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Abstract 

The growing complexity of production systems, combined with the licencing costs of commercial 

simulation solutions and the need for greater interoperability, has driven increasing interest in open-

source discrete event simulation (DES) solutions. 

      However, their stochastic capabilities remain largely unvalidated. This study evaluates the ability of 

open-source DES solutions to reproduce predefined statistical distributions. A conceptual model was 

implemented across five open-source solutions and one commercial solution benchmark, with a specific 

statistical distribution assigned to each process building block. Simulation outputs were analysed using 

SciPy, Fitdistrplus, and Arena's Input Analyzer.  

      Results reveal significant variation in adherence between predefined and proposed distributions. 

SimPy demonstrated the greatest consistency, highlighting the importance of statistical validation in 

simulation modelling and suggesting that open-source solutions represent a viable alternative to 

commercial simulation solutions. 
(Received in March 2026, accepted in June 2026. This paper was with the authors 2 weeks for 3 revisions.) 
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1. INTRODUCTION 

The goals of increasing production efficiency, reducing environmental impact, and responding 

to personalisation ambitions are shared across production processes. Consequently, greater 

analytical effort to analyse the achievement and relationship among these three goals 

throughout the production process arose. Hence, there was the advent of information systems 

applied to the industry sector, namely to track all product references, required production stages, 

and product completion level – as well as assess production metrics [1]. 

These efforts in applying information systems to the industry sector brought reliability, 

traceability, and data. The first is directly linked to production efficiency, the second is linked 

to accountability and possibly be mandatory (e.g., in the food and pharmaceuticals industry), 

while the third can be transformed into strategic decisions (e.g., stock level). Nonetheless, 

several challenges persisted regarding industrial engineering – especially in the design phase, 

where no data is available to sustain a decision. 

Hence, a gap emerges. Discrete-Event Simulation (DES) has filled this gap and rose as a 

crucial technique. It enables manufacturing industries to model and optimise complex 

production processes in a virtual environment [2]. Commercial simulation solutions have 

contributed to the spread of DES, both on industrial and academic contexts. This is largely due 

to the fact that these solutions reduce the overall modelling effort, as they offer pre-developed 

blocks (or objects) which are easily manipulated through a Graphical User Interface (GUI), 

which eases the learning curve for non-programming experts. Moreover, through the addition 

of several features, they facilitate the modelling of complex systems by users with different 

backgrounds, e.g., production, logistics. 

Yet, these same commercial simulation solutions can hinder the ubiquitous adoption of 

simulation, mainly due to their licencing costs (one-time or recurring payment). This factor has 
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a more significant impact on simulation adoption among Small and Medium-sized Enterprises 

(SMEs), given their typical reduced financial capacity to accommodate an investment of this 

magnitude [3]. 

One way to overcome this specific and significant obstacle – posed by commercial 

simulation solutions – may lie in the adoption of open-source simulation solutions; as they are 

not, typically, proprietary simulation solutions. There are some licences which are more 

permissive and fully open, as is the case of SimPy; while there are other licences which are still 

open-source, but have some features behind a paywall, as is the case of JaamSim. 

Through these open-source simulation solutions, the licencing costs ceases to be an 

impediment to simulation adoption; shifting it to become an argument to attract SMEs to 

simulation. Furthermore, open-source simulation solutions allow for the creation and 

maintenance of transparent simulation models, granting users greater flexibility, as they mainly 

grant full access to the entire source-code – thus, open-source(-code). The main benefit is 

enabling its modification to adapt the code according to the specific organisational needs [4]. 

However, given the vast array of open-source simulation solutions currently available, it is 

relevant to assess their reliability. One of the aspects the authors felt the need to validate on 

open-source simulation solutions was the random number generation – as it is an essential 

component for the faithful representation of stochastic processes, and a major advantage of DES 

over other approaches. 

Simulation is not merely a validation tool, but a bridge between analytical theory and 

stochastic reality [5]. The rigorous validation of stochastic assumptions across simulation 

solutions is essential to ensure model fidelity. As referred by Wang et al. [5], simulation 

practitioners combined with domain experts are relevant on defining validation strategies to 

achieve resilient and practical implementation of real-world uncertainty. 

To this end, a preliminary observation and a reasoned selection of various open-source 

simulation solutions were undertaken, with the aim of identifying those that, at first glance, 

offer the greatest potential in terms of flexibility, ease of use, and support for stochastic 

modelling. 

Following this analysis, a conceptual simulation model was established, representing a 

production system with defined probabilistic characteristics. It will be modelled on the selected 

open-source simulation solutions. This approach will allow testing, under close conditions, how 

each simulation solution processes the variability introduced by specific statistical distributions. 

After modelling and execution of the simulation model, the data generated by each specific 

random distribution present in each simulation model, of each open-source simulation solution, 

will undergo a statistical analysis – using specialised analytical solutions, which perform 

statistical fitting and validation of the stochastic conformity. Afterwards, an analysis is done to 

assess if any of the proposed statistical distributions, suggested by any of the specialised 

analytical solutions, coincides with the specific random distribution originally introduced on 

the various open-source simulation solutions. Ultimately, this approach aims to validate the 

stochastic conformity of the open-source simulation solutions analysed: the adherence between 

specific and proposed statistical distributions. 

The article is structured in five sections. The first section presents an introductory text to 

identify the scientific opportunity and need, the research objectives, and the adopted 

methodology, focusing on the evaluation of open-source simulation solutions. The second 

section presents an updated overview of open-source simulation solutions, highlighting their 

main features and limitations, to allow the selection of the ones to undergo the detailed analysis, 

as well as the introduction of the widely used commercial simulation solution, Arena [6] as the 

control. On the third section, the conceptual simulation model established for the analysis is 

presented, detailing its rationale, modelling, and the statistical methods applied to assess the 

stochastic conformity of the open-source simulation solutions. The fourth section discusses the 
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results obtained, comparing the statistical performance of the different open-source simulation 

solutions under analysis and the control one (a commercial simulation solution). The fifth, and 

last, section presents the study general conclusions, and outlines directions for future research. 

1.1  Research questions and objectives 

In order to address the central objective of this research, a structured set of research questions 

was formulated, from which corresponding research objectives were systematically derived. 

The first research question (RQ1) seeks to establish the current state of open-source simulation 

solutions, addressed through a comprehensive Literature Review aimed at critically 

synthesising existing knowledge and identifying prevailing trends within the field. The second 

research question (RQ2) examines the random number generation capability inherent in open-

source simulation solutions, addressed through the systematic analysis and empirical testing of 

such capabilities via a rigorously designed Experimentation strategy, enabling the objective 

assessment of the statistical properties and performance characteristics of the random number 

generators embedded within the solutions under study. 

1.2  Methodology 

The following section aims to explain how the present study, related to the study of random 

number generation in open-source simulation solutions, was structured. Two distinct research 

strategies were employed in order to address the research questions. 

Regarding RQ1, the strategy used was a literature review, in which papers by other authors 

who previously conducted studies in this area were analysed. The purpose of a literature review 

is not only to aggregate all existing evidence on a research question, but also to support the 

development of evidence-based guidelines for practitioners [7]. 

Studies were extracted from Scopus, Google Scholar, and Web of Science, covering 

publications from 2013 to 2025, with earlier studies included through the snowballing method. 

The selection process followed the PRISMA guidelines, resulting in 23 included studies, of 

which 7 were obtained via snowballing. Regarding RQ2, Experimentation was adopted as the 

methodological approach [8], with the objective of evaluating the capacity of open-source 

simulation solutions in generating random numbers, through the development and 

implementation of a conceptual model with well-defined stochastic components across the 

selected simulation solutions. 

The analysis was based on feeding the data generated from the specific statistical 

distributions to the specialised analytical solutions, which perform statistical fitting and 

validation of the stochastic conformity; followed by verifying the adherence of those specific 

statistical distributions to the proposed statistical distributions retrieved from the specialised 

analytical solutions. 

The specialised analytical solutions employed were: Input Analyzer (Arena), the SciPy 

library (Python), and the Fitdistrplus package (R). These allowed statistical fitting of the 

samples, retrieving a set of proposed statistical distributions; and validation of the stochastic 

conformity of each specific statistical distributions introduced on the simulation models, 

enabling the assessment of the adherence between specific and proposed statistical 

distributions. As such, this experimentation contributes to a rigorous assessment of the fidelity 

of the random number generation processes of open-source simulation solutions. 

2. CURRENT STATE 

Simulation is an excellent technique for analysing complex systems, useful both for what-if 

scenarios on existing systems and for assessing potential future ones. A key component of any 
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simulation study is input modelling, which involves selecting probability distributions that 

characterise the stochastic behaviour of the system’s random input variables [9]. 

Probability theory evolved from simple finite distributions to infinite-dimensional spaces, 

driven by the need to model complex random phenomena. Probabilistic models prove 

indispensable where deterministic approaches fall short, which is increasingly common in 

engineering and fundamental sciences [10]. Examples of this include queueing systems, where 

customer arrival times and operation duration are generally random and need to be represented 

through probability distributions [9]. A major simulation advantage is the ability to test system 

changes in a virtual environment, and refine them using the simulation outputs, enabling 

practical implementation without physical trials [11]. 

The present research aims to evaluate the stochastic capability of open-source simulation 

solutions. Specifically, the random number generation of open-source simulation solutions, 

with a particular focus on DES. To this end, it is essential to survey the open-source simulation 

solutions currently available. 

A critical review of the specialised literature was carried out, considering works that 

conducted similar evaluations. Particularly noteworthy are the studies by Dagkakis and Heavey 

[12], who undertook a comprehensive mapping of open-source simulation solutions; and by 

Vieira et al. [13], who identified the most relevant and widely used open-source simulation 

solutions at the time. 

Dagkakis and Heavey’s study [12] presents a detailed review of the main open-source 

software for DES, focusing on its applicability in operational research contexts. This analysis 

systematises technical features, advantages, and limitations of the solutions, addressing criteria 

such as: ease of use, available documentation, and community support factors that significantly 

influence the adoption of these solutions in both academic and professional environments. 

Meanwhile, Vieira et al. [13] produced a ranking of the most well-known and widely used 

freeware and open-source simulation solutions in the field of DES. Their evaluation considered 

aspects such as: functionality, documentation quality, user support, and the level of acceptance 

within the scientific and technical communities. This work provides an updated overview of 

trends and of the most robust and active solutions, reflecting the evolving nature of the field. 

The strategy adopted in this review was based on mapping the open-source simulation 

solutions referenced in the selected studies, complemented by the identification and inclusion 

of open-source simulation solutions which have recently emerged on the market. To systematise 

this information, a summary table was developed and is available at https://shre.ink/ATab, 

offering an up-to-date overview of open-source simulation solutions, analysing essential 

aspects, such as: the programming language used, the existence of a graphical user interface 

(GUI), the application domain, the availability of user support, the year of the last update, and 

the availability of documentation. 

This analysis revealed a heterogeneous scenario regarding the vitality and maturity of open-

source simulation solutions. Some solutions were found to be outdated, inoperable, or 

unavailable, reflecting the maintenance challenges posed by rapid technological advancement. 

A paradigmatic example is Spades/JAVA, whose last update dates back to 2005, indicating 

clear obsolescence driven by incompatibility with current libraries, a condition that may arise 

when solutions lack the necessary funding, interest, or community support to sustain continued 

development. 

On the other hand, a significant number of solutions demonstrated an ability to adapt and 

evolve continuously, keeping pace with the latest programming languages versions and 

incorporating functional and usability improvements. These solutions remain up-to-date and 

active in the current landscape, offering comprehensive technical documentation and graphical 

user interfaces (GUI) which eases user interaction – which is typically a relevant aspect for their 

adoption. 
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This contrast highlights the importance of systematically monitoring the open-source 

simulation solutions lifecycle, particularly in a domain where reliability in random number 

generation and robustness in stochastic simulation are critical for model verification and 

validation. Thus, assessing the stochastic capability of available open-source simulation 

solutions is not only pertinent, but essential to ensuring the integrity and scientific rigour of the 

simulations conducted. 

2.1  Selected simulation solutions 

Following the selection process, a review of the open-source simulation solutions previously 

identified was conducted. The five solutions considered were: CIW, JaamSim, Java Modelling 

Tools (JMT), Salabim, and SimPy. Each offer unique strengths, catering to different modelling 

needs, and user preferences and skills. For a concise overview, their main characteristics are 

summarised in https://shre.ink/ATab. 

2.2  Arena as control 

Given the careful selection of open-source simulation solutions combining versatility, 

modernity, and suitability, it is equally relevant to incorporate a well-established commercial 

solution into the study. Arena emerges as a widely recognised solution [14], serving as a 

benchmark for comparing results obtained from open-source alternatives. Its long-standing 

history, technical robustness, and broad acceptance in both academic and industrial spheres [14] 

provide a solid foundation for validating and contextualising the developed models, 

contributing to a more rigorous analysis of DES. 

Developed by Rockwell Automation, Arena is a commercial simulation software that 

provides access to the SIMAN language through a graphical, flowchart-based environment with 

drag-and-drop functionalities, supporting model animation, execution, and result visualisation 

[15]. It includes advanced features such as three-dimensional graphics and statistical 

dashboards, enabling the faithful representation of virtually any system, while automatically 

calculating 95 % confidence intervals by default [14, 16]. 

To support model development and analysis, Arena incorporates on its software package 

specialised analytical solutions: (a) Input Analyzer, to determine proposed statistical 

distributions; (b) Output Analyzer, to conduct statistical analysis of simulation outputs; and 

(c) Process Analyzer, to assist in comparing alternatives based on system controls. The former 

was used to assess the adherence between specific and proposed statistical distributions. 

3. USE-CASE AND STATISTICAL ANALYSIS 

A conceptual simulation model was developed, represented in Fig. 1, which will subsequently 

be implemented and tested using all the aforementioned open-source simulation solutions, with 

the objective of assessing the stochastic capability of those solutions. 
 

 

Figure 1: Conceptual model of production process. 
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This model was intentionally designed to be minimalistic, capturing the essential blocks of 

a production system: raw material arrival, processing, assembly, and dispatch. Hereby enabling 

a controlled environment for testing stochastic capability; reducing hidden variables, and 

interdependencies which could distort results, while facilitating computational efficiency, 

repeatability, and a clearer variability analysis. The model includes the basic elements present 

in typical industrial environments. 

The process begins with two distinct entity creation points: the upper one, Create1, generates 

the PartA entity (arrival) and directs it to the waiting queue Queue1, waiting until the Process1 

resource become available. When it does, this entity is processed at Process1, being forwarded 

to Queue2 afterwards. In parallel, Create2 generates PartB entity (arrival), which proceeds 

directly to Queue3. 

When Queue2 has one PartA entity, Queue3 has one PartB entity, and the Batch1 resource 

becomes available, the two entities are batched (assembly), forming a unique entity. This 

batched entity is then sent to the Destroy1 blocks (dispatch). 

The specific statistical distributions used on the conceptual model were: Create1 for PartA 

block follows an Exponential distribution with Mean = 8, Create2 for PartB follows an Erlang 

distribution with Mean = 10 and K = 2, Process1 for PartA follows a Uniform distribution with 

Minimum = 2 and Maximum = 5, and Batch1 follows a Normal distribution with Mean = 4 and 

Standard deviation = 1. These serve as the basis for simulation events. The conceptual model 

replicated 1000 times, on each simulation solution, to ensure result statistical robustness. 

The results obtained from all the simulations were analysed using three different specialised 

analytical solutions: Input Analyzer, SciPy, and Fitdistrplus. These were selected for their 

capability to propose statistical distributions with the highest goodness of fit, having empirical 

data as an input. Thereby, providing the assessment this study seeks, having simulation output 

data as its input. 

3.1  SciPy library 

SciPy is a Python-based open-source scientific library widely used for numerical computing in 

mathematics, statistics, engineering, and data science. Built around NumPy arrays, it supports 

diverse data structures and algorithms while providing advanced functionalities for signal and 

image processing, optimisation, numerical integration, interpolation, and scientific 

programming, establishing itself as an indispensable tool within the Python ecosystem [17]. 

One of its most notable submodules is scipy.stats, offering over 100 statistical distributions 

(96 continuous, 13 discrete, and 10 multivariate) with methods for random sampling, CDF, 

PDF, and parameter fitting, using analytical formulas where possible and numerical integration 

otherwise [18]. 

A relevant aspect of using the SciPy library is the possibility of automatizing the analysis, 

by employing custom-made Python code; in sharp contrast with the GUI used by legacy 

specialised analytical solutions. 

3.2  Fitdistrplus package 

The Fitdistrplus package was developed to facilitate the fitting of univariate parametric 

distributions to both censored and uncensored data, proving especially useful in quantitative 

risk assessments. Created in 2008, and made available in 2009 on CRAN, the package was 

initially authored by Delignette-Muller, with subsequent contributions by Dutang [19]. 

The package offers functions such as fitdist and fitdistcens for distribution fitting, 

employing various estimation methods, including maximum likelihood, moments, quantiles, 

and goodness of fit adjustments. It also provides graphical diagnostic solutions such as plotdist, 

cdfcomp, and qqcomp goodness of fit statistics through the gofstat function, and features for 

uncertainty analysis via the bootstrap method [19]. 
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In statistical analysis, working with independent and identically distributed data is essential. 

R is widely used to estimate goodness of fit across various domains including finance, supply 

chain management, and market diffusion models and as a teaching tool for fitting distributions 

in simulation models, incorporating tests such as Kolmogorov-Smirnov and moment matching 

via the Fitdistrplus library [20]. The Fitdistrplus package also shares with the SciPy library the 

relevant aspect of having the possibility of automatizing the analysis, by employing custom-

made code. 

3.3  Input Analyzer 

Input Analyzer is a standard component of the commercial simulation solution, Arena, widely 

recognised and utilised in the field of simulation, standing out for its effectiveness in identifying 

and fitting proposed statistical distributions based on empirical data [14]. This solution allows 

analysts to process collected data, estimate the parameters of specific statistical distributions, 

and evaluate the goodness of the fits through statistical tests. Such functionality significantly 

contributes to the development of simulation models that are both realistic and representative 

of the studied system. 

Prior to applying the Input Analyzer, it is advisable to verify that the simulation data exhibit 

stationarity and independence to ensure the validity of the conclusions drawn from the analysis. 

Although this step is essential, it is often left to the discretion of the analysts, as input data 

modelling combines scientific rigour with practical judgement, constituting an activity that 

involves both science and art [15]. 

The Input Analyzer enables fitting statistical distributions to empirical data, allowing users 

to select between theoretical distributions (e.g., exponential, normal, gamma), suited for regular 

unimodal data, or empirical distributions, preferable when data exhibits multimodality or 

outliers, with the choice depending on the data's nature and supported by goodness-of-fit 

measures and graphical analyses [14]. 

4. RESULTS AND DISCUSSION 

This section presents and discusses the results obtained through the usage of the three 

specialised analytical solutions used to evaluate the proposed statistical distributions based on 

the simulation data. 

4.1  SciPy library 

The statistical analysis using the SciPy library enabled an objective evaluation of the adherence 

between simulation data and the distributions incorporated in the simulation model. The fully 

automated process involved distribution fitting, hypothesis testing, and ranking based on the 

Kolmogorov-Smirnov test, applied to each replication, allowing the identification of the three 

best-fitting distributions for each model component across the simulation solutions under study. 

The results, summarised in https://shre.ink/ATab, indicate that, in general, there is a 

reasonable coherence between the assumptions of the conceptual model and the simulation data 

retrieved, although variations were observed across the different simulation solutions used. 

In the case of the Create1 block, originally defined with an exponential distribution 

(Mean = 8), it was found that this specific statistical distribution did not feature among the most 

proposed statistical distributions in any of the simulation solutions. Instead, distributions such 

as uniform, normal, and Weibull were more frequently selected. This difference may suggest 

that the simulation data exhibit patterns more compatible with distributions of limited or 

symmetric support, possibly indicating the influence of factors such as the internal random 

number generation mechanism or the discretisation of events over time. 
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For the Create2 block, whose specific distribution is Erlang (Mean = 10, K = 2), the results 

were heterogeneous. Although Erlang ranked well in simulation solutions such as CIW and 

Arena, other distributions including normal, Weibull, and uniform were also strongly 

represented. This dispersion may reflect both the variability introduced by the replications and 

the ability of different distributions to fit data sets with certain statistical characteristics equally 

well. 

In the Process1 block, modelled with a uniform distribution (Minimum = 2, Maximum = 5), 

the fits were largely consistent with the specific statistical distribution included on the 

conceptual model. The uniform distribution appeared prominently among the best fitting in 

almost all simulation solutions, reinforcing both the quality of the theoretical modelling and the 

precision with which the solutions implemented the intended behaviour in the simulation 

environment. 

Regarding the Batch1 block, which the specific statistical distribution was normal 

(Mean = 4, Std. dev. = 1), it was well represented among the top three in several simulation 

solutions, especially Arena, SimPy, and Salabim. Nonetheless, distributions such as gamma, 

Weibull, and Erlang also performed notably in some cases. This occurrence may be explained 

by slight distortions or asymmetries in the generated data, which favour models with greater 

flexibility to capture variations in the extremes. 

Overall, the CIW, Salabim, and SimPy solutions demonstrated greater adherence to the 

conceptual model’s assumptions. The differences in results across the various solutions should 

not be viewed as flaws, but rather as consequences of the particularities in how each 

environment handles events, concurrency, and variability generation. 

4.2  Fitdistrplus package 

A second statistical analysis was conducted using an R library based on the Fitdistrplus, dplyr, 

and openxlsx packages, aimed at assessing the adherence between simulation data and the 

distributions defined in the conceptual model. By automating the fitting process, hypothesis 

testing including the Kolmogorov-Smirnov test for continuous distributions and the chi-square 

test for discrete distributions and the ranking of distributions based on p-values, it was possible 

to compare simulation solutions more efficiently while maintaining analytical rigour. 

The adopted approach involved identifying, for each simulation replication, the three 

distributions that best fitted the simulation data. As a result, it became possible to examine the 

consistency between the simulation data and the specific statistical distributions introduced in 

the conceptual model. The simulation results, as presented in https://shre.ink/ATab, reveal only 

a partial correspondence between the specific statistical distributions and the proposed 

statistical distributions which, statistically, best fitted the simulation data. 

For instance, for the Create1 for PartA block, the exponential distribution introduced in the 

conceptual model did not exhibit a goodness of fit in any of the analysed solutions. On the 

contrary, distributions such as uniform, normal, and Weibull were frequently identified as the 

best fitting. This result suggests that the Create PartA may be subject to variations not accounted 

for by the memoryless assumption characteristic of the exponential distribution. 

In the case of Create2 for PartB block, a clear predominance of the uniform distribution 

among the top positions in terms of goodness of fit was observed, indicating some consistency 

between the simulation data and the proposed statistical distribution. Albeit, the absence of the 

specific statistical distribution, the Erlang distribution, among the best fitting suggestions was 

at times offset by the recurring appearance of the gamma distribution, indicating partial 

statistical coherence, since Erlang is a particular case of the gamma distribution. 

Regarding Process1 for PartA block, the uniform distribution introduced in the conceptual 

model generally proved appropriate, frequently appearing among the top three best fitting 

distributions in simulation solutions such as CIW, JaamSim, SimPy, Salabim, and JSIMGraph. 
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However, in the Arena simulation solution, this distribution did not feature among the top three 

proposed statistical distribution, being outperformed by others such as lognormal, gamma, and 

Weibull; which may point to differences in how events are internally handled by this particular 

simulation solution. 

As for the Batch1 block, the normal distribution, defined with a mean of 4 and a standard 

deviation of 1, demonstrated consistent performance across most simulation solutions, ranking 

first in JaamSim, SimPy, and Arena, and second in CIW and Salabim. The exception was 

JSIMGraph, where the normal distribution did not appear among the top three, potentially 

reflecting differences in internal synchronisation mechanisms or in the processing of 

simultaneous events. 

The use of this R-based library, particularly the Fitdistrplus package, proved essential in 

highlighting these nuances, providing a solid statistical foundation for validating or re-

evaluating the choices made during the modelling phase. 

4.3  Input Analyzer 

The statistical analysis using the Input Analyzer, integrated into the Arena simulation solution, 

complemented the automated tests previously conducted with the R package and Python library, 

reinforcing the validation of the conceptual model's assumptions. However, the Input Analyzer 

presents notable limitations, including the need to process one file at a time and the absence of 

automated distribution ranking mechanisms, resulting in a manual and sequential analysis. 

Consequently, the analysis was limited to five replications per block and per simulation 

solution. 

The results obtained for the model blocks Create1 for PartA, Create2 for PartB, Process1 

for PartA, and Batch1 based on the solutions CIW, JaamSim, JSIMGraph, Salabim, SimPy, and 

Arena, can be accessed via the following link: https://shre.ink/ATab. 

Regarding the Create1 for PartA block, although the introduction in the conceptual model 

of an exponential distribution, with a mean of 8, this distribution was not identified among the 

top three in any of the simulation solutions and replications analysed. On the contrary, beta 

distributions were predominantly observed, often combined with significant shifts and scaling 

factors. This pattern was consistent across replications and simulation solutions such as CIW, 

JaamSim, and SimPy; indicating that the simulation data behave more in line with limited-

support distributions, challenging the theoretical assumption of continuous exponential decay. 

For the Create2 for PartB block, defined with the Erlang distribution on the conceptual 

model, with a mean of 10 and K equal to 2, the results similarly diverged from the conceptual 

model. Beta distributions with varying parameters and offsets were predominant, alongside 

frequent appearances of uniform distributions, particularly in simulation solutions such as 

Salabim, SimPy, and JSIMGraph. The systematic absence of the Erlang distribution among the 

Input Analyzer's proposed statistical distributions may indicate that the data structures 

generated by the analysed solutions introduce variations incompatible with the Erlang pattern, 

reflecting specific internal generation and synchronisation characteristics. 

On the other hand, the Process1 for PartA block, specified as a uniform distribution with a 

minimum of 2 and maximum of 5, showed generally consistent performance with the 

conceptual model. On several simulation solutions, including Arena, Salabim, SimPy, and 

JaamSim, the uniform distribution was frequently identified among the best fitting options. In 

cases where beta distributions were suggested, they displayed symmetrical and centred 

parameters, visually resembling a uniform distribution reinforcing the conceptual model's 

robustness in this phase of the process. 

Regarding the Batch1 block, the normal distribution defined in the conceptual model, with 

a mean of 4 and standard deviation of 1, showed consistent performance across most simulation 

solutions, ranking first in JaamSim, SimPy, and Arena, and second in CIW and Salabim. 
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However, in JSIMGraph, the normal distribution did not appear among the top three best fits, 

being replaced by distributions such as exponential and triangular, which may reflect relevant 

differences in the internal logic of this particular simulation solution. 

4.4  Results summary 

These results are summarised in Table I, which illustrates the adherence of specific and 

proposed statistical distributions across all solutions and platforms assessed. 

The comparative evaluation of the specialised analytical solutions used: SciPy, Fitdistrplus 

and Input Analyzer; offered valuable insights into the statistical fidelity of different simulation 

environments. For example, Arena achieved 80 % for the uniform distribution in Process1 and 

80 % adherence in detecting the normal distribution for Batch1, both using its Input Analyzer; 

whereas its performance on arrival processes was notably weaker. Among open-source 

simulation solutions, SimPy showed strong consistency, achieving 33.33 % adherence for the 

uniform distribution, according to Fitdistrplus, and the maximum of 100 % adherence for the 

normal distribution in the Batch1 block. 

Table I: Summary of distribution adherence by simulation and fitting solutions (all results in %). 
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CIW 0 0 0 0 0 0 33,27 33,33 0 17,20 33,33 80 

JaamSim 0 0 0 0 0 0 33,33 33,33 0 7,73 33,33 20 

JSIMgraph 0 0 0 0 0 0 32,27 33,33 20 0 0 0 

Salabim 0 0 0 0 0 0 33,33 32,27 0 33,33 33,33 100 

SimPy 0 0 0 0 0 0 33,33 33,33 40 15,93 33,33 100 

Arena 0 0 0 0 0 0 0 0 80 17 32,47 100 

 5. CONCLUSIONS AND FUTURE WORK 

The study found notable discrepancies between the distributions used in conceptual modelling 

and those suggested by analytical solutions. Arrival processes for PartA and PartB were highly 

sensitive to distributional assumptions, showing substantial variability across simulation 

results. 

Although the exponential distribution is widely used by simulation practitioners, due to its 

simplicity and memoryless property, it was not directly suggested by any of the specialised 

analytical solutions used; with adherence remaining at 0 %. In contrast, alternative distributions 

– such as uniform, beta, and lognormal – exhibited superior statistical adherence, indicating 

that arrival behaviours are governed by more complex dynamics than traditionally assumed. 

These findings are consistent with existing literature, particularly the work of Corlu et al. 

[9], which underscores the inherent uncertainty in input modelling for simulation. Factors such 

as random number generation, selection of input distributions, and the internal mechanics of 

simulation algorithms; significantly influence output variability. Consequently, it is critical to 

rigorously validate assumptions made during the conceptual design stage, using robust and 

diverse statistical approaches. 

Arena’s less consistent fit for arrival processes, those initially conceptualised using 

exponential or Erlang distributions, may be attributable to internal factors such as event 

scheduling mechanisms, random variate generation algorithms, or discretisation effects within 
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simulation engine. Despite this, Arena was essential for performance of its open-source 

alternatives, including Salabim, JaamSim, CIW, JSIMGraph, and SimPy. This triangulation of 

simulation outputs enhanced interpretability and reliability of findings. 

Among the open-source simulation solutions, SimPy stood out for its transparency and 

extensibility; features that make it well suited to modular and complex simulation frameworks, 

especially within Industry 4.0 applications. Other platforms yielded more heterogeneous 

results, likely due to variations in random number generation, event management strategies, 

and synchronisation approaches; reinforcing the need for cross-platform validation. 

In light of these insights, future research should prioritise developing modular, reusable, 

interoperable simulation components for production systems. Addressing limitations of 

commercial simulation solutions through open, flexible, transparent frameworks will promote 

collaborative innovation and adaptability. Such potential is demonstrated by Sousa Junior et al. 

[21], where a fully open-source simulation framework was developed in Python, combining 

SimPy, metaheuristics, and machine learning to optimise lot-sizing decisions, achieving a 95 % 

reduction in processing time compared to serial approaches. 

Dynamically updated models, which integrate digital twins based on statistically validated 

assets, are a particularly promising direction. SimPy emerges as a strong foundation for such 

strategies, promoting simulation usage and integration into organisational processes. This study 

reinforces SimPy capabilities, particularly on mimicking real-world uncertainty. 

In conclusion, this study highlights that rigorous, multi-tool statistical validation must be 

embedded throughout the simulation lifecycle. Such an approach not only enhances technical 

robustness of simulation models, but also bolsters their credibility, adaptability, and relevance 

in addressing evolving demands of contemporary systems, notably in industrial domain. 

As future work, the opportunity of closing the loop opened with this study emerges, paving 

the way to develop a bidirectional approach to validate statistical distributions. I.e., introducing 

proposed statistical distributions by specialised analytical solutions as specific distributions on 

the conceptual model, and reassess adherence on specialised analytical solutions. 
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