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Abstract

In this paper, we investigate a simulation-based optimization framework that implements
discrete-event simulation with evolutionary search methods to optimize stochastic man-
ufacturing systems efficiently. The proposed methodology couples a Tecnomatix Plant
Simulation model with a MATLAB R2025b-based optimization environment using a data
exchange interface, allowing for the iterative assessment of complex manufacturing systems.
The study examines an adaptive replication strategy designed to manage stochastic vari-
ability in simulation outcomes. In the proposed method, the required number of simulation
runs are determined dynamically based on confidence interval estimation. The stopping
criterion is specified using a 95% confidence interval, ensuring adequate statistical accuracy
while decreasing excess computational effort. The framework allows multiple performance
indicators, such as throughput, congestion levels, and machine failures, which are built
into an objective function. The optimization is driven by a (1, A)-evolution strategy with
Gaussian mutation and adaptive step-size control, allowing robust search in noisy objective
function. However, thanks to the framework presented, it is also possible to apply other
optimization algorithms. A case study of a manufacturing system was built and modeled in
Tecnomatix Plant Simulation to validate the proposed methodology. In comparison with the
baseline production configuration in one of the simulation runs, the suggested framework
reduced the objective function by 43.36%. Benchmark experiments demonstrated that the
adaptive replication strategy achieved a solution quality comparable to fixed replication
schemes while requiring fewer simulation evaluations on average, thereby reducing the
computational effort without compromising statistical reliability. The benchmark com-
parison showed that the adaptive replication strategy improved the objective value by
up to 17.20% compared with fixed-replication strategies while requiring substantially less
computational time than the fixed-20 and fixed-30 strategies. The robustness analysis fur-
ther demonstrates that the adaptive replication strategy produces consistent optimization
results across independent runs despite the stochastic nature of both the simulation model
and the optimization process. From an industrial perspective, the proposed framework
provides a practical decision-support tool for the optimization of manufacturing systems
under uncertainty, enabling more reliable parameter tuning with reduced computational
effort and facilitating the implementation of digital twin technologies.

Keywords: simulation-based optimization; discrete-event simulation; manufacturing
system; adaptive sampling simulation
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1. Introduction

Simulation-based process analysis has become a fundamental tool for examining and
improving complex manufacturing systems [1-3]. The expanding application of discrete-
event simulation allows for the thorough modeling of system dynamics and perplexities
that are complicated to solve using analytical approaches. Such models are perpetually
used like Tecnomatix Plant Simulation in industrial environments, which offer high qual-
ity representation of real-world processes [4,5]. Nevertheless, while simulation models
provide precision, their fusion with optimization approaches persists a major challenge.
From the stochastic nature of system outputs, a significant challenge arises in simulation-
based optimization. Performance measures such as throughput, congestion, and failure
time are typically subject to random variability, necessitating multiple replications to gain
relevant estimation. A widespread approach is to apply a fixed number of simulation
runs for each candidate solution [1,5,6]; however, this often results in the ineffective use
of computational resources. In many cases, either needless simulations are carried out, or
the estimation accuracy proves insufficient for reliable decision-making [7]. As soon as
multiple performance indicators have to be examined simultaneously, this issue becomes
more pronounced. To treat these difficulties, various approaches have been proposed in the
literature, including sequential sampling, variance reduction techniques, and optimization
under uncertainty [8,9]. Specifically, adaptive sampling strategies based on confidence
intervals have shown promise in dynamically balancing estimation accuracy and computa-
tional effort. However, most existing methods focus on single-objective settings or rely on
simplified assumptions, limiting their applicability in realistic industrial scenarios where
multiple stochastic performance measures must be evaluated.

There are several optimization options available, which can be applied in a simulation-
based environment. Additionally, evolutionary algorithms, and in particular evolution
strategies, have been repeatedly used in optimization problems with noisy objective func-
tions [10-12]. Their population-based structure and robustness to noise make them appro-
priate for simulation-based environments. Nevertheless, their efficiency firmly relies on the
value and cost of fitness evaluations, which in turn are promptly affected by the replication
strategy used during the simulation.

The repeated simulation experiments performed in this study can be interpreted as a
Monte Carlo simulation, where each independent replication represents one realization of
the stochastic manufacturing system. Monte Carlo methods are widely applied in discrete-
event simulation to estimate the expected values of performance measures and to quantify
the uncertainty associated with stochastic model outputs. In simulation-based optimiza-
tion, Monte Carlo replications grant statistically reliable estimates of objective functions
while accounting for the inherent randomness of manufacturing processes. The adaptive
replication strategy proposed in this work can therefore be regarded as an adaptive Monte
Carlo sampling procedure, where the number of replications is determined dynamically
according to confidence interval criteria.

This paper presents a simulation-based optimization framework that implements a
discrete-event simulation model with a MATLAB-based evolutionary optimization envi-
ronment. The proposed approach creates a bidirectional interface between the simulation
model integrated in Plant Simulation and the optimization algorithm, providing an auto-
matic and iterative evaluation of candidate solutions. The main contribution of the study is
the development of an integrated framework that combines discrete-event simulation, evo-
lutionary optimization, adaptive confidence interval-based replication, sensitivity analysis,
and statistical convergence analysis into a unified workflow for stochastic manufactur-
ing systems. Unlike traditional approaches that use fixed replication, the method takes
multiple performance measures into account simultaneously and applies metric-specific
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stopping criterion to provide statistical reliability while decreasing computational effort.
The suggested framework is intended as a reusable architecture that can be adapted to
other stochastic manufacturing systems with some modifications to the simulation model
and optimization objectives.

The framework is validated through benchmark experiments comparing adaptive and
fixed replication strategies, as well as repeated optimization runs to evaluate computational
efficiency, repeatability, and robustness.

2. Literature Review

In recent decades, simulation-based optimization problems have become common as
a result of the increasing complexity of production and logistics systems. Such problems
are defined by the stochastic nature of the output data, which demands specific methods
of analysis and optimization. In such cases, the objective function is declared regarding
the stochastic output of a simulation model, making the optimization process consider-
ably more complicated in comparison with deterministic formulations. A comprehensive
overview corresponding to such problems and methods for solving them is given in the
works of [2,13], which highlight the significance of accounting for the randomness of the
output data and the high computational cost of simulation. More recent reviews verify the
relevance of this field and highlight the growing interest in simulation-based optimization
problems under conditions of high uncertainty [3,14]. In particular, there has been an
increased focus on methods that explain the computational constraints and the stochastic
nature of the output data.

A more thorough analysis of methods for the statistical processing of simulation re-
sults is shown in [6], which handles problems connected to the estimation of mathematical
expectation, variance, and the construction of confidence intervals. Among the optimiza-
tion methods without having an analytical form of the objective function, evolutionary
algorithms—especially evolutionary strategies—play a significant role. Their theoretical
basis is presented comprehensively in the works of [10,11], examining the mechanisms
of mutation, selection, and adaptation of search parameters. Specifically, step-size adap-
tation is a key element that secures a balance between the exploration of the solution
space and the convergence of the algorithm. Regarding the stochastic objective functions,
the efficiency of evolutionary methods is further analyzed in the works of [12,15], which
investigated approaches to manage noisy estimates and enhance algorithm stability. The
issue of noise in objective function estimation has also been presented in recent research.
Studies by [7,13] demonstrated that resampling and averaging are key mechanisms for
improving the robustness of evolutionary algorithms in stochastic environments.

As the outputs of simulation models are contingent on random variations, it is es-
sential to use multiple runs (replications) to obtain reliable results. Classic methods for
examining output data and planning experiments are presented in the works of [1,5], high-
lighting the demand for using statistical methods to ensure the reliability of the results.
In addition, the use of confidence intervals as a measure for determining the number of
replicates is theoretically grounded in the work of [7,8], proposing sequential techniques
that consider adaptive adjustment of the computational load. Further developments in
adaptive sampling methods are demonstrated in the works of [8], which investigated
sequential procedures that ensure the number of replications to be dynamically adjusted
based on statistical criteria, such as the width of the confidence interval.

The challenge of effectively distributing computational resources among various
options has also been extensively investigated in the literature. In their work, ref. [7] recom-
mended an optimal configuration-based assignment (OCBA) approach aimed at enhancing
the effectiveness of comparing alternatives, while [16] investigated methods for selecting
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the best system established based on statistical criteria. These studies show that adaptively
increasing the number of observations for upcoming solutions can considerably enhance
the effectiveness of optimization. More recent studies on simulation budget allocation and
stochastic optimization emphasize the importance of balancing computational effort and
estimation accuracy under limited computational resources [3,7].

An additional consideration is the need to account for the variability of the system’s
parameters. Several studies on robust optimization, for instance, by [17-19], highlight the
significance of accounting for uncertainty in the parameters and input data when formu-
lating the objective function. Methods for decreasing variance and assessing stochastic
characteristics are analyzed in detail in [9], justifying the involvement of penalties for
variability in the optimization objective function. Recent studies in stochastic and robust
optimization suggest explicitly incorporating variability and uncertainty measures into the
objective function in order to obtain more reliable and robust solutions under stochastic con-
ditions [17-19]. Similar considerations have also been addressed in noisy multi-objective
evolutionary optimization frameworks [12,15].

Furthermore, quantitative approaches for uncertainty assessment and robustness
evaluation in stochastic optimization problems have been extensively investigated in the
literature [17-19]. These studies emphasize the importance of evaluating the reliability and
stability of the obtained solutions under uncertain operating conditions.

Thus, the existing literature shows that effectively solving simulation-based opti-
mization problems requires a comprehensive approach that includes the use of stochastic
optimization methods, statistically sound analysis of output data, and consideration of the
variability and robustness of solutions. Although simulation-based optimization, adaptive
replication, and evolutionary algorithms have been studied, they are often used separately
or within problem-specific implementations. Their combination in a single framework for
stochastic manufacturing system optimization remains an area where further investigation
is possible. In addition, the integration of discrete-event simulation, external optimization,
adaptive confidence interval-based replication, and robustness-oriented objective evalu-
ation for stochastic manufacturing systems within a practical manufacturing framework
is still limited in the literature and is less explicitly investigated in the context considered
in this study. To treat this gap, this study proposes an integrated optimization framework
coupling Siemens Tecnomatix Plant Simulation with MATLAB, providing a practical and
computationally efficient approach for robust manufacturing system optimization under
uncertainty. The study focuses on the integration and experimental evaluation of estab-
lished simulation, optimization, and statistical techniques within a single framework for
stochastic manufacturing system optimization. The framework is further investigated
against fixed-replication strategies to quantify the trade-off between computational effort
and solution quality.

3. Methodology
3.1. Framework

In the proposed framework, a discrete-event simulation environment is integrated
with an external optimization engine to assist in the efficient investigation of the decision
space of stochastic manufacturing systems. The optimization logic is executed in MATLAB,
while the simulation model is realized in Tecnomatix Plant Simulation. Between the two
environments, the communication is created through a file-based interface, allowing for
the exchange of input parameters and simulation outputs in an automated and iterative
manner. The optimization algorithm generates a candidate solution defined by a set of
decision variables in every iteration step. These parameters are provided into a simulation
model, which evaluates the system performance and outputs key performance indicators.
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As soon as the termination condition is met, this loop is repeated, allowing advanced
optimization techniques to be applied to simulation models without having to change the
internal structure of the simulation model. Figure 1 shows the proposed framework.

Optimization process

Output performance metrics:

Throughput, Average congestion, Failure time ¢

Siemens Tecnomatix
Plant simulation

MATLAB

T Input parameters:
conveyor speeds, processing time

Figure 1. The Plant Simulation-MATLAB framework.

The communication between MATLAB and the simulation model is implemented
through the Tecnomatix Plant Simulation COM (Component Object Model) RemoteControl
interface. MATLAB establishes an ActiveX connection to the Plant Simulation environ-
ment, loads the simulation model, and automatically controls the execution of simulation
experiments. For each candidate solution produced by the optimization algorithm, the
corresponding parameter values are exported to a CSV file, which is subsequently imported
by the simulation model via an internal SimTalk procedure. After the simulation run is
completed, the resulting performance indicators are exported back to MATLAB through a
second CSV file, where statistical evaluation, adaptive replication control, and objective-
function computation are performed. This bidirectional communication allows for fully
automated iterative optimization without manual intervention.

3.2. Decision Variables and Performance Indicators

The optimization problem is formulated over a set of continuous variables that affect
the operation of the production system, including processing time, conveyor speed, or other
control parameters specific to the system. The effectiveness of this solution is evaluated
using several stochastic performance metrics derived from a simulation model:

e throughput (number of manufactured parts),
e average congestion levels in the system,
e  system failure time.

Obviously, other variables and performance metrics can be used generally, describing
the system in the best way.

Each performance indicator is subject to fluctuations due to the stochastic nature of the
model, which requires multiple iterations for a parameter set to obtain reliable estimates.

3.3. Iterative Optimization

The current framework can naturally be interpreted within the context of an optimiza-
tion problem based on simulation modeling, where the interaction between MATLAB and
the discrete-event model forms an iterative stochastic process. Let § € ® be a vector of
controllable parameters (e.g., processing times, conveyor speeds), and let Y(6, {) be the
stochastic output of the model given the random factors ¢. The objective function () is
formulated as follows [2]:

J(6) = E[g(Y(6,4))] 1)

where g(-) describes system characteristics as function such as throughput, failure time, or
congestion levels and J(6) denotes the expected objective value over all possible realizations
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of the stochastic simulation output. Since this expectation cannot be evaluated analytically,
it is approximated using Monte Carlo simulation.
Thus, the optimization of the objective function is:

min] (0 2
min (6) @

In this implementation, MATLAB acts as an external optimization module that gener-
ates a sequence of parameters 8y, while the simulation model returns noisy estimates of the
objective function. The iterative process can be represented as follows [2]:

Or1= A6k, Yr), 3)

where A is the parameter update rule, and Y} is the simulation result for 6. This formulation
highlights the stochastic and “black-box” nature of the problem. Consequently, an analytical
evaluation of the function J(6) is not possible, and its value is estimated based on a finite
number of stochastic simulations. Let {1, &2,..., ¢/} be independent realizations of the
random factors. An unbiased estimator of J(6) is given by:

Y 5(Y(6.5)) @

This justifies the use of simulation-based optimization methods, as well as the need
for multiple iterations and statistical analysis to ensure the reliability and robustness
of the resulting solutions. In the remainder of this paper, the function g(-) is specified
as a normalized weighted combination of several performance metrics, with additional
consideration given to variance [2].

3.4. Objective Function

Several performance indicators are combined into a scalar objective function, so the
optimization performed is reduced into an objective function. First of all, the input data
are normalized relative to a baseline configuration and then summed using a weighted
aggregate formula as follows:

E(6 C(o
0)  ,, C(®)
Fbase base

T(6)
Tbase

J(0) = wy (1 — ) + Wy + Aoar-Q(6) )
where T(8), F(6), and C(8) are the average throughput, failure time, and congestion, Ty,
Fyases Cpase are values of the corresponding metrics for the base configuration, and w;,
wy, ws are user-defined weights considering the relative importance of each performance
measure (w1 =1, wp = 0.8, w3 = 0.6), ensuring comparability between indicators of different
scales, allowing flexible prioritization dependent of the application context. Ayqr = 0.05
is a variance-based regularization term, accounting for the robustness. The weight of the
variance penalty was chosen empirically to stabilize performance progress and robustness.

To account for stochastic variability, a variance penalty is introduced:

_ Var[T(0)] n Var[F(0)] = Var[C(0)]
T2 2 C2

base base base

Q(6)

(6)

This formulation allows us to account for both the average performance of the system
and the stability of the solutions obtained, reflecting a risk-averse optimization strat-
egy, where not only the expected system performance but also its statistical stability
is considered.
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Evolution Strategy

The optimization process is carried out through a (1, A)-evolutionary strategy, which
is appropriate for continuous optimization problems with objective functions subject to
noise. A set of A offspring solutions is generated in each iteration by adapting Gaussian
perturbations to the current parent solution, defined as [2,10]:

9k11:6k+UkD/\/'(O,I), 121,,)L (7)

where 0y indicates the mutation step size, D is the diagonal scaling matrix accounting for
parameter ranges, and N (0, I) denotes a multivariate normal distribution.

The most effective offspring supersedes the existing solution, and the process is
reproduced iteratively. The best candidate is selected based on the value of the objective
function [2,12]:

Or1 = argmin] (6;) (8)

1

The step size can be dynamically modified to secure a balance between exploration
and convergence during the search.

3.5. Adaptive Replication Strategy

An adaptive replication mechanism is a key component of the proposed architecture,
fashioned to effectively handle the stochastic variability of simulation results.

Rather than using a fixed number of iterations for each possible parameter set, the
number of simulation runs is controlled dynamically based on confidence intervals.

For each evaluation metric, the following are calculated as averages:

TO) ==Y T;i(0), F@O)=-) FO), C6)=-) C0) ©)

As new iterations are performed, the sample mean and standard deviation are up-
graded incrementally for each performance metric. After achieving the minimum number
of repetitions N,,;;,, which is selected to secure the statistical stability of the initial estimates,
the half-width of the 95% confidence interval is calculated in the following manner:

7

where s is the sample standard deviation,  is the number of replications, and t;_, /5 ,_1 is

HW=1t_4 , 4 (10)

the critical value of the Student'’s t-distribution with » — 1 degrees of freedom in the case
of the 95% confidence level (a« = 0.05). Since the true variance of the simulation output
is unknown and must be approximated from the available replications, the confidence
interval is calculated using the Student’s ¢-distribution. This offers a more accurate estimate
of the confidence interval, significantly when only a limited number of replications is
available [1].

A threshold value ¢ is defined as a combination of absolute and relative criteria for
each performance metric:

er =max(3, 0.03-T), er =max(15, 0.1-F), ec =max(5, 0.05-C) (11)

The stopping criterion for adaptive replication is founded on confidence interval
half-widths determined relative to the magnitude of the estimated performance metrics.
Particularly, a relative precision requirement (e.g., 3-10%) is introduced, together with a
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minimum absolute threshold to avoid early stopping for small values. These values were
chosen empirically based on prior simulations.

The replication process is complete when the half-width of the confidence interval for
all performance metrics satisfies the following condition:

HWr <er, HWp <ep, HWe < gc (12)

or when a maximum number of repetitions Ny, is fulfilled. This stopping criterion, which
takes multiple metrics into account, ensures that all relevant performance metrics are
evaluated with sufficient accuracy while evading unnecessary simulation runs.

The general optimization procedure can be described as follows:

1.  Initialization of decision variables and strategy parameters;
Evaluation of the baseline solution;
3. Repetition until complete:
(a) Generation of candidate solutions using an evolutionary strategy;
(b)  Evaluation of each candidate solution employing adaptive replication;
(c) Selection of the solution with the best characteristics.
4. Returning the best solution found during the process.

The flowchart of the optimization process can be seen in Figure 2.

v

Initialize ES Send candidate
parameter(}., G, bounds, .| Generate % candidate |  parameters from
stopping criteria) solution MATLAB to Plant
Simulation

4

Compute
statistics(mean,
variance, confidence |
interval)

Run simulation No
replication(adaptive
sampling)

\

Evaluate objective
function

) Stopping
Update ES parent > crﬁpe]:ioﬁ
solution

reached?

Select best candidate

Y

Figure 2. The evolutionary strategy optimization process.

3.6. Sensitivity Analysis

In order to assess the robustness of the optimized solution, a local sensitivity analysis
was performed after the optimization process, which examines how small variations
in the optimized input parameter influence the corresponding performance indicators.
The analysis was performed by perturbing each decision variable independently while
keeping the remaining parameters fixed at their optimized values. Three perturbation levels
(—10%, 0%, and +10%) were applied for each parameter. For every perturbed configuration,
multiple independent simulation replications were performed, and the corresponding mean
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values and 95% confidence intervals of throughput, failure time, and average congestion
were calculated:
0; =0;(1+46), 6 € {—0.1, 0, +0.1} (13)

where J denotes the relative perturbation used for a single decision variable, while all
remaining variables remain unchanged.

3.7. Benchmark Comparison

To evaluate the proposed framework, benchmark experiments were conducted using
fixed replication strategies (10, 20, and 30 replications) together with the proposed adaptive
strategy. Furthermore, the complete optimization procedure was repeated six times to
evaluate the repeatability and robustness of the obtained solutions.

4. Case Study—Discrete-Event Simulation Model Settings
4.1. System Description

As a demonstration example to showcase the proposed framework, a production
system was modeled in the Plant Simulation discrete-event simulation environment. The
developed simulation model is inspired by an industrial production line. The layout of the
model is based on an existing system, and the conveyor lengths were defined according to
the physical dimensions of the real system. Dimensions of the conveyors were (unloading)
1.8 m x 1 m and (bending) 1 m x 1 m. Nevertheless, certain subprocesses for which
detailed observations were unavailable were modeled using the default assumptions and
parameter settings of the simulation environment. The system consists of a simplified
production line comprising a decoiling and punching station, two conveyors, representing
unloading and bending, one turnover station, an unloading process, an orientation for
packing, and a pallet loading station. The material flow passes sequentially through the
production line from left to right.

The representation of the model can be seen in Figure 3.

. g Jrientationy
Decoiling Punching [lonciny Turnover Beading Unloading for Pallet
C I NCHIn . N Y e nioadir 0
R . > Fist > > Second —> N > loading
station station . station i station packing -
Conveyor Conveyor snnox; station

Figure 3. The Tecnomatix Plant Simulation model.

During system operation, bottlenecks and downtime may occur due to limited through-
put capacity and stochastic machine failures, and processing time is treated as a determinis-
tic decision variable optimized by the proposed framework. In the model, the stochastic
behavior is implemented through the built-in object of Tecnomatix Plant Simulation. Time
between failures are created based on negative exponential distribution, and repair du-
rations follow an Erlang distribution. The calculations were based on 8-h shifts, so the
simulation time was set accordingly. In order to handle initialization effects, each simula-
tion replication was launched from the same system state to ensure a consistent comparison
between alternative parameter configurations. As all candidate solutions were assessed
under identical initial conditions and simulation length, initialization effects influenced all
alternatives equally and therefore did not affect the relative comparison performed during
the optimization.

4.2. Decision Parameters
This study examines three controllable parameters:

e v;—speed of the first conveyor in [m/s];
o  vy—speed of the second conveyor in [m/s];
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e  p—processing time at the turnover station in [s].

The parameters are constrained to the following ranges:
v; € [0.01, 0.3], 1w, €[0.01, 0.3], p: € [20, 300] (14)

These parameters directly affect system performance, including throughput, conges-
tion, and downtime.

4.3. Performance Measures
The following key metrics are used to evaluate system performance:

e  Throughput—the number of items processed over a given period of time (maximized);
e  Failure time—the total system downtime (minimized);
e  Average congestion—the average load or backlog in the system (minimized).

In the simulation model, availability and MTTR (mean time to repair) stochastic
parameters are defined as a function of processing time, meaning that increased cycle times
result in lower availability and higher MTTR values. These indicators indicate various
aspects of the production system’s efficiency and are often in conflict with one another,
validating a multi-criteria approach to the problem.

4.4. Base Configuration

As a starting point, a baseline configuration of the system is used:
01 = 0.04 ? vy = 0.05 ? pr =120 (15)

This configuration serves as a benchmark for normalizing performance metrics and
subsequently comparing optimization results.
Baseline performance metrics can be found in Table 1.

Table 1. Baseline performance metrics.

Tbase Cbase Fbase
236 parts 287.425 s 355.0574 s

4.5. Objective Function

The objective is to find a set of parameters 6 = (v1, vy, p;) that optimizes the system’s
performance while taking several criteria into account. Considering the normalization
relative to the baseline configuration, the problem is formulated as the minimization of
a composite objective function that defines both the average values of the metrics and
their variability (a detailed formalization is provided in the Section 3). Thus, the problem
under consideration is a stochastic multi-criteria “black-box” optimization problem, in
which there is no analytical expression for the objective function; it can only be determined
through the results of simulation modeling.

4.6. Failure and Maintenance Model

To integrate realism into the simulation model, this study employed a stochastic failure
model that depends on the controlled parameter of processing time. The main idea is that
reducing the processing time p; leads to an increased load on the equipment, which, in turn,
triggers more frequent failures and longer recovery times. The mean time between Failures
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(MTBF) is modeled using an exponential function of processing time [20-22], following an
exponential hazard formulation commonly used in reliability engineering [22]:

4
)\(pt) — )\ref'ea( ;’t -1) (16)

(17)

f

where A,.r = WPW is the basic failure rate, p;” is the reference processing time, and « is
the sensitivity coefficient. This formulation reflects the exponential growth of the failure
rate as the processing time decreases, also enabling the stochastic nature of the failure.
The reference processing time and MTBF values were initiated as baseline parameters to
normalize the failure model. Their values were chosen to represent a nominal operating
condition of the system instead of a specific industrial dataset. The sensitivity parameter a
controls the effect of processing time on failure rate. Its value was selected within a realistic
range commonly reported in the reliability modeling literature, ensuring a moderate but
noticeable dependency [23]. The model is meant to capture qualitative system behavior
rather than exact quantitative predictions.

4.7. Repair Time and Availability

The mean time to repair (MTTR) also relies on the processing time and is defined as
a simple inverse relationship showing increased repair attempt under higher utilization,
consistent with empirical observations in manufacturing systems [21]:

MTTR(p;) = % (18)

where ¢ is an empirical constant. This relationship represents the increase in repair time as
equipment is used more intensively.
The availability coefficient is computed based on the MTBF and MTTR values [21]:

B MTBF(p;)
Alpr) = MTBEF(p;) +M£FTR(Pt)

(19)

In Plant Simulation, this parameter is used to generate stochastic machine failures.

4.8. Interpretation of the Model

The proposed model introduces a nonlinear relationship between system performance
and reliability. Reducing processing time may improve throughput, but this is accom-
panied by an increase in failure rates and downtime. Thus, a natural trade-off arises
between performance and reliability, making the optimization problem more realistic and
practically significant.

5. Case Study—Experimental Structure
5.1. Optimization Algorithm Settings

In the study, evolutionary strategy was employed in the form of (1, A) using the MAT-
LAB environment. At each iteration, A = 6 candidate solutions are generated based on the
current state using Gaussian mutation, which is consistent with the recommendations for
low-dimensional continuous optimization problems, providing a good trade-off between
exploration and computational effort [10,11]. The maximum number of iterations was set
to N = 100, which was found to be sufficient to ensure the convergence of the objective
function while keeping the computational cost manageable. The initial mutation step size
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was set to ¢ = 0.1, according to the evolution strategy literature, chosen relative to the
scale of the decision variables to ensure efficient exploration while maintaining search
stability [10,11]. This was later adaptively adjusted during the optimization process based
on improvement of the objective function. The solution is updated by selecting the best
candidate at each iteration. Thus, the algorithm implements a greedy optimization strat-
egy with search range adaptation. The parameter ¢ is adapted in accordance with the
following rule:

e  If the objective function improves, the step size increases.
e  If there is no improvement, the step size decreases.

This allows for a dynamic balance between exploring the solution space and
local optimization.

5.2. Evaluation of Solutions and Replications

Whereas the simulation model has a stochastic nature, each parameter configuration
is evaluated based on several independent runs (replications). An adaptive replication
procedure based on confidence intervals is used to improve computational efficiency.
Repeated simulations are performed until the specified estimation accuracy is achieved for
each candidate point. Let  be the number of repetitions executed. Thus, for each indicator,
the following are computed:

e the mean value,
e the standard deviation,
e the half-width interval of the confidence interval.

As in the previous section it was mentioned, a 95% confidence level, the half-width
interval, is defined using Formula (10). The replication process stops when the con-
dition (11) is met considering the (12) inequality, allowing the number of simulations
to be automatically increased only for “noisy” solutions, thereby reducing the total
computation time.

6. Results
6.1. Optimization Result

In this section, the results of applying the proposed evolutionary optimization ap-
proach in combination with a simulation model is presented. The optimization problem is
formulated as a stochastic minimization problem, where the objective function concurrently
considers several various performance metrics: throughput, failure time, and average con-
gestion. To clarify the stochastic nature of the simulation model, an adaptive replication
scheme was applied, allowing the necessary number of runs to be determined dynamically
founded on the width of the confidence intervals. The optimization algorithm is based
on a (1, A) evolution strategy, where A = 6 candidates are created at each iteration using
Gaussian mutation. The step size o is adjusted during the search depending on the success
of the objective function improvement. After running the algorithm (N = 100 iterations),
the following optimal parameter configuration was acquired:

o v =002611;
o vy =0221;
o pr=9417s.
The corresponding system metrics:

e  Throughput = 298 parts;
e  Average Congestion = 222.051 s;
e  Failure Time = 494.7445 s.
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The value of the objective function was:
e  Objective = 1.314.

To evaluate the reliability of the solution gained, an additional convergence analysis
of the simulation output statistics was carried out, involving adaptive independent runs of
the simulation model using the optimal parameters determined. The results showed:

e  Mean of the throughput = 298.8 parts, Standard deviation = 0.86 parts;
e  Mean of the congestion = 222.44 s, Standard deviation = 0.58 s;
e  Mean of the failure time = 543.66 s, Standard deviation = 71.16 s.

To further assess the robustness of the obtained solution, a sensitivity analysis was
performed. Sensitivity analysis is widely used in simulation-based optimization to quantify
the influence of input parameters on model outputs and evaluate the stability of optimized
solutions under parameter perturbations [24,25] In this study, the optimized parameter set
was perturbed around its nominal values, while all other parameters remained unchanged.

The low standard deviation for throughput and utilization metrics shows that the
solution is highly stable in terms of these metrics. Concurrently, there is greater variability
in failure times, which is due to the model’s stochasticity and rare but significant failures.
In addition, a sensitivity analysis was applied to evaluate how the optimal solution reacts
to modifications in the control parameters. Each parameter was varied within a range of
£10%, while the values of the other parameters remained fixed.

The results indicate that:

e  The parameter p; (processing time) has the greatest impact on the system; increasing it
leads to a decrease in throughput and an increase in load;

e  Parameters v; and v, have a relatively weak impact on the objective function near
the optimum;

e  The system shows local stability, since small changes in the parameters do not lead to
sharp degradations in performance.

The results verify that the proposed approach grants a robust and statistically reli-
able solution to the optimization problem under stochastic uncertainty. The sensitivity
analysis of the input parameters around the optimal solution is shown in Appendix A.
The sensitivity analysis of the input parameters around the optimal solution is shown in
Figures A1-A3.

6.2. Convergence Analysis of the Optimal Solution

To evaluate the statistical convergence of the acquired optimal solution, a convergence
analysis was carried out to evaluate the impact of the stochastic variability of the simula-
tion model on the values of the output metrics. In this analysis, an adaptive number of
independent model runs (Ny;;;; = 20, Nyax = 200) was used with the optimal parameters
obtained, allowing us to evaluate the distribution of the output metrics and their statistical
features. The analysis generated the following results:

e  Throughput: mean = 298.8 parts, Standard deviation = 0.86 parts;
e Average congestion: mean = 222.44 s, Standard deviation = 0.58 s;
e  Failure time: mean = 543.66 s, Standard deviation = 71.16 s.

The acquired results showed varying degrees of stability in the system’s indicators.
Throughput is characterized by low variance, demonstrating high stability in this metric.
A stable behavior with minor fluctuations also appeared in average congestion. Failure
time, in contrast, showed significantly greater variability, indicating the presence of rare
but significant random events in the model. To offer a clearer analysis of the distribution of
data, histograms or box plots can be used to identify potential outliers and asymmetry in
the distribution. Generally, the results of the convergence analysis indicate that estimated
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performance measures are statistically reliable despite the existance of stochastic fluctua-
tions. This is specifically important in the context of simulation modeling, where neglecting
variability can result in incorrect management decisions. In Appendix A, a detailed boxplot
figure is provided. Figure A4 shows the convergence analysis of the optimal solution.

The optimization results are presented in Table 2. The resulting optimal solution
considerably enhanced the performance of the simulated production system compared to
the baseline configuration. The most essential improvement was noticed in the value of the
objective function. The objective function value decreased from 2.32 to 1.314, corresponding
to a 43.36% improvement. This verifies the efficiency of the proposed approach, which is
based on an evolutionary strategy and adaptive determination of the number of replications.
System throughput increased from 236 to 298 units, describing a 26.27% increase. This
result indicates a more efficient use of production resources and an improvement in the
overall productivity of the system. The average congestion time decreased from 287.425 s
to 222.051 s. The relative improvement was 22.74%, demonstrating a reduction in the level
of congestion in production areas and a more balanced distribution of material flow. The
failure time metric increased from 355.057 s to 494.745 s, representing a 39.34% increase
in downtime. This deterioration shows a clear trade-off between production performance
and reliability. While the optimized configuration improves throughput and reduces
congestion, the more aggressive production conditions also result in increased equipment
downtime. Thus, the acquired solution should be interpreted as a weighted compromise
among the considered performance measures rather than as an independent optimum
for each individual metric. Overall, the results demonstrate that the proposed approach
can effectively improve the aggregated system performance while explicitly revealing the
associated reliability trade-off.

Table 2. Results of the optimization.

Parameter Baseline Optimized Improvement
Throughput 236 parts 298 parts +26.27%
Average congestion 287.425s 222.051s +22.74%
Failure time 355.0574 s 494.7445 s —39.34%
Objective 2.32 1.314 +43.36%

The trade-off between production performance and reliability was further examined
by analyzing the relationship between throughput and failure time across the evaluated
candidate solutions, which can be found in Appendix A, Figure A5. The results showed
a clear positive relationship between performance and reliability: increasing throughput
is generally associated with increased downtime. This relationship becomes particularly
noticeable at higher throughput levels, where relatively small additional improvements in
throughput are accompanied by significantly larger increases in failure time.

The optimization process showed quick initial improvement followed by progressive
convergence toward a stable solution region. Most of the improvements of the objec-
tive function appeared during the early candidate evaluations, while later evaluations
mainly refined the solution. Ninety-five percent of the improvement was reached after
301 evaluations. The optimization plot can be seen in Figure 4.

6.3. Convergence and Adaptive Replication Plots

The adaptive replication mechanism dynamically distributed the simulation effort
depending on the witnessed variance of the candidate solutions. Stable candidates required
fewer replications, while noisy configurations triggered additional evaluations. In some
cases, 10-12 replications were adequate, while in others, 24 or more were required. The re-
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sults of the adaptive replication scheme showed that the average number of simulation runs
required to evaluate a single candidate was 12.17. The minimum number of replications
was 10, while the maximum reached 26. The standard deviation was 3.12, indicating mod-
erate variability in computational costs across different solutions. An adaptive replication
behavior plot can be seen in Figure 5.
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Figure 5. Adaptive replication behavior plot.

6.4. Parameter Trajectory

The processing time parameter demonstrated the largest fluctuations throughout the
optimization, signifying stronger sensitivity of the objective function to production speed
adjustments. The optimizer explored the parameter space, gradually searching different
regions. The parameters v; and v, had less fluctuations, while p; varied strongly. The
development of parameter configurations can be seen in Figure 6.
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Figure 6. Parameter trajectory plot.

6.5. Benchmark Comparison Between Adaptive and Fixed Replication

The benchmark comparison confirmed that the adaptive replication strategy achieved
a lower objective value than the fixed-replication strategies, improving the objective func-
tion by 0.45% compared to the corresponding fixed-10 strategy, by 17.20% compared to
the corresponding fixed-20 strategy, and by 12.81% compared to the corresponding fixed-
30 strategy while requiring fewer simulation replications than the fixed-20 and fixed-30
strategies. The computational time was reduced by 17.72% compared to the corresponding
fixed-20 strategy, and 46.94% compared to the corresponding fixed-30 strategy. In compari-
son with the fixed-10 strategy, the adaptive approach required a longer computational time
due to the higher average number of replications; however, it provided substantially better
solution quality. The results of the comparison are presented in Table 3.

Table 3. Results of the benchmark.

Replication Average Best Throughput Failure Congestion Wall-Clock
Strategy Replications Objective [Parts] Time [s] [s] Time [Hours]
Fixed-10 10 1.32 261.1 404.13 243.47 4
Fixed-20 20 1.587 232.6 349.41 272.44 79
Fixed-30 30 1.507 266.53 447.45 234.62 12.25
Adaptive 12.17 1.314 298 494.7445 222.051 6.5

6.6. Robustness Analysis

To observe how the optimal solution varied (or fluctuates) among different runs,
repeated optimization runs were performed. The complete optimization procedure was
independently repeated six times using identical algorithmic settings while allowing differ-
ent stochastic realizations of the simulation model. The optimal parameter configurations
and the corresponding objective values acquired from each run are presented in Table 4.
The results show that the optimization framework consistently recognized solutions of com-
parable quality despite the stochastic nature of the production system and the evolutionary
search process. Although different parameter combinations were gained in individual
runs, the resulting objective values remained within a relatively narrow range (0.976-1.314),
demonstrating satisfactory repeatability of the optimization process.
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Table 4. Results of the optimization runs.
Run vy [m/s] vy [m/s] pt [s] Objective
1 0.0261 0.22 94.17 1.314
2 0.01 0.018 84.88 0.976
3 0.0536 0.179 93.83 1.295
4 0.2395 0.272 91.7 1.178
5 0.01 0.131 98.16 1.172
6 0.18 0.225 89.61 1.095

The statistical characteristics of the acquired optimal solutions are summarized in
Table 5. The processing time parameter showed the lowest variability, with a coefficient
of variation of 4.92%, indicating that the optimization consistently converged to similar
processing time values across repeated runs. However, the conveyor speed parameters
showed significantly larger variability, particularly v; (CV = 113.92%). This suggests that
several combinations of conveyor speeds can produce solutions of comparable quality, in-
dicating that these parameters have a lower influence on the optimization objective within
the examined design space. The objective function exhibited a coefficient of variation of
10.78%, indicating that repeated optimization runs consistently converged to solutions of
similar quality despite the stochastic behavior of the simulation model. This observation
is consistent with the sensitivity analysis presented previously, which showed the pro-
cessing time as the most influential decision variable, whereas the conveyor speeds had a
comparatively smaller impact on the overall system performance.

Table 5. Statistical characteristics of the optimal parameters.

Parameter Mean Std. Dew. Coe.fﬁ'aentoof
Variation [%]
v1 [m/s] 0.0865 0.0986 113.92
vy [m/s] 0.1742 0.09 51.69
pt [s] 92.06 4.527 492
Objective 1.172 0.126 10.78
The distribution of the optimal solutions can be seen in Figure 7.
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Figure 7. Boxplot of the optimization runs.
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7. Discussion

The results confirm that coupling discrete-event simulation with an external MATLAB
optimization module allows for the effective study and development of production systems
under conditions of stochastic uncertainty. Instead of proposing a new optimization
algorithm, the core contribution lies in integrating adaptive replication into the optimization
loop, allowing the number of simulation replications to be adjusted based on the statistical
uncertainty of each candidate solution. This enhances the reliability of objective-function
estimation while avoiding needless computational effort.

These findings are consistent with previous studies on simulation-based optimization,
which emphasize that stochastic simulation outputs require statistically reliable perfor-
mance estimation before candidate solutions can be compared [2,5,9]. The proposed frame-
work extends these concepts by demonstrating their practical implementation through
the integration of Siemens Tecnomatix Plant Simulation and MATLAB within a unified
optimization system.

A sensitivity analysis demonstrated that changing this parameter leads to significant
changes in throughput, failure time, and congestion. However, reducing the processing
time increases throughput but simultaneously leads to an increase in the rate of equipment
failures. This trade-off shows that processing time is the governing decision variable in
the examined system. Therefore, the optimization framework does not simply maximize
throughput but assists the identification of balanced operating conditions that consider
both productivity and reliability.

The convergence analysis confirmed the statistical stability of the solution obtained. In
spite of the stochastic nature of the simulation, the variation in throughput and congestion
values was moderately small, while the failure time indicator exhibited considerably
greater dispersion. The use of an adaptive replication strategy achieved automatically
balanced computational costs and the statistical accuracy of the estimates. Occasionally, the
algorithm completed its evaluation after a comparably small number of iterations, while
configurations with more noise required significantly more simulation runs. In particular,
using confidence intervals as a stopping criterion helps prevent both an inadequate and an
excessive number of replications.

To assess the effectiveness of the adaptive replication strategy, an additional bench-
mark was performed using fixed replication schemes with 10, 20, and 30 replications per
candidate solution. The comparison considered computational effort (wall-clock time and
total number of simulation runs) together with the final objective value obtained by the
optimization algorithm. The results indicate that the adaptive strategy achieved a solu-
tion quality comparable to the fixed replication schemes while requiring fewer simulation
runs on average. This confirms that adaptive replication can reduce computational effort
without noticeably degrading the optimization outcome. The robustness analysis showed
consistency among different optimization runs.

It is worth mentioning that the proposed approach has certain constraints. First of all,
the framework was validated using a single manufacturing case study with three decision
variables; thus, its computational performance and optimization behavior for larger-scale
industrial systems need to be further investigated. In addition, although the production
line was based on a real manufacturing process, several model elements rely on simplified
assumptions. Therefore, the quantitative results should be interpreted as a demonstration
of the proposed optimization framework rather than as an exact representation of a specific
production system. Another limitation concerns the formulation of the optimization
problem. The three considered performance measures (throughput, congestion, and failure
time) represent potentially conflicting objectives. In the present study, these measures are
combined into a weighted single-objective function to provide a unified objective for the
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stochastic simulation-optimization procedure. This formulation enables the evaluation of
the proposed adaptive replication strategy using a single compromise solution; however, it
does not explicitly characterize the complete set of Pareto-optimal solutions or allow the
trade-offs among different objective preferences to be fully explored. Another limitation
concerns the optimization procedure itself. The adopted (1, A) evolution strategy was
selected because of its robustness and simplicity for noisy optimization problems; however,
it does not guarantee convergence to the global optimum, and its performance depends
on empirically selected control parameters, including the mutation step size, offspring
population size, and stopping criterion. Finally, despite the adaptive replication strategy
reducing unnecessary simulation evaluations, the computational cost remains significant
as each candidate solution needs multiple independent simulation runs. This limitation
becomes increasingly important for large-scale optimization problems or computationally
expensive simulation models, where additional acceleration techniques such as surrogate
models or parallel simulation may be required.

Future research will focus on expanding the proposed framework in numerous ways.
First, a more comprehensive benchmarking study will be performed by comparing the
adaptive replication strategy with fixed replication schemes under identical optimization
settings with reference to solution quality, computational time, and statistical robustness.
Second, the current weighted single-objective formulation will be expanded to a multi-
objective optimization framework to explicitly examine the trade-offs between throughput,
reliability, and congestion through Pareto-optimal solutions. Finally, the framework will be
validated using larger industrial production systems with additional decision variables and
experimentally calibrated reliability data to assess its scalability and practical applicability.

8. Conclusions

As the main contribution, in this paper, a practical and reusable framework is proposed
that combines discrete-event simulation, stochastic optimization, adaptive replication,
and statistical analysis into a single automated workflow. The framework is intended
for production systems where objective-function evaluations are affected by stochastic
variability, and repeated simulations are therefore required to obtain statistically reliable
performance estimates.

The proposed methodology was validated through a stochastic manufacturing case
study. Compared with the baseline production configuration in one of the optimization
runs, the proposed framework reduced the objective function by 43.36% while simultane-
ously increasing system throughput and reducing congestion. The results also revealed a
clear trade-off between production performance and reliability, as reflected by the increase
in failure time. Consequently, the optimized solution should be interpreted as a weighted
compromise under the adopted single-objective formulation rather than as an indepen-
dent optimum for each performance indicator. The trade-off analysis across the evaluated
candidate solutions further confirmed the relationship between increased production per-
formance and reliability degradation, providing additional insight into the optimization
behavior of the proposed framework. To evaluate the effectiveness of the adaptive repli-
cation strategy, benchmark experiments were conducted using fixed replication schemes
with 10, 20, and 30 simulation replications. The results demonstrated that the adaptive
strategy achieved a solution quality comparable to the fixed-replication approaches while
requiring fewer simulation evaluations on average, thereby reducing computational effort
without compromising statistical reliability. Furthermore, the adaptive strategy improved
the objective value by up to 17.20% compared with the fixed-replication strategies and
required substantially less computational time than the fixed-20 and fixed-30 configurations.
The robustness analysis further demonstrated that the proposed framework consistently
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converged toward solutions of comparable quality across independent optimization runs
despite the stochastic nature of both the simulation model and the evolutionary optimiza-
tion process. In particular, the objective function exhibited a coefficient of variation of only
10.78%, indicating stable optimization performance. Among the decision variables, the
processing time parameter showed the lowest variability (CV = 4.92%), demonstrating that
the optimization consistently converged toward similar processing time values. In contrast,
the conveyor speed parameters exhibited considerably higher variability, especially v;
(CV =113.92%), suggesting that multiple conveyor speed combinations can produce so-
lutions of comparable quality. This observation is consistent with the sensitivity analysis,
which identified processing time as the dominant decision variable, whereas the conveyor
speeds had a comparatively smaller influence on the overall system performance.

The presented framework demonstrates that integrating discrete-event simulation with
external optimization and adaptive statistical evaluation provides an effective methodology
for improving manufacturing-system performance under uncertainty compared to fixed
replication runs.
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OCBA  Optimal configuration-based assignment
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MTTR Mean time to repair

MTBF  Mean time between failure

A Availability

Appendix A
Sensitivity and Stability Analysis

Table Al. Simulation model settings.

. - . . Orientation Pallet
Attributes Decoiling Punching  Unloading for Packing Loading
Processing 10s 10s 10s 10s 10s

time (default) (default) (default) (default) (default)
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Table A2. Optimizer and failure model settings.

Parameter Value Description
Avar 0.05 Variance penalty weight
Nuin 10 Minimum adaptive replications
Niax 100 Maximum adaptive replications
o 0.05 Confidence level parameter
PTef 50s Reference processing time
MTBF ¢ 300s Reference mean time between failures
« (failure model) 1.2 Empirical scaling coefficient
c 1000 Empirical constant for MTTR
A 6 Offspring population size
N 100 ES iterations
0p 0.1 Initial mutation step size
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