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Abstract

Accurate productivity prediction is difficult in manufacturing work centres with high variability from
human-machine interaction. Conventional discrete-event simulation (DES) relies on static master data,
limiting its ability to reflect operational changes under dynamic conditions. This study proposes an
adaptive DES framework that updates simulation parameters using monitoring-derived process metrics
without modifying simulation logic. An information model and event-driven procedure transform
heterogeneous manufacturing data into structured simulation inputs. The framework is validated in a
vibration welding case involving human-machine collaboration, where electric current signals extract
time-dependent production and waiting metrics. Results from ten production days show 99.12 %
prediction accuracy compared with 91.12 % for static approaches, demonstrating that monitoring-based
adaptation significantly improves reliability in high-variability environments.
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1. INTRODUCTION

Discrete-event simulation (DES) is widely used for analysing manufacturing systems and
estimating production performance because it can represent event-driven interactions among
machines, operators, and material flows in a structured manner. In particular, DES is well suited
to work-centre-level analysis, where production behaviour emerges from the interaction of
resource constraints, task sequences, and stochastic processing conditions [1, 2].

However, the predictive reliability of DES is limited when simulation inputs are treated as
fixed over time. In actual manufacturing environments, processing and waiting conditions vary
according to operator behaviour, machine condition, workload imbalance, and surrounding
operating factors. This problem becomes more critical in work centres characterized by close
human-machine interaction, where variations in skill, fatigue, work pace, and handling
conditions directly affect cycle execution and waiting behaviour. As a result, productivity
prediction based on static simulation inputs may become unreliable even when the nominal
simulation logic is appropriate [3, 4].

Previous studies in simulation-based manufacturing analysis, data-driven simulation,
digital-twin-based manufacturing, and Al-supported manufacturing prediction have
incorporated production data into model development and evaluation. However, many of these
studies remain oriented towards offline analysis or broad cyber-physical integration, without
clearly focusing on how time-dependent shop-floor observations can be translated into updated
stochastic DES inputs for work-centre-level productivity prediction [5-7].

This study focuses on the practically important problem of improving DES-based
productivity prediction by adaptively updating time-dependent simulation inputs using
monitoring-derived production information. Unlike broader digital twin frameworks, the
proposed approach concentrates on prediction-oriented adaptive calibration of DES input
parameters rather than on general cyber-physical integration or control.
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To address this problem, this study proposes an adaptive DES framework in which time-
dependent simulation input parameters are updated using shop-floor production information.
The framework combines an information model and an event-driven updating procedure to
transform heterogeneous manufacturing data into structured simulation inputs without altering
the underlying simulation logic. In the industrial case considered here, electric current signals
from a vibration welding process (VWP) are used to extract production-time and waiting-time
information, which is then used to update the stochastic inputs of the DES model.

This study makes three main contributions. First, it presents a monitoring-informed adaptive
DES framework for work-centre-level productivity prediction under time-varying operating
conditions. Second, it provides a structured data-to-simulation updating procedure linking
monitoring-derived process metrics with stochastic DES input parameters. Third, through an
industrial vibration welding case, it shows that adaptive updating can improve prediction
accuracy compared with a static DES configuration within the scope of a single-case validation.

2. ADAPTIVE DISCRETE-EVENT SIMULATION FRAMEWORK

2.1 Conceptual design of the adaptive DES framework

The objective of the proposed framework is to improve the reliability of DES-based
productivity prediction in manufacturing environments where operating conditions vary over
time. In conventional DES applications, simulation inputs are often defined from static master
data or historically averaged observations. Although such models can represent nominal
production logic, their predictive validity deteriorates when actual processing and waiting
conditions change during operation. To address this limitation, the present framework
introduces an adaptive mechanism that updates time-dependent DES input parameters using
production information collected from the shop floor, while preserving the underlying
simulation logic.

The conceptual design of the framework is guided by three requirements. First, time-
dependent operational changes must be reflected in the simulation model through systematic
parameter updating rather than ad hoc manual recalibration. Second, heterogeneous
manufacturing information originating from different sources, such as shop-floor monitoring
signals and legacy production data, must be transformed into structured and interpretable
simulation inputs. Third, the framework must preserve the transparency of DES by separating
data acquisition, information integration, and simulation execution into explicit functional
layers. Accordingly, the framework is organized into three interconnected layers, as illustrated
in Fig. 1.

The manufacturing system layer represents the physical production environment in which
machines, operators, and sensors generate raw operational data. This layer corresponds to the
actual work centre and provides the observed production context from which time-varying
process information is obtained. In the present study, this information includes shop-floor
observations related to production execution and waiting behaviour during human-machine
collaborative operation.

The information integration layer serves as an intermediate layer that organizes
heterogeneous manufacturing information into structured inputs suitable for adaptive
simulation. Its main role is not to execute the simulation itself, but to align and preprocess data
originating from different sources, including monitoring-derived production information and
existing system data maintained in legacy information systems. Within this layer, the
component manager coordinates the flow of information and maps the collected data into
simulation-relevant entities, thereby ensuring that the adaptive updating process is based on
consistent and interpretable input structures.
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The adaptive simulation layer constitutes the analytical core of the framework and is
composed of a monitoring module and a prediction module. The monitoring module estimates
or updates time-dependent DES input parameters by combining observed production
information with the baseline information available in the system. The prediction module then
executes the DES model using the updated input set and produces productivity estimates for
the target manufacturing period. In this way, the framework separates parameter adaptation
from simulation execution, which helps maintain both methodological transparency and
compatibility with conventional DES modelling practice.

The interaction among the three layers enables the proposed framework to maintain
consistency between simulated behaviour and actual manufacturing conditions. Raw shop-floor
data generated in the manufacturing system layer are first structured in the information
integration layer and then converted into updated simulation parameters in the adaptive
simulation layer. The resulting DES model therefore remains responsive to time-dependent
production variability without requiring modification of the core event logic. This architecture
is intended to support reliable productivity prediction in dynamic manufacturing settings while
providing a clear basis for subsequent formalization of the adaptive updating procedure.

Adaptive simulation layer

- Monitoring module - Prediction module
: Estimates time-dependent DES input parameters : Executes DES with updated parameters and generates
from historical and monitoring data productivity estimates

Cyber
world

Information integration layer

- Component manager - Legacy system
: Transforms heterogeneous manufacturing : Provides production, resource, and system
information into structured simulation inputs information

Manufacturing system layer

Physical
world - Actual manufacturing site
: Machines, operators, and sensors generating shop-floor event data

Figure 1: Conceptual structure of the adaptive simulation framework.
2.2 System architecture and simulation information model

Fig. 2 presents the system architecture of the proposed adaptive DES framework, focusing on
the interaction among the manufacturing system layer, the information integration layer, and
the adaptive simulation layer.

The manufacturing system layer represents the physical production environment in which
machines, operators, and sensors generate raw operational data, including observations related
to production execution and waiting behaviour during human-machine collaborative operation.
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Figure 2: System architecture of the proposed adaptive DES framework.

The information integration layer organizes heterogeneous manufacturing information into
inputs suitable for adaptive simulation by aligning and preprocessing monitoring-derived
production information and existing legacy system data. Within this layer, the component
manager coordinates the information flow and maps the collected data into simulation-relevant
entities.

The adaptive simulation layer constitutes the analytical core of the framework and consists
of a monitoring module and a prediction module. The monitoring module updates time-
dependent DES input parameters using observed production information together with baseline
system information, and the prediction module executes the DES model using the updated input
set to produce productivity estimates. This separation helps maintain transparency and
compatibility with conventional DES modelling practice.

Through the interaction of these layers, raw shop-floor data are structured in the information
integration layer and converted into updated simulation parameters in the adaptive simulation
layer. The resulting DES model remains responsive to time-dependent production variability
without modification of the core event logic.

2.3 Operation procedure

As illustrated in Fig. 3, the proposed framework combines two coordinated mechanisms:
continuous monitoring for the acquisition and processing of operational data, and event-driven
simulation execution for productivity prediction. The framework does not run the simulation
continuously; instead, it updates production information continuously and triggers DES-based
prediction when a predefined production event occurs.
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Figure 3: Operation procedure of the adaptive simulation framework for productivity prediction.

At the start of operation, the component manager initializes the monitoring module and
establishes data exchange between the information integration layer and the adaptive simulation
layer. During system operation, the monitoring module continuously receives time-stamped
production data, synchronizes them, and generates process metrics reflecting current shop-floor
behaviour. In the present study, the principal monitoring-derived metrics used for adaptive
updating are production time and waiting time because these quantities directly affect the
stochastic execution behaviour of the DES model.

When a product completion event is detected, the framework enters an event-driven
prediction stage. The component manager collects the production context required for
simulation execution, including product-related, production-scheduling, resource-related, and
monitoring-derived information, aligns these data into a consistent input set, and transmits them
to the prediction module. The prediction module then executes the DES model using the
updated time-related input parameters, particularly the production-time and waiting-time
estimates derived from monitoring data, and produces prediction results for the target planning
horizon.

The monitoring module generates machine states and process metrics according to
Algorithm 1. Using time-stamped monitoring data and the observed parameter signal, the
procedure identifies production start and end events and derives the cycle-level metrics required
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for adaptive simulation. The present study focuses on the metrics directly used to update DES
inputs, namely production time and waiting time. Additional state information, such as idle or
stoppage conditions, may also be recorded for operational interpretation, but they are not used
as primary adaptive input parameters.

Algorithm 1. Monitoring-based process metrics generation
Input: time-stamped monitoring signal p, for machine m
Output: machine-state sequence and cycle-level process metrics
Begin
1. Acquire the monitoring signal for machine m from the operational monitoring source.
2. Detect production start and production end events using the predefined signal-state rule.
3. For each completed production cycle j
a. determine the production start time ¢7*";

2

b. determine the production end time tje"d;
_ gstart.
j

b

c. compute production time PT; = tje”d
d. compute waiting time WT; = tjsﬂrt - tf”d, when the next cycle exists.
4. Store the extracted cycle-level metrics together with their timestamps.
5. Return the machine state sequence and the available process metrics.

End

The cycle-level metrics extracted by the monitoring module are not directly inserted into
the DES model. Instead, they are aggregated over time to obtain stable and operationally
meaningful estimates for simulation input updating. Let X denote a monitored process metric,
such as production time or waiting time. For day i, the daily average of metric X is first
computed from the m; observed cycle values as:

m;
— X lXij

P )
X; = L= (M
This daily aggregation reduces the influence of cycle-level noise and represents the
characteristic operating condition of day i. To reflect the fact that recent observations are more
relevant to near-term productivity prediction than older observations, a time-based weight is

then assigned to each day:
1

- 1+aldeyr—d;l (2)

Here, a is a sensitivity parameter controlling the rate at which the contribution of older
observations decreases. A larger a places greater emphasis on recent observations, increasing
responsiveness to operational changes but also sensitivity to short-term fluctuations. A smaller
a preserves the influence of historical data, producing more stable parameter estimates but
reducing the speed of adaptation. In this study, @ was selected to balance responsiveness to
recent shop-floor changes with the stability of the resulting simulation input estimates.

Using these weights, the updated simulation input for metric X over an n-day observation
window is calculated as:

w;

©)

The resulting value X* is used as the updated DES input parameter for the corresponding
stochastic process representation in the prediction model. In the present study, this procedure
is applied to the monitored time-related metrics that directly affect productivity prediction,
particularly production time and waiting time. Thus, monitoring-derived observations are
transformed into simulation-relevant stochastic input estimates through cycle-level extraction,
daily aggregation, and recency-weighted updating. The symbols used in Egs. (1) to (3) are
summarized in Table 1.
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Table I: Definitions of symbols used in metric processing.

Symbol Description
Xij Observed value of metric X for cycle j on day i
X; Daily average of metric X for day i
m; Number of observed cycles for metric X on day i
w; Time-based weight assigned to day i
a Decay sensitivity parameter controlling the influence of older observations
deur Current prediction date
d; Date corresponding to day i
n Number of days included in the updating window
X" Updated estimate of metric X used as a DES input parameter

By combining continuous monitoring, event-triggered prediction, and recency-weighted
parameter updating, the proposed procedure provides a transparent mechanism for translating
monitoring-derived information into DES inputs for productivity prediction while preserving
the interpretability of the underlying DES model.

3. CASE STUDY

3.1 Case study environment

The proposed adaptive simulation framework was evaluated using VWP employed for
dishwasher nozzle assembly production at an industrial site [8]. The workstation comprises one
vibration welding machine and one operator performing a repeated cycle of loading, welding,
unloading, and inspection. From a DES perspective, the system can be represented as a single-
resource workstation with alternating machine-active and operator-handling states. Fig. 4
presents the industrial vibration welding workstation and its surrounding production
environment considered in this study.

Figure 4: Industrial vibration welding workstation and its surrounding production environment.

Although the workstation structure is compact, the durations of both machine-active and
operator-handling states vary over time due to changes in manual operation and machine
conditions. This variability affects waiting time, effective production time, and short-term
productivity estimates, making static simulation inputs insufficient for reliable prediction. The
VWP therefore provides an appropriate case for examining how monitoring-informed
parameter updates improve DES-based productivity prediction under time-varying operating
conditions.
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During operation, the vibration welding machine continuously records electric current
signals, which serve as the primary monitoring variable in this study for identifying operational
states. Fig. 5 presents a representative example of the time-series signal recorded during
machine operation. Intervals with sustained current activity correspond to active welding
periods and are therefore associated with production time, whereas low-current or idle intervals
indicate operator handling activities, including loading, unloading, and inspection, during
which waiting time is accumulated. This signal-based distinction enables practical classification
of production and waiting states and supports the monitoring-driven updating of DES input
parameters in the proposed adaptive simulation framework.

9 Production interval Production interval

Waiting interval

Electric current
~ o™

=]

09:00:00  09:00:05  09:00:10  09:00:15  09:00:20  09:00:25  09:00:30
Time
Figure 5: Representative example of electric current signals showing production and waiting intervals
during vibration welding machine operation.

In the case study, electric current data are processed by the monitoring module using
threshold-based event detection to classify production and waiting periods, thereby generating
the event-level timestamps required for DES input parameter estimation. The extracted time-
dependent metrics are subsequently mapped to the stochastic time-related input parameters of
the simulation model, particularly the production-time and waiting-time parameters. By
reflecting current operational conditions through monitoring-derived inputs, the proposed
framework supports more reliable productivity prediction under dynamic human-machine
interaction within the scope of the present case study.

3.2 Experimental setup and simulation execution

This section describes the experimental setup and simulation execution used to validate the
proposed adaptive simulation framework. The DES model was executed in an event-driven
manner, in which each simulation run replicated the production cycle of the VWP using
stochastic time-related input parameters, particularly processing-time and waiting-time
parameters derived from monitoring metrics. The objective was to evaluate whether adaptive
parameter updating improves prediction accuracy under variability induced by human-machine
interaction. For comparison, a static DES configuration using non-adaptive input parameters
was evaluated under the same prediction setting in order to assess the effect of adaptive
updating on prediction accuracy.

Following the architectural framework in Section 2.2 and the operation procedure in Section
2.3, production data collected from the manufacturing site were continuously integrated into
the adaptive simulation framework. Operational data obtained from legacy systems and
monitoring outputs were synchronized and supplied to the adaptive simulation layer through
the information integration process as structured inputs for parameter updating and simulation
execution.
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Each time a product completion event occurred, relevant production context information —
including product-related, scheduling-related, resource-related, and monitoring-derived metrics
— was aligned and used to update the time-dependent DES input parameters. Productivity
prediction was then performed by executing the DES using the updated input parameters,
thereby enabling evaluation of production performance under current operating conditions.

The monitoring module continuously analysed electric current signals collected from the
vibration welding machine and extracted time-dependent process metrics using the monitoring
procedure described in Section 2.3. Active welding periods were classified as production time,
while idle periods associated with manual handling were classified as waiting time. To ensure
stable yet responsive simulation input updating, the extracted metrics were processed using the
time-based aggregation and weighting procedure described in Section 2.3.

In the experiments, production data collected over the preceding five days were used as the
observation window for metric processing. The weight-decay sensitivity parameter was set to
a=0.1. A sensitivity analysis conducted for a € {0.05, 0.1, 0.2} indicated that & = 0.1 provided
the most balanced trade-off between responsiveness to recent changes and stability of the
updated simulation inputs. This configuration prevents abrupt exclusion of past information and
supports the systematic transformation of highly variable process metrics into adaptive
simulation inputs.

Using the processed metrics, the prediction module executed the DES model upon
completion of each product. The simulation explicitly represented operator handling activities,
machine processing states, and idle periods as discrete events competing for a single shared
resource, thereby capturing the variability arising from human-machine interaction in the work
centre. The same event-triggering logic and prediction horizon were used for both the adaptive
and static configurations to ensure a fair comparison.

To reduce simulation variance, multiple independent replications were performed for each
prediction instance, and the average simulation output was used for productivity estimation.
The simulation run length was defined as the remaining production horizon at the time of
prediction, thereby maintaining consistency with the actual operational conditions under which
the prediction was required.

3.3 Performance comparison and validation

This subsection presents the comparative evaluation of productivity prediction performance
between the proposed adaptive simulation framework and a baseline simulation approach. The
objective of the experiment was to assess whether adaptive input updating improves simulation-
based productivity prediction in a manufacturing environment characterized by high variability
arising from human-machine interaction.

The baseline approach employed a conventional simulation model that relied on predefined
master data obtained from the legacy system. In this baseline configuration, time-related
process parameters, particularly production time and waiting time, were not updated using
monitoring-derived metrics. Instead, fixed parameter values reflecting standard machine and
operator conditions were applied whenever productivity prediction was performed.

In contrast, the proposed adaptive simulation framework dynamically updated time-
dependent input parameters based on monitoring-derived process metrics. These parameters
were updated using electric current data collected from the manufacturing site and processed
through the metric aggregation and weighting procedure described in Section 2.3.

The performance comparison was conducted using actual operational data collected over a
10-day period. Total throughput was selected as the key performance indicator. Prediction error
was evaluated using the mean absolute percentage error (MAPE) between simulated and actual
throughput, and prediction accuracy was reported as 100 — MAPE. For statistical validation,
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paired prediction errors from the adaptive and baseline approaches were compared across the
daily prediction intervals.

Fig. 6 presents the time-series comparison of prediction accuracy for the proposed adaptive
simulation framework and the baseline approach over the operating horizon. The adaptive
framework consistently achieved higher prediction accuracy across the evaluated time intervals,
whereas the baseline approach remained nearly constant because it relied on fixed master-data-
based input parameters. The difference between the two approaches became more evident
during periods of stronger operational variability, indicating that adaptive input updating
improved the alignment between simulated and actual throughput.

Table II summarizes the average prediction accuracy across different time intervals. The
proposed framework achieved an overall average prediction accuracy of 99.12 %, compared
with 91.12 % for the baseline approach. This performance gap indicates that monitoring-based
adaptive input updating improved the reliability of simulation-based productivity prediction
under the conditions of the present case study.

To evaluate statistical significance, paired prediction errors obtained from the adaptive and
baseline approaches were compared across the daily prediction intervals using the Wilcoxon
signed-rank test. This non-parametric paired test was selected because the number of paired
observations was limited and the prediction accuracy values were concentrated near the upper
bound, making a distribution-free comparison more appropriate than a parametric paired test.
The effect size was assessed using the rank-biserial correlation in order to quantify the
magnitude of the improvement achieved by the adaptive framework. The results indicated that
the adaptive framework achieved a statistically significant reduction in prediction error
compared with the baseline approach (p <0.01).

These results indicate that the proposed adaptive simulation framework improved
prediction accuracy while maintaining more stable performance under the observed operational
conditions. The statistically significant reduction in prediction error suggests that monitoring-
based adaptive input updating can improve both accuracy and stability in simulation-based
productivity prediction within the scope of the present case study.
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Figure 6: Time-series comparison of productivity prediction accuracy between the proposed adaptive
simulation framework and the baseline approach.
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Table II: Average prediction accuracy across time intervals.

Average prediction accuracy (%)
Time interval
Proposed system Baseline system

08:00-11:59 97.50 91.12

12:00-15:59 99.43 91.12

16:00-19:59 99.80 91.12

20:00-23:59 99.92 91.12
Overall average 99.12 91.12

4. CONCLUSION

This study addressed the challenge of reliable productivity prediction in manufacturing work
centres characterized by high variability arising from human-machine interaction. In such
environments, fluctuations in operator behaviour and machine operation can lead to deviations
from planned production performance, making accurate productivity prediction difficult when
conventional static approaches are used.

Conventional simulation-based productivity prediction methods typically rely on
predefined master data, such as standard processing times and average operator working times.
Although these approaches can be useful under relatively stable operating conditions, they do
not adequately reflect time-dependent operational changes and may therefore show reduced
prediction reliability in highly dynamic manufacturing environments.

To address this limitation, this study proposed an adaptive simulation framework based on
discrete-event simulation (DES) that updates simulation input parameters using monitoring-
derived process metrics. The framework separates information integration, parameter updating,
and simulation execution, thereby enabling systematic adaptation of DES inputs without
modifying the underlying simulation logic. In addition, an information model and an
operational procedure were developed to transform heterogeneous manufacturing data into
structured inputs for simulation-based productivity prediction.

The proposed framework was validated through a case study of a vibration welding process
involving human-machine collaboration. Electric current data were used to extract time-
dependent production-time and waiting-time metrics, which were processed through time-
based aggregation and weighting to update the DES input parameters. The experimental results
showed that the adaptive simulation framework achieved higher prediction accuracy than the
baseline approach over the 10-day evaluation period, and the reduction in prediction error was
found to be statistically significant.

These findings indicate that monitoring-based adaptive input updating can improve the
reliability of simulation-based productivity prediction under variable operating conditions. By
incorporating monitoring-derived process metrics into DES, the proposed framework provides
a practical and interpretable approach for reflecting time-dependent shop-floor behaviour in
productivity prediction.

At the same time, this study has several limitations. The validation was conducted in a single
manufacturing work centre, and the evaluation period was limited to 10 production days.
Accordingly, the findings should be interpreted within the scope of the present case study rather
than as a general conclusion applicable to all manufacturing environments. In addition, the
present study focused primarily on production-time and waiting-time adaptation in a single-
resource human-machine collaborative setting.

Future research should extend the proposed framework to additional manufacturing
processes and longer observation periods to evaluate its broader applicability and robustness.
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Further work may also examine the adaptation of additional time-dependent parameters, the
effect of noise and uncertainty in monitoring data, and the integration of the proposed
framework with broader digital manufacturing or decision-support systems.
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