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Validation of simulation models is a crucial aspect of the software engineering simulation modelling
process. It aims to reduce costs, save time, mitigate risks, and enhance understanding of the
validation process’s functions. This paper reviewed existing literature on simulation model
validation, focusing on definitions, architectures, and methods. However, the study identified that
it remains unclear which attributes should be prioritized when validating simulation models.
Furthermore, the literature lacks a comprehensive architecture and classification to effectively
describe the validation process. To address these gaps, this paper proposes an integrated
architecture for the Simulation Model Validation Process (SMVP). Furthermore, it introduces a
novel classification that incorporates three essentials elements: simulation validation phases,
simulation models, and validation methods. The findings indicate that the primary focus of
verification method is to verify the accuracy of model behavior. In contrast, structural validation
emphasizes historical data validation, historical methods, and internal validation. Moreover,
combining the structural and behavioral methods ensure a more robust and effective validation
process. In conclusion, the proposed architecture and classification are expected to significantly
contribute to future research by ensuring that simulation models are thoroughly validated during

the validation processes.
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I. INTRODUCTION

In recent years, Validation and Verification (V&V) of
simulation Models has played an important role in ensuring
low cost, reliability and safety in software engineering [1]. In
addition, simulation models are significant when discussing
the concept of verification and validation [2]. Besides, it is
crucial to validate any simulation model before use [3].
Proper system modeling architecture and efficient V&V
methods can improve simulation model efficiency and
reusability [4]. Simulation models has become very important
for solving problems and are used in many projects. They
help reduce cost, time, and errors while providing a better
understanding of organizational requirements [5]. Moreover,
simulation models are critical for evaluating rapid system
prototyping [6]. However, they are sometimes imprecise and
becomes increasingly complex, which makes software
simulators slower. While software simulators focus on
evaluating small benchmarks, they often become very slow
when simulating entire software [7].

The simulation model of a system is generally distinct from
a dynamic model of the same system. Simulation software
often employs computer simulation packages such as

MATLAB and Stella to verify the dynamic behavior of the
system. Modeling software provides validation, evaluation,
and optimization to assist designers [8]. One of the challenges
faced by simulation analysts is ensuring that the simulation
model accurately represents the actual system. If the
simulation model fails to represent the system correctly, the
results derived from it may be inaccurate, leading to
significant errors and increased costs in decision-making
[9,10]. This highlights the importance of validation in any
simulation project. For a simulation software to meet user
needs effectively, the validation process must be executed
thoroughly. However, simulation modelling software often
suffered from credibility challenges. Detecting errors early in
the simulation modelling process is crucial for developing
successful software. Therefore, validating simulation models
is a highly important issue [11].

In all types of software development, determining whether
the software complies with its requirements is a necessary
step. In addition, the software must align with organizational
goals and user requirements. As a result, many studies have
investigated the definitions of validation and verification
concepts, presenting a variety of critical perspectives. For
example, in 2001, [12] suggested that validation refers to
ensuring the model’s accuracy is sufficient to fulfill its
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functions under specified experimental conditions. This
perspective was supported by [13], who emphasized that
validation determines whether the simulation model
represents the actual model with high accuracy and
sufficiency. In 2002, [14] defined validation as the process of
determining the extent to which a model matches the real
system from a functional perspective. Nevertheless, in 2003
[15] proposed that the computerized model should be
satisfactory in terms of accuracy relative to its intended
application. By 2007, [16] described validation as comparing
a simulation model’s output with the real-world system.

More recent definitions include [17] in 2012, who
highlighted that validation ensures cost-effectiveness and
usability during the development process, while [18]
introduced the idea of integrating validation directly with the
model-building process. This integration allows validation to
occur simultaneously with development, improving
efficiency and usability. Additionally, in the same year, [19]
emphasized evaluating whether the system or model meets
specified requirements as part of the validation process.
Lastly, in 2017, [20] defined validation as the process of
proving that a product meets user expectations and ensuring
that the system performs as specified.

The literature discusses various methods of validating
simulation models, with authors describing these methods
differently. Validation methods are generally classified as

either subjective or objective. Objective methods include
mathematical procedures or statistical tests, such as
hypothesis testing. Subjective methods validate sub-models
and the overall simulation model. Additionally, validation
methods are categorized into informal, formal, symbolic,
constraint-based, static and dynamic approaches. A range of
methods has been detailed in contributions on simulation
model validation methods provided by [21] — [26]. While
previous studies have presented several classifications of
simulation model validation, these classifications often
overlap in concept, purpose or stage within the simulation
process. Some previous studies provided classifications that
were not clear, often based on the authors' interpretation
while using similar terms for validation. Due to the
significant number of validation methods presented in the
literature, as well as their similarity and overlaps,
distinguishing between these methods can be challenging.
Commonly used validation methods for simulation models
include comparison to models, animation, event validity,
extreme condition, face validity, degenerate tests, historical
data validation, historical methods, multistage validation,
internal validity, operational graphics, parameter variability,
traces, predictive validation, and Turing tests [27] - [40].
These methods are listed along with their explanation and
purpose, as shown in Table 1.

Table 1
Validation Methods

Validation Method

Method  Reference Explanation Purpose
Structural Behavioral
Animation [27] Determine the model’s behavior by use graphs to through time v
Comparison . . . . ,
To Models [28] Comparing the model's results with other valid models' results v
D_tleig:tr;erate [29] Testing the behavior of model by using a defined value v
Event [30] Comparing the model events to real system in order to determine the v
Validity similarities
Extreme [31] Checking validity of model in maximum and implausible levels of the v
Condition system
Face Validity [32] Take the opinion of expert persons on the reasonableness of the model v
Historical [33] Part of validation data uses to create models, and the other of validation v
Data Validation data for testing
Historical 33 Using th hods i L ionali d positi .
Methods [33] sing three methods is empiricism, rationalism, and positive economics v
Internal [34] Identifying of the model's variability by executing some of model v
Validity functions
Multistage Integration three historical methods to a high level of the validation
- [35] v
Validation process
Operational . . .
Graphics [36] Displaying various performance measures values v
Parameter . e . S R
Variability [37] Using sensitivity validation to identify the parameters’ effect v
Predictive . - . .
vValidation [38] Check the model's prediction with the system behavior v
Traces [39] Trace the model's entities to determine the model logic is correct v
Turing Tests [40] Ask persons to discriminate the outputs of the model and real system v

Based on the above discussion of how literature defines the
validation process and relevant concepts, this paper observes
differences in interpretations used within the same context
and terminology, which have been addressed by varied
descriptions. The main issue is not only the differences in
terminology, but also the confusion and vagueness raised and
discussed in the literature. Therefore, this paper defines
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modelling validation as a synchronize assessment process
aligned with the modelling simulation process, encompassing
all model stages, including design, implementation, and
testing. This definition is based on the proposed architecture
for model validation, which explains the validation process in
parallel with each phase of the required modelling simulation
process.
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Additionally, the validation methods of simulation
modelling play a crucial role by providing an important
validation framework, as highlighted in the literature.
However, the large number of methods proposed by
researchers pose a significant challenge in identifying and
selecting suitable validation methods. Furthermore, there is a
lack of validation methods tailored for every simulation. In
other words, not all validation methods are sufficient for every
simulation model. Moreover, the literature lacks a clear
classification to describe simulation validation methods.
Consequently, this paper aims to propose an integrated
architecture for the Simulation Modeling Validation Process
(SMVP) and suggest a new classification of validation
methods.

In the literature, many suggested approaches interpret
validation process stages. Some of these approaches adopt a
simple perspective, while others take a more complex view.
For example, [41] presented a study incorporating both
perspectives and concluded that the simple approach to model
validation is clear and unambiguous. Additionally, [42], [43]
offered paradigms for each approach. On the other hand, [44]
advocated for a complex perspective of the validation
process, viewing it not as a distinct stage or set of steps in the
model simulation life cycle but as a continuous activity
throughout the entire software lifecycle. A diagram of
validation activities for the simulation model was also
presented. Meanwhile, [45] proposed a different paradigm for
simulation model validation through the modelling process,
adapting the simple perspective with additional details
regarding white-box and black-box validation.

Building on these observations, many researchers have
attempted to describe the stages of model simulation
validation and how these are performed from multiple
perspectives. However, similarities exist in the descriptions
of their approaches and architecture. Generally, each
proposed architecture identifies a continuous sequence of
steps (e.g., phases, activities or processes). It can be

concluded that there is a lack of consistency between the
diverse validation phases. Therefore, this paper suggests an
integrated architecture for SMVP, including a validation
process parallel to the simulation model process, as discussed
in the next section.

Il. PROPOSED METHOD

This paper proposes an SMVP architecture adapted from
[42] - [44]. Figure 1 illustrates how the validation process is
synchronized with the modeling simulation process. It
emphasizes that every stage of the modeling simulation
process, including analysis, design, implementation, and
testing, must occur in parallel with the validation process.
Furthermore, it highlights that various simulation models and
validation activities are available.

The first step in initiating a System Problems Definition
(SPD) is to understand the real-world system problem that
needs to be addressed. Next, a model is developed as a
Conceptual Model (CM) through activity analysis and
modeling, such as using an activity diagram. Then, a
Representation Model (RM) is created based on specification
activity, such as formal specification, followed by the
computerized model (CoM) through programming.
Subsequently, an Experimental Model (EM) is constructed to
conduct experiments, such as test-case design. The final step
in developing a Simulation Model (SM) involves conducting
experiments, such as test-case execution.

The validation process includes Conceptual Model
validation,  Representation ~ Validation, = Experimental
Validation, Behavioral Validation, and finally, Data

Validation. Without validation data, the simulation model
cannot be developed and utilized. As shown in Figure 1, the
proposed SMVP architecture used various models and
phases.
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Figure 1. The proposed architecture for SMVP

A.  System Problems Definition (SPD)

The SPD refers to a real system or proposed requirements,
situations, ideas, or policies for modeling. Problem analysis is
based on accurate definition, and the purpose of the model is

determined by the objectives of the organization.
Furthermore, it describes the ideas and phenomena that are
being simulated. The assumptions used in the project have
been defined and formalized [42].
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B.  Conceptual Model (CM)

The CM is the mathematical, logical and graphic
representation of the SPD developed for a particular study. It
provides a comprehensive and unambiguous representation of
the model. Modelling requirements are transformed into
detailed simulation specifications related to the simulation
model. Documenting simulation-neutral views of important
entities and their key actions and interactions is critical to
achieving agreement between the simulation developer and
the user. It is a non-technical description of the simulation
model to be developed, describing the model's objectives,
inputs, outputs, content, assumptions and simplifications. The
CM s typically developed during the design and modeling
phase. Workflow modeling, workforce modeling, object-role
modeling, and the Unified Modeling Language (UML) are
common conceptual modeling techniques and methods used
[46].

C. Conceptual Validation (CV)

The CV ensures that the theories, hypotheses and scope are
adequate for the SPD and the CM, and verifies that all
hypotheses are correct. It helps identify whether the model's
definition is complete and capable of answering the proposed
questions. It also determines whether the
CM’s assumptions are accurate, along with the SPD
representation, model structure, and behavior. If the CM
represents logical, mathematical, and causal relationships,
then the goals are deemed reasonable.

The formal representation of the model is crucial for
validating the Systemic Structural and Simplification
assumptions during CM validation. The CM represents the
structural relationships between different model elements and
the behaviors composing the model. Defined techniques are
necessary to ensure that systemic structural assumptions align
with the purpose and that simplification hypotheses do not
oversimplify the reality they represent. An analysis of the
CM’s behavior before coding can be performed using several
formal languages, such as Specification and Description
Language (SDL), Petri Nets, and Discrete Event System
Specification (DEVS). Furthermore, this facilitates the
integration of different conceptual models that represent the
same system or its components.

To determine whether the model's intended purpose is met,
each sub-model and the overall model must be evaluated. This
evaluation involves determining whether appropriate details
and aggregate relationships have been used for the purpose of
the model. Face validation involves experts from the SPD
evaluating the CM to assess its correctness and
reasonableness for its purpose. Experts are required to
examine the flowchart or the graphical model and the set of
equations of the model to ensure logical accuracy. Traces are
used to track entities through each sub-model to maintain
overall model accuracy. If errors are identified in the CM, it
must be reviewed, and the validation process for the CM
repeated [43].

D. Representation Model (RM)

The RM represents the CM and is often similar to an
algorithm. It describes the written target phenomenon or
theory. To implement this model as a pre-CoM, intermediary
models such as text programs written in high-level
programming languages are reviewed. At a later stage, one or
more CoMs are designated for execution as computerized
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models based on RM execution. The RM is created during the
specification phase.

By integrating the CM and the RM, the gap between
informal and formal methods is bridged. The system's
requirements are improved during the analysis and design
phases through the obtained results, reducing ambiguity and
errors, while improving quality and confidentiality [47].

E. Representation Validation (RV)

The RV validates the RM by observing execution behavior
and output data, typically using graphing, visualization, and
statistical packages. Descriptions that were not included in the
representation model are incorporated during this process.
Verification of interactions between objects specified at some
level of description is conducted by verifying data flows,
control flows, and syntax. This ensures that all the objects
associated with the CM and the RM are valid. For formal
verification, formal languages such as VDM, B-Methods,
Larch, and Z notation are used. Z notation is an example of a
formal specification language that uses set theory to evaluate
the behavior of sequential systems [48].

F.  Computerized Model (CoM)

The CoM refers to the computer programming and
execution of the RM. RM algorithms are implemented to
create the CoM. The simulation that encodes the system
model is called the CoM. Using higher-level programming
languages, such as FORTRAN, C, or C++, can influence
simulation verification. The process is repeated to refine and
verify the CoM. A computer programming and
implementation phase is used to develop the CoM [49].

G. Internal Validation (1V)

The IV ensures that the computer programming and
implementation are accurate and that the model executes
correctly. It is important to confirm that the CM has been
programmed and implemented correctly and that it executes
properly in the computer language used to perform CoM
verification. The software must be error-free, properly
implemented on the computer, and tested for correctness.

Software engineering techniques are employed to design,
develop, and implement the computer program, whether it
uses a higher-level programming language or a simple
simulation language. These techniques include object-
oriented design, structured programming, and program
modularity. Verification is performed to ensure that the
simulation model’s execution functions correctly. Two basic
approaches are employed for verifying simulation software
and simulation models: static testing and dynamic testing.
Static testing examines the computer program’s structure
using techniques such as structured walkthroughs and
correctness proofs. These techniques evaluate the structural
properties of the program to determine its correctness.
Dynamic testing, on the other hand, involves executing the
computer program under different conditions and analyzing
the outcomes. Both the simulation software and the CoM are
examined to ensure they operate correctly and meet their
intended purposes [27].

H. Experimentation model (EM)

The EM consists of one or more test cases, designed to
explore the impact of changes to input variables in the
simulation model. To determine whether the requirements are
met, experimentation scenarios are conducted using the CoM.
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Testing techniques are categorized as black-box or white-box
testing. Black-box testing, also known as functional testing,
creates test cases based on specification details without
requiring access the internal source code. These tests focus
solely on the outputs generated in response to specific entries
and performance conditions, ignoring the internal
mechanisms of a system [50].

I.  Experimental Validation (EV)

The EV evaluates whether the test procedures employed to
obtain results are adequate. Validating the design and
execution of experiments is crucial for conducting the EM
based on an experimental framework. To ensure
comprehensive coverage of the program units, the selection
of test cases for EV is guided by the goal of achieving target
adequacy. Determining appropriate validation techniques for
a particular validation element is the equivalent of defining
suitable test cases. Each element of the simulation can have
specific validation techniques applied to it, and a set of
techniques can be used for any element in the simulation. The
most commonly used validation techniques for simulation
models are discussed in the existing literature. These
techniques include face validation using subject matter
experts, input data validation through goodness-of-fit tests,
sensitivity analysis, extreme condition tests, graphical
animation, and comparison with other models [10].

J. Simulation Model (SM)

An entity or system can be represented or abstracted by the
SM. A model is inherently imperfect because it is an
abstraction. The aim is to create a credible simulation model
and to obtain reliable simulation results. It is crucial to have
reliable simulation results for both modelers and users of
simulation models, as they are vital for making informed
decisions. The construction of the SM is based on certain
assumptions about the system being modeled. After
constructing the model, it is subjected to experimentation.
Although the programmed model's function may appear
normal, if the model's assumptions are violated during
experimentation, it may become invalid. The SM is utilized
by the computer system as its inference model. The simulation
model generates data and the results for the SM. Real-world
data or problems serve as the basis for the inference model
[51].

K. Operational Validation (OV)

The OV focuses on the outcomes obtained from
implementing a model. To validate the entire behavior of the
computer program that encodes the model, Black Box
validation requires the use of all model assumptions.
Operational validation aims to determine whether the
simulation model's output behavior meets the specified
accuracy requirements. Deficiencies found during operational
validation can originate from the simulation model developed
at any step. Development simulation models involve either
formulating the system's theories or encountering invalid data.
Various validation techniques are used for OV. The model
development team is responsible for selecting the techniques
and deciding their objective or subjective application.
Operational validity is influenced by whether the SPD is
observable, which means that data on the operational
behaviour of the problematic entity can be collected [43].

L. Behavioral Validation (BV)

The behavior of the simulated model is evaluated by the BV
based on the system observations. Confirmation is achieved
only if the experimental data and model output are in
agreement with an acceptable tolerance. BV is performed by
comparing the model's output with the observed real dynamic
behavior. The model must exhibit reasonable behavior under
extreme conditions and be capable of handling uncertainties
in initial conditions and parameters [44].

M. Data Validation (DV)

The DV ensures the accuracy of the data used in the model,
including probability distributions, data sources, and support
structures. To verify the data, systemic data assumptions must
be evaluated. Tests focus on two key aspects: ensuring that
the data complies with the system process and verifying that
the data expiration restrictions are enforced. Validation of the
required institutions (such as structures, enterprises, or data
warehouses) involved in obtaining and maintaining the data is
necessary to ensure the model's validity. The validity of
simulation models depends on the definition of the data
expiration constraint.

To construct a CM, sufficient information about the problem
entity must be obtained. The aim is to develop theories that
facilitate the construction of the model and to establish
mathematical and logical connections that can be utilized in
the model. This approach ensures that the model accurately
represents the SPD for its intended purpose and verifies the
assumptions underlying the model.

To compare the behavior of the problem entity with the
model, the operational validity step requires the use of
behavioral data related to the problem entity. These data
primarily consist of system input/output data. Without
sufficient operational validity, obtaining high confidence in
the model is typically impossible in the absence of behavior
data [43].

I1l. RESULTS AND DISCUSSION

Based on the discussion in previous sections, it can
be concluded that there is not a clear approach in the literature
for selecting validation methods. Selecting an appropriate
method for SMVP depends on several important attributes. In
other words, the critical issue lies in choosing the correct
validation method during the correct validation phase. This
section presents the proposed classification, which combines
three critical attributes: the simulation validation phase, the
simulation model, and the purpose of the validation method.

A. Validation Methods Classification

The proposed classification aims to facilitate the selection
of a rigorous simulation validation method, as shown in Table
2. On the other hand, the proposed classification can be
considered as a standard for determining the purpose of the
validation method, whether structural or behavioral, to
validate the model. Additionally, based on the suggested
architecture (see Figure 1), the proposed classification
identifies a clear relationship between the simulation
validation phase, the simulation models, and the purpose of
validation methods.

As shown in Table 2, the results of the proposed
classification indicate that certain methods are more suitable
for structural validation, even though most methods align
with behavioral validation. It is important to emphasize
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Historical Data Validation, Historical Methods, and Internal
Validity, as their purpose is structural. The Internal Validity
method, in particular, should be highlighted in every
validation process since it examines the internal aspects of
simulation modeling validation. However, once the structural
validation of a model is sufficiently established, behavior
validation is assessed to achieve the overall validity of the
model or to build confidence in it.

The validation process involves a combination of structural
validation and behavior validation. This implies that
validation methods for both structural and behavioral types
should be used within a single validation process.

Furthermore, the comparison of validation methods during
the term data validation phase indicates that face validity and
predictive validation are excluded. All the methods in Table
2 validate the data validation phase among the most
commonly used methods. Moreover, it is noteworthy that no
single validation method covers all models and phases in the
simulation validation process. Therefore, two or more
methods must be combined to achieve effective validation.
Additionally, the diverse objectives of structural and
behavioral methods must also be considered.

Table 2
The proposed classification of validation methods

238 o
s£d
= @ Simulation Modeling Validation Phases Simulation Models =25
=8 e >ca
© [
=3 £ T
Sz & |8
> | > > > | > | @ b= g |B
3 |d|z|2| @ o | o | 5 3 Z|3|2]| 3 Z |3
Animation [27] v v v v v v v
Comparison to
other Models (28] v v v v v v v v v
Degenerate Tests [29] v v v v v
Event Validity [30] v v v v v v v v v
Extreme Condition
Test [31] v v v v v v v v
Face Validity [32] v v v v v v v v v v
Historical Data
Validation [33] VoY v v v J | v v
Historical Methods [33] v v v v v
Internal Validity [34] v v v v v
Multistage
validation [35] v v v v v v v v v
Operational
Graphics [36] v v v v v v v
Parameter
Variability - [37] v v v v v v v v v
Sensitivity Analysis
Predictive
Validation [38] v v v v
Traces [39] N N N v v
Turing Tests [40] N v

B. Simulation Modeling Validation Phases

The simulation model validation phases represent the
compatibility between the behavior of the real system with the
corresponding elements of the simulation model, indicating
whether the results are acceptable. If satisfactory agreement is
not obtained, the model must be adjusted to bring it closer to
the observed behavior of the real system, or any errors must
be identified and rectified. Indeed, the validation phases of the
simulation modeling process are not clearly specified in the
literature. Therefore, this study suggests validation phases
(see Figure 1) which start with conceptual validation,
followed by representation validation, internal validation,
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experimental validation, operational validation, behavioral
validation, and finally, data validation for all models.

C. Simulation Models

Simulation modeling involves creating and analyzing a
model to predict its performance in the real world. It is used
to help designers and engineers understand, predict, and apply
simulation models effectively. Currently, the models involved
in the simulation modeling process are not clearly specified in
the literature. As a result, this paper proposed a new
architecture (see Figure 1). The proposed architecture begins
with an understanding of SPD, CM, RM, CoM, EM, and SM.
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D. Validation Method's Purpose

The purpose of the validation method is to provide a
stringent attribute to improve confidence in a simulation
model. This paper suggests structural and behavioral
validation methods, both of which have fundamental
importance in the overall validation process. Structural
validation confirms whether the model’s structure aligns with
the relevant descriptive information of the real system. On the
other hand, behavioral validation evaluates how well the
simulation model's behavior corresponds to the observed
behavior of the real system.

Table 2 shows the required methods, which can be selected
from the list of validation methods. Consequently, the
validation of simulation modeling becomes more grounded,
faster, more precise, and cost-effective. This table can be used
by individuals or teams to select appropriate validation
methods for a simulation model based on the main
classification attributes. The first attribute is the simulation
modeling validation phases, denoted by symbols (DV, CV,
RV, IV, EV, OV, BV), which indicate the accessibility of the
validation phase to the validation method. The second
attribute is the simulation models, represented by symbols are
the second attribute, and the symbols (SPD, CM, RM, CoM,
EM, SM), indicating the types of simulation models that the
validation method can access. The third attribute relates to the
purpose of the validation method, which is either structural or
behavioral.

IV. CONCLUSION

This paper proposed an integrated architecture for the
Simulation Modeling Validation Process (SMVP). It
emphasized the integration the model simulation validation
process with the modeling simulation process in an
organized, efficient and well-documented manner. Moreover,
it proposed a classification that combined three attributes:
simulation validation phase, simulation models, and
validation method purpose, aimed at selecting the appropriate
validation method. Consequently, the accuracy and
correctness of the model simulation were obtained. The
vagueness surrounding SMVP was resolved, the properties of
the simulation modeling validation methods were identified,
and the proposed classification of the validation methods was
strengthened.

The proposed classification helps researchers perform
accurate validation of the model. A model that has not been
validated can potentially yield inaccurate results. Therefore,
validation of a model holds utmost importance. The
validation methods were researched, identified and compared
based on the proposed classification within this study, which
can guide the validation of models with a similar purposes
and phases.

The main results from the proposed classification indicated
that most validation methods focused on behavioral
validation, while some, such as Historical Data Validation,
Historical Methods, and Internal Validity, were suited for
structural validation. Additionally, the Internal Validity
method should be prioritized in every validation process
because it examines the internal structure of the simulation
modeling validation. This study also highlighted the
importance of considering the diversity between structural
and behavioral validation methods within a single validation
process. Furthermore, the comparison of methods revealed
that, with that exception of face validity and predictive

validation, all methods supported data validation phases.
More than two methods should be combined to achieve
effective validation.
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