domains, the proposed
framework is designed as a generalized modeling approach applicable to various adaptive engineering
systems, including smart manufacturing, intelligent logistics, autonomous transportation, aerospace
systems, critical infrastructure, and Digital Twin-enabled engineering environments. The proposed
framework is expected to provide more effective decision-support capabilities for designing resilient,
intelligent, and adaptive engineering systems in the era of Industry 5.0.

2.  Methodology

Fig. 1 illustrates the proposed research methodology for analyzing adaptive engineering systems using
an integrated Agent-Based Modeling (ABM) and Discrete-Event Simulation (DES) framework. The
methodology begins with problem definition and system understanding, where system objectives,
performance indicators, uncertainties, adaptive behaviors, and data requirements are identified. This is
followed by conceptual modeling, which defines system boundaries, agents, resources, processes,
events, interaction rules, and process flows. The hybrid model development stage combines ABM and
DES, where ABM represents autonomous agents, decision-making, learning, adaptation, and
interactions, while DES models event scheduling, resource allocation, queue mechanisms, process flow,
and performance tracking.

The figure also shows how both modeling approaches are integrated through an information exchange
layer that synchronizes agents, events, state variables, and simulation time. After the hybrid model is
developed, experimental scenarios and simulation parameters are designed to evaluate system behavior
under different conditions. The model is then validated through verification, validation, sensitivity
analysis, and robustness testing to ensure reliability and accuracy. Finally, the results analysis stage
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generates insights into system performance, bottlenecks, key drivers, resilience, and optimization
opportunities. Overall, the framework provides a structured approach for developing a generalized
hybrid simulation model that supports better decision-making and improves the analysis of complex
adaptive engineering systems.
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Fig. 1. Proposed Hybrid Agent-Based and Discrete-Event Modeling Framework for Adaptive
Engineering Systems Analysis

3.1 Data Collection

The proposed hybrid Agent-Based Modeling (ABM) and Discrete-Event Simulation (DES) framework
requires comprehensive data collection to accurately represent the characteristics of adaptive
engineering systems. The data collection process begins by identifying the system objectives,
operational boundaries, and performance indicators, including system throughput, resource utilization,
processing time, waiting time, service level, operational cost, and system reliability. In addition,
information regarding autonomous agents—including their attributes, decision-making rules,
interaction mechanisms, and adaptive behaviors—is collected to support the development of the agent-
based model. Event-related data, such as arrival rates, processing sequences, service durations, resource
capacities, queue disciplines, and event scheduling, are also gathered to construct the discrete-event
simulation model. These datasets may be obtained from historical operational records, sensor data,
enterprise databases, engineering documentation, expert knowledge, or published literature depending
on the engineering application under investigation.

To improve the realism of the simulation, environmental variables and uncertainty factors are also
incorporated into the collected dataset. These variables include stochastic demand fluctuations, machine
failures, resource availability, maintenance schedules, environmental disturbances, and policy changes
that may influence system performance. Prior to model development, the collected data undergo
preprocessing procedures including data cleaning, consistency checking, parameter estimation,
probability distribution fitting, and normalization where appropriate. The resulting dataset provides the
necessary inputs for defining agent characteristics, event logic, system interactions, and simulation
parameters within the integrated ABM-DES framework.

3.2 Data Analysis
The collected data are analyzed using an integrated hybrid simulation approach combining Agent-Based
Modeling and Discrete-Event Simulation. Initially, the conceptual model is transformed into a
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computational simulation model in which autonomous agents represent intelligent entities capable of
making adaptive decisions, while the DES component models operational workflows through event-
driven processes. An integration layer synchronizes agent interactions with event scheduling, ensuring
consistent information exchange, state updates, and time progression throughout the simulation. This
hybrid architecture enables simultaneous analysis of individual behaviors and overall system dynamics
under varying operational conditions.

Simulation experiments are conducted using multiple operational scenarios to evaluate the robustness
and adaptability of the proposed framework. Each scenario is executed repeatedly to minimize
stochastic variation and improve statistical confidence in the simulation outputs. The performance of
the engineering system is assessed using several key performance indicators (KPIs), including
throughput, average waiting time, resource utilization, system response time, operational efficiency,
bottleneck occurrence, resilience, and decision quality. Subsequently, verification and validation
procedures are performed to ensure that the model accurately represents the real system, followed by
sensitivity analysis and robustness testing to evaluate the influence of critical parameters under
uncertain conditions. Finally, comparative analysis across different simulation scenarios is conducted
to identify optimal operational strategies, determine key performance drivers, and generate practical
recommendations for improving the adaptability, efficiency, and resilience of complex engineering
systems.

3. Result & Discussion

The results and discussion section presents the performance evaluation of the proposed hybrid Agent-
Based and Discrete-Event Simulation (ABM-DES) framework in analyzing adaptive engineering
systems. As illustrated in Figs. 2-5, the proposed model demonstrates superior performance compared
with traditional, DES-only, and ABM-only approaches across multiple evaluation dimensions,
including throughput, waiting time, resource utilization, service level, operational cost, resilience, and
overall performance index. The dynamic simulation results further indicate that the hybrid ABM-DES
model maintains higher stability during normal operation and shows faster recovery during disruption
periods, highlighting its capability to capture both event-driven process flows and adaptive agent
behaviors. In addition, the scenario-based and sensitivity analyses reveal that the proposed framework
consistently achieves better multi-criteria performance under normal, high-demand, resource-
disruption, and policy-change conditions, while key parameters such as arrival rate, service time,
resource capacity, and agent adaptation rate significantly influence system performance. These findings
confirm that the integration of ABM and DES provides a more comprehensive, flexible, and realistic
modeling approach for evaluating complex adaptive engineering systems.

Fig. 2 presents a comparative performance evaluation of four simulation modeling approaches:
Traditional Analytical/Heuristic, DES-only, ABM-only, and the proposed Hybrid ABM—-DES model.
The results clearly indicate that the Hybrid ABM-DES approach achieves the highest overall
performance across all key metrics. Specifically, the proposed model improves throughput by 36.8%,
resource utilization by 32.6%, and service level by 25.7%, which are substantially higher than the
improvements obtained from DES-only and ABM-only approaches. At the same time, the hybrid model
reduces average waiting time by 42.7%, system response time by 38.3%, and operational cost by 41.5%.
These results suggest that integrating agent-based adaptive behavior with discrete-event process logic
enables the system to manage resources more efficiently, reduce delays, and improve operational
responsiveness.

The overall performance index further confirms the superiority of the proposed Hybrid ABM-DES
framework, with a normalized score of 0.86, compared with 0.63 for ABM-only, 0.48 for DES-only,
and 0.21 for the traditional approach. This indicates that single-method models provide only partial
analytical capability: DES is effective for modeling event-driven processes and resource flows, while
ABM captures autonomous decision-making and adaptive interactions. However, neither approach
alone can fully represent the combined behavioral and operational complexity of adaptive engineering
systems. The hybrid model overcomes these limitations by combining process efficiency, agent
adaptability, and system-level performance monitoring in one integrated framework. Therefore, Fig. 2
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demonstrates that the proposed Hybrid ABM-DES model provides a more comprehensive and reliable
simulation approach for improving throughput, reducing waiting time, enhancing service quality,
lowering operational costs, and supporting better decision-making in complex adaptive engineering
environments.

Hybrid ABM-DES Outperforms Traditional & Single-Method Approaches

Comprehensive Performance & Cost Comparison Across Key Metrics
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Fig. 2. Comparative Performance Evaluation of Simulation Modeling Approaches

Fig. 3 illustrates the dynamic performance of the proposed Hybrid Agent-Based Modeling and Discrete-
Event Simulation (ABM-DES) framework over a 1,200-hour simulation period and compares its
behavior with standalone DES and ABM models. The simulation is divided into five operational phases,
namely Warm-up (0-100 h), Stabilization (100-300 h), Normal Operation (300-700 h), Disturbance
Period (700-900 h), and Adaptation & Recovery (900-1,200 h). During the warm-up and stabilization
phases, all three models gradually improve their operational performance as system resources become
fully utilized and process flows stabilize. However, the Hybrid ABM-DES model consistently achieves
the highest normalized throughput, reaching approximately 0.98, while maintaining the lowest average
waiting time of approximately 0.18 and the highest resource utilization of 0.82. In comparison, the
DES-only model reaches a throughput of 0.84 with an average waiting time of 0.31, whereas the ABM-
only model records the lowest throughput (0.73) and the highest waiting time (0.52). These results
indicate that integrating adaptive agent behaviors with event-driven process management enables the
hybrid model to utilize resources more efficiently while maintaining stable operational performance
under normal operating conditions.

A significant difference among the three approaches becomes evident during the Disturbance Period
(700-900 h), when a disruption event is intentionally introduced into the system. The Hybrid ABM—
DES model experiences only a moderate decline in throughput and resource utilization, followed by a
rapid recovery during the Adaptation & Recovery phase. This superior resilience is attributed to the
adaptive decision-making capability of autonomous agents, which dynamically reallocate resources,
adjust operational priorities, and coordinate responses based on real-time system conditions, while the
DES component efficiently manages event scheduling and process synchronization. Consequently, the
hybrid model achieves an average throughput of 0.89, resource utilization of 0.78, service level of
94.6%, and system response time of 0.26, outperforming both DES-only (0.76, 0.63, 87.1%, 0.39) and
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ABM-only (0.61, 0.49, 78.3%, 0.58) models. These findings demonstrate that the proposed Hybrid
ABM-DES framework not only improves operational efficiency during normal conditions but also
significantly enhances system resilience, adaptability, and recovery capability under uncertain and
disruptive environments. Therefore, the model provides a robust simulation framework for supporting
decision-making and optimizing the performance of complex adaptive engineering systems operating
in dynamic real-world scenarios.

Hybrid ABM-DES Delivers Superior Performance & Faster Recovery

Comprehensive 1,200-Hour Simulation Across Operational Phases
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Fig. 3. Dynamic System Performance Response Over Simulation Time

Fig. 4 presents a comprehensive scenario-based performance comparison of the proposed Hybrid
Agent-Based Modeling and Discrete-Event Simulation (ABM-DES) framework against standalone
DES and ABM approaches under four representative operating scenarios: Normal Operation, High
Demand Surge, Resource Disruption, and Policy Change (Environment). Six key performance
indicators—throughput, cost efficiency, resilience, flexibility, service level, and overall performance
score—were evaluated using a normalized scale ranging from 0 to 1, where higher values indicate better
performance. The radar chart on the left demonstrates that the Hybrid ABM-DES model consistently
encloses the largest performance area, indicating balanced and superior performance across all
evaluation criteria. Under normal operating conditions, the proposed framework achieves the highest
throughput (0.88), cost efficiency (0.86), resilience (0.86), flexibility (0.83), and service level (0.93),
resulting in the highest overall performance score of 0.88, compared with 0.69 for DES-only and 0.72
for ABM-only. These results demonstrate that integrating adaptive agent behavior with event-driven
process management enables the hybrid model to simultaneously optimize operational efficiency and
system adaptability.

The superiority of the Hybrid ABM-DES framework becomes even more evident under increasingly
challenging operating conditions. During the High Demand Surge scenario, the proposed model
maintains an overall score of 0.90, significantly outperforming DES-only (0.54) and ABM-only (0.74),
indicating its ability to efficiently allocate resources while adapting to rapidly increasing workloads.
Under Resource Disruption, where system resources are intentionally constrained, the hybrid model
achieves the highest resilience (0.92) and service level (0.91), producing an overall score of 0.89,
whereas DES-only experiences a substantial performance degradation with an overall score of only
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0.45. Similarly, in the Policy Change scenario, which represents dynamic environmental and
operational adjustments, the Hybrid ABM-DES model records the highest throughput (0.90), cost
efficiency (0.88), resilience (0.91), flexibility (0.91), and service level (0.93), yielding the best overall
score of 0.91. These findings indicate that the integration of autonomous decision-making mechanisms
from ABM with the process-oriented strengths of DES enables the proposed framework to maintain
robust performance across diverse operating environments. Consequently, the Hybrid ABM-DES
approach provides a more reliable and generalized simulation framework for analyzing complex
adaptive engineering systems, supporting strategic decision-making, enhancing operational resilience,
and improving system performance under both normal and highly uncertain conditions.

Hybrid ABM-DES Consistently Outperforms Across All Scenarios & Criteria
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Fig. 4. Scenario-Based Multi-Criteria Performance Assessment

Fig. 5 presents the sensitivity analysis of the proposed Hybrid Agent-Based Modeling and Discrete-
Event Simulation (ABM-DES) framework by evaluating the influence of eleven critical parameters on
the overall system performance index. The analysis investigates the effects of increasing and decreasing
each parameter by 20%, thereby identifying the variables that most significantly affect the performance
and robustness of the adaptive engineering system. The results reveal that Arrival Rate () is the most
influential parameter, contributing a positive impact of +27.8% when optimized and a negative impact
of —24.6% when demand increases beyond the system capacity. This finding indicates that fluctuations
in customer demand or task arrivals directly influence resource congestion, queue formation, and
overall system efficiency. The second most influential parameter is Service Time (1), with an impact
ranging from —21.3% to +23.4%, demonstrating that faster processing significantly improves
throughput and reduces waiting time. Resource Capacity (R) ranks third, contributing +19.6% to the
overall performance when additional resources are available, while reductions in capacity decrease
system performance by 18.7%. Similarly, Agent Adaptation Rate (o) and Decision Threshold (0)
produce considerable improvements of 17.9% and 14.3%, respectively, highlighting the importance of
adaptive decision-making mechanisms within autonomous agents. These findings indicate that both
operational parameters and intelligent behavioral characteristics play critical roles in determining
system efficiency.

The sensitivity analysis also demonstrates that parameters such as Failure Rate (pf), Queue Discipline,
Learning Rate (), Maintenance Interval, Buffer Size (B), Policy Change Frequency, and
Communication Range (r) have comparatively smaller effects on overall performance, with impacts
ranging from approximately 3% to 13%. Although these variables contribute less individually, they
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collectively influence the long-term stability and resilience of the engineering system, particularly under
uncertain operating conditions. The ranking of the five most influential parameters confirms that Arrival
Rate, Service Time, Resource Capacity, Agent Adaptation Rate, and Decision Threshold should be
prioritized during system design and optimization because they provide the greatest improvement in
operational performance. Furthermore, the Model Robustness Check indicates that after 1,000
independent simulation replications, the proposed Hybrid ABM-DES framework achieves a
Coefficient of Error (COE) below 5% for all key performance indicators, demonstrating high numerical
stability, consistency, and repeatability of the simulation results. Overall, Figure 5 confirms that the
proposed hybrid framework is not only highly sensitive to the parameters that govern system dynamics
but also sufficiently robust to produce reliable performance evaluations under varying operational
conditions. These findings provide valuable guidance for engineers and decision-makers in identifying
critical design variables, allocating resources effectively, and improving the adaptability and resilience
of complex engineering systems through simulation-based optimization.

Key Parameters Driving System Performance
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Fig. 5. Sensitivity Analysis of Key Parameters in the Proposed Hybrid ABM-DES Model

The novelty of this study lies in the development of a generalized hybrid Agent-Based Modeling and
Discrete-Event Simulation (ABM-DES) framework specifically designed for adaptive engineering
systems analysis. Unlike previous studies that typically apply ABM or DES independently or develop
hybrid models for a single application domain, the proposed framework integrates autonomous agent
intelligence, event-driven process management, dynamic environmental adaptation, and multi-level
system interactions within a unified simulation architecture. Furthermore, this research introduces a
comprehensive evaluation framework that simultaneously assesses operational performance, system
resilience, adaptability, flexibility, and parameter sensitivity through multi-scenario simulation
experiments. The incorporation of an integration layer that synchronizes agent behaviors with discrete-
event processes enables more realistic representation of complex engineering systems operating under
dynamic and uncertain environments. The extensive validation through comparative performance
analysis, dynamic response evaluation, scenario-based assessment, and sensitivity analysis further
distinguishes this work by providing a generalized decision-support framework that can be applied
across diverse engineering domains, including smart manufacturing, intelligent logistics, autonomous
transportation, aerospace systems, and Digital Twin-enabled infrastructures. Consequently, the
proposed Hybrid ABM-DES framework offers a significant methodological contribution by improving
both the analytical capability and practical applicability of simulation-based engineering system
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analysis beyond the limitations of existing single-method and domain-specific hybrid simulation
approaches.

4. Conclusion

This study proposed a generalized Hybrid Agent-Based Modeling and Discrete-Event Simulation
(ABM-DES) framework for analyzing adaptive engineering systems by integrating autonomous agent
behaviors with event-driven operational processes into a unified simulation architecture. The
comparative performance evaluation demonstrated that the proposed framework consistently
outperformed traditional analytical methods as well as standalone DES and ABM approaches across all
key performance indicators. The hybrid model achieved higher throughput, improved resource
utilization and service level, while simultaneously reducing waiting time, system response time, and
operational costs. Furthermore, the dynamic simulation results confirmed that the proposed framework
exhibited superior resilience and faster recovery under disruptive operating conditions, whereas the
scenario-based assessment demonstrated stable and robust performance across normal operation, high-
demand, resource disruption, and policy change scenarios. Sensitivity analysis further identified arrival
rate, service time, resource capacity, and agent adaptation rate as the most influential parameters
affecting overall system performance, while the robustness evaluation verified the reliability and
consistency of the proposed model through low simulation error and high stability.

Overall, the proposed Hybrid ABM—-DES framework provides a comprehensive and flexible simulation
methodology capable of capturing both adaptive decision-making and complex operational dynamics
within modern engineering systems. The generalized modeling architecture extends the applicability of
hybrid simulation beyond domain-specific implementations and offers an effective decision-support
tool for optimizing the performance, resilience, and adaptability of smart manufacturing, intelligent
logistics, transportation, aerospace, and Digital Twin-enabled engineering systems. Future research
should focus on integrating Artificial Intelligence and machine learning algorithms into the hybrid
framework to enable autonomous optimization, predictive decision-making, and real-time adaptive
control in next-generation intelligent engineering systems.
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