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Abstract 

IMULATION models of physical systems, with or without control software, are widely used 
in the aeronautic industry in applications ranging from system development to verification 

and end-user training. With the main drivers of reducing the cost of physical testing and in 
general enhancing the ability to take early model-based design decisions, there is an ongoing 
trend of further increasing the portion of modeling and simulation. 

The work presented in this thesis is focused on development of methodology for model 
validation, which is a key enabler for successfully reducing the amount of physical testing 
without compromising safety. Reducing the amount of physical testing is especially interesting in 
the aeronautic industry, where each physical test commonly represents a significant cost. Besides 
the cost aspect, it may also be difficult or hazardous to carry out physical testing. Specific to the 
aeronautic industry are also the relatively long development cycles, implying long periods of 
uncertainty during product development. In both industry and academia a common viewpoint is 
that verification, validation, and uncertainty quantification of simulation models are critical 
activities for a successful deployment of model-based systems engineering. However, 
quantification of simulation results uncertainty commonly requires a large amount of certain 
information, and for industrial applications available methods often seem too detailed or tedious 
to even try. This in total constitutes more than sufficient reason to invest in research on 
methodology for model validation, with special focus on simplified methods for use in early 
development phases when system measurement data are scarce. 

Results from the work include a method supporting early model validation. When sufficient 
system level measurement data for validation purposes is unavailable, this method provides a 
means to use knowledge of component level uncertainty for assessment of model top level 
uncertainty. Also, the common situation of lacking data for characterization of parameter 
uncertainties is to some degree mitigated. A novel concept has been developed for integrating 
uncertainty information obtained from component level validation directly into components, 
enabling assessment of model level uncertainty. In this way, the level of abstraction is raised from 
uncertainty of component input parameters to uncertainty of component output characteristics. 
The method is integrated in a Modelica component library for modeling and simulation of 
aircraft vehicle systems, and is evaluated in both deterministic and probabilistic frameworks 
using an industrial application example. Results also include an industrial applicable process for 
model development, validation, and export, and the concept of virtual testing and virtual 
certification is discussed. 
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Sammanfattning 

IMULERINGSMODELLER av fysikaliska system, med eller utan reglerande mjukvara, har 
sedan lång tid tillbaka ett brett användningsområde inom flygindustrin. Tillämpningar finns 

inom allt från systemutveckling till produktverifiering och träning. Med de huvudsakliga 
drivkrafterna att reducera mängden fysisk provning samt att öka förutsättningarna till att fatta 
välgrundade modellbaserade designbeslut pågår en trend att ytterligare öka andelen modellering 
och simulering. 

Arbetet som presenteras i denna avhandling är fokuserat på utveckling av metodik för 
validering av simuleringsmodeller, vilket anses vara ett kritiskt område för att framgångsrikt 
minska mängden fysisk provning utan att äventyra säkerheten. Utveckling av metoder för att på 
ett säkert sätt minska mängden fysisk provning är speciellt intressant inom flygindustrin där 
varje fysiskt prov vanligen utgör en betydande kostnad. Utöver de stora kostnaderna kan det 
även vara svårt eller riskfyllt att genomföra fysisk provning. Specifikt är även de långa 
utvecklingscyklerna som innebär att man har långa perioder av osäkerhet under 
produktutvecklingen. Inom såväl industri som akademi ses verifiering, validering och 
osäkerhetsanalys av simuleringsmodeller som kritiska aktiviteter för en framgångsrik tillämpning 
av modellbaserad systemutveckling. Kvantifiering av osäkerheterna i ett simuleringsresultat 
kräver dock vanligen en betydande mängd säker information, och för industriella tillämpningar 
framstår tillgängliga metoder ofta som alltför detaljerade eller arbetskrävande. Totalt sett ger 
detta särskild anledning till forskning inom metodik för modellvalidering, med speciellt fokus på 
förenklade metoder för användning i tidiga utvecklingsfaser då tillgången på mätdata är knapp. 

Resultatet från arbetet inkluderar en metod som stöttar tidig modellvalidering. Metoden är 
avsedd att tillämpas vid brist på mätdata från aktuellt system, och möjliggör utnyttjande av 
osäkerhetsinformation från komponentnivå för bedömning av osäkerhet på modellnivå. Avsaknad 
av data för karaktärisering av parameterosäkerheter är även ett vanligt förekommande problem 
som till viss mån mildras genom användning av metoden. Ett koncept har utvecklats för att 
integrera osäkerhetsinformation hämtad från komponentvalidering direkt i en modells 
komponenter, vilket möjliggör en förenklad osäkerhetsanalys på modellnivå. Abstraktionsnivån 
vid osäkerhetsanalysen höjs på så sätt från parameternivå till komponentnivå. Metoden är 
implementerad i ett Modelica-baserat komponentbibliotek för modellering och simulering av 
grundflygplansystem, och har utvärderats i en industriell tillämpning i kombination med både 
deterministiska och probabilistiska tekniker. Resultatet från arbetet inkluderar även en 
industriellt tillämplig process för utveckling, validering och export av simuleringsmodeller, och 
begreppen virtuell provning och virtuell certifiering diskuteras.  
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According to the adage, two topics best avoided when making pleasant conversation are 

religion and politics. Such wisdom may soon apply to verification and validation – if it 

does not already. 

 – E. H. Page 



 

 

1 

Introduction 

O what extent can we trust the model? How well does the model represent the physical 
system of interest? To what extent can we use simulation as a complement to physical 

testing? Questions like these relate to model validation, and have been relevant ever since the 
first computerized simulation model showed up. Taking it one or two steps further, the problem 
of model validation dates back to the first scientific theory or even the first simple hypothesis 
ever formulated. Not surprisingly, from this wide perspective the scope of this research project is 
sharply limited. 

1.1 Background 

Simulation models of physical systems, with or without control software, are widely used in the 
aeronautic industry, with applications ranging from system development to verification and end-
user training. With the main drivers of reducing the cost of physical testing and in general 
enhancing the ability to take early model-based design decisions, there is an ongoing trend of 
further increasing the portion of modeling and simulation (M&S). Until today, a fairly common 
situation has been that one or a few individuals are responsible for the development, validation, 
and usage of a simulation model. For better or worse, current development is moving towards 
more all-embracing multipurpose models intended to support not a few but several different 
tasks. The models may be used in different phases of the product lifecycle and by different 
individuals from different organizational domains. This situation puts new requirements on 
transparency in the methodology and documentation of validation activities. 

The importance of Verification and Validation (V&V) of simulation models is well known 
and the V&V research field has a long history, see for example Naylor and Finger (1967) who 
propose a method named multi-stage verification, and Sargent (1979) who provides an overview 
of the subject and describes a set of validation techniques. In the aeronautic industry’s endeavor 
to reduce the cost of physical testing, the challenging task of assessing a model’s validity is 
nonetheless of greater importance than ever. 

T 



2 Methods for Early Model Validation 

 

In a broader perspective, model validation is only one factor in the assessment of the 
credibility of a M&S activity. In addition to model validation, a credibility assessment may 
consider various aspects such as M&S management, people qualifications, and the model’s use 
history. With the above credibility scope in mind, this research project zooms into model 
validation, and more specifically into early model validation, which here refers to the assessment 
of a model’s validity in the absence of system level measurement data. Low availability of data 
for model validation purposes is a common situation in the early development phases of 
conceptual and preliminary design. The research is primarily focused on mathematical 1-D 
dynamic simulation models of physical systems with or without control software, typically 
described by Ordinary Differential Equations (ODEs) or Differential-Algebraic Equations 
(DAEs). 

To end this introduction, the author cannot resist sharing a quote by Page et al. (1997), 
which with precision introduces the reader to some challenges a researcher in model validation 
may face: 

“V&V is misunderstood at all levels: To some managers, V&V is a panacea for the rising 

costs of software. To some developers, V&V looks like another means to further 

bureaucratize software development, giving management a raison d’etre and placing even 

more roadblocks in the way of doing the really important (and interesting) work of 

actually producing software. To some academics, V&V is an avenue for publication and 

funding through the introduction of yet another “methodology” – without regard to its 

practicality.” 

As Page et al. conclude, each of the above perceptions is erroneous. Nevertheless, the 
author’s endeavor to achieve V&V methods with industrial applicability cannot be overstated. 

1.2 Industrial Objectives 

The primary motivator for research on model validation is risk reduction, i.e. ensuring that 
models actually are suitable for their intended use. Regarding quality and affordability of future 
air transport systems, the Advisory Council for Aeronautics Research in Europe (ACARE) has in 
its vision for 2020 identified research challenges related to M&S, such as advanced design 
methods, lead time reductions and system validation through M&S (ACARE 2001). One of the 
goals defined by the Strategic Research and Innovation Agenda (SRIA) in its Flightpath 2050 is 
(SRIA 2012): 

“Streamlined systems engineering, design, manufacturing, certification and upgrade 

processes have addressed complexity and significantly decreased development costs 

(including a 50% reduction in the cost of certification). A leading new generation of 

standards is created.” 

A main enabler for attaining this ambitious goal is the use of Virtual Testing as an Acceptable 
Means of Compliance for certification. Reasonably, a central challenge will be to develop 
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methods for model validation for convincing the own company as well as the certification 
authority of the credibility of a model. 

Like other aircraft developers, Saab Aeronautics is continuously facing challenges of 
increasing product complexity and market competition. With the aim to increase development 
efficiency and thereby respond to these challenges, Saab Aeronautics invests in processes, 
methods, and tools for Model-Based Systems Engineering (MBSE). Two important drivers for 
the MBSE approach are the desired abilities to a) detect design errors early and thereby avoid 
unwanted surprises at a later design stage and b) decrease the amount of physical testing in 
preliminary design, detailed design, as well as in product verification and certification. To be 
successful in a) and b) above, efficient methods for model validation are an essential prerequisite. 
To utilize the full potential of a model, validation must include assessment of the impact of 
uncertainties hidden in for example model inputs or parameters, or due to model simplifications 
or numerical approximations. It is also important that the validation method is easy to apply 
and iterate as new information become available. 

Figure 1-1 below shows on a conceptual level the expected increase of a model’s usefulness 
when applying a validation method with the means to quantify simulation results uncertainty. As 
new information becomes available, the usefulness of the model increases. That is, when 
updating a model with new information from for example equipment data sheets, specifications, 
or measurement data, a reduced uncertainty in simulation results is normally expected, and 
thereby the model’s usefulness is increased. However, the ability to quantify the uncertainty in 
simulation results would increase the model’s usefulness even further. DP1 and DP2 denote 
decision points during the development process, e.g. design decisions, choice of subcontractor, or 
equipment. A model including uncertainty descriptions supporting quantification of simulation 
results uncertainty provides increased knowledge of both model and system, which enhances 
decision support at DP1 and DP2. A reasonable assumption is that the development time is 
shortened thanks to better decisions during the early design phases. 
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Figure 1-1: Conceptual view of how a model’s usefulness is expected to increase when applying a 

validation method utilizing uncertainty information. 
 

In connection with the investments in MBSE, a product line effort is going on with the 
purpose of minimizing unneeded model variants and increasing the level of reuse (Andersson 
2012). Thus, a validation method has to be designed to fit into the product line approach, which 
typically implies multipurpose models with several intended uses. 

To summarize, the industrial objective of this research project is to develop industrial 
applicable methods for model validation, focusing on the early development stages when 
availability of system level measurement data is scarce. 

1.3 Research Questions and Research Method 

As indicated above, the aeronautic industry is investing significant resources in processes, 
methods, and tools for M&S enabling simulation of increasingly complex systems. However, to 
significantly lower the need for physical testing in both the design phase and certification, there 
are difficulties to overcome. Inspired by the 5-Whys method (Ohno 1978), Figure 1-2 below 
points out some of these difficulties and related possible causes. The figure does not claim to be 
complete but may serve as a basis for the formulation of research questions. 
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Figure 1-2: 5-Whys analysis capturing possible causes preventing an expanded use of M&S. 
 
Based on the industrial objectives and the above analysis, the following research questions 

are defined. Below, RQ1 is the original research question which is central but yet very broad. 
The research has involved a continuous process of limiting the scope and refining the problem 
formulation, resulting in RQ2 and RQ3. 

 
RQ1 How can model validity be assessed in the absence of system level measurement 

 data? 
RQ2 How can uncertainty information obtained on model component level be used to 

 assess uncertainty on model top level? 
RQ3 Which model validation techniques are suitable for use in an industrial applicable 

 process for development and integration of aircraft vehicle system models? 
 

Starting with input from both industry and academia, an industrial applicable scenario 
accompanied by research question RQ1 has been defined. Based on industrial experience and a 
literature review, a set of solution alternatives has been identified. This initial research has led to 
the more specific research questions defined by RQ2 and RQ3. To develop and evaluate the most 
promising solution alternatives, a virtual test rig has been developed. Briefly described, the 
research is performed in an agile and iterative approach including problem formulation, 
background research, development, implementation, evaluation, documentation, and 
communication (Beck et al. 2001). As the research has close connections to the industry, the 
research is fairly close to application and the method used has similarities with a typical 
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engineering design process used in product development. However, from an engineering 
perspective science may also be seen as product development, in which case the name of the 
product is “new knowledge”. 

There are both deductive and inductive views on the research method used. To use an 
identified scenario as a general starting point for the development of specific validation methods 
would imply a deductive view. On the other hand, the methods developed are evaluated in a 
specific scenario using a specific type of model in a specific engineering domain. Developed 
methods are conceived to be useful within a wide range of applications, but no formal proofs of 
further applicability are available. Since it is not only strict mathematics that lead to the 
research results, it is the author’s view that the research is inductive rather than deductive. For 
further discussions related to research methodology, see section 3.3 Philosophical Aspects on 

Model Validation. 

1.4 Related Research Projects 

The research is mainly sponsored by Saab Aeronautics and the NFFP5 project Validation of 

Complex Simulation Models. The NFFP4 project Modeling and Simulation for the 2010s Energy 

Management Systems can be seen as a predecessor, which has formed the context and provided 
significant input to the research (Steinkellner 2011). 

There has also been a fruitful collaboration with the NFFP5 project Heterogonous Modeling 

and Simulation Techniques, focusing on reuse and configuration of simulation models through a 
product line approach (Andersson 2012). 

In addition, an active part has been taken in the European Union Seventh Framework 
Programme CRESCENDO, a research project with more than 60 partners from European 
aerospace industry and academia. The project has focused on development of processes, 
methodologies and tools enabling collaborative design, covering a major part of the product 
lifecycle including Virtual Testing and Virtual Certification (CRESCENDO 2013). 

1.5 Thesis Outline 

This licentiate thesis is written in the form of a thesis by publication, consisting of an 
introductory summary and three appended papers. In general, the introductory summary is 
intended to provide a context to the appended papers and to summarize essential results. For 
details, the reader is referred to the appended papers. 

The remaining part of the introductory summary is outlined as follows: In Chapter 2, 
techniques for modeling dynamic systems are discussed. The chapter also provides a context in 
terms of field of application, and describes two industrial application examples used in the 
research. Chapter 3 provides a frame of reference by discussing concepts of model credibility 
assessment, verification, validation, and uncertainty quantification. Some philosophical aspects on 
model validation are also discussed. Chapter 4 describes methods for early model validation and 
introduces a method named output uncertainty. In Chapter 5, the concept of Virtual Testing and 
Virtual Certification is discussed, and a process for development, verification, validation, and 
export of multipurpose simulation models is provided. Chapters 4 and 5 are ordered in line with 
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the typical phases of product development; The methods in Chapter 4 is primarily directed 
towards the early development phases of conceptual- and preliminary design, whereas Chapter 5 
is more focused on later phases like detailed design, product verification, and certification. 
Finally, Chapter 6 includes discussion and conclusions, a clarification of contributions, and 
possible directions for future work. 
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With four parameters I can fit an elephant, and with five I can make him wiggle his 

trunk. 

 – John von Neumann 



 

 

2 

Techniques for Dynamic 

System Modeling 

HE frame of reference in the conducted research is aircraft vehicle systems, i.e. systems 
found in more or less any conventional aircraft, enabling fundamental capabilities necessary 

for aircraft operation. Examples include electrical and lighting systems, Environmental Control 
Systems (ECS), landing gear, fuel systems, and hydraulic systems. For fighter aircraft, emergency 
escape systems are also commonly included in this group. An overview of Saab Gripen’s vehicle 
systems is shown below. 

 

 
Figure 2-1: An overview of Saab Gripen’s vehicle systems. 

T 
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In modern fighter aircraft most vehicle systems may be looked upon as fairly complex, 
including a vast number of hardware components as well as extensive software for control, 
Functional Monitoring (FM), Redundancy Management (RM), and Built-In Test (BIT). 
Typically, vehicle systems are tightly integrated into the aircraft, and due to the complexity of 
each system and the high level of interconnection between systems there are significant 
challenges in engineering design at both system-, and system-of-systems level. 

As an ECS and a radar liquid cooling system are used as industrial application examples for 
methods development and evaluation, these systems and their related models are described in 
section 2.3 Industrial Application Examples. For further reading, see Steinkellner et al. (2010) for 
an introduction to M&S of aircraft vehicle systems and Gavel (2007) for an introduction to 
aircraft fuel systems. 

2.1 ODE and DAE Fundamentals 

As aircraft vehicle system models are typically dynamic in nature and often described by 
Ordinary Differential Equations (ODEs) or Differential-Algebraic Equations (DAEs), a brief 
introduction to the mathematics involved may be in order. The following equations are taken 
from Ascher & Petzold (1998). An explicit ODE is defined by 

 
 �� = �(�,�) (2.1) 

 
where � = �(�) represents the system characteristics and � is in general a nonlinear function of � 
and �. An ODE may be characterized as either an Initial Value Problem (IVP) 

 

 
�� = ���,��, 0 ≤ � ≤ � 

��0� = � 
(2.2) 

 
where � is a given initial condition, or a Boundary Value Problem (BVP) 

 

 
�� = ���,�� 

�(��0�,�(�)) = 0 
(2.3) 

 
A more general form of equation (2.1) is the implicit ODE given below. 

 
 	(�,�,��) = 0 (2.4) 
 
If 
	 
�′⁄  is nonsingular it is possible to solve (2.4) for �′, obtaining the explicit form (2.1). 
However, if 
	 
�′⁄  is singular, this is not possible and solution � has to satisfy certain algebraic 
constraints. In this case the problem is referred to as a DAE. A special case of DAE is that of an 
ODE with constraints or semi-explicit DAE, depending on additional algebraic variables �(�), 
and forced to satisfy the algebraic constraints given by �: 
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� = ���, , �� 
0 = �(�, , �) 

(2.5) 

 

Defining � = ��� it is possible to rearrange (2.5) into the implicit form (2.4). Note that the class 

of DAEs includes all ODEs. An indication of how difficult it is to simulate a DAE is given by its 
index, which is the number of differentiations required to obtain an explicit ODE. Solving high-
index problems is in general more complicated than solving low-index problems. 

2.2  Methods, Languages, and Tools 

At Saab Aeronautics, development of aircraft vehicle systems has been supported by M&S 
techniques since the late 1960s (Steinkellner et al. 2010). A challenge, as central today as in the 
1960s, is to find a suitable level of complexity in the modeling of physical systems. The word 
complexity here refers to the fidelity, i.e. detail level in representation of physics, of model 
components as well as the structure of model components. Since model fidelity is tightly 
connected to the intended use of the model, the chosen fidelity has a clear influence on the 
process of model validation. Note that component here refers to a model of a single piece of 
equipment and a (sub-)model includes several components. 

In the development of a component for representation of a specific physical phenomenon at a 
specific fidelity level, several structural alternatives are typically available. Three examples of 
structural tradeoffs are: 

1) Generality between domains: i.e. should one single component be used for modeling in 
several domains, for example using different types of medium (single-phase/multi-phase, 
incompressible/compressible, single-substance/multiple-substance)? For example, when 
developing a pipe component for use in a liquid cooling model (single-phase, 
incompressible cooling liquid), should the pipe component be general enough to also 
handle air cooling applications (compressible humid air)?  

2) Generality inside domains: i.e. should one single component be able to handle several 
physical phenomena or should a set of tailor-made components be used? For example, 
should one single pipe component handle both laminar and turbulent flow, heat exchange 
with ambient due to specified ambient temperature, heat exchange with ambient due to 
specified heat flow, etc. 

3) Level of inheritance: i.e. should commonalities be broken down as far as possible to 
achieve generic partial models for extension and reuse or should the full definition of a 
component be gathered in a single container? 

4) Graphical vs. textual modeling: When possible, should components be described by 
graphical “drag-and-drop” modeling, by textual code, or a mixture of these two 
techniques? 

The chosen structure affects vital characteristics such as the user’s ability to a) use the 
component library for building models with a specific fidelity level, b) understand what is 
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happening inside components, c) maintain, modify, and reuse components, and d) verify and 
validate components and models. 

In addition to the above tradeoffs, different modeling techniques provide different abilities to 
model a given system. A classification of modeling techniques is given in the figure below, which 
is an extended version of a figure originally presented by Krus (2010). 

 

 
Figure 2-2: Classification of modeling approaches. 

 
The two main branches are signal-flow modeling and power-port modeling. In signal-flow 

modeling, the information flow in each connection point is unidirectional, whereas the 
information flow in a power-port connection is bidirectional. 

2.2.1 Signal-Flow Modeling 

A common tool for signal-flow modeling is Simulink by MathWorks (Simulink 2013). In signal-
flow modeling, the causality has to be defined, i.e. which signals are inputs and which signals are 
outputs. Depending on what is known and what is to be calculated, the signal-flow approach 
may result in several alternative model implementations for one single problem. For example, 
consider a simple incompressible problem with two pipes connected in series. For simplicity, only 
secondary pressure loss is considered as defined by the following equation. 

 

 �� = � �� �
2���

 (2.6) 

 
Here, �� is pressure drop, ��  mass flow, � density, � cross-sectional area, and � the pressure 

drop coefficient. With indexes 1 and 2 denoting the design inlet and outlet respectively, and 
assuming constant density �, we may introduce a constant � to obtain the following equation. 

 
 �� − �� = ��� � (2.7) 

Dynamic system modeling and simulation

Signal-flow modeling

Block diagrams

Power-port modeling

Bidirectional ports

Lumped parameter modeling

Centralized solver

Distributed modeling

Distributed solver

Signal-based connectors

Altering component types

Equation-based connectors
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To simplify even further, we only consider �� > 0, i.e. mass flow from design inlet to design 

outlet. Depending on the given causality of the problem, the above equation implies the following 
three alternatives to describe the pressure-flow characteristics of a pipe. 

 
 �� = �� + ��� � (2.8) 
 �� = �� − ��� � (2.9) 

 �� = ��� − ��
�  (2.10) 

 
The figure below shows three alternative signal-flow models of the system consisting of two 

pipes connected in series. Indexes A and B denote system inlet and outlet boundary conditions 
in terms of pressure or mass flow, and on pipe component level equations (2.8) to (2.10) are 
used. 

 

 
Figure 2-3: Top: Boundary conditions �� and �� known, ��  wanted. Pipe 1 and Pipe 2 using eq. 
(2.10) and (2.8) respectively. Middle: Boundary conditions ��  and �� known, �� wanted. Pipe 1 

and Pipe 2 both using eq. (2.8). Bottom: Boundary conditions ��  and �� known, �� wanted. 
Pipe 1 and Pipe 2 both using eq. (2.9). 
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2.2.2 Power-Port Modeling 

Bidirectional information flow facilitates component-based modeling. If component equations and 
medium equations are fully decoupled in such a way that one single component can be used with 
several types of mediums (single-phase/multi-phase, incompressible/compressible, single-
substance/multiple-substance), this may be termed device-oriented modeling (Franke et al. 2009). 
Since component-based modeling theoretically enables a one-to-one hierarchical mapping of 
system topology to model topology, power-port modeling is suitable for modeling physical 
systems. Nonetheless, it should be noted that signal-flow modeling is often used for modeling of 
physical systems, and may well be a suitable alternative for a broad field of applications. 
However, for modeling more complex physical systems, power-port modeling often results in less 
cluttered models with a topology more similar to the real system of interest. Figure 2-4 shows a 
power-port model of the above system with two pipes connected in series. Note that the same 
pipe component models are used, independently of the type of boundary conditions given in 
terms of ��  or �. 

 

 
Figure 2-4: Modelica power-port model of a system consisting of two pipes in series. 

 
The most common power-port concept is lumped parameter modeling with calculation of 

state derivatives in the model components, in combination with a centralized solver for time 
integration. That is, all model equations are collected in one system of ODEs or DAEs and 
solved by the centralized solver. As shown in Figure 2-2, the centralized solver approach can be 
realized using two different concepts of defining component connectors. Here, a connector is the 
connection point of a component where information of physical quantities is exchanged with the 
neighboring component. As the industrial application examples introduced later on are found in 
this group, this approach is described at connector level. 

Centralized Solver and Signal-Based Connectors 

In a signal-based connector, the causality is predefined. As an example from the fluid system 
domain, a capacitive component (e.g. a volume) may take mass flow as input and calculate 
pressure as output while a resistive component (e.g. an orifice) takes pressure as input and 
calculates mass flow as output. Typically, an ODE system is then obtained by altering 
components of capacitive and resistive type. When modeling incompressible fluid systems, this 
technique implies that a virtual compressibility is added in each capacitive component. 

 

 
Figure 2-5: Signal-based connector 
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A detail which may be argued is whether the approach using signal-based connectors really 
should be regarded as power-port or not. However, it facilitates component-based modeling, and 
from a user perspective it looks and behaves as power-port modeling. One tool using this concept 
is the FORTRAN-based M&S tool Easy5 originating from Boeing, now provided by MSC 
Software (Easy5 2013). At Saab Aeronautics there are good experiences from using this 
technique also with Modelica, for modeling thermal-fluid systems. 

It should be noted that with some implementation effort, this technique (or something close 
to it) may be implemented also in signal-flow based tools like Simulink. This is shown in Figure 
2-6 below, where the pipes are modeled as a capacitive component (commonly referred to as 
node) in combination with a resistive component (in the figure named flow element). Due to 
Simulink’s current limitation regarding positioning of subsystem ports, i.e. inputs on the left and 
outputs on the right, this type of modeling results in a great many crossing feedback loops. 

 

 
Figure 2-6: Power-port-like signal-flow model with each pipe modeled as one node and one flow 
element. If the restriction on subsystem port positioning was removed, a less cluttered model 

would be obtained. 
 

Centralized Solver and Equation-Based Connectors 

In contrast to the signal-based connector, the causality of the information exchange in an 
equation-based connector is not predefined. Rather, the concept of equation-based connectors 
involves two kinds of variables, defined as either flow or effort variables (also referred to as 
through or across variables respectively). In each connection point, effort variables are set equal 
and flow variables are summed to zero. In bond graph modeling, the product of flow and effort 
variables is normally power in [W] (Paynter 1961). In the figure below this is not the case since 
the effort variable is pressure given in [Pa] and the flow variable is mass flow in [kg/s] (and not 
volume flow in [m3/s]). 

 

 
Figure 2-7: Equation-based connector. Note that the sign convention of the flow variables has to 

be clearly defined. A common approach is to define mass flow into a port as positive. 
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The equation-based connector approach is used in the Simscape library of Simulink 
(Simscape 2013), and is also typically used in the equation-based object-oriented modeling 
language Modelica (Modelica 2013). 

Distributed Modeling 

An alternative to the centralized solver approach is distributed modeling based on bi-lateral 
delay lines, also known as Transmission Line Modeling (TLM), see for example Krus (2005). The 
basic concept of TLM is to separate components by introducing a physically motivated time 
delay, allowing each component to solve its own equations independently of the rest of the 
system. To clarify, a capacitive component such as a volume in a fluid system is modeled as a 
transmission line element for which the physical propagation time corresponds to one time step. 
The time delay is related to the length of the fluid path in the component and the speed of 
sound in the fluid used. In this way a time delay is introduced between capacitive and resistive 
components. Compared to the centralized solver approach, this facilitates a higher degree of 
numerical isolation of components which may serve as an enabler for parallelization of model 
equations for simulation on multi-core platforms (Braun 2013 and Sjölund et al. 2010). TLM is 
used in the M&S tool HOPSAN developed at Linköping University (HOPSAN 2013). 

2.2.3 Modelica 

Modelica is an equation-based object-oriented language developed primarily for modeling of 
heterogeneous physical systems. The language is developed by a non-profit, non-governmental 
international organization; see Modelica Association (2013). The object-oriented approach 
facilitates reuse and variability of model components. The equation-based approach enables 
declarative programming where the user can define model equations and still leave the causality 
open. Thus, the user does not have to consider the order of calculation. This is in contrast to 
conventional imperative programming languages like FORTRAN, C, C++, or Ada, where it is 
up to the user to define both the problem and how it should be solved. However, Modelica 
provides the possibility to include imperative code in one or more algorithmic sections of a 
component. As state equations, “algorithmic equations”, and algorithms are allowed, a Modelica 
model may take the form of an ODE or a DAE. 

As indicated above by the word heterogeneous, Modelica is well suited for multi-domain 
modeling, i.e. to combine components and sub-models from different domains, such as the 
hydraulic, thermodynamic, mechanical,  -or electrical domains. In addition to physical modeling, 
Modelica also provides functionality for block diagrams and state machines (Modelica 
Specification 2012). 

The most fundamental building block when developing model components in Modelica is the 
definition of component interaction points, known as connectors or ports. To give some examples 
of what a connector could look like, Modelica code of a signal-based and an equation-based 
connector respectively follows (as discussed above and shown graphically in Figure 2-5: Signal-

based connector and Figure 2-7: Equation-based connector). The signal-based connector approach 
requires one connector type for capacitive components and one for resistive components. 
  



Techniques for Dynamic System Modeling 17 

 

connector pmh  
  "Connector on pipe-type elements for dry air or single substance liquid" 
  input SIm.Pa p "pressure"; 
  output SIm.kgps m "mass flow"; 
  input SIm.Jpkg h "spec enthalpy into pipe-type modules"; 
  output SIm.Jpkg hn "spec enthalpy into node/volume"; 
  input SIm.m X[3] "position x,y,z, from node or accumulator"; 
end pmh; 
 
connector pmhn  
  "Connector on node/volume for dry air or single substance liquid" 
  output SIm.Pa p "pressure"; 
  input SIm.kgps m "mass flow"; 
  output SIm.Jpkg h "spec enthalpy into pipe-type modules"; 
  input SIm.Jpkg hn "spec enthalpy into node/volume"; 
  output SIm.m X[3] "position x,y,z, always given in node or accumulator"; 
end pmhn; 

 
The equation-based connector approach only requires one connector type. In this connector 

the effort variable is pressure and the flow variable is mass flow. A Modelica stream variable is 
used to propagate information on outgoing specific enthalpy. The concept of stream variables is a 
Modelica specific solution to describe the transport of specific quantities (Franke et al. 2009). In 
this connector the port position in (x,y,z) is handled as an effort variable, i.e. one component in 
each connection point defines the position, which is then automatically propagated to the other 
component(s) in the connection point. 
 

connector Port  
  "Interface for 1-dimensional fluid flow (incompr., single-phase, one substance)" 
  LAB.SI.Pa p "Pressure in the connection point"; 
  flow LAB.SI.kgps m "Mass flow rate from the connection point into the component"; 
  stream LAB.SI.Jpkg h_out "Spec enthalpy close to the connection point if m < 0"; 
  LAB.SI.m pos[3] "Port position (x,y,z)"; 
end Port; 

 
Modelica is a modeling language to describe models and to structure models and component 

libraries into packages. To graphically browse, edit, and simulate a model, a Modelica simulation 
environment is required. Prior to simulating a Modelica model, a number of steps which are 
similar in all Modelica simulation environments are necessary. However, the qualities in 
performing each step may differ between tools. The first step in the transformation of Modelica 
source code into executable simulation code is to parse the Modelica code into an abstract 
syntax tree. The output of this step is basically a flat set of equations, functions, variables etc., 
and the object-oriented structure of the Modelica source code is dissolved. In brief, the next steps 
are to sort equations, perform index reduction, and symbolically simplify the problem as far as 
possible. After this, C-code is generated and at compile-time linked with a numerical solver to 
obtain the executable simulation code. The following figure shows the main steps and the output 
of each step. 
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Figure 2-8: Steps for transformation of a Modelica model into executable simulation code, 

adopted from Fritzon (2011), shown by kind permission. 
 
In the process of finding the most suitable modeling language and acquiring an M&S tool, 

there are several aspects to consider – from technical to personnel related, as well as to with 
financial and business strategies. The same applies when developing or acquiring a component 
library. In 2008, Saab Aeronautics made the decision to use the Modelica-based tool Dymola as 
the primary tool for M&S of complex physical systems (Dymola 2013). At the time of writing, 
M&S using Modelica and Dymola is put into practice with purchased as well as in-house 
developed component libraries. For modeling control systems in aircraft vehicle system 
applications, the main tool currently used at Saab Aeronautics is Simulink. In the figure below, a 
typical closed-loop model of an aircraft vehicle system is sketched. 

 

 
Figure 2-9: Typical layout of a closed-loop model of a specific aircraft vehicle system. System 
S/W and ECU H/W denote system specific software and hardware placed in an Electronic 

Control Unit, and are typically modeled in Simulink. System H/W is a model of the physical 
system, typically developed in Modelica using Dymola. BC is boundary conditions in terms of for 
example flight case and climate profile, and the gray-dashed arrows indicate communication with 

other systems. 
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2.3 Industrial Application Examples 

The work presented in this thesis involves two industrial application examples used for 
methodology development and evaluation; 1) the Environmental Control System (ECS) of the 
Gripen C/D fighter aircraft, and 2) a radar liquid cooling system of a demonstrator aircraft. The 
ECS is used in [I] to guide the reader through the process of developing, validating, and 
exporting a model to a model storage, for later (re)use in simulator applications. The radar 
liquid cooling system is used in [II] and [III] for development of methods for early model 
validation. Both examples stem from the group of aircraft vehicle systems, and are described in 
somewhat more detail in the following two sections. 

2.3.1 Environmental Control System 

The main purpose of the ECS is to provide sufficient cooling of the avionics equipment, as well 
as to temper and pressurize the cabin. In addition to this, essential tasks are to enable 
pressurization of the fuel and anti-g systems, and to provide conditioned air to the On-Board 
Oxygen Generating System (OBOGS), which provides breathing air to the pilots. Briefly, this is 
achieved by means of a bootstrap configuration using engine bleed air which is decreased in 
pressure and temperature and dried prior to distribution. The main H/W components in the 
ECS are heat exchangers, compressor, turbine, water separator, pipes, and control valves. The 
ECS S/W, which is physically located in the General systems Electronic Control Unit (GECU), 
controls and monitors pressure, temperature, and flow levels in various parts of the system. The 
layout of the ECS is show in Figure 2-10 below. 

 

 
Figure 2-10: ECS layout diagram. 
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Aligned with the real system layout, the closed-loop model of the ECS consists of three major 
models, viz. the ECS H/W model, the ECS S/W model and the GECU H/W model. The ECS 
H/W model has been developed in Modelica using Dymola and the two other models have been 
developed in Simulink. Closed-loop models are obtained using hosted simulation (Steinkellner et 
al. 2008). A Dymola environment closed-loop model is obtained by integrating code generated 
from the Simulink models. A corresponding Simulink environment closed-loop model is obtained 
by integrating code generated from the Dymola model. Which environment to use depends on 
the M&S task to be performed and which tool the engineer is most comfortable using. To make a 
link with the previously discussed general template for an aircraft vehicle systems closed-loop 
model, the ECS H/W model is located in the right most box in Figure 2-9. Figure 2-11 below 
shows a graphical overview of the ECS H/W model. 

 

 
Figure 2-11: A graphical overview of the ECS H/W model. 

 
The ECS H/W model has several variants, e.g. one simple and one detailed variant. The model 

layout is hierarchical and the Modelica construction replaceable is utilized to obtain different 
variants applicable for model-time binding. Additional variant handling is performed by 
parameter selection at load-time and run-time. See Andersson (2012) for an introduction to 
binding concepts and binding time. The figure above shows the detailed physical model with its 
sub-models. This view is actually one step down from the ECS H/W model top level, in which 
either detailed or simplified is selected. 
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2.3.2 Radar Liquid Cooling System 

A radar liquid cooling system from a Saab Gripen Demonstrator Aircraft is used as a second 
industrial application example. The main purpose of the system is to provide sufficient cooling of 
the radar antenna, in this case an Active Electronically Scanned Array (AESA). More specifically 
the radar liquid cooling system must meet a set of requirements concerning radar inlet- and 
outlet temperature, cooling liquid mass flow, and pressure levels. The cooling liquid is in turn 
cooled in a heat exchanger, with air supplied by the ECS. The main components of the system 
are pump, accumulator, liquid-to-air heat exchanger, piping, and a sub system of heat loads 
including the radar antenna and related electronic equipment. The simulation model layout is 
shown in Figure 2-12 below, which also includes information to distinguish between components 
and sub-models. In the figure, a component is a model of a single piece of equipment and a sub-
model includes several components. 

 

 
Figure 2-12: Radar liquid cooling system layout. 

 
To support system design and specification, a model of the radar liquid cooling system has 

been developed in Modelica using Dymola. As part of an evaluation of different concepts for 
modeling in Modelica, the model has been implemented in three different variants using different 
component libraries; 1) Modelica.Fluid which uses equation-based connectors and the 
Modelica.Media library and is shipped together with the Modelica Standard Library, 2) the Saab 
Aeronautics in-house library Modelica Fluid Light (MFL) which is using signal-based connectors 
and a simpler in-house media library, and 3) a prototype library using equation-based connectors 
and the same in-house media library as MFL. The intention with the third component library is 
to pick up the advantages of both Modelica.Fluid and MFL. The model shown in the figure 
below is based on components from the prototype library. 
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Figure 2-13: Modelica implementation of the radar liquid cooling model. 

 
The model used in [II] and [III] is the MFL implementation. From a system simulation 

perspective, the model may appear to be fairly simple. Nonetheless, it is a component-based 
model of a physical system, including a number of components and one sub-model. This 1-D 
dynamic simulation model is used to predict pressure, mass flow, and temperature levels at 
different points in the system. The components include equations describing pressure variations 
due to g-loads and fluid thermal expansion, internal heat exchange between equipment and fluid, 
external heat exchange between equipment and surrounding equipment bays, temperature 
dynamics in equipment and fluid, as well as fluid dynamics due to transport delays in the piping 
arrangement. The model includes approximately 200 equations, 100 parameters, and 50 states. 
The connector interface used in the model includes information about pressure, mass flow, and 
specific enthalpy (�,�� , ℎ), and is shown in detail in the code example in section 2.2.3 Modelica. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

If Les Hatton is correct that the number of fatal errors is proportional to the log of the 

number of lines of code, then a million-line code has approximately 10 fatal errors. 

Million-line simulations are common. 

 – D. E. Stevenson 



 

 

3 

Assessing Credibility in 

Modeling & Simulation 

N addition to model validation, a credibility assessment of a M&S activity may include several 
aspects such as verification, Uncertainty Quantification (UQ), M&S management, people 

qualifications, and the model’s use history. Pace (2004) points out qualitative assessment in 
V&V as an area that need to progress in terms of repeatability and credibility (of the assessment 
itself). At the time of writing, challenges remain but important steps have been taken in the 
development of methods to assess M&S credibility. For examples of credibility assessment 
methods, see the Credibility Assessment Scale (CAS) proposed in the NASA Standard for 
Models and Simulations (NASA 2008), the Predictive Capability Maturity Model proposed by 
Sandia National Laboratories (Oberkampf et al. 2007), and the Validation Process Maturity 
Model proposed by Harmon and Youngblood (2005). A brief summary of these three methods is 
provided in [I]. An interpretation and modification of CAS towards application in M&S for 
aircraft design can be found in Vincent et al. (2012). 

In general, each method mentioned above defines a set of aspects for consideration. These 
aspects are then rated to produce one or more overall credibility scores of the assessed M&S 
activity. Note that there is not a one-to-one correspondence between a credibility score and the 
accuracy of M&S results. An improved score would commonly imply greater accuracy, but this is 
not necessarily true. Typically, different credibility aspects also have different characteristics. 
Thus, aggregating scores of different aspects into one overall score may be deceptive. 

When managing several models, e.g. for integration in simulator environments one typically 
wants models checked-in to a model storage to have an assessed credibility. An attractive idea 
may be to perform a model level credibility assessment and attach the results to each model 
prior to check-in. However, this is only possible for the subset of credibility aspects related to the 
model itself. As an example, people qualification of end users is not a characteristic of the model. 
Major aspects possible to handle as model characteristics are verification, validation, and 
uncertainty quantification, which are discussed in the following section. 

I
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3.1 Verification & Validation 

Several definitions of the terms verification and validation exist, some of them collected in the 
Generic Methodology for Verification and Validation (GM-VV 2010). As formulated by Balci 
(1997), verification concerns building the model right, i.e. determining whether the model is 
compliant with the model specification and if it accurately represents the underlying 
mathematical model. Validation concerns building the right model, i.e. determining whether the 
model is a sufficiently accurate representation of the real system of interest from the perspective 
of the intended use of the model. This brief description of V&V terminology is in line with 
definitions used by NASA (2008), ITOP (2004), and the US DoD (2007). 

Balci (1997) lists more than 75 techniques for verification, validation, and testing (VV&T), 
divided into four groups; informal, formal, static, and dynamic. These are further described in 
Balci (1998). Another well-established set of validation techniques is provided by Sargent; see 
Sargent (2010) for an up-to-date version. As indicated above, Sargent’s list concerns validation 
techniques only, while Balci’s list contains a mix of VV&T techniques, and it is not always easy 
to determine whether a specific technique should be considered to be directed towards 
verification or validation. Informal techniques like face validation and reviews are generic and 
may concern both verification and validation. Informal techniques are mainly based on human 
reasoning, and are of great importance and often easy to apply. Note that the word informal 
does not prevent these techniques being well-structured. Formal techniques based on 
mathematical proof of correctness may also cover both verification and validation aspects. 
However, as indicated by Balci (1998), formal methods are rarely applicable where complex 
simulation models are concerned. Static techniques concern analysis of the static model design 
and source code, and do not require execution of the model. Static techniques like interface 

analysis and structural analysis are directed more towards verification than validation. A 
fundamental tool for static V&V is the model language compiler itself. Left is the group of 
dynamic techniques, which require model execution. Dynamic techniques commonly used are 
predictive validation, sensitivity analysis, and regression testing. The focus of this research is on 
using dynamic techniques to assess model uncertainties with only a limited availability of system 
level measurement data. 

3.2 Uncertainty Quantification 

Uncertainty Quantification (UQ) refers to the process of identifying, quantifying, and assessing 
the impact of uncertainty sources embedded along the development and usage of simulation 
models. UQ may be seen as an integral part of model validation, but sometimes the term 
VV&UQ is used to explicitly point out that UQ is considered. According to Roy and Oberkampf 
(2011), all uncertainties originate from three key sources: 

1) Model inputs: e.g. input signals, parameters, and boundary conditions. 

2) Numerical approximations: e.g. due to the numerical method used by the solver. 

3) Model form: e.g. model simplifications or uncertainty in underlying equations. 
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This is in line with the definitions provided by Coleman and Steele (2009). Commonly, a 
distinction is made between aleatory uncertainty (due to statistical variations, also referred to as 
variability, inherent uncertainty, irreducible uncertainty, or stochastic uncertainty) and epistemic 
uncertainty (due to lack of information, also referred to as reducible uncertainty or subjective 
uncertainty). See Padulo (2009) for an extensive literature review of uncertainty taxonomies. 

It may be questionable whether the term uncertainty or error should be used, and in 
literature these terms are sometimes used interchangeably. To avoid misinterpretation, 
uncertainty here deals with the nature of the source, i.e. if it is aleatory, epistemic or a mixture, 
and is often characterized as a probability distribution or an interval. Error on the other hand 
does not regard the nature of the source, and is often seen as a single realization of an uncertain 
entity. The term error may also refer to pure software errors, i.e. coding mistakes commonly 
known as bugs. To identify and eliminate this kind of errors is related to verification rather than 
validation, and is not treated further in this thesis. 

For the common case of using measurement data for validation purposes, the uncertainties of 
the data used for validation are as important as the uncertainties of the model itself. Sometimes 
the uncertainty of the validation data is deemed too difficult to assess and is ignored without 
justification, or simply understood as the measurement error of a specific sensor. The following 
basic equations provide the fundamental relationships between the simulation result S, the 
validation data D, the validation comparison error E, and the true (but unknown) value T. Also 
the error in the simulation result �� and the error in the validation data �� are defined. The 
equation variables may be either time-series or single values, such as steady-state values. The 
equations originate from Coleman and Steele (2009), and corresponding equations are found in 
Oberkampf and Roy (2012). 

 
 � = � − � (3.1) 

 
 �� 	= � − � (3.2) 

 
 �� 	= � − � (3.3) 

 
Hence, the validation comparison error is the combination of all errors in the model and in 

the validation data. 
 

 � = ��� + �� − ��� + �� = �� − �� (3.4) 
 
With the three model uncertainty sources described at the beginning of this section, the error 

in the simulation result can be defined as follows. 
 

 �� 	= ��		
�� + ��	
�� + ��	����� (3.5) 
 
In addition to sensor measurement error (which may also include A/D conversion implying 

finite resolution), the total error in validation data may depend on various characteristics of the 
physical test setup, e.g. uncertain boundary conditions, experimental simplifications, or 
placement of sensors. An example might be when comparing air stream temperatures obtained 
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from a 1-D simulation model with experimental results. In such a case, the model typically does 
not take account of local effects and inhomogeneous flow patterns. Therefore, to obtain useful 
validation data, placement of the temperature sensor should be carefully chosen, e.g. in terms of 
downstream distance from a mixing point or radial positioning in a pipe. To emphasize this, the 
equations provided by Coleman and Steele (2009) can be expanded by defining the total error in 
validation data as a combination of sensor measurement error ��	��
��� and error due to the 
experimental setup itself ��	����. 

 
 �� 	= ��	��
��� + ��	���� (3.6) 

 
Combining equations (3.4) to (3.6) and solving for the model form error ��	����� yields: 
 

 ��	����� 	= � − (��		
�� + ��	
��) + (��	��
��� + ��	����) (3.7) 
 
There are methods to estimate ��		
�� and ��	
��, but according to Coleman and Steele 

(2009) no ways to independently observe or calculate the effects of ��	����� . In most cases 
knowledge is available of ��	��
���, but knowledge of ��	���� is often limited. In some sense, the 

error due to the experimental setup ��	���� is the experimental counterpart to the model form 

error of the simulation ��	�����. Roy and Oberkampf (2011) and Coleman and Steele (2009) 
agree that the objective of model validation is to estimate the model form uncertainty. 

The figure below shows different levels of how quantitative a comparison of simulation results 
and experimental data is. According to Oberkampf et al. (2003), the comparison method of 
lowest quantitative level is the viewgraph norm which is typically two colored surface plots next 
to each other, showing simulation result and experimental data respectively. The method of 
highest quantitative level is the statistical mismatch in which well-characterized probability 
distributions of both simulation result and experimental data are needed. In this case the 
quantitative comparison is the convolution of pairs of probability distributions. 

 

 
Figure 3-1: Increasing the quantitative level in comparisons of simulation results and validation 

data, adopted from Oberkampf et al. (2003), shown by kind permission. 
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3.3 Philosophical Aspects on Model Validation 

An overview of philosophical positions related to model validation is provided by Kleindorfer et 
al. (1998). It is noted that “The validation problem in simulation is an explicit recognition that 

simulation models are like miniature scientific theories… As such, the warrant we give for these 

models can be discussed in the same terms that we use in scientific theorizing in general.” The 
philosophical positions treated by Kleindorfer et al. are placed in one of two main branches; 
foundationalism (related to objectivism and justificationism) and anti-foundationalism (related to 
relativism, conventionalism and anti-justificationism). A true foundationalist believes that 
validation is an absolute, i.e. every detail of a theory or model shall be validated using theory-
free direct experiences (empiricism) or self-evident ideas from one’s own mind (rationalism). In 
other words; the model and the model developer are fully separable, the model is either valid or 
invalid, and no human judgment or interpretation may be involved in the process of validation. 
Problematic questions for the foundationalist are: Can one really find a theory-free empirical 

foundation? and Which ideas are actually to be considered as self-evident? As pointed out by 
Kleindorfer et al., even if a theory-free empirical foundation were available, the problem of 
induction still remains, i.e. the fundamental difficulty of justifying generalization based on a set 
of specific observations. As opposed to foundationalism, the anti-foundationalist positions 
discussed by Kleindorfer et al. involve judgment and decision making in one way or another. As 
an example, it is noted that “…an extreme relativist believes that the model and the model builder 

are inseparable. As such, all models are equally valid or invalid and model validity is a matter of 

opinion.” 
In many practical situations, a traditional way of validating simulation models is to compare 

model results with measurement data. The measurement data may be obtained from the real 
system of interest, from a test rig, or from lower level bench testing of equipment used in the 
system of interest. Validation using measurement data is related to validation techniques termed 
historical data validation and predictive validation in Sargent (2010). In practical situations, it is 
impossible to collect measurement data for all system operating points. If it were possible, a 
model of the system would not be needed. In this sense, a first complicating factor is that there 
is always a lack of measurement data for validation purposes. The extreme case is the common 
situation of developing a model of a system which does not yet exist. A second complicating 
factor is that measurement data from the system of interest is not the same thing as the true 
system characteristics, i.e. measurement data is always uncertain. A third, and probably the 
most severe, complicating factor is the “unk-unks” – the “unknown unknowns”, here explained 
using a statement of Donald Rumsfeld, made while serving as the US Secretary of Defense in 
2002:  

“There are known knowns; there are things we know that we know. There are known 

unknowns; that is to say there are things that, we now know we don't know. But there are 

also unknown unknowns – there are things we do not know, we don't know.” 

Since validation using measurement data goes from the specific (specific sets of measurement 
data from the system of interest) to the general (conclusions on the validity of a model), it can 
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be seen as an inductive process. A fourth complicating factor is thus the problem of induction, 
which is related to both the “unk-unks” and the lack of data for validation purposes. 

In some fields of engineering, for example in Computational Fluid Dynamics (CFD), 
validation using measurement data is commonly seen as the only accepted method of validation, 
see for example Roy and Oberkampf (2011). In this case other methods, such as sensitivity 
analysis and uncertainty quantification, are seen as activities separated from the validation. 
Other researchers, see for example Balci (1997) and Sargent (2010), argue that several methods 
may be used for validation purposes, as supporting evidence in the assessment of a model’s 
validity. The latter view is also the position of the author of this thesis. However, it may be that 
the above mentioned positions are more a matter of wording than of differences in validation 
approach. The following list summarizes the author’s view on model validation: 

• A model cannot be fully validated, but rather validated to a specific degree within a 
specific range of operation, with the perspective of a specific intended use. 

• Since model validation is closely related to the problem of induction, a validation 
statement cannot be a guarantee or a formal proof of correctness. The main output of 
model validation is information on which parts of the intended use the model is likely 
(and unlikely) to cover. 

• Besides validation using measurement data, there are several methods to support the 
assessment of model validity, e.g. sensitivity analysis, uncertainty quantification, or face 
validation. In this sense, model validation may include methods related to both 
objectivism and relativism. That is, the “either/or” debate (also known as “Cartesian 
Anxiety”) about which is the “correct” philosophical position for model validation is 
unproductive (Kleindorfer et al. 1998). 

• Due to limited availability of measurement data, uncertainties in measurement data, and 
“unk-unks” in the system of interest as well as in the model itself, using M&S for decision 
making necessarily includes a leap of faith. 

• Model validation continues during the use of the model, and it is vital to routinely 
integrate new information as it appears. 

The above statements are typically not what decision makers would like to hear after 
spending money and resources on M&S. However, when looking at the alternatives, M&S 
accompanied by structured and transparent methods for model validation is not that bad after 
all. It should be noted that providing guarantees or formal proofs of correctness is difficult also 
when it comes to physical testing. Kleindorfer et al. propose a holistic framework for model 
validation, which does not preclude any philosophical position: 

“Rather, there are situations where appeals to each of these positions would be called for. 

Thus, the purpose should be to lend just enough structure to provide stability and lend 

meaning to questions of validation, yet not so much as to diminish the importance of 

individual freedom and ethical behavior in model validation.” 



 

 

4 

Early Model Validation 

ODEL uncertainty assessment is a vital part of model validation, especially in early stages 
when measurement data are scarce. Several methods are available, of which some are 

described in this thesis. The figure below aims to visualize that uncertainty analysis of simulation 
models may be carried out in several different ways, by combining a set of techniques. The figure 
does not claim to show all possible ways of performing an uncertainty analysis, but provides a 
context to the methods discussed in this chapter. 

 
Figure 4-1: Some alternative approaches for model uncertainty assessment. 
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Starting from the top of the figure and following the arrows down to the bottom, a set of 
different tool chains are obtained. To clarify, performing local sensitivity analysis w.r.t. model 
parameters would imply the tool chain Nominal Model → Deterministic Techniques → SA. If 
detailed information on parameter uncertainties is available and if there is a need for more 
detailed information on how these uncertainties affect model output, an alternative would be to 
assign probability distributions to the parameters and perform a global sensitivity analysis using 
Monte Carlo sampling. In that case the tool chain would be Nominal Model → Probabilistic 

Techniques → MC. However, for computationally expensive models, such an analysis may be out 
of scope. In such cases an alternative may be to develop a surrogate model for use in the global 
sensitivity analysis, implying the tool chain Nominal Model → Surrogate Model → Probabilistic 

Techniques → MC. Naturally, each tool chain has its own benefits and drawbacks regarding for 
example execution time, management effort, availability of uncertainty information, and results 
information content. Basic concepts of sensitivity analysis and other techniques included in 
Figure 4-1 are described in the following sections. 

4.1  Sensitivity Analysis for Uncertainty Quantification 

Sensitivity Analysis (SA) is the study of how the variation in the output of a model can be 
apportioned to different sources of variation, and how the given model depends upon the 
information fed into it (Saltelli et al. 2000). SA can be used to provide an overview of which 
inputs are of importance for the desired behavior of a simulation model, and to point out which 
parameters contribute the most to the uncertainty of a model. Thus, SA can guide the work of 
reducing the uncertainty of a model. See Steinkellner (2011) for a description of SA and how it 
may be applied in the context of M&S of aircraft vehicle systems. 

4.1.1 Quantitative vs. Qualitative Methods 

As described by Sargent (2010), sensitivity analysis may be performed both quantitatively and 
qualitatively. If the uncertainties in input data are quantified by bounds or probability 
distribution functions the result of the sensitivity analysis is quantitative, i.e. information is 
gained of both directions and magnitudes of model output. In the other case, when uncertainties 
in input data are not quantified, the result of the sensitivity analysis is qualitative, i.e. 
information is gained only of directions of model output. In [II] and [III], quantitative methods 
are used. 

4.1.2 Local vs. Global Methods 

Local sensitivity analysis is normally used to study first-order effects of small variations in input, 
i.e. how the model output varies considering one input variation at a time. For fairly linear 
models, local sensitivity analysis might also be used for larger variations in input. Normally, local 
sensitivity analysis is carried out by calculation of output derivatives w.r.t. inputs, and the word 
local points out that the analysis is carried out locally around a nominal value of an input. 
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For studying higher-order effects, non-linear models, and larger variations in inputs, a 
sensitivity analysis commonly considers the inputs as random variables with a given probability 
distribution. In this case the analysis is usually referred to as global sensitivity analysis, and is 
typically carried out using Monte Carlo based sampling techniques (Weiße 2009). Local 
sensitivity analysis is useful for models that involve computationally expensive simulations, which 
is a common case in M&S of aircraft vehicle systems. 

Local sensitivity analysis is used in [II], and sampling based techniques for global sensitivity 
analysis are used in [III]. 

4.1.3 Iterative vs. Equation-Based Methods 

For models where the underlying equations are not accessible for manipulation, the sensitivity 
matrix is obtained by changing one or more parameters at a time and rerunning the model. This 
method is here referred to as iterative. From the author’s experience, the iterative approach is 
the most common way to perform sensitivity analysis. This is also the method used in [II] and 
[III]. 

If the equations of the model are available, one may use methods here referred to as 
equation-based, in which the original DAE system is extended with sensitivity equations. 
Simulating this extended system yields the solution of the original DAE system as well as the 
trajectories of the sensitivities w.r.t. model inputs and parameters. Compared to the iterative 
approach, the equation-based method has great potential in terms of efficiency. A description of 
this approach including examples is provided by Maly and Petzold (1996). Available packages for 
solving DAEs and their sensitivities include DASPK3.1 which is an extension of the DAE solver 
DASSL (DASSL & DASPK 2013), and CVODES, which is included in SUNDIALS (2013). 

An example of combining C-code generated from Dymola with DASPK3.1 is provided by 
Åkesson and Slätteke (2006), whereas Imsland et al. (2010) combine C-code from Dymola with 
CVODES. However, both these examples involve significant programming efforts for the typical 
M&S practitioner. As far as the author knows, no commercial Modelica based M&S tool 
currently supports sensitivity analysis with DASPK3.1 or CVODES, i.e. the normal user is 
directed to the iterative approach. This type of functionality is found on several users’ wish lists; 
see e.g. Franke (2002). 

An alternative, utilizing the Functional Mock-up Interface (FMI), has been investigated. FMI 
is an evolving tool-independent standard for model exchange and co-simulation (FMI 2013). 
M&S tools supporting FMI can export, import, and interact with Functional Mock-up Units 
(FMUs) which are basically packages including a compiled model and a model interface 
description. PyFMI is a free Python-based package for interacting with FMUs and interfaces the 
Cython/Python based simulation package ASSIMULO, which in turn includes CVODES 
(PyFMI 2013, ASSIMULO 2013). PyFMI 1.1 and required packages have been installed for 
evaluation, and an FMU generated from Dymola has been successfully simulated. However, even 
though the tested version of PyFMI uses CVODES, it does not support sensitivity analysis. 
There are indications that the next version of PyFMI will include some support for sensitivity 
analysis. Hopefully future developments of the FMI standard as well as PyFMI will enable 
equation-based sensitivity analysis w.r.t. a user-defined set of inputs and parameters. 
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4.2  Optimization for Uncertainty Quantification 

Optimization techniques are commonly used to find the, in some sense, “best” solution to a 
problem. In paper [II] however, optimization techniques have been used as an alternative to 
sensitivity analysis to find the “worst” solution. To clarify, the optimization takes a set of 
uncertain parameters as design variables, and an objective function is defined to maximize or 
minimize the selected system characteristics. The estimated parameter uncertainties provide the 
bounds of the design variables, and the optimization algorithm is allowed to vary the design 
variables within these bounds. The result is upper and lower bounds of selected system 
characteristics. 

Two optimization algorithms have been tested in [II], viz. MATLAB’s gradient-based method 
fmincon (Fmincon 2013) and the COMPLEX-RF method, which is based on the COMPLEX 
method extended with randomization and a forgetting factor (Krus and Andersson 2003). 

4.3  Output Uncertainty 

The main contribution of [II] and [III] is a method named output uncertainty, which can be seen 
as a combination of the dynamic techniques by Balci termed sub-model/module testing, bottom-

up testing, and predictive validation. The idea is to make use of component level validation 
results in the assessment of model level uncertainty. Briefly described, each component in a 
model, e.g. a pump, a pipe, or a heat exchanger, are typically validated against some available 
data. The result from this low level validation is information of component level uncertainty. A 
novel concept has been developed for integrating this uncertainty information directly into the 
components. Basically, a new uncertain component is developed by taking an original component 
and adding an uncertainty description component. The uncertainties are introduced in the 
uncertainty description component by including equations for modifying one or more of the 
variables in the connector interface. The uncertainties may be expressed in absolute terms or 
relative to some characteristic of the original component. As this approach enables uncertainties 
to be defined for a component’s outputs rather than its inputs, the method is termed output 
uncertainty. In the aim to achieve an intuitive uncertainty description suitable for aircraft vehicle 
system models, it has been chosen to add uncertainties in terms of pressure and temperature (the 
latter implicitly meaning specific enthalpy). This is appropriate since pressure and temperature 
are two commonly used entities when measuring or specifying system characteristics. That is, 
pressure sensors are generally more common than mass flow sensors, and most engineers are 
more comfortable reasoning in terms of temperature than in terms of specific enthalpy. In this 
way, the level of abstraction is raised from uncertainty of component input parameters to 
uncertainty of component output characteristics. 

A main difference to available methods such as Roy and Oberkampf (2011) is that the 
defined output uncertainty for each component may include not only input uncertainty but also 
estimations of model form uncertainty. It may be argued that raising the level of abstraction 
introduces new uncertainties, making the uncertainty analysis of a model less precise. From the 
author’s perspective, the output uncertainty method makes use of available information and 
makes an uncertainty analysis of a model more feasible. Hopefully it is more worthwhile to make 
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an approximate uncertainty analysis than no uncertainty analysis at all. Here it may be in order 
to quote the British philosopher Carveth Read who stated that “It is better to be vaguely right 
than exactly wrong.” 

Figure 4-2 below provides a process overview, showing the concept of using the output 
uncertainty method to support model validation against measurement data. Note that output 
uncertainty is not a complete tool in itself, but has to be used together with for example 
sensitivity analysis or optimization techniques, and may be included in either deterministic or 
probabilistic frameworks. The foundation of the process shown below stems from the workflow 
described in section 5.1 Process for Development, V&V, and Export of Multipurpose Simulation 

Models. 

 
Figure 4-2: Process for specification, development, and V&V of a simulation model, supported by 

uncertainty analysis using the output uncertainty method. 
 

4.3.1 Implementation 

The concept of output uncertainty has been implemented in the MFL component library and 
evaluated in [II] and [III] using the simulation model of the radar liquid cooling system, both 
introduced in section 2.3.2. The implementation is specific to the MFL component library, but 
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not specific to the industrial application example. The MFL component library is based on the 
power-port concept with signal-based connectors described in section 2.2.2. The connector 
interface includes information on pressure, mass flow, and specific enthalpy ��,�� , ��. Basically, 
resistive components (such as pipes or heat exchangers) take pressure (p) as input and calculate 
mass flow (�� ), while capacitive components (such as nodes, accumulators or volumes) take mass 
flow as input and calculate pressure. Information on specific enthalpy (h) is sent in both ways 
and is handled appropriately in the two different types of components depending on mass flow 
direction. To enable static head and pressure variations due to g-loads to be taken into account, 
information on component port coordinates in {x, y, z} is defined in the capacitive components. 
Modelica code for the connectors is shown in section 2.2.3 Modelica. 

In line with the discussion above, two types of uncertainty descriptions have been 
implemented – absolute and relative. The absolute uncertainty component introduces two 
parameters; pressure uncertainty pUC [Pa] and temperature uncertainty TUC [K]. The relative 
uncertainty component uses similar parameters, but relative to the pressure difference and 
temperature difference over the original component; relative pressure uncertainty pRUC [-] and 
relative temperature uncertainty TRUC [-]. 

To enable uncertainty to be introduced in pressure and temperature, the structure of the 
uncertainty components is a mix of a resistive component and a capacitive component. Port A 
(design inlet) uses a capacitive connector, whereas port B (design outlet) uses a resistive 
connector. Figure 4-3 below shows the graphical layout of a component extended with an output 
uncertain description UC. 

 

 
Figure 4-3: A new uncertain component (red-dashed) based on an original component (in this 

case a pipe component) connected with an uncertainty description component (here named UC). 
The component’s nominal pressure drop ∆���� is shown, as well as the added uncertainty in the 

pressure drop ∆���. 
 
Note that the ports of the red-dashed new uncertain component above are identical to the 

ports of the original component, which is essential to achieve interchangeability. It may also be 
noted that are no modifications in the code of the original component, which is beneficial as the 
components may be legacy code or originate from a Commercial Off-The-Shelf (COTS) 
component library. 

There are several possible Modelica implementations of the uncertainty description 
component UC in Figure 4-3. The following lines of Modelica pseudo code show one alternative 
implementation of the relative uncertainty description component. The variables pA and pB 
denote pressure in port A and port B respectively, whereas hA and hB are the incoming specific 
enthalpies in port A and port B respectively. The pressure difference and temperature difference 
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over the original component are denoted dpComponent and dTComponent respectively. Outgoing 
temperature and specific enthalpy are denoted T and h respectively. 

 
pA  = pB + pRUC*dpComponent; 
 
if (dpComponent >= 0) then 
  T = MediumFunctions.T_h(hA) + TRUC*abs(dTComponent); 
else 
  T = MediumFunctions.T_h(hB) + TRUC*abs(dTComponent); 
end if; 
 
h = MediumFunctions.h_T(T); 

 
Note that since specific enthalpy is included in the connector interface, ant not temperature, 

the implementation above requires the medium property functions � = �(ℎ) and ℎ = �(�) to be 
each other’s analytical inverse, or else numerical errors will propagate during simulation. If the 
relative output uncertainty parameter ���� = 0 and the mass flow is positive, we expect ℎ = ℎ�, 
i.e. no change in specific enthalpy over the uncertainty description component UC. However, with 
the implementation above this is not the case unless the medium property functions are each 
other’s analytical inverse.  

Since ℎ = �(�) is fairly linear for all medium models in the component library used, an 
alternative is to start from specific enthalpy and utilize the linearity as shown below. The 
difference in specific enthalpy over the original component is denoted dhComponent. 

 
pA  = pB + pRUC*dpComponent; 
 
if (dpComponent >= 0) then 
  h = hA + TRUC*abs(dhComponent); 
else 
  h = hB + TRUC*abs(dhComponent); 
end if; 
 
T =  MediumFunctions.T_h(h); 

 
As when varying for example a pipe component’s surface roughness coefficient, varying the 

pressure uncertainty parameter of a component corresponds to a variation of the component’s 
pressure drop characteristics. In a similar manner, varying a component’s temperature 
uncertainty parameter corresponds to a variation of the component’s heat transfer 
characteristics. Figure 4-4 and Figure 4-5 show simulation results from a simple test model 
consisting of a pipe component, with its inlet port fed by a mass flow source and its outlet port 
connected to a constant pressure sink. The pipe component includes heat transfer with ambient, 
resulting in an increased fluid temperature from inlet to outlet. The pipe component uses a 
relative output uncertainty description. Figure 4-4 shows simulation results for a ±50% variation 
of the pressure uncertainty parameter of the pipe component, and Figure 4-5 shows simulation 
results for a ±50% variation of the temperature uncertainty parameter. 
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Figure 4-4: Simulation results for a ±50% variation of the pressure uncertainty parameter of a 

pipe component with relative output uncertainty. 
 

 
Figure 4-5: Simulation results for a ±50% variation of the temperature uncertainty parameter of 

a pipe component with relative output uncertainty. 
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As the implementation described above is intended to be a proof of concept, there are areas 
where improvements can be made. For example, with the current implementation, the 
component characteristics are not exactly the same in both flow directions. However, with some 
implementation effort this deficiency can be eliminated. 

4.3.2 Quantification of Component Output Uncertainty 

This section provides an example intended to describe typical activities included in the step 
“Characterize and Quantify Component Output Uncertainty” in Figure 4-2. As with model 
validation in general, characterization and quantification of component uncertainty may be 
carried out in various ways. Which methods to use depend on the information available. As 
indicated in Figure 4-2, information for use in component validation may be for example 
component level measurement data, data sheets, results from CFD simulations, or experience 
from similar applications. 

As an example we may study the output uncertainty of the pump in the application 
described in section 2.3.2 Radar Liquid Cooling System. More precisely we are interested in the 
uncertainty of the pressure difference generated by the pump component. The pump component 
has six parameters affecting pressure and mass flow characteristics. The parameters are 
calibrated by experience and to generate a good fit with measurement data obtained from a test 
rig of a predecessor cooling system using another type of cooling liquid than the system under 
development. For early validation purposes we are lucky enough to have a set of bench test 
measurement data at hand. The data describes the pump characteristics in terms of pressure rise 
and related mass flow for a specific fluid temperature range. The cooling liquid used in bench 
testing is representable for the cooling liquid to be used in the application being developed, and 
thereby suitable for comparisons with the medium model used in simulations. 

The reasoning below follows the nomenclature defined in section 3.2 Uncertainty 

Quantification. Figure 4-6 shows measurement data and simulation results from a virtual 
counterpart of the bench test setup, with boundary conditions obtained from measurement data. 
Except from the relatively small variations due to measurement uncertainty, the vertical spread 
in measurement data is due to varying fluid temperatures. Figure 4-7 shows the comparison error 
E for simulation results and measurement data with corresponding boundary conditions. For 
confidentiality reasons, some axis values are omitted in the figures below. However, this does not 
preclude the pedagogical purpose of the figures. 
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Figure 4-6: Simulation results plotted together with measurement data. Each red dot represents 

a steady-state measurement point, and each blue circle represents a simulation result for the 
corresponding boundary conditions. 

 

 
Figure 4-7: Comparison error E for varying mass flow, computed from S and D with 

corresponding boundary conditions. 
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According to equations (3.1) to (3.7), the comparison error E involves all uncertainties 
related to the simulation result S and to the measurement data D, which can be rewritten as 
follows. 

 
 E	 = (��		
�� + ��	
�� + ��	�����) − (��	��
��� + ��	����) (4.1) 

 
For the measurement data used for validation purposes ��	��
��� and ��	���� are estimated 

to be ±0.25% and ±1% respectively. An assessment using different solvers and varying tolerances 
indicates that the numerical error in this type of simulation is insignificant compared to other 
uncertainties. In this case, the uncertainty due to numerical approximations ��	
�� is therefore 
ignored. 

The idea of the output uncertainty method is to use nominal component parameter values as 
far as possible and let the new output uncertainty parameters describe the total uncertainty of 
the component. The approach is well-suited to this particular case since no detailed information 
on the uncertainty of the six original parameters is available. Remaining unknowns in equation 
(4.1) are ��		
��  and ��	����� , which are lumped together to form the component output 

uncertainty, which may be expressed in either absolute (����) or relative (����) terms and 
solved for as follows. 

 

 
					���� = ��		
�� + ��	����� = � + (��	��
��� + ��	����) 

⇒ ���� = � − (� − ��	��
��� − ��	����) (4.2) 

 

 					���� =
� − (� − ��	��
��� − ��	����)

� − ��	��
��� − ��	����  (4.3) 

 
In other words, the uncertainty in the simulation results is attributed to ��		
��  and 

��	�����, and we do not have sufficient information to separate these two from each other. This 
highlights the fact that the output uncertainty method not only covers input uncertainty but 
also model form uncertainty (at component level). 

The pump component’s absolute and relative output uncertainties ����  and ����  are 
calculated according to equations (4.2) and (4.3) respectively, using S and D from Figure 4-6. 
Figure 4-8 and Figure 4-9 below show histograms of ���� and ���� respectively. As shown in the 
figures, the interval of the output uncertainty increases when measurement uncertainty is taken 
into account. 
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Figure 4-8: Histogram representing the estimated absolute output uncertainty (����) of the 

pump’s pressure difference. 
 

 
Figure 4-9: Histogram representing the estimated relative output uncertainty (����) of the 

pump’s pressure difference. 
 
The red dashed lines indicate intervals for use in a deterministic analysis of model level 

uncertainty using for example a quantitative sensitivity analysis (local or global), as described in 
[II]. A probabilistic quantitative global sensitivity analysis requires the component output 
uncertainties to be expressed as probability distributions. For the output uncertainty shown in 
the figures above, a precise or imprecise normal distribution may be applicable (imprecise here 
referring to when the parameters of the distribution, for example the mean and standard 
deviation, are given as intervals or distributions themselves). However, for simplicity and due to 
the limited scope of the component validation performed, a uniform distribution may be more 
suitable. This is also what was used in the probabilistic uncertainty analysis described in [III]. 
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It should be noted that the estimated output uncertainty can only be expected to be 
representative within the range of the validation data, or the validation space. In this case the 
validation space is spanned by mass flow and fluid temperature. It may also be noted that since 
the equations in the pump component include fluid density, which in the medium library used is 
a function of specific enthalpy, applicable properties of the medium library are indirectly 
validated. That is, the effect of the uncertainty in the medium property density is included in the 
output uncertainty of the pump component. 

4.3.3 Applying Output Uncertainty in Early Model Validation 

In early model validation, it is interesting to evaluate the range of the system characteristics with 
respect to the intended use of the model. If the range is deemed too large, a feasible approach is 
to use sensitivity analysis to point out which components contribute most to the uncertainty on 
model top level, and if possible try to decrease the uncertainty of those components. This section 
is related to the step “Model Uncertainty Quantification” in Figure 4-2, and is intended to give 
an overview of how output uncertainty can be applied in early model validation. 

The output uncertainty approach is used in combination with deterministic techniques in [II], 
and with probabilistic techniques in [III]. The application used for evaluation is described in 
section 2.3.2 Radar Liquid Cooling System. The nominal (or “original”) liquid cooling model has 
approximately 100 parameters, but only a subset of 22 parameters are considered uncertain and 
thereby of interest in an uncertainty analysis. These are component parameters affecting pressure 
and temperature levels, such as pressure loss coefficients, pipe roughness coefficients, and heat 
transfer coefficients. Many of the parameters that are out of scope for an uncertainty analysis are 
geometry parameters considered to be known. Model inputs for specifying load case or 
“simulation scenario” are also treated deterministically. Examples of such model inputs are 
boundary conditions for definition of flight case (e.g. Mach number, altitude, g-loads, and 
atmosphere model) and input signals representing cooling air mass flow, cooling air temperature, 
and heat load power. Using the output uncertainty method, the number of parameters that 
require consideration is reduced from 22 to 10. This number originates from the fact that the 
model includes five resistive components (pump, heat exchanger, pipe1, heat load, and pipe2), 
with two additional parameters each (pRUC, TRUC). To clarify, all original parameters are kept with 
nominal values, but the model has been extended with 10 new parameters. These 10 parameters 
are considered uncertain, and are assigned either deterministic intervals as in [II] or probability 
density functions as in [III]. 

Thus, in the industrial application example used the number of uncertain parameters that 
require consideration is reduced by more than 50%. As described in section 4.3.2 above, the 
uncertainty quantification of this new set of parameters also comes to be more intuitive. In other 
words, there is typically more information available for uncertainty quantification of the new 
parameters than for the original parameters. This implies a substantial improvement in the 
conditions for conducting a model uncertainty analysis. 

As with most methods, output uncertainty also has its drawbacks. The main one is that 
extending original components with uncertainty descriptions results in new states and equations 
implying additional model complexity. This means increased execution time per simulation run. 
For the application example used, the execution time increases by as much as 70% using the 
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variable-step DASSL solver and approximately 50% using a fixed-step implicit Euler. However, 
as the number of uncertain parameters for consideration is decreased, fewer simulation runs are 
needed for an uncertainty analysis. Depending on the type of uncertainty analysis, the total 
execution time may therefore be less than if the model’s original parameters were used. 
Considering local sensitivity analysis with respect to n parameters, either n+1 or 2n+1 
simulations are required using one-sided or central differences respectively. For the application 
example used, this means that the drawback of longer execution time per simulation run is 
overcome by the reduction in the number of parameters to be considered. In for example full 
factorial experiments with respect to n parameters and l levels requiring �
 simulations, the 
reduction in the number of parameters is even more of an advantage. 

If the number of uncertain parameters that require consideration can be sufficiently reduced 
and the simulation model and flight cases of interest do not imply too long execution time, a 
probabilistic uncertainty analysis may be feasible. Probabilistic uncertainty analysis here refers to 
assigning probability distributions to the output uncertainty parameters and performing a global 
sensitivity analysis to obtain probability distributions of selected system characteristics. Figure 
4-10 below shows results from the probabilistic uncertainty analysis presented in [III]. More 
specifically, the system characteristic shown in the figure is the radar inlet temperature for a 
specific flight case. 

 

 
Figure 4-10: Simulated output distribution of radar inlet temperature using Monte Carlo 

Sampling (blue bars, 1.5·105 samples) and Latin Hypercube Sampling (red bars, 250 samples). 
 
On the one hand, compared to a deterministic uncertainty analysis, a probabilistic 

uncertainty analysis is more demanding, but on the other hand it gives more in return. It is more 
demanding in terms of both execution time and availability and preparation of input data. It 
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gives more in return since the resulting system characteristics are expressed as probability 
distributions. This is an obvious difference compared to the deterministic uncertainty analysis, 
which does not provide any information on the probabilities of the minimum and maximum 
values obtained. 

A common view is that model validation should not be seen as a final check, but rather as a 
continuous process integrated in model development; see for example Balci (1997). The output 
uncertainty method is well suited for continuous validation, i.e. it is easy to apply and iterate as 
new information become available, which is also expressed as a need in section 1.2 Industrial 

Objectives. See Figure 1-1 for a conceptual view of what is here meant by new information 
becoming available, and how this may affect a model’s usefulness. If a model’s components 
include an uncertainty description in the form of output uncertainty parameters, this is a good 
starting point for a higher degree of automation in model validation. 





 

 

5 

Virtual Testing & 

Virtual Certification 

N the effort to reduce the cost of physical testing related to the certification process, the 
aeronautic industry strives to expand the usage of M&S further by introducing the concept of 

Virtual Testing (VT). While no compact and broadly agreed definition of VT has been found, 
the term VT here refers to the structured use of M&S to critically evaluate a product’s design 
against specified requirements. In the case of certification, the requirements are set by 
certification authorities, typically the Federal Aviation Administration in USA or the European 
Aviation Safety Agency in Europe (FAA 2013, EASA 2013). When VT is used as an Acceptable 
Means of Compliance in certification, this may be termed Virtual Certification (VC). There is an 
intuitive analogy between physical testing and VT in terms of the test article and the actual test 
execution – the test article in physical testing corresponds to a validated simulation model in 
VT, and the physical test execution corresponds to the simulation in VT. In both cases, it is 
equally important that test procedures and test setups are well defined. 

In the research project CRESCENDO, with more than 60 partners from European aerospace 
industry and academia, processes, methodologies and tools enabling collaborative design, VT, 
and VC have been developed (CRESCENDO 2013). It should be emphasized that the 
CRESCENDO VT&VC approaches are intended to support the current certification process and 
that VT will not replace physical testing. Instead, VT is intended to be the means to better plan 
physical testing, reduce the number of physical tests, and reduce risk associated with physical 
testing. The following figure is intended to show how VT&VC fits into the traditional V-model 
(INCOSE 2010). Note that in practice, the use of VT&VC is expected to shorten development 
time and decrease the number of physical tests. However, this is not captured by the figure. 

I
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Figure 5-1: V-model with M&S supporting specification and decomposition, and VT&VC 

supporting integration, verification, and validation. 
 

To support development and evaluation of VT&VC processes and methodologies, three 
certification related scenarios have been used in CRESCENDO, viz. a) “Gearbox fire protection” 
by Avio (2013) aiming to use VT&VC to show compliance with CS-E §130, b) “Nacelle anti-
icing” by Bombardier (2013) aiming to use VT&VC to show compliance with CS-25 §1093 and 
CS-25 §1419, and c) “Water and hail ingestion” by Snecma (2013), aiming to use VT&VC to 
show compliance with CS-E §790 (CS-E 2009, CS-25 2008). The figure below shows Avio’s 
physical test setup and its virtual counterpart. 

 

   
Figure 5-2: Left: Physical test setup of gearbox and burner. Right: VT setup. Shown by kind 

permission by Avio. 
 
Based on the author’s research on VT&VC and the result from the above certification 

related scenarios, a general conclusion is that certification authorities are not likely to insert VT 
as a standard Means of Compliance in the near future. Rather, the use of VT will be discussed 
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within each certification program. At the time of writing, it is deemed unlikely that applicants 
will propose VT to substitute a physical test in critical conditions. A more feasible scenario is 
that applicants will use VT to verify their developments in order to arrive at the physical test 
being sure to pass it. This is related to the central challenge of building confidence in simulation 
models. Model validation, and in the broader scope assessment of model credibility, has been a 
common issue in the certification-related scenarios, and further research on this topic is required. 

A key area in CRESCENDO has been the development of a concept called Behavioral 
Digital Aircraft (BDA), which may be explained as a framework for traceable information 
exchange between industrial partners within an aircraft manufacturing supply chain. The BDA 
includes communication channels, enabling partners to upload or download for example 
simulation models, test data, and documentation. The BDA also includes functions supporting 
VT&VC-related tasks, such as simulation, validation, sensitivity analysis, etc. Important aspects 
are retaining partners’ intellectual property and ensuring traceability and repeatability of M&S 
activities. In other words, the BDA is intended to serve as a common approach to model and 
simulate aircraft behaviors at an architect or “system” level. In addition to the BDA 
environment itself, effort has been put into the definition of a new role needed to support the 
BDA concept. This role is named Behavior Architect, and manages the evolution of aircraft 
behaviors from concept to certification. The Behavior Architect works in collaboration with other 
actors to perform global design trade-offs. An aircraft development program would typically 
include Behavior Architects at different systems levels. 

The author’s view is that a Behavior Architect should deal with questions such as which 
models should be developed, when models should be developed, which fidelity levels are needed, 
how and when the models should be used, etc. The emergence of this new role is probably due to 
that the M&S domain has attained a higher degree of maturity, and that product development is 
getting increasingly reliant on model-based decision making. If a new organizational role, for 
example in the form of a Behavior Architect, is able to adopt a holistic approach for 
development, validation, and usage of simulation models, this would provide significant support 
in the industry’s endeavor to extend the use of M&S towards VT&VC. 

5.1 Process for Development, V&V, and Export of 

Multipurpose Simulation Models 

Since CRESCENDO has a broad scope and includes over 60 partners, significant effort has been 
put into forming a consensus of what VT&VC is and how it should be used. An aid in 
succeeding in this has been the development of a general process for VT&VC describing the 
collaboration between a certification authority and an applicant. In line with EASA’s procedure 
for type certification, the VT&VC process starts with technical familiarization and establishment 
of the type certification basis and ends with the issuing of a type certificate. 

In parallel with this work, a handbook in development, V&V, and export of multipurpose 
simulation models has been developed. Originally, the handbook is in the form of a wiki page at 
Saab Aeronautics but a public variant is also available (Andersson and Carlsson 2012). 
Compared to the CRESCENDO VT&VC process, the handbook has a narrower scope, focused 
on development of simulation models and how to enable reuse of models in different applications. 



48 Methods for Early Model Validation 

 

The word export here refers to the process of exporting a model for integration in a simulator 
application and multipurpose refers to the fact that models are not only used by engineers 
specialized in M&S but also by several other user groups, and integrated in several kinds of 
applications with varying intended use. Some examples are: 

• Model of a single system (S/W or H/W) used in a specific M&S tool 

• Closed-loop model (S/W and H/W) used in a specific M&S tool 

• Desktop simulator including models of several systems 

• Large-scale simulator including models representing a complete aircraft 

• Simulator for pilot training 

• Simulator for technician training 

• Hardware-in-the-loop (HIL) simulator, e.g. test-rig with some subsystems replaced with 
simulation models 

• Model used in a S/W application, e.g. for model-based fault diagnosis 

As the general process for VT&VC in CRESCENDO, the workflow defined by the handbook 
serves as an aid in obtaining a common view of model development and related activities. The 
workflow starts with the definition of intended use of a simulation model and ends with the 
issuing of a simulation model status declaration. The top level view of the handbook is shown 
below. 

 

 
Figure 5-3: Workflow in Saab Aeronautics Handbook for Development of Simulation Models. 

 
The arrow-shaped blocks correspond to activities, the stars are output items like models, 

code, or test cases, and the symbols named “RS” and “SD” represent documentation such as 
Requirement Specification and Status Declaration. The figure above provides a chronological 
view of the workflow; it must, however, be stressed that the duration of each activity may vary 
significantly depending on the character and intended use of the simulation model of interest. 
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Another important aspect is that activities normally overlap and that there are iterative loops 
between activities, i.e. the workflow is not sequential. Special care has been taken to ensure 
usability of the workflow description, mainly by means of 1) a user friendly format, easy to 
overview and update, 2) keeping the amount of text down, and 3) providing relevant examples, 
templates, and checklists. The workflow is documented in [I] and provides the context of [II] and 
[III]. 
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V&V has, unfortunately, attained buzzword status. Almost everyone refers to it, most 

everyone has an opinion about it, but few have an appreciation for its purpose, value and 

limitations. 

 – E. H. Page 



 

 

6 

Discussion & Conclusions 

OTH in industry and academia, a common viewpoint is that that Verification, Validation 
and Uncertainty Quantification (VV&UQ) of simulation models are vital activities for a 

successful deployment of model-based systems engineering. In the literature, there is no lack of 
advice regarding methods for model verification and validation, and the number of methods for 
uncertainty quantification is increasing. However, uncertainty quantification requires a great deal 
of certain information, and for industrial applications available methods often seem too detailed 
or tedious to even try. The consequence is sometimes that no uncertainty quantification is 
performed, resulting in simulation models not being used to their full potential. The author’s 
experience is that the work effort of model validation is often underestimated, and the same 
applies to the value of well-executed model validation. Pace (2004) notes that knowledge of cost 
and resource requirements for model validation needs to be increased to facilitate reliable 
estimations in project planning. Pace also concludes: 

“Administrative guidance, not even when stated in standards or DoD directives and other 

formal documents, seems unable to change modeling and simulation behaviors in ways 

that are needed to improve the credibility of modeling and simulation results.” 

To change behaviors, methods need to be simple, efficient, and “good enough”, and there has 
to be an endeavor for model VV&UQ – from M&S practitioners as well as from management. In 
short, model VV&UQ has to be more fun; As a M&S practitioner, the author is well aware that 
developing a model, making it run, and occasionally also using the model are commonly seen as 
enjoyable parts of M&S. Validating the model, which means questioning the model and thereby 
questioning oneself, is not always considered equally interesting. Part of the solution may be to 
hand over specific VV&UQ activities to someone, for whom VV&UQ is the main interest. A 
parallel can be drawn to the software community, where software testing alone includes a set of 
established professions such as test leader, test designer, and tester. Another parallel can be 
drawn to product development and the domain of physical testing, with its common distinction 
between design engineers and test engineers. However, regarding organizations for model 
VV&UQ, as found at the end of Page et al. (1997), the author would like to pass on the 

B 
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following advice from Harvey Penick: “When I ask you to take an aspirin, please don’t take the 

whole bottle”. In other words, an organization for model VV&UQ should be carefully designed to 
avoid unnecessary overhead, and new routines for model validation should be introduced at an 
appropriate rate. 

In addition to the organizational aspects mentioned, there are project related aspects which 
may prevent or impede model validation activities. For example, in project planning, model 
validation is sometimes seen as a final check rather than a continuous activity integrated in 
model development. As model development typically is difficult to estimate, this may result in 
that available resources are spent before validation activities are initiated. A stakeholder may 
also be eager to obtain simulation results, which may lead to the model being used before it is 
properly validated. 

6.1  Contributions 

Model validation continues during the use of the model, and something similar probably applies 
to methods for model validation. In other words, methods can always be improved. In this work, 
methods for model validation have been described from an industrial viewpoint. A framework for 
development, validation, and export of multipurpose simulation models, as well as methods for 
simplifying model uncertainty quantification has been presented. 

The proposed output uncertainty method addresses a challenge pointed out by Pace (2004), 
i.e. the one of limitations in items required for effective V&V, such as measurement data for 
validation purposes or data for characterization of uncertainties. With only limited system level 
measurement data available for validation purposes, the output uncertainty method provides 
means to use knowledge of component level uncertainty for assessment of model top level 
uncertainty. This approach also mitigates the common situation of lacking data for 
characterization of parameter uncertainties. The output uncertainty method thus gives partial 
answers to RQ1 and RQ2 in section 1.3. The proposed method facilitates simplified uncertainty 
quantification and has been found useful for the applications tested. However, it should be noted 
that the proposed method has its drawbacks regarding increased model complexity. As usual, 
you get nothing for free. 

RQ3 seeks validation methods that are useful in industrially applicable processes for 
development and integration of aircraft vehicle system models. A number of established 
techniques fit straight into the picture and are currently used at Saab Aeronautics. Examples are 
bottom-up testing, sensitivity analysis, predictive validation, historical data validation, and 
animation. More interesting is probably who validates (the model developer or someone else?), 
how validation is executed (degree of automation in validation activities?), and when validation is 
executed (validation seen as a final check or a continuous activity?). These aspects are related to 
the presented framework for development, validation, and export of multipurpose simulation 
models. It has been found that providing engineers with descriptions of a logical workflow 
supported by templates and checklists gives them a framework to act within and a feeling of 
better control of the model management activities. It was found that with the described 
methodology in place engineers were more willing to take full responsibility of new models, but 
also of “legacy” models when those are updated and reengineered. An interesting area related to 
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RQ3 is also the emergency of new roles and organizational changes in the M&S domain. New 
organizational roles able to adopt a holistic approach for development, validation, and usage of 
simulation models would provide significant support in the industry’s endeavor to expand the use 
of M&S towards VT&VC. An interesting development is the Behavior Architect discussed in 
section 5. 

In general, this work has contributed by increasing the focus on model validation in the close 
surroundings in academia and at Saab Aeronautics. During the research project, the author has 
been fortunate to be involved in courses at both Saab Aeronautics and Linköping University, 
resulting in useful information exchange between industry and academia. The work has also 
provided input to the CRESCENDO project, mainly in terms of methods for Virtual Testing and 
Virtual Certification. Contributions per paper are listed below. 
 
Paper [I]: The paper provides an industrial applicable workflow description to guide the reader 
through the process of developing, validating, and exporting a model to a model store, for later 
(re)use in simulator applications. Basic concepts of verification, validation, and software product 
lines are explained, and experiences and technical recommendations gained during the 
development of the methodology are listed. The paper also contributes by providing a context to 
the rest of the research project, and at the time of writing the described methodology is being 
put into practice at Saab Aeronautics. A further contribution is the public version of the 
workflow (Andersson and Carlsson 2012). 

 
Paper [II]: As noted above, there is a need for methods to simplify VV&UQ. The output 
uncertainty method proposed in the paper is an alternative step in that direction. The method 
may be looked upon as a way of aggregating uncertainty information with the aim of expressing 
uncertainty at component level rather than parameter level. The idea is to decrease the number 
of uncertain parameters that need to be considered in model uncertainty quantification, and to 
make use of available information from component level validation. In contrast to sensitivity 
analysis with respect to a model’s original component parameters, which only covers one aspect 
of model uncertainty, the output uncertainty method enables assessment also of other kinds of 
uncertainties, such as uncertainties in underlying equations or uncertainties due to model 
simplifications. Examples of how the method can be used together with sensitivity analysis and 
optimization techniques to estimate upper and lower bounds on system characteristics are a 
further contribution. 

 
Paper [III]: Sometimes deterministic upper and lower bounds on system characteristics do not 
provide sufficient information on model uncertainty. However, probabilistic uncertainty analysis 
is usually computationally expensive and requires detailed information on parameter uncertainty. 
This paper combines the output uncertainty method with probabilistic techniques, with the aim 
of finding a method suitable also for detailed simulation models. It has been shown that the 
output uncertainty method in combination with efficient sampling techniques actually makes a 
probabilistic uncertainty analysis feasible for the type of application tested. 

The output uncertainty method may be used to point out which model components 
contribute most to the uncertainty on model top level. Such information can be used to 
concentrate physical testing activities to areas where it is needed most. In this context, the 
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method is useful not only in the early development phases but also in lather phases to support 
the concept of VT&VC. 

6.2 Future Work 

6.2.1 Independence in V&V 

A transformation moving from validation by the model developer towards a more independent 
validation process requires organizational changes. The extent of this change depends on the 
desired degree of independence, i.e. should the validation activities be carried out by another 
team member, another department, another company, or a certification authority? For teams 
developing flight control code in compliance with DO-178B, independent V&V is nothing new. 
However, for simulation models of aircraft vehicle systems the typical procedure at Saab 
Aeronautics is that validation is carried out by the model developer(s). The simple reason for 
this is that the ones developing these models historically and currently are the ones also best 
skilled for model validation. Of course, it seems reasonable and efficient that an expert develops 
the model instead of just validating a model developed by a novice. Nevertheless, it is the 
author’s view that there are advantages to take one or two steps towards more independent 
V&V. One aspect is that it would probably be easier to find a consistent level of validation over 
a range of models, e.g. for use in a simulator application. 

6.2.2 Modelica and FMI 

Currently, the Modelica language is deterministically oriented. To clarify, uncertainties in 
parameters and inputs need to be handled separately from the Modelica model. Bouskela et al. 
(2011) propose a set of requirements concerning the Modelica language, enabling definition of 
parameter uncertainties in the form of predefined probability distributions. It will be interesting 
to follow future developments of both the Modelica language and related tools towards better 
support for handling uncertainty and performing efficient stochastic simulations. 

Another interesting topic to follow and hopefully also to influence is the development of the 
FMI-standard. This is related to efficient methods for sensitivity analysis as described in section 
4.1.3 Iterative vs. Equation-Based Methods, as well as model export in general. 

6.2.3 Output Uncertainty and Experimental Learning of UQ 

The development of the output uncertainty approach seems promising, but there is still room for 
future improvements, generalizations, and evaluations. One interesting problem would be 
implementation and evaluation in a power-port component library with equation-based 
connectors. 

In the same spirit as using a model is the best way to validate it, a serious attempt to 
perform uncertainty quantification of a large aircraft vehicle system model is probably a good 
starting point for developing methods for simplified uncertainty quantification, i.e. learning by 
doing. 



Discussion & Conclusions 55 

 

6.2.4 V&V of Simulator Applications 

This work has focused on methods for model validation, i.e. validation at “model level”, which 
indeed is challenging and probably a never ending research area. However, at Saab Aeronautics 
models are commonly reused in simulator applications, in which several models are integrated. 
Thus, it is natural to take a step towards validation methods suitable at “simulator level”. A 
relevant research question is: “How can we provide simulator users and decision makers support 

to assess the credibility of results from a planned or executed simulator run?” More specifically, 
the problem is how to utilize information from “model level” validation in the assessment of 
simulator credibility, with the perspective of the simulator’s intended use. Handling information 
such as model credibility, quality, or validation level as a system property might be a feasible 
approach. See Jardin et al. (2011) for a discussion of modeling system properties in Modelica. 

The aim with this research will be to provide well-founded information on credibility of 
included models directly during a simulator run, or – even better – prior to executing a simulator 
run. This facilitates the assessment of output quality, which means support in the challenging 
task of test worthiness declaration. The research is especially interesting in the context of 
VT&VC, where the focus is on moving product V&V activities from physical means to virtual 
means. In other words, the research is an enabler for an expanded use of M&S towards VT&VC. 
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This paper describes a framework for development and validation of multipurpose 

simulation models. The presented methodology enables reuse of models in different 

applications with different purposes. The scope is simulation models representing 

physical environment, physical aircraft systems or subsystems, avionics equipment, and 

electronic hardware. The methodology has been developed by a small interdisciplinary 

team, with experience from Modeling and Simulation (M&S) of vehicle systems as well 

as development of simulators for verification and training. Special care has been taken 

to ensure usability of the workflow and method descriptions, mainly by means of 1) a 

user friendly format, easy to overview and update, 2) keeping the amount of text down, 

and 3) providing relevant examples, templates, and checklists. A simulation model of the 

Environmental Control System (ECS) of a military fighter aircraft, the Saab Gripen, is 

used as an example to guide the reader through the workflow of developing and 

validating multipurpose simulation models. The methods described in the paper can be 

used in both military and civil applications, and are not limited to the aircraft industry. 

I. Introduction 

ODELING and simulation (M&S) is widely used in the aerospace industry, primarily to support system 

development, verification, and end-user training, but also to some extent to support certification of 

aircraft systems. The term model, which is frequently used throughout this paper, refers to simulation models 

representing hardware (H/W) and/or embedded software (S/W), e.g. physical aircraft systems or subsystems, 

avionics equipment and electronic hardware. These systems may include S/W applications such as control 

systems, functional monitoring (FM), redundancy management (RM), and built-in test (BIT)
1
. Examples of such 

systems are found in aircraft vehicle systems, e.g. Environmental Control Systems (ECS), fuel systems, landing 

gears and hydraulic systems. An overview of the M&S of the military fighter aircraft Saab Gripen’s vehicle 

systems can be found in Ref. 2. 

Models are not only used by engineers specialized in M&S but are also utilized by several user groups, and 

integrated in several kinds of applications. Some examples are: 

 Model of a single system (S/W or H/W) used in a specific M&S tool 

 Closed-loop model (S/W and H/W) used in a specific M&S tool 

 Desktop simulator including models of several systems 

 Large-scale simulator including models representing a complete aircraft 

 Simulator for pilot training 

 Simulator for technician training 

 Hardware-in-the-loop (HIL) simulator, e.g. test-rig with some subsystems replaced with simulation 

models 

 Model used in a S/W application, e.g. for model-based fault diagnosis 
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These different applications typically have their own requirements concerning model fidelity, real-time 

performance, programming language, H/W compatibility etc. A subset of these requirements may be common to 

all applications of interest, but obviously some requirements are application-specific. The situation described 

above regularly results in different models representing the same system. Traditionally, the problem of reusing 

an existing model in a new application has involved a significant amount of copy-and-paste and custom fitting, 

or even worse – model development from scratch for each new application. 

Since model development is costly and each model has to be verified and validated, the number of model 

variants should be minimized
7
. To succeed in this, a necessary condition is to utilize a methodology for model 

requirements management, development, and validation, carefully designed to handle aspects related to the ever 

increasing complexity of the models as well as the challenges related to integration of one model in several 

different applications. 

The following two sections present some available processes applicable to model development and give an 

introduction to how to assess M&S credibility, with a special focus on issues related to validation of complex 

simulation models. This is followed by a brief description of the Saab Gripen ECS model, used as an illustrative 

example of a complex system model, to guide the reader through the workflow of developing and validating a 

multipurpose simulation model at Saab Aeronautics. The final section contains conclusions and 

recommendations to consider when developing and validating complex system models for use in several 

different applications. 

II. Theoretical Background 

A. Available processes and standards for simulation model development 

When product and systems development relies on the model-based approach, development of the simulation 

models is an integrated activity of the systems development process. Traditionally, however, this is not how the 

systems development process is described. Model development used to be (and often still is) described as a 

separate, non-mandatory, activity supporting the “real” development process with analysis results and support 

for decisions.  

Descriptions of simulation models and software development can be found in literature from, for example, 

NASA
10

, Oberkampf
11

, RTCA
4
, and OMG

5
, some of which are briefly summarized below. 

 

Model Driven Architecture (MDA) 

The MDA approach, as described in Mellor
3
, is a way to support separation of functional specification from 

implementation. MDA is basically used for software systems and its underlying concept separates ‘do the right 

thing’ from ‘do the thing right’ by introducing platform-independent models (PIMs) and platform-specific 

models (PSMs). Translation from PIM to PSM is defined by rules and is generally performed by tool 

automation. A M&S tool chain including Modelica
17

 as modeling language, a tool such as Dymola
16

 for code 

generation, and C-code for simulation can be defined within the framework of MDA, even though the origin of 

MDA is based on modeling techniques and tools related to the Unified Modeling Language (UML). 

 

Software development standards for airborne systems 

Guiding standards and recommendations from Radio Technical Commission for Aeronautics have strong 

influence on the development of avionics in civil aviation and also increasingly in the military sector. 

RTCA/DO-178B
4
, “Software Considerations in Airborne Systems and Equipment Certification” is widely 

referenced and regarded as “the bible” within the airborne software community. It helps developers, in a 

structured way, to be confident and show that the software aspects comply with airworthiness requirements. The 

definition of a new version, DO-178C, is on-going and aims to take emerging software development techniques 

and trends, such as model-based, object-oriented, and formal methods into consideration and also provide better 

consistency across the software lifecycle. 

 

Model development may also be separated in library development/maintenances and model creation (or 

configuration). Libraries of validated simulation sub-models (or components, or blocks) have a long life-time 

and are the core assets where knowledge of physical relations, experience, and measurement data is captured. 

They constitute a part of the company’s knowledge bank. Model creation is more related to product 

development and is the activity of combining validated sub-models into a configuration that adequately 

represents a system of the (planned or built) product
6
. 

B. Validation – an essential element when assessing M&S credibility 

M&S has been used for many years in the aerospace industry and there is an on-going trend to further 

increase the portion of M&S. One fundamental purpose of this is to reduce the amount of physical prototyping 

and physical testing – activities which normally demand a significant amount of resources. Related to this is the 
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aim to further enhance the ability to take early model-based design decisions, as well as enhance the ability to 

use M&S as a support in certification of aircraft systems
8
. In order to achieve this, we should be able to answer 

questions like; To what extent can we trust the model, how well does the model represent the real system, do we 

know the limits of the model, does the model cover the intended use? 

The above questions deal with M&S credibility. Depending on the model complexity and the intended use, 

performing a relevant assessment of a model’s credibility might be a challenging task. Research is being done in 

this field, where different methods are proposed for making such an assessment. Some important contributions 

are mentioned in the sub-sections below. Common ingredients of the presented methods are verification and 

validation aspects. Several definitions of these terms exist, some collected in the Generic Methodology for 

Verification and Validation (GM-VV)
9
. This paper will use the following definitions from NASA’s Standard for 

Models and Simulations
10

: 

 

Verification: The process of determining that a computational model accurately represents the underlying  

    mathematical model and its solution from the  perspective of the intended uses of M&S. 

 

Validation: The process of determining the degree to which a model or a simulation is an accurate 

representation of the real world from the perspective of the intended uses of the model or the 

simulation. 

 

Another common aspect, in different ways handled by the presented methods, is related to M&S uncertainty 

management, which in this paper refers to the process of identifying, quantifying and assessing the impact of 

sources of uncertainty embedded along the development and usage of simulation models. Some potential 

sources of uncertainty are, for example, model parameters, model input data, model simplifications, 

programming errors, and the numerical method used by the solver. Several definitions aimed to distinguish 

between different types of uncertainties are found in literature
11, 12, 13

. Commonly, a distinction is made between 

aleatory uncertainty (due to statistical variations, also referred to as variability, inherent uncertainty, irreducible 

uncertainty or stochastic uncertainty) and epistemic uncertainty (due to lack of information, also referred to as 

reducible uncertainty or subjective uncertainty). 

 

1. Credibility Assessment Scale 

The Credibility Assessment Scale (CAS) released in 2008 is proposed in the NASA Standard for Models and 

Simulations
10

. The standard applies to M&S in general, with the exception of M&S embedded in control 

software, emulation software, and stimulation environments. The purpose of CAS is to facilitate a standard 

method for assessment of M&S credibility. This assessment provides an important basis for decision-makers, 

when making critical model-based decisions. Model-based decisions here refer to decisions using results from 

models and simulations. CAS uses eight factors grouped into three categories: 

1) M&S Development 

a. Verification 

b. Validation 

2) M&S Operations 

a. Input Pedigree 

b. Results Uncertainty 

c. Results Robustness 

3) M&S Supporting Evidence 

a. Use History 

b. M&S Management 

c. People Qualifications 

There are five levels (0 – 4) for rating each of the above presented factors, where level 4 is the top grade. 

Each factor in the first two categories consists of the sub-factors Evidence and Review, which are weighted 

together to produce the score of these factors. When all eight factors are assessed, a conservative overall score is 

obtained by taking the minimum of the scores for each factor. Assessment results can be presented in, for 

example, bar plots or radar plots, providing an intuitive overview pointing out areas which should be subject to 

improvement. 

 

2. Predictive Capability Maturity Model 

The Predictive Capability Maturity Model (PCMM) released in 2007 aims to assess the level of maturity of 

M&S efforts
14

. PCMM is intended for M&S efforts primarily dealing with nonlinear Partial Differential 

Equations (PDE), commonly used within Computational Fluid Dynamics (CFD) and for modeling, for example, 

structural, thermal or electromagnetic problems solved using Finite Element Methods (FEM). However, it is the 
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authors’ understanding that PCMM is a general method, also applicable for simulation models using standard 

Ordinary Differential Equations (ODE) or Differential-Algebraic Equations (DAE). 

In PCMM, the intention is to provide a high degree of interpretability, e.g. a clear and unambiguous meaning 

of what is being assessed. Six elements are used in the assessment:  

1) Representation and geometric fidelity 

2) Physics and material model fidelity 

3) Code verification 

4) Solution verification 

5) Model validation 

6) Uncertainty quantification and sensitivity analysis 

These elements are rated using descriptive characteristics divided into four levels (0 – 3), where levels 3 is 

the top grade. There is not a one-to-one correspondence between PCMM score and M&S results accuracy. An 

improved score would commonly imply greater accuracy, but this is not necessarily true. Aggregating PCMM 

scores, e.g. to produce one overall score out of the six elements from the assessment of one single subsystem, or 

to merge scores from assessments of several subsystems, is not recommended. The reason for this is that each 

element is conceptually independent of every other element, i.e. the elements are not comparable. 

 

3. Validation Process Maturity Model 

The Validation Process Maturity Model (VPMM) is focused on simulation validation, with the purpose to 

aid validation practitioners
15

. It is stated that usefulness has been given a higher priority than strict formalism in 

the development of this assessment tool. The model uses five inputs to produce evidence assessing the validity 

of a simulation. These inputs consist of typical information artifacts related to the development and use of M&S: 

1) Validation criteria 

2) Referents 

3) Conceptual models 

4) Development products (e.g. detailed design information, S/W development products and implementation 

components) 

5) Simulation results 

The above inputs are judged individually to produce a six-level score (0 – 5), ranging from no validation 

performed to an automated validation process. The levels correspond to the following informal validity 

statements: 

Level 0: I have no idea. 

Level 1: It works; trust me. 

Level 2: It represents the right entities and attributes. 

Level 3: It does the right things; its representations are complete enough. 

Level 4: For what it does, its representations are accurate enough. 

Level 5: I’m this confident that this simulation is valid. 

C. Software Product Lines 

Product Line engineering is well-known and common practice in industry. This section is mainly based on 

Ref. 24 and 25, and the context is (validated) configurable simulation models and simulator products. 

 

1. Software Product Line basics 

The Software Product Line (SPL) approach is a way of organizing the software development and release 

structure for high degree of reuse. It is widely used as a means to repetitively produce a variety of similar 

products in a cost-efficient way. Key activities in SPL-based development are: 

 Core asset development (e.g. the simulation models representing various subsystems/equipment) 

 Product/application development (integration, build and delivery of simulators) 

 Management (planning for updates, delivery, resource allocation etc.) 

In platform-based product line development, interface definition and management is a distinct activity. A 

modular platform is used to create product variants through configuration of existing modules.  

 

2. Variation points and configurations 

The distinction between software product line engineering and traditional software engineering is the 

configurability or the presence of variation in the software assets. Assets contain variation points that represent 

options about the software properties and functionality. At some point during the build process, decisions are 

used to select from the options for each variation point, after which the choice is specified for the final product. 
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3. Model requirements and validation 

Requirements concerning multipurpose models serving a wider range of products have to be thoroughly 

analyzed, as some will usually be in conflict with each other. For critical conflicts, there is a trade-off to make; 

create distinct asset variants or balance the design for one single asset and prioritize requirements. Several asset 

variants will yield an increased validation and maintenance cost as changes in the common functions and 

properties has to be implemented and tested/validated for each variant. 

 

4. Binding time 

Binding time describes when a variation point is bound, i.e. selected to become part of a simulation model 

instance. Possible binding times include model time (also referred to as “design time”), code-generation time, 

compile time, link time, load time, and run time. Choosing different binding times for elements affects their 

properties. For example, deciding to bind during code-generation time will yield different system properties than 

deciding to bind at run time
26

. One example of a variation is whether a simulation model for an aircraft 

subsystem is detailed (high fidelity) or general (low fidelity). However, it is not certain that all models with this 

feature as a choice use the same binding time as a mechanism for this variation binding. One model may have 

code-generation time alternatives while another uses run time switching for the same variation. 

Run time binding in general gives shorter turnaround time when changing a feature. There are situations 

when run time binding is not sufficient, for example when proprietary models are integrated in training 

simulators and delivered to a customer. Only functionality relevant for that customer is allowed to be present in 

the specific simulator variant. Customer-oriented model variants have to be maintained and binding is done at 

check-out time for example. In most industrial examples, several binding times are used within the same product 

line. 

III. An Industrial Application Example – Saab Gripen’s ECS Model 

The Environmental Control System (ECS) in the Saab Gripen fighter aircraft is used here as an example of an 

industrial application. In the following sections, the reader is guided through the process of developing 

multipurpose simulation models at Saab Aeronautics by means of the ECS H/W model. The ECS is a complex 

system and includes a significant amount of H/W and S/W, see Figure 1. 

 
Figure 1: ECS layout diagram. 

 

The main purpose of the ECS is to provide sufficient cooling of the avionics equipment, as well as tempering 

and pressurizing the cabin. In addition to this, essential tasks are to enable pressurization of the fuel system and 

anti-g system, and to provide conditioned air to the On-Board Oxygen Generating System (OBOGS), which 

provides breathing air to the pilots. Briefly, this is achieved by means of a bootstrap configuration using engine 

bleed air which is decreased in pressure and temperature and dried prior to distribution. The main H/W 
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components in the ECS are heat exchangers, compressor, turbine, water separator, pipes, and control valves. The 

ECS S/W, which is physically located in the General systems Electronic Control Unit (GECU), controls and 

monitors pressure, temperature, and flow levels in various parts of the system. 

 

Aligned with the real system layout, the closed-loop model of the ECS consists of three major models, 

namely the ECS H/W model, the ECS S/W model and the GECU H/W model. The ECS H/W model has been 

developed in Dymola, which is a Modelica based M&S tool
16, 17

. The other two models have been developed in 

Simulink
18

. Closed-loop models are obtained using hosted simulation
19

. A Dymola environment closed-loop 

model is obtained by integrating code generated from the Simulink models. A corresponding Simulink 

environment closed-loop model is obtained by integrating code generated from the Dymola model. Which 

environment to use depends on the M&S task to be performed and which tool the engineer is most comfortable 

to use. 

As described in later sections, the ECS H/W model has several variants, e.g. one simple and one detailed 

variant. The model layout is hierarchical and the Modelica construction replaceable is utilized to obtain 

different variants applicable for model time binding. Additional variant handling is performed by parameter 

selection at load time and run time. One view of one of the variants is shown in Figure 2. 

 
Figure 2: ECS H/W model. 

 

The figure shows the detailed physical model with its sub-models. This view is actually one step down from 

the ECS H/W model top level, in which either detailed or simplified is selected. 
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IV. Simulation Model Development at Saab Aeronautics 

For simulation model development, integration and (re)use of simulation models, the Saab Gripen simulators 

are studied. A product line effort is ongoing with the purpose to minimizing unneeded model variants and 

increasing the level of reuse. 

A. Implementation of Software Product Line 

A basic component of the product line environment is the model store, which contains models with well-

known properties. Simulation models and model connectors are stored in the model store. Ideally, models are 

well-specified, tested, and validated. As a large portion of the models are in the form of legacy code, some 

design information and test cases are documented in older formats or in the change management system. 

In the Saab example, the simulator product line is partly based on aircraft product variants. This method is 

denoted the “Design Once approach” and in Saab marketing publications it is stated
21

 that “The ‘design once’ 

approach, common to all tools and software used in developing the real aircraft, ensures that any changes to 

the aircraft are automatically reflected in the support and training systems.” For further description of the 

challenges and preliminary results from studies of Saab simulation model product line effort, see Ref. 22 and 23. 

B. Development Process 

This section presents the workflow of development and maintenance of multipurpose simulation models at 

Saab Aeronautics. The workflow, which is in the form of a continuously updated wiki handbook, is based on the 

RTCA/DO-178B and Model Driven Architecture standards, described earlier in the section Available processes 

and standards for simulation model development, as well as internal processes and predecessor handbooks. The 

aim is to present a way to produce a simulation model of good enough quality to be included in the model store 

for reuse purposes. The scope of the handbook is simulation models representing physical environment, physical 

aircraft systems or subsystems, avionics equipment, and electronic hardware. Models of embedded software are 

for the most part developed according to other established processes, but some support may be obtained from 

the handbook. The figure below shows an overview of the workflow. 

In
te

n
d

e
d
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Specification

Development

Verification

Validation

Export & Integration

3

2

1

5

4

RS

Status Declaration
. . .

SD

V&V Plan

 
Figure 3: Workflow for development of multipurpose simulation models. 

 

The blue blocks correspond to activities described in the following sub sections. The overview provides a 

chronological view of the workflow; it must, however, be stressed that the duration of each activity may vary 

significantly depending on the character and intended use of the simulation model of interest. Another important 

aspect is that activities normally overlap, i.e. the workflow is not sequential. The stars in the figure depict output 

items such as code, test cases, or interface descriptions. The symbols named “RS” and “SD” represents 

documentation such as Requirement Specification and Status Declaration. It should be noted that all activities, 

output items, and documents related to this workflow concern the product “simulation model”, i.e. the term 

“simulation model” could be placed before each name used in this workflow. 
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1. Intended Use 

Prior to initiating the actual development of a simulation model, a necessary prerequisite is to specify the 

intended use of the simulation model. Best practice is to define one or several use cases covering as much as 

possible of the intended use. Deriving use cases from an actor perspective is a way to establish a common 

understanding of the model scope. 

The ECS model has a wide range of applications, made visible by the definition of use cases covering 

system development, verification and training. The main actors found in the use cases derived for the ECS 

model are M&S specialists, system engineers (H/W and S/W), test engineers, system safety engineers, pilots, 

and aircraft technicians. Some examples of usage are: 

 ECS performance simulations 

 Simulation of static load conditions (temperature and pressure levels) 

 Dynamic/transient simulations 

 Fault simulation and incident analysis (H/W and S/W) 

 Control design 

 Flight-critical system/built-in test of fault diagnostic functions 

 ECS conceptual design and decisions (H/W and S/W) 

 Part of system simulation including other vehicle systems, such as the fuel system 

 Pilot training 

 Technician training 

Analyzing the results from this activity also includes recommendations as to which modeling technique and 

(appropriate) language/tool to choose for the remaining activities in the workflow. The final choice may further 

depend on business aspects such as relationships with development partners, available skills, enterprise 

directives, and license policies. 

 

2. Requirement Specification 

From the intended use, requirements concerning the simulation model are derived. To obtain as complete a 

requirement set as possible, it is essential to collect information from all major stakeholders. The requirements 

can be grouped into categories such as: 

 Functional requirements: Derived from the intended use, e.g. what types of physical phenomena are to 

be captured, fault simulation capabilities, and model states/modes. 

 Characteristics requirements: Examples include modeling language, coding standards, model export 

capabilities, real-time computational capabilities, S/W compatibility and H/W compatibility. These 

requirements also contain design restrictions on model complexity and model quality, preferably 

expressed in terms of defined quality measures such as steady-state error, overshoot, and variance. This 

category may also include requirements on model credibility, according to the previous section 

Validation – an essential element when assessing M&S credibility. 

This activity covers the definition of model architecture and identification of interfaces. The design is 

typically described in a separate Model Design Description document, but for simpler models an alternative is to 

include the design description in the Model Requirement Specification. Using a Model Based System 

Engineering (MBSE) approach, the design description may consist of some viewable format of the model itself. 

 

The activity also involves specification of the model input/output interface. Typically, the interface 

definition will evolve during the model’s development, but the interface should be as mature as possible prior to 

the development stage. At this early stage, the interface description of the ECS application example consists of a 

spreadsheet containing the most essential information for each identified signal. A formal interface description 

is produced during the development stage, as described below. 

As discussed in the section Software Product Lines, requirements from different stakeholders may be 

conflicting. In the ECS application example, this is the case for model fidelity requirements versus real-time 

execution performance requirements. 

These requirements, together with constraints in available computational H/W resources, result in two model 

variants, i.e. one simpler real-time-oriented model and one high fidelity model. These two models have a 

common top level interface, and the Modelica construction replaceable is used to select the model variant at 

model time. 

 

3. Verification and Validation Plan 

The purpose of the plan for verification and validation (V&V) is to define how the model requirements will 

be verified, and how model quality and fit for purpose will be validated. The different test environments 

necessary should be stated, as well as what measurement data needs to be available for verification and 

validation. 
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In the ECS application example, the major part of the verification consists of testing activities carried out in 

the different applications in which the model is integrated. The validation is performed using measurement data 

from aircraft, test rig and bench tests. In the early V&V stage, data from a predecessor ECS model is used for 

comparison of model results. 

 

4. Development 

This activity involves choosing an existing model which meets the requirement specification, adjusting an 

existing model, or developing a new model from scratch. The model may be written manually or developed in 

an M&S tool. This activity also includes the development of documentation describing the model on sub-model 

level, regarding what is modeled and what is not, underlying equations, etc. A Simulation Model Description 

may be written manually, or generated using the applicable M&S tool from information embedded in the model. 

As shown in Figure 3, the development task has three main output items, consisting of 1) core model, 2) 

interface description, and 3) test cases. 

In the ECS application example, the development of the Dymola model is based on a predecessor Easy5 

model. The model development, ranging from development of components to sub-models and further on to 

assembling the top level model, was carried out by a small team applying scrum methodology
20

. The team 

members’ experience is that the scrum methodology, with its iterative approach, is well suited for this kind of 

activity, supporting a collaborative development. 

 

5. Verification 

The main purpose of this activity is to answer the question “Are we creating the model right?”. The answer 

is given by verification of compliance with the requirements stated in the Simulation Model Requirement 

Specification. The main activity is usually testing, but other kinds of analysis according to the V&V plan are 

also performed. 

 

6. Validation 

This activity should answer questions like “Are we creating the right model?” and “Is the model fit for 

purpose?”. A model cannot be fully validated in all operating points, but validated to a specified degree in a 

certain range of operation. To make the validation of multipurpose simulation models feasible, an efficient 

method is to perform as much of the validation effort as possible in the environment best suited for this activity. 

Validation is typically related to comparing simulation results with measurement data, and preferably also 

uncertainty management, e.g. by means of sensitivity analysis. 

For models representing physical systems, these activities are normally easiest to perform as close to the 

core model as possible, i.e. in the M&S tool. To ensure that the results from the validation performed in the 

M&S tool are applicable for the generated code as well as in all other integration layers up to the simulator top 

level, a viable approach has proven to be the use of common test cases. Preferably, such common test cases 

should be implemented in test scripts for reuse in applicable integration layers, as illustrated in Figure 4. 
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Test Case

Core Model
(M&S tool)

Model Wrapper

Generated
Model Code

Adapter

Model Wrapper

Generated
Model Code
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Not Acceptable

Connector

Adapter

Model Wrapper

Generated
Model Code

Not Acceptable

Not Acceptable
 

Figure 4: Common test cases reused in several integration layers. 

 

This approach is utilized in the ECS application example, for which most of the validation against 

measurement data has been carried out in Dymola, with additional pre- and post-processing support in 

MATLAB. The validation effort carried out in Dymola is followed by the execution of common test cases at 

applicable integration layers. Ideally, the test cases should be specified in test scripts, directly reusable in the 

applicable integration layers. However, there may be practicalities complicating direct reusability, e.g. the fact 

that the different integration layers are implemented in different languages, or that signal names or data types 

may have been changed between the different integration layers. 

 

7. Export & Integration 

In this activity, applicable guidelines should be followed to export the model to the model store, for later 

integration in applicable simulator environments. See the section Implementation of Software Product Line for a 

description of the model store structure. As shown in Figure 3, the export and integration task has two main 

output items consisting of 1) model code and 2) integration layers. 

In the ECS application example the Model Code consists of C-code, generated directly out of the M&S tool. 

The other integration layers, i.e. Model Wrapper, Adapter, and Connector, are manually written in C and Ada 

respectively. 

Ideally, all functionality shall be placed in the core model developed in the M&S tool, i.e. the additional 

integration layers should only concern signal interface, with possible changes in signal names, data types, and, if 

necessary, unit transformations. If functionality is spread out over the different integration layers, this implies an 

increased risk of functional errors. It may also make it difficult to obtain an overview of the model functionality 

and it also complicates model updates. 

 

8. Status Declaration 

The purpose of the status declaration is to describe the current status of the simulation model and its related 

documentation. It refers to applicable documentation of the model and states e.g. model version, general 

information, model purpose, known limitations, and conclusions from performed V&V activities. The purpose 

of the status declaration is also to ensure that model export and integration in applicable simulators in itself do 

not affect the conclusions of the V&V. As discussed above, the general rule is that all functionality shall be 

placed in the core model. If there are exceptions, these shall be documented in the Status Declaration. 
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9. Recommended Documentation 

The need for documentation may differ depending on the type of model and its intended use. The 

documentation suggested in the presented workflow is listed below. The minimum documentation, regarded as 

mandatory, is denoted “(m)”. 

 Simulation Model Requirement Specification (m) 

 Simulation Model V&V/Test Plan 

 Simulation Model Description 

 Simulation Model V&V/Test Report 

 Simulation Model Status Declaration (m) 

The interface description, which is mandatory, may be included in the Simulation Model Requirement 

Specification or in the Simulation Model Description. 

V. Discussion and Conclusions 

This paper describes a framework for development and validation of multipurpose simulation models. The 

presented methodology enables reuse of models in different applications. Developing a useful workflow for 

simulation model development has shown to be a challenging task. To cover all the intended types of models, in 

this case simulation models representing physical environment, physical aircraft systems or subsystems, 

avionics equipment, and electronic hardware, a generalized workflow is required. However, to be a useful 

engineering aid in simulation model development, a sufficient level of detail has to be provided. 

The presented methodology has been developed by a small interdisciplinary team, with experience from 

M&S of vehicle systems as well as simulator development. This increases the probability of defining a relevant 

methodology. Special care has been taken to ensure usability of the methodology, mainly by means of 1) a user 

friendly format, easy to overview and update, 2) keeping the amount of text down, and 3) providing relevant 

examples, templates and checklists. 

Preliminary results show that the presented workflow is a usable tool in multipurpose simulation model 

development and validation. Nonetheless, the real challenge is not to develop and maintain a description of a 

methodology, but to get people to know about it, to train engineers using it and to apply it in their daily work. 

 

The following list contains experiences and technical recommendations gained during development of the 

methodology: 

 It is difficult to predict all future uses of a simulation model. A model may be developed with a 

specified intended use but at a later stage when the model is in operation, new areas of use may be 

discovered. It is nonetheless important to obtain as complete a picture of the intended use as possible 

prior to model development. This certainly applies to multipurpose simulation models to be integrated 

in several applications, since requirements from different stakeholders may be conflicting and some 

conflicts may need to be resolved at an early design stage. 

 The amount of useful and value-adding documentation depends on the application, but a strong 

recommendation is to always provide a status declaration for each model in the model store.  

 Ideally, all model functionality shall be placed in the core model, i.e. the additional integration layers 

should only concern signal interface, with possible changes in signal names, data types, and, if 

necessary, unit transformations. If functionality is spread out in the different integration layers, it 

implies an increased risk of functional errors. It may also make it difficult to obtain an overview of the 

model functionality, which complicates model updates and increases the long-term maintenance costs. 

 Validating a simulation model often demands a substantial amount of work. A model cannot be fully 

validated in all operating points, but validated to a specified degree in a certain range of operation. To 

make the validation of multipurpose simulation models feasible, an efficient method is to perform as 

much of the validation effort as possible in the environment best suited for this activity, and to use 

common test cases to ensure the consistency of applicable integration layers. 

 

Finally, providing engineers with descriptions of a logical workflow supported by templates and checklists 

gives them a framework to act within and a feeling of better control of the model management activities. It was 

found that with the described methodology in place engineers were more willing to take full responsibility of 

new models, but also of “legacy” models when those are updated and reengineered.  
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This paper proposes a pragmatic approach enabling early model validation activities 

with a limited availability of system level measurement data. The method utilizes 

information obtained from the common practice of component validation to assess 

uncertainties on model top level. Focusing on industrial applicability, the method makes 

use of information normally available to engineers developing simulation models of 

existing or not yet existing systems. This is in contrast to the traditional sensitivity 

analysis requiring the user to quantify component parameter uncertainties – a task 

which, according to the authors’ experience, may be far from intuitive. As the proposed 

method enables uncertainties to be defined for a component’s outputs (characteristics) 

rather than its inputs (parameters), it is hereby termed output uncertainty. The method is 

primarily intended for use in large-scale mathematical 1-D dynamic simulation models 

of physical systems with or without control software, typically described by Ordinary 

Differential Equations (ODE) or Differential Algebraic Equations (DAE). 

It is shown that the method may result in a significant reduction in the number of 

uncertain parameters that require consideration in a simulation model. The uncertainty 

quantification of these parameters also becomes more intuitive. Since this implies a 

substantial improvement in the conditions of conducting sensitivity analysis or 

optimization on large-scale simulation models, the method facilitates early model 

validation. In contrast to sensitivity analysis with respect to a model’s original 

component parameters, which only covers one aspect of model uncertainty, the output 

uncertainty method enables assessment also of other kinds of uncertainties, such as 

uncertainties in underlying equations or uncertainties due to model simplifications. To 

increase the relevance of the method, a simulation model of a radar liquid cooling system 

is used as an industrial application example. 

I. Introduction 

ODELING and simulation (M&S) has been used in the aerospace industry for many years and there is an 

ongoing trend to further increase the portion of M&S. This is highly visible in the CRESCENDO
1
 project, 

in which methodologies and tools enabling collaborative design, Virtual Testing (VT) and Virtual Certification 

(VC) are developed. One fundamental purpose of the increased usage of M&S is to reduce the amount of 

physical prototyping and physical testing – activities which normally demand a significant amount of resources. 

Related to this is the aim to further enhance the ability to take early model-based design decisions, as well as 

enhancing the ability to use M&S as a support in certification of aircraft systems. A necessary condition to 

achieve this is to be able to answer questions such as To what extent can we trust the model? or How well does 

the model represent the real system? or Does the model cover the intended use? 

The above questions deal with model validation and, in the broader scope, M&S credibility. Depending on 

the model complexity and the intended use, performing a relevant assessment of a model’s credibility might be a 

challenging task. Substantial research has been done in this field, proposing different methods for making 

assessments of model credibility. Three examples are the Credibility Assessment Scale (CAS) proposed in the 

NASA Standard for Models and Simulations
2
, the Predictive Capability Maturity Model (PCMM) proposed by 
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Sandia National Laboratories
3
, and the Validation Process Maturity Model (VPMM) proposed by Harmon & 

Youngblood
4
. A brief summary of these three methods can be found in Ref. 5. 

Common aspects handled by the above mentioned credibility assessment methods are verification and 

validation (V&V) of simulation models. Traditionally, V&V of simulation models is sometimes seen as 

activities carried out at the end of the modeling process – especially the validation activity which may demand a 

large amount of measurement data from the real system of interest. When using M&S to take early model-based 

design decisions – when no physical prototype of the system exists – it is still important to assess the M&S 

credibility. There is thus a need for a method enabling early model validation activities with a very limited 

availability of measurement data. This is in line with Ref. 6, which concludes that there is a need for more 

complete validation methods to handle uncertain information and the lack of information. 

This paper contributes by proposing a pragmatic approach for how to utilize uncertainty information at sub-

model level to assess uncertainties on model top level. In the field of M&S of aircraft systems, there tend to be a 

persistent lack of measurement data. The method may therefore also be applicable in the later development 

stages. The method is primarily intended for use in large-scale mathematical 1-D dynamic simulation models of 

physical systems with or without control software, typically described by Ordinary Differential Equations 

(ODE) or Differential Algebraic Equations (DAE). To increase the relevance of the method, a simulation model 

of a radar liquid cooling system is used as an industrial application example. The method described in the paper 

is applicable to both military and civil applications, and is not limited to the aircraft industry. 

The following two sections define the V&V context of this paper and introduce the reader to the problem of 

interest. This is followed by a description of the proposed method, including implementation aspects, proof of 

concept, and results. The final section provides discussions and conclusions. 

II. Theoretical Background 

A. Verification and Validation 

Several definitions of the terms verification and validation exist, some of them collected in the Generic 

Methodology for Verification and Validation (GM-VV)
7
. In this paper verification concerns building the model 

right, i.e. determining whether the model is compliant with the model specification and if it accurately 

represents the underlying mathematical model. Validation concerns building the right model, i.e. determining 

whether the model is a sufficiently accurate representation of the real system of interest from the perspective of 

the model’s intended use. This brief description of V&V terminology is in line with definitions used by NASA
2
, 

ITOP
8
, and the US Department of Defense

9
. 

As stated in the introduction, this paper is focused on early model validation. More specifically, two main 

validation techniques are considered – validation using measurement data and sensitivity analysis respectively. 

B. Validation Using Measurement Data 

A traditional way of validating simulation models is to compare model results with measurement data. The 

measurement data may be obtained from the real system of interest, from a test rig, or from lower level bench 

testing of equipment used in the system of interest. What is here called validation using measurement data is 

related to validation techniques termed historical data validation and predictive validation in Ref. 10. 

There are several measures of model quality, defined either in the time domain or in the frequency domain. 

A commonly used quality measure in the time domain is the quadratic loss function, which includes the 

prediction error        defined as 

 

             ̂      

 

where      is the true output and  ̂      is the output predicted by the model using the parameter vector  . 

Note that in practice the true output is never known and is often replaced by measurement data, with any 

necessary adjustments for estimated measurement errors and noise. The quadratic loss function, also known as 

the mean square error or variance, over a period           is then written as: 

 

     
 

 
∑  

 

   

      

 

The entity of the loss function is by definition the square of the underlying physical entity. Thus, to get a 

quality measure with a relevant physical entity it may be intuitive to use the standard deviation, which is the 

square root of the quadratic loss function. A useful quality measure related to the quadratic loss function is the 

multiple correlation coefficient Ry. This measure is often expressed as a percentage and indicates the proportion 
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of the variation in the system output y that is explained by the model. The value Ry = 100%, which in practice is 

impossible to achieve, implies that the model is perfect and describes the total variation in y. 

 

       √  
∑    

        

∑    
      

 

 

An advantage of Ry is that it enables comparison of cases with different amounts of data, and also 

comparison between different models or sub-models. A problem which decreases the usefulness is that the 

measure obtained will depend on the selected time period, i.e. whether the time period includes large variations 

in y or if the process is more or less stationary. A problem of a pedagogical nature is that Ry can be very high 

even for rather poor models. A modified version of Ry is obtained by subtracting the mean value of   from   and 

 ̂, which does not affect the numerator but does affect the denominator in the ratio above. The quality measures 

described above can be found in textbooks on statistics or M&S. An example is Ref. 11, which provides 

comprehensive material on System Identification – a field in which model validation is an essential part. 

Minimization of V or 1/Ry by tuning model parameters results in an overall model fit. However, in industrial 

problems it might be a special event in the system characteristics which is the actual design constraint. An 

example is the minimal pressure in an aircraft fuel tank during step descent. In this case, the primary goal when 

tuning model parameters may be to explicitly hit the pressure peak value observed in measurement data as well 

as the timing of the pressure peak value, rather than minimizing V or 1/Ry. One way to achieve this is to use 

multi-objective optimization with weighted objectives explicitly on peak value and timing. This may also be 

combined with a third weighted objective on for example steady state error, V, or Ry. 

The quality measures discussed above have one thing in common – they all depend on measurement data 

from the system of interest. Clearly, this is a limiting factor since testing on system level may be expensive, 

dangerous, or – as in the case of early model validation – impossible as the system of interest may not yet exist. 

C. Uncertainty Analysis and Sensitivity Analysis 

Uncertainty analysis, also known as uncertainty management, refers here to the process of identifying, 

quantifying and assessing the impact of uncertainty sources embedded along the development and usage of 

simulation models. A few examples of potential sources of uncertainty are model parameters, model input data, 

model simplifications, and the numerical method used by the solver. Several definitions aiming to distinguish 

between different types of uncertainties can be found in the literature
12, 13, 14

. A distinction is commonly made 

between aleatory uncertainty (due to statistical variations, also referred to as variability, inherent uncertainty, 

irreducible uncertainty or stochastic uncertainty) and epistemic uncertainty (due to lack of information, also 

referred to as reducible uncertainty or subjective uncertainty). See Ref. 6 for exemplification of aleatory and 

epistemic uncertainties within aircraft fluid system modeling, and the industrial application example in the 

section Scenario Description Using an Industrial Application Example. 

Sensitivity analysis, which is closely linked to uncertainty analysis, is the study of how the variation in the 

output of a model can be apportioned to different sources of variation, and how the given model depends upon 

the information fed into it
15

. Sensitivity analysis can be used to provide an overview of which inputs are of 

importance for the desired behavior of a simulation model and thereby require additional research to increase 

knowledge of model parameters’ behavior in order to reduce model output uncertainty
6
. The local sensitivity 

method is useful for simulation models that involve computationally expensive simulations and where the 

underlying equation is not accessible for manipulation. By changing one parameter at a time and rerunning the 

model, the elements of the sensitivity matrix are obtained. 

As described in Ref. 10, sensitivity analysis may be performed both quantitatively and qualitatively. If the 

uncertainties in input data are quantified by bounds or probability distribution functions the result of the 

sensitivity analysis is quantitative, i.e. information is gained of both directions and magnitudes of model output. 

In the other case, when uncertainties in input data are not quantified, the result of the sensitivity analysis is 

qualitative, i.e. information is gained only of directions of model output. 
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III. Scenario Description Using an Industrial Application Example 

A. An Industrial Application Example 

A simulation model of the radar liquid cooling system in a Saab Gripen Demonstrator Aircraft is used as an 

illustrative example. The model is developed in the Modelica
16

 based M&S tool Dymola
17

. The main 

components of the system are pump, accumulator, liquid-to-air heat exchanger, piping, and a sub system of heat 

loads including the radar antenna and related electronic equipment. The simulation model layout is shown in the 

picture below, which also includes information to distinguish between components and sub-models. In the figure 

below, a component is a model of a single piece of equipment, and a sub model includes several components. 

 

 
Figure 1: Layout of the radar liquid cooling system. 

 

From a system simulation perspective, this model may appear to be fairly simple. Yet it is a component 

based model of a physical system, including a number of components and one sub-model. This 1-D dynamic 

simulation model is used to predict pressure, mass flow, and temperature levels at different points in the system. 

The components include equations describing pressure variations due to g-loads and fluid thermal expansion, 

internal heat exchange between equipment and fluid, external heat exchange between equipment and 

surrounding equipment bays, temperature dynamics in equipment and fluid, as well as fluid dynamics due to 

transport delays in the piping arrangement. The model includes approximately 200 equations, 100 parameters, 

and 50 states. The radar liquid loop model is developed using a sub-package of a component library developed 

at Saab Aeronautics, and uses a connector interface that includes information about pressure, mass flow, and 

specific enthalpy     ̇   . 

B. Scenario Description 

Prior to initiating component modeling, activities such as specifying the intended use of the model, deriving 

model requirements, defining model layout and interfaces, and producing a V&V plan normally take place
5
. In 

the following scenario, these initial activities are assumed to be completed and we move straight on to the core 

of the model development. Briefly described, a typical approach in component based modeling is to a) model 

each component or if possible select suitable components from a component library, b) perform V&V activities 

on component level, which is often an iterative process that includes tuning of component parameters, and 

finally c) assemble sub-models and model top level. These main steps are described in somewhat greater detail 

in the following scenario, which uses the radar liquid cooling model in an attempt to describe the problem 

considered in this paper in an intuitive manner. 

a) Component modeling: The task is to develop a simulation model to support the design of a new radar 

liquid cooling system. No physical prototype or test rig of the system of interest exists, i.e. at this early 

stage in the system development there are no measurement data on system level available for model 

validation.  Nevertheless, it is the author’s experience that uncertainties regarding components and sub-

models are approximately known or can be estimated with some degree of confidence. These 

uncertainties play a vital role in the method to be introduced in the following section. As an example, 

let us assume that we have the following situation for each part of the radar liquid cooling system. 

Heat Load 

(sub-model) 

Pipe 1 
(component) 

Pipe 2 

(component) 

Accumulator 

(component) 

Pump 

(component) 

Heat 
Exchanger 
(component) 

Cooling 
air in 

Cooling 
air out 
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 Pump: Data sheets are available that describe the pump performance for a set of different fluid 

temperatures. A set of rig test data are also available for a similar pump, for two different 

types of fluids, and some different fluid temperatures. 

 Accumulator: Information on pressure levels vs. internal fluid volume is available from the 

subcontractor. 

 Heat exchanger: A specification of the heat exchanger performance is available, as well as 

basic geometry information. 

 Piping: Preliminary CAD models of the piping arrangement are available. The piping 

arrangement is simplified in the model by two pipe components. The M&S team modeling the 

system has experience in estimating uncertainties of lumped pressure losses. CFD simulations 

of vital parts of the piping arrangement may be conducted to provide data for preliminary 

validation of the pipe components. 

 Heat load: The heat load sub system consists of the radar and a number of individual 

electronic units. A specification on sub system level is available from the subcontractor, i.e. 

pressure loss vs. mass flow, and heat exchange data are available for the heat load sub system. 

 

b) Component V&V: The heat load sub-model and the different components are individually validated 

against available data described in the list above, and component parameters are tuned to get as good 

correspondence with available data as possible. The uncertainties on component level and sub-model 

level are therefore known with some degree of confidence. As an example, from the component 

validation we know that the pump component has a steady-state correspondence with measurement 

data of ±5%. Typically one would be interested not only in steady-state uncertainty but also in dynamic 

uncertainty, and in addition to this the uncertainties may vary depending on operating conditions. 

However, to simplify this reasoning, we may begin by assuming that the main interest is steady-state 

uncertainty, and that this uncertainty is constant during a simulation. 

 

c) Model assembling: A simulation model of the radar liquid cooling system is assembled using the above 

validated components and sub-models, according to Figure 1: Layout of the radar liquid cooling 

system. 

 

In the scenario described above, there is indeed information available about the uncertainties of all individual 

components and sub-models, but now to the fundamental question: What is the uncertainty on model level? For 

example, what is the uncertainty in the pressure at the heat load input port? Reasonably, it should be possible to 

utilize our knowledge of the uncertainties on component level and sub-model level to estimate the uncertainties 

on model top level. 

Lacking system level measurement data, a common approach is to perform a sensitivity analysis. As 

described above, this can be carried out by varying component parameters and performing a simulation for each 

parameter change to find out how different parameters affect the model output. However, in the scenario 

described above we have knowledge of the uncertainties of the component characteristics (output), but we do 

not know the uncertainties in the component parameters (input). Due to the lack of information about parameter 

uncertainty, it is the author’s experience that quantifying uncertainties in component parameters is often a 

difficult task. Selecting which component parameters to vary and defining how much they should be varied may 

be far from intuitive. As an example – what is a suitable range of the roughness coefficient in component “Pipe 

1”, or what does the probability distribution function look like? It is therefore not always feasible to quantify 

parameter uncertainties in models with many parameters. In addition to this, sensitivity analysis applied on 

models including many parameters demands a great many simulations, especially in the case of global 

sensitivity analysis. 

One approach to mitigate the computational heaviness of the sensitivity analysis is to use simplified models, 

also known as meta-models, or surrogate models, e.g. response surfaces of varying order
18

. By definition there is 

a discrepancy between the surrogate model and the original model of interest. Thus, for this approach there are 

additional V&V tasks to be performed. If a sensitivity analysis is carried out on the surrogate model, then 

knowledge is gained of how the parameters affect the surrogate model output and not the output of the original 

model. 

From an uncertainty analysis point of view there is another drawback if the only thing that is varied in the 

sensitivity analysis is a models’ original component parameters – the uncertainties in a model’s original 

component parameters only cover one aspect of the total model uncertainty. There is a need for a component 

uncertainty description, enabling assessment of other kinds of uncertainties, such as uncertainties of underlying 

equations or uncertainties due to model simplifications. The table below provides an overview of the above 

reasoning and aims to show the typical qualitative relationship between the two alternative methods discussed 
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above, as well as the intended characteristics of the output uncertainty method in combination with sensitivity 

analysis, which is proposed in the next section. The context of the table is large-scale simulation models 

including many parameters. 

 

  
No. of 

parameters of 

interest 

Availability of 

information on 

parameter 

uncertainty 

Computational 

effort required 

Possible coverage 

of total model 

uncertainty 

A 

Original model + 

original parameters + 

sensitivity analysis 

High Low High Partial 

B 

Surrogate model + 

original parameters + 

sensitivity analysis 

Case dependent Low Low Partial 

C 

Original model + 

output uncertainty + 

sensitivity analysis 

Low High Case dependent Improved 

Table 1: Assessment of qualitative characteristics of three alternative methods. 

 

The column for computational effort shows the assessed total computational effort required for each 

alternative A-C, i.e. it represents both the computational effort required for one simulation run as well as the 

required number of simulation runs. Alternative C is expected to have a lower number of parameters of interest 

than alternative A and thus requires fewer simulation runs for the sensitivity analysis. However, the 

computational effort required for each simulation run may be greater for alternative C compared to A. 

The figure below illustrates the three alternatives discussed above. The application of sensitivity analysis is 

depicted by a gray dashed box around the applicable model and transformations or model adjustments are 

illustrated by an arrow. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

Figure 2: Sensitivity analysis applied on A) Original model, B) Surrogate model, and C) Original 

model with added output uncertainty description. 
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IV. Output Uncertainty – Pragmatic Utilization of Uncertainty Information 

To answer the question “What is the uncertainty on model level?”, given the constraints regarding large scale 

physical models as well as the lack of system level measurement data, a set of potential solution proposals are 

conceivable. This section proposes an approach based on the original model components extended with an 

uncertainty description utilizing available information on component output uncertainty. As the model 

components may be legacy code or originate from a COTS component library, it is an advantage to keep them 

unmodified. The idea is to develop a new uncertain component by including an original component and adding 

an uncertainty description component. Apart from needing to consider the power port concept commonly used 

in physical modeling, this approach is similar to the fault injection block used in signal flow models
19

. At Saab 

Aeronautics, this kind of fault injection feature has proven to be useful for simulation of different kind of faults 

in mid-scale and large-scale simulators, for example sensor failure of different types. 

Two types of uncertainty descriptions have been considered – absolute and relative. The absolute uncertainty 

component introduces two parameters; pressure uncertainty pUC [Pa] and temperature uncertainty TUC [K]. The 

relative uncertainty component uses similar parameters, but relative to the pressure difference and temperature 

difference of the original component; relative pressure uncertainty pRUC [-] and relative temperature uncertainty 

TRUC [-]. As this approach enables uncertainties to be defined for a component’s outputs rather than its inputs, 

this method is hereby termed output uncertainty. 

A. Implementation 

A basic principle of the power port concept in the component library used in the radar liquid cooling model 

is that flow components (such as pipes, heat exchangers, or pumps) take pressure (p) as input and calculate mass 

flow ( ̇), while volume components (such as nodes, accumulators or volumes) take mass flow as input and 

calculate pressure. Information of specific enthalpy (h) is sent in both ways, and is handled appropriately in the 

two different types of components depending on mass flow direction (an alternative is to use the Modelica 

stream concept). To enable accounting for static head and pressure variations due to g-loads, information on 

component port coordinates in {x, y, z} is defined in the volume components. To enable uncertainty to be 

introduced in pressure and temperature, the structure of the uncertainty components is a mix of a flow 

component and a volume component. Port A uses a volume type connector, whereas port B uses a flow type 

connector. 

 

 

Figure 3: Uncertainty component, with port name convention. 

 

The principal equations of the absolute uncertainty component are given below. Port designation is indicated 

by subscript. The mass flow is positive in direction port A to port B. 

 

            ̇     

  {
                        ̇   

                        ̇   
 

           

 

The functions named   are media property functions. The principal equations of the relative uncertainty 

component are the same, but with the following modification of     and    . Subscript component indicates 

difference over the original component. 

 

        |           | 

        |           | 

 

The introduced uncertainty parameters enable component characteristics to be varied in a simple manner. 

The figure below shows an example of the pressure drop characteristics of a pipe component, with absolute and 

relative uncertainty respectively. 
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Figure 4: Absolute uncertainty versus relative uncertainty. 

 

Based on existing components, a new component library with uncertainty descriptions is created. As an 

example, a new component UncertainPipe is created by including an original pipe component and a relative 

uncertainty component, and propagating all parameters to component top level. From a user point of view, the 

UncertainPipe looks like the original pipe component with the two additional parameters pRUC and TRUC. Note 

that this is done for all flow type components in the model (pump, HEX, pipe1, AESA, and pipe2). The figure 

below shows the radar liquid cooling model updated with the appropriate uncertain components, as well as how 

the uncertainty description components are connected with the original components. 

 

  
 

 

 

Figure 5: Radar liquid cooling model, updated with components including an output uncertainty 

description. The two new parameters in the parameter dialog are marked with a red ellipse. 

 

As the implementation described above is intended for a proof of concept, there are areas where 

improvements can be made. With the current implementation of absolute and relative uncertainty, the 

component characteristics are not exactly the same in both flow directions. Also, extending original components 

with an uncertainty description implies additional states and equations. With some further implementation effort 

this increase in computational heaviness can be minimized. 
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B. Proof of Concept 

As a proof of concept, the updated liquid cooling model is used to demonstrate three different approaches to 

determine the bounds of a selection of system characteristics. All three approaches utilize the output uncertainty 

method as described in the previous section. From a system perspective, the fluid pressure and temperature at 

the heat load input port are of interest and are therefore used as the selected system characteristics in the 

evaluation. The boundary conditions in the evaluation are defined by a static flight case and the radar heat load 

is modeled as a step change. 

 

1. Optimization 

The first approach is to use optimization to find the uncertainty on model level. The uncertainty parameters 

pRUC and TRUC for each component are used as design variables, and an objective function is defined to 

maximize or minimize the selected system characteristics. To clarify, based on the information obtained from 

the component level validation, the component level uncertainties (pRUC and TRUC for each component) are 

quantified in terms of upper and lower bounds. The optimization algorithm, which uses pRUC and TRUC as design 

variables, is allowed to vary the design variable within the specified bounds. This results in an upper and lower 

bound of the fluid pressure and temperature at the heat load input port. For the proof of concept, MATLAB’s 

optimization method fmincon has been used. This is a gradient-based optimization algorithm for finding the 

minimum of a constrained nonlinear multivariable function
20

. The results have been verified with the 

COMPLEX-RF method, which is based on the COMPLEX method extended with randomization and a 

forgetting factor
21

. 

 

2. Local Sensitivity Analysis 

The second approach is to use local sensitivity analysis together with the specified limits of the uncertainty 

parameters. Based on the assumption that the component uncertainties are additive, the upper and lower bounds 

of the system characteristics are calculated as 

 

          ∑        

 

   

 

 

          ∑        

 

   

 

 

 

where      is the nominal value of the system characteristic of interest,                  , and    is 

the upper limit of the uncertainty parameter in the ith simulation. This could only be expected to hold for 

symmetric uncertainty parameters in combination with fairly linear problems, i.e. the system characteristics are 

linear or almost linear in   . 

 

3. Optimization with Automatic Reduction of Design Variables 

The third approach is a combination of using an initial local sensitivity analysis followed by optimization. 

To clarify, find the most significant parameters using sensitivity analysis and use these parameters as design 

variables in an optimization to find the uncertainty on model level (as described in the section above). The 

sensitivity analysis provides       , calculated as above, which is a measure of the significance of each 

parameter   . The information on parameter significance is sorted and all parameters for which the sum 

  ∑         
 
   , starting from the least significant parameter, is less than a specified threshold, are considered 

insignificant and are thus removed from the set of design variables, i.e. the group of least significant parameters, 

which together fit within the specified threshold, is removed. The reason for not simply comparing each 

parameter individually with the threshold is that “many a little makes a mickle”. For the proof of concept, the 

threshold is set to 1% of the nominal value     . To compensate for the inaccuracy introduced due to the 

reduction of design variables, the value of the sum S is added to the result of the optimization. 

C. Results 

 The nominal (or “original”) liquid cooling model has approximately 100 parameters, but only a subset of 22 

parameters are considered to be uncertain and thereby of interest for the study. These are component parameters 

affecting pressure and temperature levels, such as pressure loss coefficients, pipe roughness coefficients, and 

heat transfer coefficients. Many of the parameters outside the scope of the uncertainty analysis are geometry 

parameters that are regarded as known. Using the output uncertainty method, the number of parameters that 

require consideration is reduced from 22 to 10. This number originates from the fact that the model includes five 
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flow type components (pump, HEX, pipe1, AESA, and pipe2), with two additional parameters each (pRUC, TRUC). 

To clarify, all original parameters are kept with nominal values, but the model has been extended with 10 new 

parameters. These 10 parameters are regarded as uncertain and are assigned upper and lower bounds based on 

information available from the component level validation. 
With the automatic reduction technique the number is further reduced from 10 to 4. Results from the three 

approaches using the output uncertainty method are shown in the table below together with nominal values from 

the reference model. The variable names pmax and Tmax denote maximum pressure and temperature respectively 

at heat load input port. 

 

 Reference Model 

Output Uncertainty 

Optimization 

Local Sensitivity 

Analysis 
 

Optimization with 

Automatic 

Reduction of 

Design Variables 

No. of parameters of 

interest 
22 10 10 4 

pmax, no. of function 

evaluations 
N/A 22 11 21 (16

*
) 

pmax [kPa(a)] Nominal: 661.5 707.7 707.3 707.8 

Tmax, no. of function 

evaluations 
N/A 33 11 27 (19

*
) 

Tmax [ºC] Nominal: 18.1 25.7 25.3 25.7 

Table 2: Results for the three alternative approaches, optimization using fmincon. 

 

The only constraints in the optimization problem are the limits of the design variables and, as expected for 

this type of problem, the optimization algorithm finds the optimum at the upper or lower limits of the design 

variables. The results of the optimization using fmincon to find pmax are verified with the COMPLEX-RF 

algorithm. Using 10 design variables the COMPLEX-RF does not converge within 1000 function evaluations, 

which is the specified maximum. This should be compared to 22 function evaluations with fmincon. The final 

value is 707.3 kPa(a), which is close to the optimum found by fmincon, is found at or in the very narrow region 

of the upper or lower limits of the design variables. When using automatic reduction of design variables, which 

implies 4 design variables, COMPLEX-RF needs 224 function evaluations to converge. This should be 

compared to 21 function evaluations with fmincon. A convergence plot comparing the two optimization 

algorithms is shown below. Note that fmincon uses the initial function evaluations to calculate the derivatives, 

which gives only small variations in pmax, and then uses these derivatives to vary all design variable parameters 

simultaneously, which gives a large variation in pmax. 

 
Figure 6: Convergence plot for fmincon (red) and COMPLEX-RF (blue). 
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For this simplified case of static boundary conditions the system characteristics pmax and Tmax vary 

monotonically, and almost linearly, with the uncertainty parameters of the components. As expected for this 

kind of problem, it is also noted that the uncertainty contributions are additive. The local sensitivity approach 

thus presents rather accurate results. 

As indicated with * in the table, with some further implementation effort the number of function evaluations 

for the case of automatic reduction of design variables can be reduced to 16 and 19 for pmax and Tmax 

respectively. This is due to the initial calculation of derivatives carried out by fmincon, which is already done by 

the automatic reduction of design variables. There are thus some unnecessary calculations which can be 

removed in fmincon. The figure below shows the simulation results for the nominal pmax with upper and lower 

bounds obtained from two optimization runs. 

 
Figure 7: pmax with upper and lower bounds obtained from the optimization. 

 

For the optimizations producing the results shown in the above figure, the objective functions are defined to 

locate the maximum and minimum pressure respectively for the simulated time period, given the boundary 

conditions on flight case and with the initial transients removed. 

V. Discussion and Conclusions 

This paper proposes a pragmatic approach enabling early model validation activities with limited availability 

of system level measurement data. The method utilizes information obtained from the common practice of 

component validation to assess uncertainties on model top level. Focusing on industrial applicability, the 

method makes use of information normally available to engineers developing simulation models of existing or 

not yet existing systems. As this approach enables uncertainties to be defined for a component’s outputs 

(characteristics) rather than its inputs (parameters), this method is here termed output uncertainty. The method is 

primarily intended for use in large-scale mathematical 1-D dynamic simulation models of physical systems with 

or without control software, typically described by Ordinary Differential Equations (ODE) or Differential 

Algebraic Equations (DAE). 

In the Results section, it is shown that – compared to sensitivity analysis with respect to a model’s original 

component parameters – the method may result in a significant reduction of the number of uncertain parameters 

that require consideration in a simulation model. For the industrial application example used, the number of 

uncertain parameters that require consideration is reduced by more than 50%. This is a substantial improvement 

in the conditions for conducting a sensitivity analysis or optimization on large scale simulation models. If the 

method is combined with the technique described in the previous section Optimization with Automatic 

Reduction of Design Variables, the number of uncertain parameters that require consideration is reduced with 

more than 80% in the industrial application example. 

It is also shown that the output uncertainty method can be combined with optimization techniques to predict 

minimum and maximum values of system characteristics. However, you tend to get what you ask for and, as 

always, objective functions should be defined with caution. The proof of concept is performed on a fairly linear 

problem, but it is the authors’ conviction that the method is also useful for more complex problems. 

As the implementation keeps the original model components unmodified, the output uncertainty method 

supports components originating from legacy code or from COTS libraries – a situation which, according to the 

authors’ experience, is common in industry. 
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Finally, from an uncertainty analysis point of view it is a disadvantage if the only thing that is varied in the 

sensitivity analysis is a model’s original component parameters – the uncertainties in a model’s original 

component parameters only cover one aspect of the total model uncertainty. In contrast to this, the proposed 

output uncertainty method enables assessment also of other kinds of uncertainties, such as uncertainties of 

underlying equations, uncertainties due to model simplifications, or uncertainties in model boundary conditions. 
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ABSTRACT 
To support early model validation, this paper describes a 

method utilizing information obtained from the common 

practice component level validation to assess uncertainties on 

model top level. Initiated in previous research, a generic output 

uncertainty description component, intended for power-port 

based simulation models of physical systems, has been 

implemented in Modelica. A set of model components has been 

extended with the generic output uncertainty description, and 

the concept of using component level output uncertainty to 

assess model top level uncertainty has been applied on a 

simulation model of a radar liquid cooling system. The focus of 

this paper is on investigating the applicability of combining the 

output uncertainty method with probabilistic techniques, not 

only to provide upper and lower bounds on model uncertainties 

but also to accompany the uncertainties with estimated 

probabilities. 

 It is shown that the method may result in a significant 

improvement in the conditions for conducting an assessment of 

model uncertainties. The primary use of the method, in 

combination with either deterministic or probabilistic 

techniques, is in the early development phases when system 

level measurement data are scarce. The method may also be 

used to point out which model components contribute most to 

the uncertainty on model top level. Such information can be 

used to concentrate physical testing activities to areas where it 

is needed most. In this context, the method supports the concept 

of Virtual Testing. 

INTRODUCTION 
Simulation models of physical systems, with or without control 

software, are widely used in the aeronautic industry, with 

applications ranging from system development to verification 

and end-user training. In the effort to reduce the cost of 

physical testing related to the certification process, the 

aeronautic industry strives to expand the usage of modeling and 

simulation (M&S) further by introducing the concept of Virtual 

Testing (VT). While no compact and broadly agreed definition 

of VT has been found, the term VT in this paper refers to the 

structured use of M&S to critically evaluate a product’s design 

against specified requirements. In the case of certification, the 

requirements are set by certification authorities, typically the 

Federal Aviation Administration in the US or the European 

Aviation Safety Agency in Europe [1,2] . When VT is used as 

an Acceptable Means of Compliance in certification, this may 

be termed Virtual Certification (VC). There is an intuitive 

analogy between physical testing and VT in terms of the test 

article and the actual test execution – the test article in physical 

testing corresponds to a validated simulation model in VT, and 

the physical test execution corresponds to the simulation in VT. 

In both cases, it is equally important that test procedures and 

test setups are well defined. 

 At the time of writing, EU funded VT related research 

projects are on-going in all major transportation sectors – from 

the aeronautic sector to the automotive, railway, and maritime 

sectors. One example from the aeronautic sector is the 

CRESCENDO project, in which methodologies and tools 
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intended to enable collaborative design, VT, and VC are being 

developed [3]. It should be emphasized that the CRESCENDO 

VT and VC approaches are intended to support the current 

certification process, and that VT will not replace physical 

testing. Instead, VT is intended to be the means to better plan 

physical testing, to reduce the number of physical tests, and to 

reduce risk associated with physical testing. 

 The importance of Verification and Validation (V&V) of 

simulation models is well known and the V&V research field 

has a long history, see for example Naylor and Finger [4] who 

propose a method named multi-stage verification, and Sargent 

[5] who provides an overview of the subject and describes a set 

of validation techniques. In today’s developments of VT 

towards VC, the challenging task of assessing a model’s 

validity is nonetheless of greater importance than ever. In a 

broader perspective, model validation is only one factor in the 

assessment of the credibility of a M&S activity. For examples 

of credibility assessment methods, see the Credibility 

Assessment Scale proposed in the NASA Standard for Models 

and Simulations [6], the Predictive Capability Maturity Model 

proposed by Sandia National Laboratories [7], and the 

Validation Process Maturity Model proposed by Harmon and 

Youngblood [8]. A brief summary of these three methods is 

provided by Carlsson et al. [9]. 

 With the above credibility scope in mind, this paper zooms 

into model validation, and more specifically into early model 

validation, which here refers to assessment of a model’s 

validity in lack of system level measurement data. A main 

research question is: Is there an industrial applicable way to 

use information on component level uncertainty to draw 

conclusions on model top level uncertainty? As an answer, this 

paper proposes a pragmatic approach to how to utilize 

uncertainty information obtained from the common practice of 

component validation to assess uncertainties on model top 

level. Previous research has shown that the method may result 

in a significant reduction of the number of uncertain parameters 

that require consideration in a simulation model, and the 

method has been tested in combination with a set of 

deterministic techniques [10]. When the number of uncertain 

parameters to take into account has been successfully reduced, 

probabilistic techniques may be considered even for 

computationally expensive models. The method is primarily 

intended for large scale mathematical 1-D dynamic simulation 

models of physical systems with or without control software, 

typically described by Ordinary Differential Equations (ODE) 

or Differential Algebraic Equations (DAE).  

The following section introduces the reader to early model 

validation and provides the context of the proposed method. 

The proposed method is then combined with probabilistic 

techniques and applied in an uncertainty analysis of a 

simulation model of a radar liquid cooling system. The final 

section contains conclusions and recommendations to consider 

when applying the proposed method in uncertainty analysis of 

simulation models. 

EARLY MODEL VALIDATION 
Several definitions of the terms verification and validation 

exist, some of them collected in the Generic Methodology for 

Verification and Validation (GM-VV) [11]. As formulated by 

Balci [12], verification concerns building the model right, i.e. 

determining whether the model is compliant with the model 

specification and if it accurately represents the underlying 

mathematical model. Validation concerns building the right 

model, i.e. determining whether the model is a sufficiently 

accurate representation of the real system of interest from the 

perspective of the intended use of the model. This brief 

description of V&V terminology is in line with definitions used 

by NASA [6], ITOP [13], and the US DoD [14]. 

Balci [12] lists more than 75 techniques for verification, 

validation, and testing (VV&T), divided into four groups; 

informal, formal, static, and dynamic. These are further 

described in Balci [15]. Another well-established set of 

validation techniques is provided by Sargent, see Ref. [16] for 

an up-to-date version. As indicated above, Sargent’s list 

concerns validation techniques only, while Balci’s list contains 

a mix of VV&T techniques, and it is not always easy to 

determine whether a specific technique should be considered to 

be directed towards verification or validation. It is the authors’ 

understanding that informal techniques like face validation and 

reviews are generic and may concern both verification and 

validation. Informal techniques are of great importance and 

often easy to apply, but will not be further discussed in this 

paper. Formal techniques based on mathematical proof of 

correctness may also cover both verification and validation 

aspects. However, as indicated by Balci [15], formal methods 

are rarely applicable where complex simulation models are 

cencerned. Static techniques like interface analysis and 

structural analysis are believed to be directed more towards 

verification than validation. Left are the group of dynamic 

techniques which, as clarified in the sections below, are of most 

interest to this paper. 

V&V of simulation models is sometimes seen as activities 

carried out at the end of the modeling process – in particular the 

validation activity which may require a large amount of 

measurement data from the real system of interest. When using 

M&S to take early model-based design decisions – when no 

physical prototype of the system exists – it is still important to 

assess the uncertainty in the simulation results. In addition to 

this, the authors experience from M&S of aircraft vehicle 

systems is that there tend to be a persistent lack of system level 

measurement data for validation purposes, also in the later 

development stages. In practice, when modeling for example an 

aircraft subsystem, one never has access to system level 

measurement data covering all points in the flight envelope. To 

what extent may the results from the validation against 

measurement data then be interpolated/extrapolated? Since this 

question may be hard to answer, it is important to be able to 

assess model uncertainties with only limited system level 

measurement data available. Such an assessment would 

constitute an important part of early model validation. 
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With the purpose of facilitating early model validation, this 

paper proposes a method based mainly on a combination of the 

dynamic techniques denoted by Balci as sub-model/module 

testing, bottom-up testing, and predictive validation. As 

described in the following sections, the proposed method may 

be combined with sensitivity analysis and/or optimization 

techniques, and applied in deterministic- as well as probabilistic 

frameworks to enable simulation model uncertainty analysis. 

Uncertainty analysis in this paper refers to the process of 

identifying, quantifying, and assessing the impact of 

uncertainty sources embedded along the development and 

usage of simulation models. A few examples of potential 

sources of uncertainty are model parameters, model boundary 

conditions, model simplifications, and the numerical method 

used by the solver. According to Roy and Oberkampf [17], all 

uncertainties originate from three key sources; model inputs, 

numerical approximations, and model form uncertainty. This is 

in line with the definitions provided by Coleman and Steele 

[18]. Commonly, a distinction is made between aleatory 

uncertainty (due to statistical variations, also referred to as 

variability, inherent uncertainty, irreducible uncertainty, or 

stochastic uncertainty) and epistemic uncertainty (due to lack of 

information, also referred to as reducible uncertainty or 

subjective uncertainty). See Padulo [19] for an extensive 

literature review of uncertainty taxonomies. 

THE OUTPUT UNCERTAINTY METHOD 
To help the reader understand the proposed method, a 

simulation model of a radar liquid cooling system is used as an 

industrial application example. The method was originally 

described by Carlsson et al. [10] by the means of a scenario 

description. The following sub-sections introduce the industrial 

application example and describe the method using a short 

version of the scenario. 

Industrial Application Example 
A simulation model of the radar liquid cooling system in a Saab 

Gripen Demonstrator Aircraft is used as an illustrative example. 

The model was developed in the Modelica based M&S tool 

Dymola [20,21]. The main components in the system are pump, 

accumulator, liquid-to-air heat exchanger, piping, and a sub-

system of heat loads including the radar antenna and related 

electronic equipment. The simulation model layout is shown in 

the picture below, which also includes information to 

distinguish between components and sub-models. In the figure 

below, a component is a model of a single piece of equipment 

and a sub-model includes several components. 

 

Figure 1: LAYOUT OF THE RADAR LIQUID COOLING 
SYSTEM. 

 From a system simulation perspective, this model may 

appear fairly simple. Yet it is a component based model of a 

physical system, including a number of components and one 

sub-model. This 1-D dynamic simulation model is used to 

predict pressure, mass flow, and temperature levels at different 

points in the system. The components include equations 

describing pressure variations due to g-loads and fluid thermal 

expansion, internal heat exchange between equipment and 

fluid, external heat exchange between equipment and 

surrounding equipment bays, temperature dynamics in 

equipment and fluid, as well as fluid dynamics due to transport 

delays in the piping arrangement. The model includes 

approximately 200 equations, 100 parameters, and 50 states. 

The radar liquid loop model was developed using a sub-

package of a component library developed at Saab Aeronautics 

and uses a connector interface that includes information about 

pressure, mass flow, and specific enthalpy     ̇   . 

Motivation of Method 
Prior to initiating the development of a simulation model’s 

components and sub-models, there are normally activities such 

as specifying the intended use of the model, deriving model 

requirements, defining model layout and interfaces, and 

producing a V&V plan [9]. In the following short scenario, 

these initial activities are assumed to be completed and we 

move straight on to what one may call the core of model 

development. Briefly described, a typical approach in 

component based modeling is to a) model each component or if 

possible select suitable components from a component library, 

b) perform V&V activities on component level, which is often 

an iterative process including tuning of component parameters, 

and c) assemble sub-models up to model top level. 

Available information on component level typically used 

in steps a) and b) may for example be datasheets, rig test data 

for similar components, or component level CFD simulation 

results. Thus, after carrying out the component V&V activities 

in step b), there is indeed uncertainty information available for 

the individual components and sub-models. However, in the 

authors’ experience this uncertainty information on component 

level is not always utilized at model top level. To summarize 

the problem –  uncertainties of the components are known to 
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some degree, but what is the uncertainty on model top level? 

For example, what is the uncertainty in the pressure at the heat 

load input port in the liquid cooling model? Reasonably, it 

should be possible to utilize our knowledge of the uncertainties 

on component level and sub-model level to estimate the 

uncertainties on top level. 

 Where system level measurement data is unavailable, a 

common approach is to perform a sensitivity analysis, e.g. by 

varying component parameters and performing a simulation for 

each parameter change to determine how different parameters 

affect the model output. However, in the scenario described 

above we have knowledge of the uncertainties of the 

component characteristics (output), but we do not know the 

uncertainties in the component parameters (input). Due to lack 

of information on parameter uncertainty, quantifying 

uncertainties in component parameters is often a difficult task. 

As an example – what is a suitable range of the roughness 

coefficient in component “Pipe 1”, or what does the probability 

density function look like? Quantifying parameter uncertainties 

in models with many parameters is thus not always feasible. 

 From an uncertainty analysis point of view there is a 

drawback if the only thing that is varied in the sensitivity 

analysis is a model’s original component parameters – the 

uncertainties in a model’s original component parameters only 

cover one aspect of the total model uncertainty. In that case, 

other kinds of uncertainties, like uncertainties of underlying 

equations or uncertainties due to model simplifications, are 

ignored. 

 In addition to this, sensitivity analysis applied on models 

with many parameters requires a large number of simulations. 

One approach to mitigate the computational heaviness of the 

sensitivity analysis is to use simplified models, also known as 

meta-models or surrogate models, e.g. response surfaces of 

varying order [22]. By definition there is a discrepancy between 

the surrogate model and the original model of interest. In this 

approach additional V&V tasks therefore need to be performed. 

If a sensitivity analysis is carried out on the surrogate model, 

knowledge is gained of how the parameters affect the surrogate 

model output and not the output of the original model. 

Description of Method 
To answer the question “What is the uncertainty on model top 

level?”, given the constraints regarding large scale physical 

models as well as the lack of system level measurement data, 

this section proposes an approach based on the original model 

components extended with an uncertainty description utilizing 

available information on component output uncertainty. As the 

model components may be legacy code or originate from a 

Commercial Off The Shelf (COTS) component library, it is 

favorable to keep them unmodified. Andersson [23] describes 

how a fault injection block may be implemented in signal flow 

models. At Saab Aeronautics, this kind of fault injection feature 

has proven to be useful for simulation of different kind of faults 

in mid-scale and large-scale simulators, for example sensor 

failures of various kinds. The method proposed in this paper is 

similar to the fault injection feature for signal flow models, 

except that consideration must be given to the power port 

concept commonly used in physical modeling. 

The idea is to develop a new uncertain component by 

including an original component and adding an uncertainty 

description component. The uncertainties are introduced in the 

uncertainty description component by including equations for 

modifying one or more of the variables in the connector 

interface. The uncertainties may be expressed in absolute terms 

or relative to some characteristic of the original component. As 

this approach enables uncertainties to be defined for a 

component’s outputs rather than its inputs, the method is 

termed output uncertainty. A brief description is given below of 

how the method is implemented in the thermal-fluid component 

library used in the liquid cooling model. For  equations and 

further implementation aspects, see Ref. [10]. 

In the component library used for the liquid cooling model, 

the connector interface includes information on pressure, mass 

flow, and specific enthalpy     ̇   . In the aim to achieve an 

intuitive uncertainty description, it has been chosen to add 

uncertainties in terms of pressure and temperature (the latter 

implicitly meaning specific enthalpy). This is appropriate since 

pressure and temperature are two commonly used entities when 

measuring or specifying system characteristics. In line with the 

discussion above, two types of uncertainty descriptions have 

been implemented – absolute and relative. The absolute 

uncertainty component introduces two parameters; pressure 

uncertainty pUC [Pa] and temperature uncertainty TUC [K]. The 

relative uncertainty component uses similar parameters, but 

relative to the pressure difference and temperature difference 

over the original component; relative pressure uncertainty pRUC 

[-] and relative temperature uncertainty TRUC [-]. 

It should be noted that – as when varying for example a 

component’s pressure loss coefficient – varying a component’s 

pressure uncertainty parameter corresponds to a variation of the 

component’s pressure drop characteristics. Thus, introducing 

uncertainties in pressure implies uncertainties in mass flow. 

The figure below shows an example of the pressure drop 

characteristics of a pipe component with absolute and relative 

uncertainty respectively. 

 

Figure 2: ABSOLUTE UNCERTAINTY VERSUS RELATIVE 
UNCERTAINTY. 
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 Based on existing components, a new component library 

with uncertainty descriptions is created. As an example, a new 

component UncertainPipe is created by including an original 

pipe component and a relative uncertainty component, and 

propagating all parameters to component top level. From a user 

point of view, the UncertainPipe looks like the original pipe 

component with the two additional parameters pRUC and TRUC. 

Note that this is done for all flow type components in the model 

(pump, HEX, pipe1, AESA, and pipe2). The figure below shows 

the liquid cooling model updated with the appropriate uncertain 

components, as well as how the uncertainty description 

components are connected with the original components. 

 

Figure 3: RADAR LIQUID COOLING MODEL, UPDATED WITH COMPONENTS INCLUDING AN OUTPUT UNCERTAINTY 
DESCRIPTION. THE TWO NEW PARAMETERS IN THE PARAMETER DIALOG ARE MARKED WITH A RED ELLIPSE. 

Context of Method 
To define the context of the output uncertainty method and to 

clarify the difference compared to alternative methods, Figure 4 

is provided. The figure aims to visualize that uncertainty 

analysis of simulation models may be carried out in several 

different ways, by combining a set of techniques. The figure 

does not claim to show all possible ways of performing an 

uncertainty analysis, but is intended to show alternatives 

closely related to the proposed output uncertainty method. As 

indicated in the figure, one approach to assess simulation model 

uncertainties is to use the nominal (or “original”) model in 

combination with some deterministic or probabilistic technique. 

In the case of sensitivity analysis (SA), simply using upper and 

lower bounds on parameter values would imply a deterministic 

uncertainty analysis, while using probability density functions 

would imply a probabilistic uncertainty analysis. 

 Starting from the top of the figure and following the arrows 

down to the bottom, a set of different tool chains are obtained. 

Naturally, each tool chain has its own benefits and drawbacks 

regarding for example execution time, management effort, 

availability of uncertainty information, and results information 

content. However, assessing the benefits and drawbacks of each 

alternative tool chain is beyond the scope of this paper.
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Figure 4: ALTERNATIVE APPROACHES FOR ASSESSMENT OF SIMULATION MODEL UNCERTAINTY. 

For an example partly exploring the left part of the figure, 

see Persson and Ölvander [24] who compare sampling 

techniques using a simulation model of a dynamic pressure 

regulator as an application example. The following tool chains 

are discussed by Persson and Ölvander, see Figure 4 for 

definitions of abbreviations: 

 

 Nominal Model → Probabilistic Techniques → SA → 

MC 

 Nominal Model → Probabilistic Techniques → SA → 

DOE 

 Nominal Model → Surrogate Model → Probabilistic 

Techniques → SA → MC 

 Nominal Model → Surrogate Model → Probabilistic 

Techniques → SA → DOE 

 

To clarify, the first of the above tool chains refers to using 

the nominal model in a probabilistic analysis of model 

uncertainties by means of an initial sensitivity analysis to locate 

the most significant parameters. These parameters are then 

assigned probability density functions, and Monte Carlo 

sampling is used to find the output distributions. In the second 

of the above tool chains, the Monte Carlo sampling is replaced 

by a more efficient sampling technique, in this case Latin 

Hypercube sampling. The two last of the above tool chains are 

similar to the first two, with the exception that the nominal 

model is replaced by a surrogate model. In these two cases, the 

surrogate model is introduced with the aim of reducing 

execution time. For discussions on the right part of the figure, 

see Carlsson et al. [10] who use the radar liquid cooling model 

to study the following tool chains: 

 

 Nominal Model → Output Uncertainty → 

Deterministic Techniques → OPT 

 Nominal Model → Output Uncertainty → 

Deterministic Techniques → SA 

 Nominal Model → Output Uncertainty → 

Deterministic Techniques → SA → OPT 

 

Common to all three of the above tool chains are that the 

nominal model is extended with component output uncertainty 

descriptions. In the first of the above cases, the output 

uncertainty parameters are used as design variables, and 

optimization is used to find the minimum and maximum values 

for a set of selected system characteristics. In the second, a 

quantitative sensitivity analysis is used to find the minimum 

and maximum system characteristics. The third case is a 

combination using an initial sensitivity analysis to locate the 

most significant parameters. This reduced set of parameters is 
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then used as design variables in the optimization to find the 

minimum and maximum system characteristics. 

In the next section, the output uncertainty method is 

combined with probabilistic techniques as listed below: 

 

 Nominal Model → Output Uncertainty → 

Probabilistic Techniques → MC 

 Nominal Model → Output Uncertainty → 

Probabilistic Techniques → DOE 

 

 In both cases, the nominal model is extended with 

component output uncertainty descriptions. Available 

information from the component validation is utilized to assign 

probability density functions to the output uncertainty 

parameters, and two different sampling techniques (Monte 

Carlo and Latin Hypercube respectively) are then used to find 

the output distributions. 

PROBABILISTIC UNCERTAINTY ASSESSMENT 

Analysis Setup 
To study the applicability of the output uncertainty method in 

combination with probabilistic techniques, the model of the 

liquid cooling system is updated with component output 

uncertainty descriptions according to Figure 3. The system 

characteristics in the five node points of the model are 

considered to be of general interest. Of special interest in this 

analysis are the pressure and temperature levels at the heat load 

input port. The boundary conditions are defined by a static 

flight case and the radar heat load is modeled as a step change. 

The nominal (or “original”) liquid cooling model has 

approximately 100 parameters, but only a subset of 22 

parameters are considered uncertain and thereby of interest for 

the study. These are component parameters affecting pressure 

and temperature levels, such as pressure loss coefficients, pipe 

roughness coefficients, and heat transfer coefficients. Many of 

the parameters that are out of scope for the uncertainty analysis 

are geometry parameters considered to be known. Model inputs 

for specifying load case or “simulation scenario” are also 

treated deterministically. Examples of such model inputs are 

boundary conditions for definition of flight case (e.g. Mach 

number, altitude, g-loads, and atmosphere model) and input 

signals representing cooling air mass flow, cooling air 

temperature, and heat load power. Using the output uncertainty 

method, the number of parameters that require consideration is 

reduced from 22 to 10. This number originates from the fact 

that the model includes five flow type components (pump, 

HEX, pipe1, AESA, and pipe2), with two additional parameters 

each (pRUC, TRUC). To clarify, all original parameters are kept 

with nominal values, but the model has been extended with 10 

new parameters. These 10 parameters are considered uncertain, 

and are assigned probability density functions as described 

below. 

Component validation was performed mainly by 

comparing simulated component characteristics with 

component level rig test data and performance figures obtained 

from datasheets and specifications. Based on the information 

available from the component validation, the 10 output 

uncertainty parameters are assigned symmetric uniform 

distributions with zero mean (an output uncertainty parameter 

value of zero implies nominal component characteristics). In 

this analysis, the uncertainties are mainly due to lack of 

information and are thereby considered epistemic. An 

assessment using different solvers and varying tolerances 

indicates that the numerical error in this type of simulation is 

insignificant compared to other simulation result uncertainties. 

In this analysis, the simulation result uncertainties due to 

numerical approximations are therefore ignored. 

The analysis include a basic comparison of a brute force 

Monte Carlo sampling versus a Latin Hypercube Sampling 

(LHS). The liquid cooling model, which is compiled in 

Dymola, is called from a MATLAB-script managing 

preprocessing, sampling, and post processing. 

Results 
A basic result is that the liquid cooling model extended with 

component uncertainty descriptions simulates and, for the 

verified test cases, behaves as intended. Also, the above 

discussed probabilistic tool chain runs and provides reasonable 

results. 

 As discussed under Analysis Setup in the previous section, 

one main result of extending the nominal model with 

component output uncertainty descriptions is that the number of 

parameters that requires consideration in the uncertainty 

analysis can be reduced from 22 to 10. Moreover, the 

uncertainty quantification of this new reduced set of parameters 

comes to be more intuitive, since information obtained from the 

component V&V activities can be utilized. 

If the study had been carried out in the form of a full 

factorial experiment and each of the 10 input parameters had 

been divided into say 10 discrete numbers, this would require a 

number of 10
10

 simulations. Since each simulation run of a 

simple 500-second flight case takes about 2.1 seconds (on a 

standard PC with an Intel
®
 Core™ i5 CPU), this was not an 

option. Instead, the strategy used is to perform a “sufficiently 

high” number of Monte Carlo samples, and use the results 

obtained for comparisons. To determine what is a “sufficiently 

high” number of samples, one approach is to evaluate the 

convergence of the mean and standard deviation of the 

simulation results. The following figures show the mean of the 

maximum pressure and temperature at the heat load input port, 

for both of the sampling methods used. 
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Figure 5: MEAN VALUE COMPARISON FOR HEAT LOAD INLET PRESSURE AND TEMPERATURE RESPECTIVELY. 

An evaluation of the simulation results by studying mean 

values shows that Monte Carlo sampling requires a 

significantly higher number of samples to converge compared 

to LHS. This result applies to the system characteristics at all 

five node points throughout the model. Naturally, what is 

considered an acceptable convergence limit may differ between 

applications. For the convergence of standard deviations, a less 

clear result is obtained. 

It is also interesting to study how well the distributions 

obtained with LHS correspond to the distributions obtained 

with Monte Carlo sampling. The following figures show the 

distributions of the pressure and temperature at the heat load 

input port, for Monte Carlo sampling with 1.5·10
5
 samples and 

LHS with 250 intervals. It can be noted that the shape of the 

distributions is preserved fairly well even for this low number 

of LHS intervals. 

 

 

Figure 6: OUTPUT DISTRIBUTIONS OF HEAT LOAD INLET PRESSURE AND TEMPERATURE RESPECTIVELY. 

 Probability distributions of system characteristics, like 

those shown in the figure above, constitute useful information 

in the assessment of model top level uncertainties – in 

particular when system level measurement data are scarce. In 

early model validation, it is interesting to evaluate the range of 

the system characteristics with respect to the intended use of 

the model. If the range is deemed too large, a feasible approach 

is to use sensitivity analysis to point out which components 

contribute most to the uncertainty on model top level, and if 

possible try to decrease the uncertainty of those components. 

However, it is important not to confuse variations of system 

characteristics due to flight cases with variations due to 

component uncertainties. A sensitivity analysis using the limits 

of the 10 output uncertainty parameters shows that the pressure 

output uncertainty of the components pump, pipe1, and AESA 

are the three major contributors to the uncertainty on model top 

level. 

 The liquid cooling model is intended to be used separately, 

as a standalone model to facilitate designing and specifying the 

liquid cooling system. Obviously, when specifying for example 

the burst pressure for the radar antenna, it is important to have 

an understanding not only of the nominal pressure levels at the 

antenna inlet port but also of the uncertainties. A useful 

visualization alternative in such cases is the cumulative 

distribution, which provides the probability of a system 

characteristic being less than or equal to a specific value. 
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Figure 7: CUMULATIVE DISTRIBUTIONS OF HEAT LOAD INLET PRESSURE AND TEMPERATURE RESPECTIVELY. 

As another example of intended use, the liquid cooling 

model may be integrated in a simulator environment in which it 

is connected to other simulation models, such as the radar 

model. A simulator may include models of different fidelity, 

and different models typically have different requirements 

regarding input accuracy. Assessing uncertainties at simulator 

level is indeed a difficult task but distributions of system 

characteristics for each model integrated in the simulator would 

be a good starting point. 

DISCUSSION AND CONCLUSIONS 
This paper proposes a method of utilizing information obtained 

from the common practice of component validation to assess 

uncertainties on model top level. Focusing on industrial 

applicability, the method makes use of information normally 

available to engineers developing simulation models of existing 

or not yet existing systems. As this approach enables defining 

uncertainties for a component’s outputs (characteristics) rather 

than its inputs (parameters), this method is here termed output 

uncertainty. 

 The primary use of the output uncertainty method, in 

combination with either deterministic or probabilistic 

techniques, is in the early development phases when system 

level measurement data are scarce. One example is when 

designing a system and specifying its components. Compared 

to specification of system components based on nominal 

simulation results only, having prior knowledge of model top 

level uncertainties would decrease the risk of specification 

errors. Another benefit of the output uncertainty method, which 

is more related to Virtual Testing, is the ability to show which 

model components contribute most to the uncertainty on model 

top level. Such information may be used to better plan physical 

testing, i.e. to concentrate physical testing activities to areas 

where it is needed most. In this context, the output uncertainty 

method to some extent contributes to the aeronautic industry’s 

effort to reduce the cost of physical testing. 

 In the Results section, it is shown that – compared to an 

uncertainty analysis using a model’s original component 

parameters – the method may result in a significant reduction of 

the number of uncertain parameters that require consideration 

in a simulation model. In the industrial application example 

used, the number of uncertain parameters that require 

consideration is reduced by more than 50%. In combination 

with the more intuitive uncertainty quantification of these 

parameters, this implies a substantial improvement in the 

conditions for conducting an assessment of model uncertainties. 

The method has earlier been used in combination with 

deterministic techniques to estimate minimum and maximum 

values of selected system characteristics, see Carlsson et al. 

[10]. 

 If the number of uncertain parameters that require 

consideration can be sufficiently reduced and the simulation 

model and flight cases of interest do not imply too long 

execution time, a probabilistic uncertainty analysis may be 

feasible. On the one hand, compared to the deterministic 

uncertainty analysis, the probabilistic uncertainty analysis is 

more demanding, but on the other hand it gives more in return. 

It is more demanding in terms of both execution time and 

availability and preparation of input data. It gives more in 

return since the resulting system characteristics are expressed 

as probability distributions. This is an obvious difference 

compared to the deterministic uncertainty analysis, which does 

not provide any information on the probabilities of the resulting 

minimum and maximum values. 

For the liquid cooling model in combination with the used 

flight case, the system characteristics obtained with a low 

number of Latin Hypercube samples (250 samples) are in fairly 

good agreement with the system characteristics obtained with a 

high number of Monte Carlo samples (1.5·10
5
 samples). With 

the above benefits and drawbacks in mind, the output 

uncertainty method in combination with efficient sampling 

techniques actually makes a probabilistic uncertainty analysis 

feasible for this type of application. As always, the credibility 

of such an analysis depends on the credibility of the input data. 
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