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Abstract 
A 1-D dynamic simulation model of a new cooling system for the upcoming Gripen E aircraft has been 

developed in the Modelica-based tool Dymola in order to examine the cooling performance. These 

types of low-dimensioned simulation models, which generally are described by ordinary differential 

equations or differential-algebraic equations, are often used to describe entire fluid systems. These 

equations are easier to solve than partial differential equations, which are used in 2-D and 3-D 

simulation models. Some approximations and assumptions of the physical system have to be made 

when developing this type of 1-D dynamic simulation model. The impact from these approximations 

and assumptions can be examined with an uncertainty analysis in order to increase the 

understanding of the simulation results. Most uncertainty analysis methods are not practically 

feasible when analyzing large 1-D dynamic simulation models with many uncertainties, implying the 

importance to simplify these methods in order to make them practically feasible. This study was 

aimed at finding a method that is easy to realize with low computational expense and engineering 

workload. 

The evaluated simulation model consists of several sub-models that are linked together. These sub-

models run much faster when simulated as standalone models, compared to running the total 

simulation model as a whole. It has been found that this feature of the sub-models can be utilized in 

an interval-based uncertainty analysis where the uncertainty parameter settings that give the 

minimum and maximum simulation model response can be derived. The number of simulations 

needed of the total simulation model, in order to perform an uncertainty analysis, is thereby 

significantly reduced. 

The interval-based method has been found to be enough for most simulations since the control 

software in the simulation model controls the liquid cooling temperature to a specific reference 

value. The control system might be able to keep this reference value, even for the worst case 

uncertainty combinations, implying no need to further analyze these simulations with a more refined 

uncertainty propagation, such as a probabilistic propagation approach, where different uncertainty 

combinations are examined. 

While the interval-based uncertainty analysis method lacks probability information it can still 

increase the understanding of the simulation results. It is also computationally inexpensive and does 

not rely on an accurate and time-consuming characterization of the probability distribution of the 

uncertainties. 

Uncertainties from all sub-models in the evaluated simulation model have not been included in the 

uncertainty analysis made in this thesis. These neglected sub-model uncertainties can be included 

using the interval-based method, as a future work. Also, a method for combining the interval-based 

method with aleatory uncertainties is proposed in the end of this thesis and can be examined.  
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1 Introduction 
 

1.1 Background 
A new cooling system for the upcoming Gripen E aircraft is under development. A simulation model 

has been developed at Saab to evaluate the system. One part of the cooling system is called the 

Secondary Environmental Control System (S-ECS) and it is mainly used to cool the radar and the 

Electronic Warfare (EW) system. The cooling of these components is important to give the best 

possible performance, implying the importance of the design of the S-ECS and the predictions given 

by the simulation model. One way of solving the performance issue is simply to oversize the system 

to get enough cooling power. However, weight is an important design factor when developing 

aircraft. Naturally, the volume available for the S-ECS is also limited. Hence a low-weight cooling 

system with enough performance is desired. The use of detailed system simulation models is a 

necessity when developing this kind of highly integrated and optimized system. The method when 

designing this type of system is usually to use simulation models for analysis and to test the system in 

rigs. This thesis focuses on the simulation model part of this design. 

1.2 Problem Formulation 
The cooling delivered from the S-ECS has to be evaluated for a number of operating conditions in 

order to get an insight whether the system has enough cooling capacity to support the radar and EW 

system. The cooling performance is evaluated for both stationary and dynamic flight cases. The 

stationary case is evaluated for straight and level flight for different speeds, altitudes and climate 

conditions with the radar and the EW system set to their maximum power. This is done to get a 

prediction of the required maximum performance. The dynamic case with full flight missions (from 

take-off to landing) is evaluated by varying the speed, altitude, radar and the EW system power. This 

analysis is made for the worst-case climate scenario (high air temperature and humidity). 

In early phases of the design, like for the Gripen E, only a simulation model exists. This implies that 

the simulation model cannot be validated with data from the real system. An uncertainty analysis can 

therefore increase the understanding of the assumptions made when developing the simulation 

model of the physical system. Using simulation results where an uncertainty analysis has been 

included will help the process of making more reliable decisions when designing the system.  

The method in this master thesis is based on Roy and Oberkampf’s [1] comprehensive framework for 

uncertainty quantification (UQ). This scientifically based framework is due to its comprehensiveness 

here considered to compose a proper UQ of a simulation model. This method is unfortunately 

computationally expensive when analyzing complex simulation models with many uncertainties 

(defined in Section 2.1). Therefore simplifications and modifications of this comprehensive method 

have to be done in order to enable an UQ of such a complex simulation model [2].  
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1.2.1 System Description 

The main task for an environmental control system (ECS) is to provide conditioned air to different 

systems in the aircraft. This can be done by taking bleed air from the engine which has been 

decreased in pressure and temperature and dried prior to distribution. The upcoming Gripen E has 

both a primary environmental control system (P-ECS) and a secondary environmental control system 

(S-ECS). The main tasks of the P-ECS are to provide cooling of the avionics equipment, heat or cool 

and pressurize the cabin, pressurize the fuel and anti-g systems, and to provide conditioned air to the 

On-Board Oxygen Generating System (OBOGS). The S-ECS provides cooling air to a liquid cooling 

system that in turn cools the radar and the EW system. The liquid cooling system is here named the 

liquid loop. Figure 1.1 shows a schematic description of the S-ECS system and how it has been 

modeled. 

 

𝑇𝐻𝐸𝑋,𝑂𝑢𝑡  

Liquid loop simulation 

model 

Engine 

S-ECS simulation model 

Control system 

Engine: Table 
based model. 

P-ECS 

P-ECS: Table based version of 
the Primary Environmental 
Control System. 

Cooling air in to the liquid loop 

from the S-ECS. Inputs are 

temperature and mass flow.  

Control signal to 

the S-ECS model. 

Bleed air from 

engine to P-ECS and 

S-ECS. 

Control System: Controls the 
temperature in the liquid loop to a 
specific reference value by changing 
the cooling air mass flow and 
temperature out from the S-ECS. 

Heat-flow through the air/liquid 

heat exchanger. This air is reused 

by the S-ECS.  

S-ECS: 
Simulation 
model of 
the S-ECS. 

Liquid loop: Simulation model 
of the liquid loop that cools the 
radar and EW system. 

The temperature in the liquid loop that 

the heat loads are cooled with, in other 

words the liquid loop temperature out of 

the heat exchanger. Denoted as 𝑇𝐻𝐸𝑋,𝑂𝑢𝑡. 

𝑇𝑎𝑖𝑟,𝑖𝑛  & 𝑚 𝑎𝑖𝑟,𝑖𝑛 

𝑄 𝐻𝐸𝑋,𝑂𝑢𝑡  

𝑇𝐻𝐸𝑋,𝑂𝑢𝑡,𝑟𝑒𝑓 

Figure 1.1. Schematic description of the total S-ECS simulation model used to estimate the cooling ability of the radar and 
EW system for the upcoming Gripen E aircraft. 



3 

 

  

 

Figure 1.2. Principle layout of the liquid loop simulation model. 

The radar and the EW system generate heat when they operate, and need sufficient and controlled 

cooling to perform at their best. The liquid loop is as mentioned cooled with air from the S-ECS 

through a heat exchanger. The cooling air (output) of the S-ECS is regulated with respect to the 

temperature of the liquid that comes out of the heat exchanger. This temperature can be regarded 

as the temperature of the liquid in to the heat loads since these liquid temperatures are 

approximately the same, see Figure 1.2. The radar and the EW system will from here on be referred 

to as the heat loads. 

1.2.2 Modeling Tool 

The total system in Figure 1.1 has been modeled in the Modelica based program Dymola [18,19]. 

Modelica is a modeling language that supports power-port modeling where bidirectional information 

flow can be taken into account, which makes the component-based modeling [2] easier. The models 

are defined with equations and the code is compiled into a program that solves the system of 

equations [14]. This is in contrast to signal-flow modeling, such as Simulink [20] where the causality 

has to be defined. 

1.2.3 Simulation Environment 

The code for the uncertainty analysis has been written in MATLAB to make it possible to set 

parameters, to run multiple simulations in batches and to post-process the results, see Figure 1.3 for 

a schematic description of the working environment.  

 

 

  

Figure 1.3. Description of the simulation environment. 

MATLAB 

 

 

 

Dymola 

 

Sensitivity analysis Uncertainty analysis 

Simulation settings Post-processing of 

result 

Simulation model 

Cooling 

air out 

Pump 
Cooling 

air in 

Piping 

Piping 

Accumulator 

Heat 

exchanger 

Heat 

loads  

 

 

 



4 

 

  

1.3 Purpose and Goal 
The purpose of this master thesis is to examine how one can make an UQ of the S-ECS simulation 

model with [1] as a base. This large and complex 1-D dynamic simulation model has many 

uncertainties (defined in Section 2.1) and simplifications of the UQ method described in [1] are 

therefore required in order to make an UQ feasible. The method should be easy to implement and 

not require too many resources, in terms of computational cost and engineering workload. 

Necessary simplifications should be made in order to reduce the time for the UQ, mainly based on 

methods discussed in [2]. 

The goal is to propose a method that could be used to evaluate the S-ECS for Gripen E and future 

aircraft. This could eventually reduce the need for test rigs, and therefore reduce the development 

time and costs. 

1.4 Related Work 
Much research has been done in the field of UQ. Roy and Oberkampf [1] describe a comprehensive 

framework for the process of UQ and how to propagate the uncertainties through simulation 

models. Carlsson [2] discusses methodological steps that can make the method in [1] more feasible 

for this type of simulation models, such as a reduction of the number of uncertain parameters and a 

simplification the uncertainty characterization. One way to reduce the number of uncertain 

parameters is to use a sensitivity analysis (SA), as discussed in [2]. Research about how to approach a 

sensitivity analysis for the system in this study can be found in Steinkellner [12] where a local 

sensitivity analysis has been suggested as a suitable approach. More research about sensitivity 

analysis can be found in Saltelli [11], who describes both local and global sensitivity analysis.  

A popular choice when analyzing complex simulation models is to create some sort of surrogate of 

the simulation model in order to reduce the computational cost when propagating the uncertainties 

through the model. It has been found that most articles treating UQ analyze complex static models 

with relatively few uncertainties, often by creating surrogate models. This is in contrast to the 

simulation model in Figure 1.1, which can be considered as a computationally expensive simulation 

model with many uncertainties. 

1.5 Limitations 
Only uncertainties in the liquid loop simulation sub-model have been considered when analyzing the 

total simulation model (Figure 1.1). This was done to reduce the workload and thereby the time 

needed to develop a suitable UQ method. Adding more uncertainties from other parts of the system 

is discussed in Section 4.2. 

1.6 Outline of the Report 
The theoretical framework used for uncertainty quantification is given in Chapter 2. The simulation 

model is studied in Chapter 3 in order to get the conditions for the UQ to be done, in terms of 

computational cost of the simulation model and the number and types of simulation model 

uncertainties. The assumed uncertainties are also examined with known measurement data. 

Different methods are examined in Chapter 4, and finally a proposed method is outlined based on 

these studies. The result for the UQ of the S-ECS simulation model is presented in Chapter 5. 

Conclusions of the results are given in Chapter 6 and then followed by a discussion and suggestions 

for future work in Chapter 7.  
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2 

2 Framework for UQ 
 

The UQ theory, which this work has been based on, is described in this chapter. The framework given 

by Roy and Oberkampf [1] is presented as well as some common techniques to reduce the 

computational cost.  

2.1 A Framework for Uncertainty Quantification 
Roy and Oberkampf [1] describe a comprehensive framework where uncertainties are extensively 

propagated through a simulation model in order to get a detailed uncertainty response. This 

framework is generally considered to give an accurate UQ and consists of several different steps, 

which have been stated below. 

1) Identify all sources of uncertainties. 

2) Characterize the uncertainties. 

3) Estimate the uncertainty due to numerical approximations. 

4) Propagate input uncertainties through the simulation model. 

5) Estimate the model form uncertainty. 

6) Estimate the total system uncertainty. 

The uncertainties can be divided into three categories in order to simplify and structure the 

identification process [1]. These are input uncertainties, numerical approximations and model form 

uncertainties. The input uncertainties can stem from both model parameters as well as the 

surroundings. Uncertainties in this category include uncertainties due to initial conditions, boundary 

conditions, geometry parameters, physical parameters and system excitation. The other two 

categories are explained later in this section.  

In the first step, all uncertainties of a simulation model should be considered unless there is strong 

evidence that their uncertainty does not affect the system response [1]. In order to establish 

whether to treat the identified aspects as uncertain or not, one could perform an SA to examine how 

the sources affect the system responses of interest. An aspect can be treated as deterministic 

(exact), and thereby neglected in the UQ, if the sensitivity due to the uncertainty source can be 

considered as negligible.  

In the second step, uncertainties are generally [1,2,7,10,12] categorized into two different types, 

either epistemic or aleatory uncertainties. Epistemic uncertainties are characterized with an interval, 

a minimum and maximum value, with no probability assigned to possible values. Epistemic 

uncertainties can be said to derive from lack of knowledge of the uncertainty. Aleatory uncertainties 

are stochastic uncertainties that generally are characterized with a probability density function (PDF). 

Uncertainties characterized as aleatory therefore contain more information than epistemic ones. 
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The third step includes identification of discretization errors, convergence errors and round-off 

errors. These uncertainties can for this type of simulation model be examined by observing 

deviations in the model response when varying the tolerances and solvers [2]. Numerical 

approximations can be treated as epistemic and be added to the system response uncertainty [1]. 

When the identification and characterization has been done, the input uncertainties can be 

propagated through the simulation model with a sampling technique, as suggested in [1]. The idea 

with the sampling is to repeatedly take a somewhat random set of uncertainties and simulate the 

model. These simulations will probably give response deviations, and hence the simulation model 

uncertainty is attained due to input uncertainties. Common sampling techniques are Monte Carlo 

Sampling (MCS) and Latin Hypercube Sampling (LHS). MCS uses a uniform PDF in order to randomly 

draw a number between 0 and 1. This number is used in order to choose a value based on the 

interval or cumulative distribution function (CDF) of the uncertainty. A deterministic simulation is 

then performed with this setting. LHS is another popular sampling method, which generally needs 

fewer samples in order to obtain the system response uncertainty [1,4,10]. This method divides the 

range of each uncertain variable into    intervals with equal probability. Only one value is drawn from 

each interval, but in a random order. This method makes sure that all intervals of the uncertain 

variable are represented, but not more than once [3]. This is in contrast to the brute force MCS 

technique that is totally random with no guarantee of representing the entire variability of the 

uncertainties. 

Roy and Oberkampf [1] suggest that each combination of the epistemic uncertainties is propagated 

with LHS in an outer loop while all the aleatory uncertainties are propagated with MCS in an inner 

loop. The number of simulations needed in order to perform an uncertainty propagation can be 

calculated as 

            (2.1) 

where   is the total amount of simulations needed,   is the number of epistemic uncertainties,   the 

number of LHS intervals for each epistemic uncertainty and   is the number of MCS samples of the 

aleatory uncertainties [2]. 

When the propagation of input uncertainties has been done, it is time to estimate the model form 

uncertainties. These stem from the form of the model and include the assumptions and 

approximations made when formulating the model. These uncertainties can be identified and 

characterized by comparing the simulation model with experimental measurements, as in [1]. 

Measurement data might be scarce at an early development phase, implying that this method might 

be unfeasible [2]. One could therefore examine the impact of the model form uncertainties in a more 

theoretical way by evaluating the modeling choices, e.g. what uncertainty does one specific equation 

have? Some equations might be empirical with known uncertainty, or are only valid for some specific 

physical region. These factors can be evaluated in the early development stage in order to get an 

approximated estimate of the model form uncertainty [2]. 

The total uncertainty in the simulation response consists of uncertainties due to inputs, numerical 

approximations and model form. These uncertainties can be propagated and added together to get 

the total uncertainty [1].  
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2.2 Simplification of the Framework 
Some methods to simplify the framework described in Section 2.1, making it more suitable for 1-D 

dynamic simulation models, are to either use the output uncertainty method or to simplify the 

characterization in order to decrease the computational cost when propagating the uncertainties 

through the simulation model [2]. These methods are explained below. 

When a new system is under development, and no physical model of the system exists, one could 

use the output uncertainty method where a component is assigned with an uncertainty in its output 

to reduce the number of uncertainties, i.e. the uncertainties in the component are lumped together 

and represented as an output uncertainty [4]. Even though no physical model of the system exists, 

there might be data at a component level. The output uncertainty method can for this type of system 

assign an uncertainty to a component based on available measured data for that specific component. 

The output uncertainty includes both input uncertainties and model form uncertainties. This can 

reduce the uncertainty identification and characterization workload with the drawback of a less 

accurate UQ.  More about the output uncertainty method can be found in [4].   

Since [1] suggests an inner loop combined with an outer loop when propagating both epistemic and 

aleatory uncertainties one might want to consider a simplification of the characterization of the 

uncertainties in order to get rid of the looped sampling, see (2.1). A simplified characterization would 

decrease the accuracy of the UQ, but might be necessary in order to enable an UQ. This simplification 

could be done by assuming all uncertainties to be epistemic or by assigning the epistemic 

uncertainties with a uniform probability distribution and thereby treat all uncertainties as aleatory. 

The later simplification could be justified with the argument that epistemic uncertainties probably 

are a mix of aleatory and epistemic uncertainties [2]. For instance, the length of a pipe might be 

considered to be approximately 3 meters, with a manufacturing uncertainty of 5%. If no 

measurements have been done of the pipe manufacturing lengths one could only assign the 

uncertainty with an interval, while the true value of the pipe length probably has some sort of 

probability distribution. Measurements of the pipes would give a PDF with an expected value of 

approximately 3 meters. The uniform distribution approximation of epistemic uncertainties can 

therefore be seen as a way to end up closer to the true nature of the uncertainties due to 

manufacturing uncertainties. 

2.3 Sensitivity Analysis 
The relationship between model inputs and model outputs can be studied with an SA. This analysis 

shows how sensitive the output is to variations in the input. An SA can be used to get an increased 

understanding of the simulation model and can serve different purposes in an uncertainty analysis. 

For example, an SA can be used to identify important inputs that require more understanding and 

therefore an accurate characterization. Also, a beneficial side effect is that an unexpected behavior 

of the output might be triggered by the changes in the inputs, indicating errors in the simulation 

model. Furthermore, identified inputs that have been found to have negligible effect on the output 

with a SA can be treated as deterministic and therefore neglected in the UQ and thereby reduce the 

number of uncertain parameters.  

A problem with an SA of a complex system is that it can be computationally expensive. There are 

different approaches to SA of a large-scale model. Proposed methods for this kind of complex 

systems are either local SA [12] or surrogate SA [5,11]. A surrogate model is a mathematical 
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approximation of the simulation model, which is computationally inexpensive to run. A surrogate SA 

might not be appropriate when the number of inputs is too large, since the surrogate itself can be 

too computationally expensive to produce. But if a surrogate can be produced, one could use this 

later to propagate the uncertainties, which could make up for the computational expense. Saltelli 

[11] concludes that a surrogate SA is the only feasible option towards a global SA when the 

computational cost (simulation time) exceeds approximately 10 minutes, which is the case for the 

total simulation model in Figure 1.1. A computationally cheap surrogate model would enable a global 

SA where all the uncertainties are changed in their respective regions in order to obtain the effect on 

the output caused by both individual inputs and interactions between them. The number of 

simulations needed when performing a global SA increases exponentially with the number of inputs 

[12]. This makes a global SA inappropriate to apply directly to the simulation model if the number of 

uncertainties is high. 

A local SA, in contrast to a global SA, examines the output for variations of separate inputs [11], and 

can therefore be applied directly to a simulation model when the number of uncertainties is high. 

The sensitivity can be described as the derivative of the output ( ), with respect to the chosen input. 

The analysis is done locally around a nominal value (  ) for the input with index i and is based on 

computation of 

 

where the derivative is taken at a fixed, local point for  the inputs (  ). A small variation of the 

uncertain input has to be chosen in order to numerically approximate the derivative of the output. 

This is not optimal in order to examine which uncertainties that affect the output the most since the 

size of the uncertainties are unknown at this stage, making this selection method risky. While the 

sensitivity (derivative) might be relatively low, the uncertainty might be large, and could therefore 

affect the output more than expected. One way to compensate for this is to make a reasonably large 

modification of an uncertain input that is supposed to vary a lot, based on common sense or 

experience. This approach could give a more reasonable SA.  

2.3.1 Sensitivity Measures 

By assigning the uncertainties a normal distribution with a reasonable standard deviation (   ) one 

could, by using the total output standard deviation (  ), rank the inputs using the measure  

   
  

   
   

  

   
,      (2.2) 

Which is a common sigma normalized sensitivity measure [11]. This normalized sensitivity measure 

can be used if the variation due to the uncertainties is assumed to be relatively small, implying that a 

linear relationship can be assumed between the model output responses ( ) and the uncertainties 

(  ) as in 

  ∑
  

   

 
           (2.3) 

where the variance can be described as 
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if    are independent. 

By taking the square of the sigma normalized sensitivity measure in Equation (2.2) and inserting (2.4) 

one could rewritten the sensitivity measure as  

(   
 )

 
 

   
 (

  

   
)
 

∑ (
  

   
)
 

 

   
  

   

.     (2.5) 

This squared sensitivity measure can serve as an indicator for which of the parameters that affect the 

system the most and require more understanding and which of the uncertainties can be treated as 

deterministic and therefore neglected in the uncertainty analysis. The sensitivities to each 

uncertainty with respect to the output of interest are often calculated in percent, making the 

sensitivities easily interpreted. 

Unfortunately, this kind of local SA only examines the effect of an uncertainty by itself, i.e. 

interactions between uncertainties are neglected. 

2.4 Surrogate Modeling 
An approach to significantly reduce the computational time is to create some sort of mathematical 

approximation of the simulation model that can be run much faster. These mathematical models are 

often referred to as surrogate models. They are designed to resemble  the behavior of the original 

simulation model by giving a similar response for the same input. Surrogate models are commonly 

built from a set of simulations of the original model. The outputs ( ) are used together with the 

inputs ( ) to fit a mathematical approximation of the system. An important requirement of surrogate 

models is that they must have the ability to represent dynamic systems, i.e., systems where the 

output at the time   depends on both inputs at the time   and previous inputs. 

A surrogate model can be created in numerous ways. Some common approaches are shown in Figure 

2.1. The evaluated surrogate methods in this thesis is a grey-box approach, an RSM approach and 

finally a neural network approach. These methods are investigated in Chapter 4. The gaussian 

process and polynomial chaos method can be used to perform an UQ but have not been examined in 

this thesis. A surrogate model can be derived in order to represent either a complete simulation 

model (Figure 1.1) or a sub-model, such as the liquid loop simulation model (Figure 1.2).  
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Figure 2.1. Common types of surrogate modeling methods. The dashed methods (GP and PC) have not been examined in 
this thesis due to the limited amount of time. 

If the mathematical formulas describing the physical properties of the system are known one could 

utilize this information to create a simplified simulation model with only the most important 

equations needed to describe the system characteristics. A grey-box model is a semi-physical model 

that is based on knowledge of the simulation model, but with a couple of free parameters that can 

be adjusted in order to fit the model to the original dynamic simulation model.  

The Response Surface Methodology (RSM) is a mathematical approach where the relationship 

between input ( ) and output ( ) is described by a polynomial approximation. The degree of the 

polynomial is kept as low as possible since the number of simulations needed to fit the polynomial 

approximation increases exponentially with the degree of the polynomial and the number of 

uncertainties. This can be shown when comparing the first-degree model 

     ∑     
 
         (2.6)  

with the second-degree model 

     ∑      
 
   ∑ ∑      

 
    

 
     ∑      

   
       (2.7) 

where   is a vector of unknown parameters and   denotes a random error with an assumed zero 

mean. This indicates that a low-degree polynomial is the only suitable response surface when the 

number of uncertainties and the computational cost are large. It can also be mentioned that a 

dynamic system makes the complexity of the response surface even worse, which is the case for the 

S-ECS simulation model in Figure 1.1. A response surface can serve multiple purposes, such as 

predicting output uncertainty with a computationally inexpensive method, determining the 

significance of different uncertainties, and also, finding optimal uncertainty settings in order to get 

the maximum/minimum response [9].  

The parameters ( )  in the response surface are usually estimated with the least-squares method 

that minimizes the sum of the square of the difference between the simulation result ( ) and the 

corresponding estimated results ( ̂), in other words the residual [9]. The least-squares estimator can 

be written as 

 ̂  (   )          (2.8) 
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where   denotes an input matrix. An RSM is not a suitable approach if one would like to approximate 

a very complex dynamic simulation model with a simpler mathematical approximation, due to the 

complexity needed of the response surface  and the large set of unknown design parameters ( ) that 

has to be estimated. However, it can be used to analyze how the uncertainties affect a specific 

simulation, see Section 4.1.1 for an implementation of the RSM. A response surface of this kind 

obviously needs some sort of validation. One way to validate the result is to propagate one or several 

randomly chosen sets of uncertainties through both the response surface and the original model and 

compare the result. Another way is to analyze the residuals obtained from the least-squares 

estimator used to calculate the parameters in order to see how well the linear response surface 

describes the original model. 

A suitable method, in order to examine if the multiple regression model is reasonable, is to calculate 

the coefficient of multiple determination,   
  [13], commonly considered as the goodness of the fit. 

This is a statistical measure that can be useful when examining the fit of a regression model. 

The coefficient of determination can be computed as 

  
    

   

   
      (2.9) 

where the residual sum of squares (SSE) can be computed as 

    ∑(    ̂ )
      (2.10) 

and the total sum of squares (SST) can be computed as 

    ∑(    ̅) .     (2.11) 

A value of   
  close to one indicates a good fit of the regression model [13].  

Neural networks are another kind of black-box method that uses input and output data from the 

simulation model in order to create a surrogate model. Neural networks are capable of describing 

highly nonlinear systems since they are highly flexible in their functional form [14] compared to the 

RSM and the grey-box method, and can therefore be more suitable for highly nonlinear systems.  

The inputs ( ) are attached with weights ( ) together with a bias ( ), and the weighted sum, shown 

in Figure 2.2, of these inputs is converted with an activation function ( ) into the predicted output 

( ̂) [14,15]. The input ( )  and output data ( ) from the simulated original model are used when 

training the neural network to optimize the weights (which are initially chosen randomly) of the 

network in order to fit the neural network output ( ̂) to the output data ( ) of the simulation model.  
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Figure 2.2. Schematic description of a simple neural network with a nonlinear activation function ( ). 
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3 

3 Pre-study of the Simulation Model 
 

The pre-study of the simulation model is aimed at examining the uncertainties in the liquid loop 

simulation model of the Gripen E aircraft and getting the conditions for the propagation to be done, 

in terms of computational cost and number of identified uncertainties, since they affect the choice of 

UQ method. In order to get confidence for the UQ, an evaluation of the identified and characterized 

uncertainties has been done with the Gripen Demo simulation model. This model is similar to that of 

Gripen E, but much simpler. Furthermore, the Gripen Demo model, described in Section 3.1, can be 

verified with real flight test data. The steps included in this pre-study are shown in Figure 3.1.  

 

Figure 3.1. A description of the steps done in the pre-study about the Gripen E simulation model and the liquid loop 
uncertainties. 

3.1 Gripen Demo 
Gripen Demo is a demonstrator aircraft made to evaluate new solutions in the upcoming Gripen E. 

The Gripen Demo liquid loop model has similar components as the one for Gripen E, but it is less 

complex. A comparison between the Gripen E and the Gripen Demo liquid loop simulation model can 

be seen in Table 3.1.  

Table 3.1.  Comparison of the number of components in the Gripen E and Gripen Demo liquid loop simulation models. 

Component Quantity in Gripen E Quantity in Gripen 
Demo 

Pipe 26 2 

Heat source 6 1 

Heat exchanger 1 1 

Pump 1 1 

Orifice 3 0 

Heat exchanger (double pipe) 1 0 

Accumulator 1 1 

 

Flight test data including pressure and temperature levels in the liquid loop are available since the 

Gripen Demo is an already existing aircraft. This measurement data have been used to validate the 

method of the uncertainties analysis. The ability of the uncertainty analysis to capture deviations 

between the nominal simulation model response and measurement data has been studied. The main 

response of interest in this model is the temperatures in and out to the heat load component. 

Analyzing these temperatures gives an increased understanding whether the simulation model, with 

Identify all uncertainties in 
Gripen E 

Local SA of 
Gripen E 

Characterize the 
identified 

uncertainties 

Evaluate 
uncertainties 
with Gripen 

Demo 

Pre-study 
conclusions 
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help of an uncertainty analysis, can capture the true system temperature response. The Gripen Demo 

model has also been used to evaluate UQ methods since this simulation model is faster to simulate 

(approximately 50 times faster) and has fewer uncertainties, but still offers the same uncertainty 

behavior as the Gripen E liquid loop simulation model.  

3.2 Identification of Uncertainties 
The Gripen E liquid loop simulation model uncertainties were identified with a mix of literature, 

engineering assumptions and knowledge from component experts. Simulation model parameters 

with high tolerances (e.g. pipe diameter, pipe thickness, etc.) have been treated as exact values with 

no uncertainty after recommendations from experts at SAAB. The equations used to describe the 

physical system are based on some assumptions where some are known but some might be 

unknown. To examine whether the system has unknown model form uncertainties one could 

compare the UQ results with validation data to see if the UQ encloses potential deviation between 

the simulation model response and measure data. Unfortunately, the Gripen E aircraft lacks measure 

data due to the early phase of the system development. The similar simulation model of the Gripen 

Demo aircraft has been used instead, where measure data of the Gripen Demo liquid loop system are 

available, making it possible to adjust  the assumed size of the uncertainties (by increasing the size of 

the uncertainties) so that the uncertainties are capable to capture deviations between simulation 

data and measure data. The simulation models (Gripen E and Gripen Demo) do not have exactly the 

same model form uncertainties but this analysis could give an indication of which model form 

uncertainties to use. 

One known model form uncertainty comes from the equation for calculating friction loss. This 

equation is empirical and uncertain since it is derived from measure data [8]. Another model form 

uncertainty is the internal heat transfer coefficient in the heat exchanger, which is based on the 

assumption of a counter flow heat exchanger, while the true heat exchanger is a cross counter flow 

heat exchanger. The identified uncertainties for the Gripen E model are given in Table 3.2. The 

uncertainties have been divided into four different uncertainty types that describe the sources of the 

uncertainties, as described in Section 2.1.1. 

To further study uncertain equations one has to add an extra parameter into the simulation model to 

control the computation of the solution to the equations. For example, the equation used to 

calculate the friction loss can be multiplied with a parameter which in turn can be assigned with an 

uncertainty, and thereby enable a control of the friction loss equation uncertainty as in 

      
 

 
 
  

  
   ,      (3.1) 

where    is the head loss due to friction loss,   is the length of the pipe,   is the diameter,   is the 

average flow velocity,   the gravitational acceleration and   ,   is the added parameter to set the 

uncertainty of the equation.  
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Table 3.2. Identified uncertainties in the Gripen E liquid loop simulation model. 

Category Uncertainty type Component Uncertainty 

Input 
uncertainty 

Geometry parameter 
uncertainty 

Pipe Length 

Pipe Roughness 

Physical parameter 
uncertainty 

Pipe External coefficient of heat transfer 

Pipe Thermal mass 

Pipe Head loss coefficient 

Pipe Ambient air temperature 

Pipe Time constant heating 

Heat load External coefficient of heat transfer 

Heat load Thermal mass 

Heat load Head loss coefficient 

Heat load Ambient air temperature 

Heat load Time constant heating 

Heat exchanger 
(double pipe) 

2 x head loss coefficients 

Model form 
uncertainty 

Underlying equation 
uncertainty 

Pipe Friction loss calculation 

Heat load Friction loss calculation 

Heat load Inner temperature transfer 

Orifice Head loss calculation 

Heat exchanger Internal heat transfer  

Heat exchanger 
(double pipe) 

2 x friction loss calculations 

Output uncertainty Pump Pressure difference 

  
The total amount of identified uncertainties in the Gripen E liquid loop simulation model is 
259 uncertainties. 

 

Only uncertainties in the liquid loop simulation model were included when analyzing the total  

cooling simulation model (Figure 1.1). Initial conditions as well as boundary conditions were not 

considered as simulation model uncertainties, and have therefore been treated as exact conditions. 

The numerical approximations have been studied by varying the RADAU IIA solver tolerances as in 

[2]. It has been found that the numerical approximations are marginal (see Table 3.3), where the final 

liquid temperature out of the heat exchanger for a 500s simulation was studied. This study implies 

that the numerical errors can be ignored. 

Table 3.3. A study of the deviations in the liquid temperature out of the heat exchanger by varying the tolerances when 
simulating the liquid loop simulation 

Tolerances                      

Liquid temperature out of the heat 
exchanger [°C] 

  ,      ,      ,    

 

3.3 Local Sensitivity Analysis 
A local SA was performed to find the uncertainties that had the greatest influence on the response of 

interest. The sensitivity of the simulation model was analyzed when the liquid temperature out of 

the heat exchanger was heated up from 25°C (reference value) to approximately 35°C (maximum 

allowed temperature), since this behavior is important when analyzing the endurance time provided 

by the cooling system. This analysis gives an increased understanding of the impact the different 
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uncertainties have on the endurance time provided by the total simulation model, since lower 

temperature equals better endurance time, see the plot to the right in Figure 3.2. The response of 

interest is the liquid temperature out of the heat exchanger referred to as HEX (see Figure 1.2). The 

sensitivity measure calculated with (2.5) was used to find the temperature sensitivity in the liquid 

loop due to the identified uncertainties. A small deviation of 1% was used for the uncertainties. The 

result is shown in Figure 3.2 as a pie-chart where the most influential uncertainties are presented to 

give an interpretable result. The area in the pie-chart represents the temperature sensitivity due to 

the different uncertainties in the liquid loop, and a bigger area equals higher sensitivity.  

 

Figure 3.2. A measure of the temperature sensitivity in the liquid loop due to the uncertainties can be seen in the pie-
chart. The right graph shows the nominal simulation which the sensitivity analysis was based on. This simulation was 
done for each uncertainty by changing them one at the time. The end temperature sensitivity due to the change of the 
uncertainties has been represented in the pie-chart. 

This local SA can be used to identify uncertainties that are insignificant and therefore can be 

neglected. However, one should always keep in mind that neglecting uncertainties will make the 

uncertainty analysis more approximate which is undesired since it decreases the credibility of the 

analysis. Therefore, consideration has to be taken when setting a threshold for which uncertainties 

to neglect.  

A suitable threshold for this type of system could be to neglect the least significant uncertainties that 

together stand for less than 1% of the total sensitivity [4]. This can be written as ∑(   
 )

 
    

where the least significant uncertainties are added together. Such a threshold reduces the number 

from 259 to 39 uncertainties for this specific case. A reduction of the number of uncertainties can 

decrease the characterization workload. However, this approach has not been used in the 

uncertainty analysis made in this thesis due to the simplistic and quick characterization (see Section 

3.4) used for the Gripen E uncertainties, implying that all uncertainties were propagated. 

3.4 Characterization of the Identified Uncertainties 
Most input uncertainties were characterized with expert judgment as intervals and were therefore 

considered as epistemic. Model form uncertainties due to the underlying equations found in this 

type of simulation model comes from an empirical equation that describes the friction loss in pipes. 

This equation is called the Colebrook equation, which is stated to have an uncertainty of 10-15% 

accordingly to [8]. Pressure head losses due to pipe bends, area reductions, etc. were considered to 

have an uncertainty of 10% [16]. The internal heat transfer efficiency coefficient in the cross counter 
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flow heat exchanger, which is based on the calculation of a counter flow heat exchanger, was 

assumed to have an uncertainty of 5%. 

Other model form uncertainties are the underlying equations of the heat loads that consist of several 

subcomponents. The geometry parameters describing the components have been adapted in order 

to find a good match of the physical behavior of the components compared to data from 

subcontractors. For example, the heat sink area of the heat loads was adjusted to fit the components 

to available measurement data. This uncertainty was characterized as a model form uncertainty since 

the geometry parameters used in the simulation model differ from the actual geometry of the 

component. The characterization of these model form uncertainties was therefore based on 

information from both modeling experts and the data from the subcontractors.  

The characterized uncertainties are shown in Table 3.4. The time needed in order to characterize all 

uncertainties as aleatory and deriving their PDF is quite demanding, and require much research [2]. 

An estimation of the characterization workload was done in [2] for a similar simulation model, with a 

resulting estimated time of 3396 hours. A suitable method for this kind of system is therefore to 

quickly characterize all uncertainties as epistemic in order to continue with the propagation method 

and see what information from the characterization that can be used in the UQ. A suitable approach 

if one would like to add aleatory information could be to use the result from the local SA in order to 

characterize the uncertainties that affect the system response the most. 

Table 3.4. Characterization of the uncertainties found in the liquid loop simulation model. 

Category Uncertainty 
type 

Component Uncertainty Uncertainty 
Characterization 
E=epistemic 
A=aleatory 

Input 
uncertainty 

Geometry 
parameter 
uncertainty 

Pipe Length 5%  E 

Pipe Roughness 5%  E 

Physical 
parameter 
uncertainty 

Pipe External coefficient of heat 
transfer 

10%  E 

Pipe Thermal mass 5%  E 

Pipe Head loss coefficient 10%  E 

Pipe Ambient air temperature  1°C  E 

Pipe Time constant heating 5%  E 

Heat load External coefficient of heat 
transfer 

10%  E 

Heat load Thermal mass 10%  E 

Heat load Head loss coefficient 10% E 

Heat load Ambient air temperature  1°C  E 

Heat load Time constant heating 5% E 

Heat exchanger 
(double pipe) 

2 x head loss coefficients 10% E 

Model form 
uncertainties 

Underlying 
equation 
uncertainty 

Pipe Friction loss calculation 15% E 

Heat load Friction loss calculation 15% E 

Heat load Inner temperature transfer 10% E 

Orifice Head loss calculation 15% E 

Heat exchanger Internal heat transfer  5% E 

Heat exchanger 
(double pipe) 

2 x friction loss calculations 15% E 

Output 
uncertainty 

Pump Pressure difference 5% A – uniform  
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3.5 Evaluation of the Uncertainties with Gripen Demo  
The approach discussed in Section 2.2.2, where the uncertainties are approximated as aleatory with 

a uniform PDF, has been used and the uncertainties have been propagated with LHS through the 

Gripen Demo liquid loop simulation model, see Figure 3.3. It can be seen that the uncertainty 

response (black lines) encloses the deviation from the nominal simulation (blue) to the measured 

performance (red) of the system when the system response has converged, for the temperature in 

and out of the heat load, which are the responses of interest in this thesis. This indicates that the 

assumed uncertainties are sufficient to describe the response uncertainty in this case. Deviations in 

the dynamic behavior of the system are assumed to come from uncertainties in the underlying 

equations and measurement uncertainties.  

 

Figure 3.3. Propagation of the identified uncertainties (25 uncertainties) with 350 LHS through the Gripen Demo 
simulation model, compared to measured data from the system.  

3.6 Pre-study Conclusions 
Simulations using the total model of Gripen E take about 20 minutes to run for a stationary operating 

point and can therefore be considered as computationally expensive. The computational cost 

combined with the high number of identified uncertainties (over 200) in the liquid loop makes the 

UQ method described in Section 2.1 unfeasible. It is therefore of great importance to reduce the 

computational cost in order to enable an UQ.  

If one assumes that it is possible to reduce the number of uncertainties to 10 for the total simulation 

model, without neglecting to much sensitivity, combined with an aleatory approximation of the 

uncertainties, one would roughly need 100 LHS in order to propagate these uncertainties through 

the total simulation model. Analyzing one standard simulation that on average takes approximately 

20 minutes to run seems too demanding since several simulations should be analyzed with an UQ. 

This implies that a reduction and a characterization simplification of the uncertainties in the total 

simulation model, combined with some sampling technique, does not enable an useful UQ for this 

type of system. A significant reduction of the number of uncertainties based on a local SA also 

neglects uncertainties, making the UQ result itself uncertain and therefore decreases the credibility 

of the UQ. The conclusion is that another UQ method is needed for this type of system, such as an 

interval-based approach suggested in Chapter 4. However, a reduction of the number of 

uncertainties can reduce the characterization workload. 
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4 

4 Enabling Uncertainty Quantification 
 

The theory from Chapter 2 is here applied to find a suitable UQ method for the total simulation 

model in Figure 1.1. The main focus has been to find a method that is relatively quick and easy to 

realize. Different methods, which could reduce the computational cost when propagating the 

uncertainties, were investigated in order to find a suitable UQ method. These studies have resulted 

in a proposed method of how to approach an UQ for the system under study in this thesis, see 

Section 4.2.  

4.1 Investigation of Possible Methods 
The cooling system needs to be evaluated (i.e. simulated) at several different operating points. These 

simulations should in turn be analyzed with an UQ to increase the credibility of the system 

performance evaluation, giving a high computational cost when making an UQ. The approach to 

reduce the computational expense and the engineering workload has here been to try different 

methods discussed in Sections 2.2-2.4. The Gripen Demo simulation model, which is less complex 

than that of the Gripen E model, has been used in order to evaluate these methods. 

4.1.1 Response Surfaces 

The uncertainties found in the liquid loop simulation model are relatively small and have an 

individually small impact on the response (liquid temperature out of the heat exchanger). Therefore 

the impact of the uncertainties is assumed to be linear [6]. This assumption could be examined by 

varying the uncertainties one at the time in their respective regions, and observe the response for a 

given simulation in order to see if this type of model has a linear response due to the uncertainties. 

This was done for the Gripen Demo liquid loop simulation sub-model that was simulated as a stand-

alone model with given inputs, air mass flow and air temperature, see Figure 1.2. The liquid loop sub-

model was simulated for 440 seconds where the uncertainties were, one at the time, varied 10 times 

over their intervals with LHS while the other uncertainties were fixed at their nominal values during 

the simulation. It can be seen in Figure 4.1 that the uncertainties seem to affect the liquid 

temperature out of the heat exchanger linearly. Such a study does not take interaction effects 

between uncertainties into consideration. However it indicates that a linear approximation of how 

the uncertainties affect the response might be justified, for a given simulation, if one assumes the 

interaction effects between the uncertainties as insignificant. In order to examine whether 

interactions between the uncertainties has to be considered one could compare the result when 

propagating uncertainties through the response surface with an uncertainty propagation of the 

original model. 
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Figure 4.1. Graphs showing how the uncertainties affect the liquid temperature out of the heat exchanger when they are, 
one at the time, varied 10 times over their intervals with LHS. The uncertainties were set to their nominal values 
otherwise. The study was done for the Gripen Demo liquid loop model. 

The multiple regression method can be used to fit a linear response surface to simulation [9]. It is 

then possible to express changes of the response due to the uncertainties as 

   ∑    
 
         (4.1) 

where     denotes a change in input   from its nominal value and    denotes a constant. The 

response for a simulation can therefore be written as 

 ( )      ( )  ∑    
 
     ( )   (4.2) 

where  ( ) represents the output due to the uncertainties and     ( ) represents the nominal 

simulation without uncertainties. This can also be written as 

  ( )      ( )    (4.3) 

where 
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   ( )     (    )

   
   ( )     (    )
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]          [
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  ( )    (    )
] 

The estimation of    in equation (4.3) can be done with the least-squares method described in 

Section 2.4.2 as 

 ̂( )  (     )       ( ).    (4.4) 

The idea here is to make a response surface that can calculate the response uncertainty at a given 

point for a specific simulation. The factor   ( ) is time dependent since the response sensitivity due 

to the uncertainties can change during a simulation. An example is the thermal mass uncertainty, 

which affects the temperature in the liquid loop when the liquid temperature changes. However, this 

uncertainty does not affect the stationary temperature in the liquid loop since the thermal mass only 
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affects the time to reach the stationary temperature. The sensitivity change during a specific 

simulation can therefore be treated as a time dependent variable, as in (4.2). Such a response 

surface only requires     simulations of the original model, where   is the number of 

uncertainties, in order to estimate a response surface with the least-squares method in MATLAB. 

The in this context computationally cheap, simulation model of the Gripen Demo liquid loop has 

been used to try to validate the linear response surface approximation method. The uncertainties 

have been propagated through both the original simulation model and through a linear response 

surface approximation with 12000 MCS. The temperature in the liquid out of the heat exchanger has 

been compared for the different propagation methods. The result can be seen in Figure 4.2. The two 

different propagation methods give similar result, indicating that a linear response surface is a good 

approximation for a simulation of this type of system. The assumption of no interactions between 

the uncertainties seems to be justified. The response surface of the simulation was derived by 

sampling the uncertainties 26 times using LHS. This sampling method was used to make sure that the 

entire variability of the uncertainties was represented when deriving the linear response surface. 

 

Figure 4.2. A comparison of the liquid end temperature for a 2000 s simulation of the original Gripen Demo simulation 
model (transparent red) and a linear response surface (transparent blue) of the simulation created with     
simulations (    ) of the Gripen Demo simulation model, where   is the number of uncertainties. The uncertainties 
have been approximated as aleatory with a uniform PDF and propagated with 12000 MCS. The green lines are the result 
of an interval-based method, described later in Section 4.1.4. The purple area comes from the overlap of the blue and 
the red distribution. 

As a conclusion the main drawback with this solution is that the response surface only would fit a 

given simulation, implying that a new response surface would have to be estimated when analyzing a 

new simulation. Another drawback is that this linear approximation only seems to work for open-

loop systems, implying that it is not suitable to use it directly to a simulation of the total simulation 

model in Figure 1.1. The controller in the closed-loop system might affect the added uncertainty in 

the simulation and thereby reduce the intended effect, since the response is controlled to a 

reference value. The response might not change for small changes of the uncertainties while bigger 

changes might affect the response if the system is affected in such way that it no longer can control 

the output, the temperature in this case, due to limited cooling power.   
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The main advantage with the response surface is that it is computationally inexpensive compared to 

propagating the uncertainties directly through the original simulation model. It also enables 

propagation of both aleatory and epistemic uncertainties since it is feasible to use the method 

proposed in [1] with both an inner and an outer loop.  

One should always remember that the response surface is an approximation of the simulations of the 

original model and therefore introduces an additional uncertainty in itself. A response surface has to 

be validated carefully to establish that the introduced uncertainty of the response surface itself is 

small enough.  

4.1.2 Interval Analysis 

A method to significantly reduce the number of simulations needed in order to determine the output 

uncertainty is to approximate all uncertainties as epistemic. This approximation makes the 

uncertainty response less informative since information of aleatory uncertainties is lost. This might 

not be a problem if the uncertainties are epistemic or if the most significant uncertainties, 

accordingly to the local sensitivity analysis, are epistemic. 

Since epistemic uncertainties give an epistemic output, which contains no probability information at 

all, one theoretically only needs two simulations in order to find the output interval if one in 

beforehand knows which uncertainty settings to use. An approach to find this upper and lower 

output response is to use some sort of optimization, advantageously by describing the response 

dependency to the uncertainties with a response surface [9]. This optimization approach, using RSM, 

in order to find the uncertainty parameter settings which result in a minimum/maximum response 

can be complex if the uncertainties change nonlinearly and have strong interactions between each 

other [10]. The response surface from Section 4.1.1 approximates the response dependency from the 

uncertainties linearly. This response surface can be utilized to find the upper and lower output 

response since the estimated sensitivities   ( ) in (4.2) tell us how the uncertainties affect the 

response. This information can be used to find the settings of the uncertainties that give the 

minimum and maximum output. These uncertainty parameter settings are from here on referred to 

as minimum/maximum output parameter settings. 

A linear response surface cannot be used to describe closed-loop systems, as described in Section 

4.1.1. The minimum/maximum output parameter settings can therefore not be found by analyzing 

the total simulation model in Figure 1.1 with a linear response surface. The minimum/maximum 

output parameter settings can instead be calculated by simulating the different subsystems 

separately. Each subsystem has to be analyzed with respect to the total system cooling effect, i.e. we 

want to find the uncertainty settings for each subsystem that gives the best and worst cooling 

performance for the total system. Generally, this is a very hard problem since the extreme overall 

performance caused by a particular subsystem might depend on the other subsystems in the loop. 

However, in the particular system studied here, physical insights and the good robustness margins 

make subsystem analysis possible. By analyzing each subsystem in terms of cooling performance one 

will derive the minimum/maximum output parameter settings for each subsystem. The proposed 

method is then to combine all minimum output parameter settings from each subsystem when 

simulating the total model in order to attain the total minimum response, and the opposite for the 

maximum response. This method speeds up the simulation time significantly since the subsystems 

are much quicker, approximately 20 times faster, to simulate than the total simulation model in 
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Figure 1.1. The minimum/maximum output parameter settings might change with respect to 

different conditions, implying that several parameter settings have to be defined at different 

operation conditions. The liquid loop is no exception. The minimum/maximum output parameter 

settings change due to the ambient air temperature around the system, i.e. the liquid loop, since this 

temperature can be both higher and lower than the temperature in the liquid. This directly affects 

how the uncertain heat transfer coefficients affect the temperature in the liquid loop. This implies 

that the liquid loop simulation model needs different minimum/maximum output parameter sets in 

order to estimate the minimum/maximum temperature in the liquid loop over its entire domain of 

operation. In other words, two different minimum/maximum output parameter sets are needed, one 

when the ambient air temperature is lower and one when it is higher than the liquid temperature. 

This interval analysis method has been validated with the Gripen Demo liquid loop simulation model. 

The minimum/maximum output parameter settings were found and simulated at cold operating 

conditions when the ambient air temperature is lower than the liquid temperature. A comparison 

was made with 12000 MCS of the Gripen Demo liquid loop simulation model. The result can be seen 

in Figure 4.3. The MCS are enclosed by the two simulations using the minimum/maximum output 

parameters, which also can be seen in Figure 4.2 as the green vertical lines that enclose the 

temperature distribution. This indicates that a linear response surface of a simulation can be used to 

find the minimum/maximum output parameter settings.  

 

Figure 4.3. A comparison between 12000 MCS of the uncertainties through the Gripen Demo liquid loop simulation (blue) 
and a propagation of the minimum/maximum output parameter settings (found with the response surface) through the 
Gripen Demo liquid loop simulation model (red). The Gripen Demo liquid loop simulation model was simulated alone 
with given inputs (air temperature and air mass flow). 

4.1.3 One Uncertain Parameter Analysis 

The interval-based analysis discussed in Section 4.1.2 is here extended. The idea is to get an 

increased understanding of the system sensitivity close to the extremes, i.e., how changes in the 

parameters close to the minimum and maximum, affect the response. Let      be a vector 

containing the minimum output parameter settings and let      be a vector containing the 

maximum output parameter settings. The minimum/maximum output parameter settings are found 

as described in Section 4.1.2, with a linear response surface. These vectors make it possible to 
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sample over the parameter settings, from the minimum output parameter settings to the maximum 

output parameter settings. This sampling could be controlled with one parameter referred to as    , 

hence called one uncertain parameter and can be written as  

       (         )         (4.5) 

where        . The parameter settings are attained in the vector  . Changing     changes the 

parameter settings ( ). This approach is possible if the uncertainties affect the response linearly, 

which has been found to be the case in the liquid loop simulation model as discussed in Section 4.1.1. 

This approach might not be of interest when analyzing an open loop system since a uniform output 

should be attained if propagating the uncertainties with a uniform sampling of    , which would be 

the case when simulating the Gripen Demo liquid loop as in Figure 4.2. It would make more sense to 

use this approach when analyzing a closed-loop system, such as the total simulation model, since the 

system might be capable of controlling the temperature to its reference value for most uncertainty 

combinations, given by    . An example could be simulations where the all the parameter settings, 

except the ones given by     close to one are able to control the liquid temperature to its reference 

value. This could give an increased understanding whether the behavior of the closed-loop system is 

affected only by an extreme uncertainty parameter setting, or by small variations of the uncertain 

parameters. One has to remember that the uncertainties are epistemic, making it risky to draw too 

many conclusions from the result. The increased understanding of the simulation result should not 

be misinterpreted as probability information. One advantage with this method is that it has no 

restriction on the number of uncertainties in the propagation since there is only one parameter that 

controls all uncertainties. Therefore only one parameter (   ) needs to be sampled in the total 

simulation model, no matter how many uncertainties the simulation model contains.  

4.1.4 Grey-box Models 

The grey-box approach tries to take advantage of the knowledge of how the system is modeled in 

order to create a simplified simulation model of the liquid loop, which would make the total 

simulation model in Figure 1.1 significantly less computationally expensive. The Gripen E liquid loop 

simulation model was simplified into two main components, a heat exchanger and a heat load, 

similar to the Gripen Demo simulation model. The new formulation of the Gripen E liquid loop 

simulation model can be seen in Figure 4.4.  

  



25 

 

  

 

Figure 4.4. A schematic description of the simplified Gripen E liquid loop simulation model. The heat loads (HL) and the 
piping in the red area have been lumped together into one heat load component. The thermal mass and the pressure 
loss coefficient of this heat load component have been adjusted in order to make the simplified model represent the true 
Gripen E liquid loop simulation model. 

Two free parameters were adjusted in order to fit the simplified simulation model to the complex 

Gripen E liquid loop simulation model. The impact from the ambient air in the aircraft was neglected, 

this third factor was to be added if the simplified model showed promising results. The two 

parameters were the thermal mass of the heat load and the pressure loss coefficient in the heat 

load. The idea was to describe the dynamic behavior of the temperature out of the heat exchanger 

for the stationary operating points with the much simpler simulation model. The thermal mass and 

the pressure loss of the heat load was to be assign with made up output uncertainties to get a 

corresponding uncertainty response as for the Gripen E liquid loop simulation model. The impact 

from the ambient air could be added with a table based version of how the ambient air affects the 

liquid loop. The uncertainties in the heat exchanger and the pump components would have been the 

same. This grey-box model would then have replaced the liquid loop simulation model in the total 

simulation model in Figure 1.1, and thereby reduced the computational expense when propagating 

the uncertainties through the total simulation model. 

Unfortunately it proved to be difficult to get the simplified simulation model to represent the 

complex liquid loop simulation model with enough accuracy. A comparison between the grey-box 

and the original simulation model can be seen in Figure 4.5 where the effect from the ambient air 

has been neglected. It can be seen that the estimated temperature differs between the models, 

adding an extra, unknown uncertainty to the result. The heat loads were also kept constant during 

the simulations, changing their power makes the fit even worse. The misfit attained was probably 

due to the adding of the different heat loads. The different heat loads are heated up with different 

speeds since they have different thermal masses and heat transfer coefficients. This affects the mass 

flow in the system, which in turn affects the cooling power of the system. Also, changes between 

laminar and turbulent flow in different parts of the piping in the Gripen E liquid loop model are 

difficult to capture with a simplified model. This makes it difficult to approximate the complex model 

with a simplified simulation model. A more detailed, but still simplified, liquid loop model could 

maybe capture this behavior with better accuracy. 
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Figure 4.5. Left plot shows the training simulation where the thermal mass and the pressure loss coefficient were 
adjusted to fit the simplified simulation model (grey-box) to the original simulation model of the liquid loop, with respect 
to the liquid temperature out of the heat exchanger. The two plots to the right are validation simulations with new 
inputs (cooling air temperature and mass flow) to compare the result of the grey-box and the original model.  

As a conclusion the grey-box solution seems to be an unsuitable solution when making an UQ since 

the model has to be simplified rather much in order to decrease the computational expense, making 

the simplified model unable to describe the physical behavior in a proper way. It is also difficult to 

propagate all uncertainties with this solution since many of the uncertain parameters from the 

original model are lost in the grey-box model.  

4.1.5 Neural Networks 

An attempt to train a neural network with simulation data from the liquid loop was done, as a pre-

study in order to see if a neural network is a suitable tool to reduce the computational expense. The 

Gripen Demo liquid loop simulation model was first simulated with a time-varying input of air mass 

flow and air temperature, and then the response of interest, the temperature out of the heat 

exchanger, was studied, see Figure 4.6. A time-lagged feedback network, where previous inputs and 

outputs are used to calculate the output, was trained to fit the simulation model data. The aim was 

to capture the temperature behavior of the simulation model when only using the air mass flow and 

air temperature as inputs to the Gripen Demo liquid loop. The networks were then tested with 

similar inputs (similar operation points) as the training data, due to the limited range of the input 

data used, see Figure 4.7 for the result. 

 

Figure 4.6. The simulation data used to train the neural network. The figures shows how the input data (cooling air mass 
flow and temperature) change during the simulation and how the temperature in the liquid is affected.   
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The structure of the network was chosen as a one hidden layer since it has been proven to be 

enough in order to approximate many nonlinear systems [17]. The number of neurons ranged from 

10 to 40 (10 used in Figure 4.7) and they were used together with the hyperbolic tangent sigmoid 

activation function in the hidden layer and a linear activation function for the output-layer neuron. 

 

Figure 4.7. Two different simulations were done to examine how well the trained network (red) could capture the true 
temperature behavior of the Gripen Demo liquid loop (blue). 

The simulation time needed to create this neural network was extensive, even for the relatively 

limited range of the inputs used. The liquid loop simulation model used in the total simulation model 

has more inputs than just the air mass flow and the air temperature. Inputs such as the heat load 

powers, aircraft speed, altitude and the climate (ambient air temperature and humidity) were not 

added but have to be added. These inputs would increase the dimensionality and therefore increase 

the simulation time needed to create a neural network. The uncertainties (or a reduced set of the 

uncertainties) have to be added as inputs as well, further increasing the complexity. It was found that 

a surrogate would be too computationally expensive to produce for the studied case. The accuracy 

required would also be a problem and could make the UQ unreliable because of introduced 

uncertainties in the fit of the neural network itself.   

This neural network could have been used in the total simulation model as a substitute for the 

complex liquid loop simulation model in order to make the total simulation model run faster. A 

description of how to implement the network structure into Modelica can be found in [15]. Another 

approach could have been to create a network for the other sub-models in the total simulation 

model, see Figure 1.1, and then simulate the networks together, similar to the approach in [17].  

4.2 Proposed UQ Method 
This section proposes an UQ method suitable for the 1-D dynamic simulation model of study, based 

on the investigations done in this master thesis project. There exist many different uncertainty 

analysis approaches. Some common methods are given in Figure 4.8. Only the blue methods have 

been evaluated in this thesis. The surrogate models were not successfully adapted, implying the 

rejection of this uncertainty analysis approach. 
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Figure 4.8. Some approaches of how to make an uncertainty analysis. Adopted from Carlsson [4], shown by kind 
permission. The blue approaches/methods have been examined in this master thesis, the red approaches/methods have 
not been examined. 

The most important feature, in order to enable an UQ of the total simulation model, is to reduce the 

number of simulations needed due to the computational expense. A reduction of the 

characterization, for example by excluding the work when deriving the probability distribution, is also 

needed to reduce the engineering workload. The proposed method, when propagating uncertainties 

through a complex simulation model with a control system, is the interval-based method where only 

epistemic uncertainties are propagated. This interval analysis can later be combined with the one 

uncertain parameter analysis method from Section 4.1.3 in order to increase the understanding of 

the system behavior for interesting system operating points. A comparison between the different 

approaches found feasible is shown in Table 4.1. 

  

Nominal 
Model 

Uncertainty 
Analysis 

Surrogate 
Model 

Nominal Model +  
Component Output 

Uncertainty Description 

Probabilistic 
Techniques 

MC DOE SA 

MC DOE Deterministic 
Techniques 

OPT SA 

OPT 

Assess simulation results 
uncertainty using… 

 

…in combination 
with… 

 

MC: Monte Carlo Sampling 
DOE: Design Of Experiments (e.g. Latin Hypercube Sampling) 

OPT: Optimization (e.g. find maximum/minimum of system characteristics with response surface) 
SA: Sensitivity Analysis (local or global) 
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Table 4.1 A summary of the different methods found feasible to propagate uncertainties through this type of simulation 
model. Keep in mind that an average standard simulation takes approximately 20 minutes for the total simulation model 
while the subsystems, such as the Gripen E liquid loop simulation model, takes approximately 1 minute to simulate 
alone. The nomenclature;   is the total amount of samples,   is the number of epistemic uncertainties,   is the number 
of aleatory uncertainties,   the number of LHS intervals and   is the number of MCS of the aleatory uncertainties.  

 Response surface 
of a simulation 
(Section 4.1.1) 

Roy & Oberkampf 
(Section 2.1) 

Min/max output  
(Interval 
analysis) 

(Section 4.1.2) 
 

One uncertain 
parameter 

(Section 4.1.3) 

Suitable for open-loop 
system: 

Yes Yes Yes No 

Suitable for closed-loop 
system: 

No Yes Yes Yes 

Propagate epistemic 
uncertainties: Yes Yes Yes Yes 

Propagate aleatory 
uncertainties: Yes Yes No No 

Propagate mix of 
aleatory and epistemic 
uncertainties: 

Yes Yes No No 

Number of simulations 
required of the 
simulation model: 

 
        

 
 

       
 

 
 

    

 
 

  is chosen arbitrary 

Number of simulations 
required of a sub-model 
to find min/max settings: 

- -                 

 

The suggested UQ method in this master thesis of a complex simulation model consists of several 

different steps, which are illustrated in Figure 4.9.  

 

Figure 4.9. Suggested method when analyzing this type of 1-D dynamic simulation model, the total S-ECS simulation 
model. 
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The process in Figure 4.9 consists of the following steps. First, all sources of uncertainties are 

identified according to the method used in Section 3.2. Both the input uncertainties and the model 

form uncertainties are identified. The numerical approximations can, for this type of cooling system, 

typically be ignored given that the solver tolerances are sufficiently strictly chosen [2].  

The second step is to reduce the number of uncertainties. A reduction of the identified uncertainties 

is mainly done in order to ease the characterization workload. A local SA, using (2.5) is a suitable 

approach for the reduction since this method is computationally inexpensive compared to a global 

SA, see Section 3.3 for how a local SA can be applied.  

After this, a characterization of the uncertainties as epistemic is done to reduce the time to make the 

UQ. Aleatory uncertainties have to be propagated with some sampling technique in order to get an 

uncertainty response that contains this information. A sampling method of the uncertainties, like 

MCS or even the less demanding LHS, through the total simulation model is unfeasible due to the 

computational expense of the total simulation model, as discussed in Section 3.6. The result from the 

local SA can be used to identify the uncertainties that need to be characterized carefully, with 

accurate intervals.  

With the characterization done, the min/max response uncertainty settings can for the liquid loop 

simulation model, which can be considered as a subsystem in the total model, be found with a linear 

RSM (4.2), as in Section 4.1.1. The uncertainties have a small impact on the response one by them-

self. This impact can therefore be considered as linear, making a linear approximation of how the 

uncertainties affect the simulation results possible. The other subsystem min/max response 

uncertainty settings in the total simulation model can be found by either using the same approach 

(RSM) or with system experts or by analyzing the simulation model. For example, the engine 

subsystem in the total model could be assigned with a bleed air uncertainty. Just by analyzing the 

system one could draw the conclusion that less bleed air from the engine equals less cooling of the 

heat loads in the liquid loop, and hence the min/max response uncertainty settings can be found.  

The different min/max response uncertainty settings of the subsystems are then combined in order 

to get the response uncertainty of the total simulation model. I.e. the found uncertainty parameter 

settings that result in the best/worst cooling performance for each subsystem are combined to get 

the best/worst cooling performance when simulating the total simulation model. This can 

advantageously be done by analyzing the model or by using system expert’s knowledge.  

Finally, quantification of the uncertainties for stationary and dynamic performance cases has to be 

done. For the stationary case, the recommended approach is to first propagate the minimum and 

maximum response uncertainty parameter settings as a first step in the UQ. This can later be 

combined with a sampling approach using the one uncertain parameter method (4.3) in order to 

increase the understanding of the simulation result, i.e. by examining how extreme the result is as 

discussed in Section 4.1.3. For the dynamic case, the approach when evaluating a flight mission, 

where the altitude and speed changes during the simulation, is almost the same as for the stationary 

evaluation. The difference is that two extra simulations of the total simulation model are needed 

since the liquid loop simulation model has two different min/max response uncertainty parameter 

settings due to the ambient air temperature, as discussed in Section 4.1.2. The ambient air 

temperature might change during the simulation, implying a need of four simulations of the total 
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simulation model in order to find the min/max response, i.e. different parameter settings can give 

min/max responses at different times in the simulation. 
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5 

5 Results  
 

This chapter presents the results obtained by using the interval-based UQ method proposed in 

Section 4.2. The main purpose is to present the result that is possible to attain with the interval-

based uncertainty analysis method, and not the result itself. The performance of the cooling system 

was studied, both for stationary and dynamic flight cases, with respect to the uncertainties in the 

liquid loop sub-model. The model and the inputs (e.g. heat load powers) used have been adjusted 

not to reveal confidential information about the system.  

5.1 Stationary Performance 
The aircraft was assumed to fly with normal operating heat loads at a given speed and altitude 

before the maximum heat loads were initialized. The uncertainty analysis of the stationary 

performance, where the speed and altitude are kept constant at each envelope point, was based on 

some assumptions and conditions. The boundary conditions (e.g. humidity), system excitation (e.g. 

gravity), initial conditions (e.g. liquid temperature) and heat load powers were considered as 

deterministic, i.e. they were not considered as simulation model uncertainties. The simulations were 

initialized with normal operating heat loads in the evaluated operating points until the cooling 

system was stabilized (see the heat flow in Figure 5.3 and Figure 5.4). A step to the maximum heat 

load powers was then initiated and the time from this step to reach the maximum allowed liquid 

temperature (    ) out of the heat exchanger was analyzed. 

The interval-based method in Section 4.2 was chosen as the suitable method when analyzing the 

stationary performance since it requires the least amount of simulations of the total simulation 

model. All the identified uncertainties in Table 3.2 were propagated as epistemic uncertainties 

through the simulation model in order to analyze the simulation model results. This was done by 

simulating the liquid loop simulation model as a stand-alone model in order to fit a linear response 

surface (4.2), which describes how the uncertainties in the liquid loop simulation model affect the 

simulation results, with respect to the liquid cooling temperature. This response surface was used to 

get the minimum/maximum output parameter settings as described in Section 4.2. These 

minimum/maximum output parameter settings were then used to analyze the cooling performance 

predicted by the total S-ECS simulation model in Figure 1.1. The minimum/maximum response 

simulations were combined with a nominal simulation. This was done in order to attain the ambient 

air temperature around the system under consideration. This temperature was used to determine 

which of the minimum/maximum output parameter settings to use (remember that the 

minimum/maximum output parameter settings in the liquid loop can change due to the ambient air 

temperature, as discussed in Section 4.1.1). The number of evaluated operating points in the flight 

envelope, where the aircraft altitude is plotted against the speed, was set to 59. Three simulations at 

each evaluated operating point give a total of 177 simulations. An average standard simulation takes 
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approximately 20 minutes, giving a total simulation time of 59 hours. A typical performance plot for 

the nominal endurance time, without any uncertainty information, is shown in Figure 5.1. 

 

Figure 5.1. Stationary nominal performance of the endurance time [min] provided by the cooling system at different 
speeds and altitudes. The dots are the evaluated operating points. 

This shows the system performance without any uncertainties. The evaluation can be combined with 

an uncertainty analysis to further investigate the simulation result. An uncertainty analysis of the 

simulation result can be seen in Figure 5.2, where the uncertain endurance time assigned to each 

evaluation point has been added.  

 

Figure 5.2. The uncertainty of the estimated time associated with the stationary performance, Figure 5.1. The uncertain 
time, displayed with color, is the maximum time deviation possible due to the uncertainties from the nominal time 
performance estimation.  

Two typical simulations when analyzing these stationary operating points with the interval-based 

method are given in Figure 5.3 and Figure 5.4. The maximum heat load powers were initialized when 

the system had stabilized, i.e. when the cooling effect (     ) reached a stationary point. The 

duration time was assumed to be infinite if the system had the ability to control the liquid 

temperature to the reference temperature (    ) when the maximum power had been initialized, 

which is the case for the simulation in Figure 5.3.  
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Figure 5.3. An example of the interval-based uncertainty analysis of the liquid temperature out of the heat exchanger for 
a stationary operating point. A step to the maximum heat load power was done when the heat flow out of the heat 

exchanger (      ) was stabilized, at 600s.  

 

Figure 5.4. An example of the interval-based uncertainty analysis of the liquid temperature out of the heat exchanger for 
a stationary operating point. A step to the maximum heat load power was done when the heat flow out of the heat 

exchanger (      ) was stabilized, at 600s. The simulation was ended when the liquid temperature had been above the 

maximum allowed temperature,     , for 30 seconds. 
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5.2 Dynamic Performance 
Dynamic performance evaluations are important since the actual flight missions are dynamic, 

including a start and a landing, and with varying speed and heat load powers. An evaluation of the 

most common flight missions can give an increased insight into the cooling system performance. The 

interval-based uncertainty analysis method, discussed in Section 4.2, was used to evaluate the total 

simulation model, where the Gripen E liquid loop had been replaced with the Gripen Demo liquid 

loop simulation model. This was done to speed up the simulation and enable a comprehensive LHS of 

the uncertainties and thereby making it possible to compare the interval-based UQ method with a 

comprehensive sampling method. The identified uncertainties (25 uncertainties) in the Gripen Demo 

liquid loop, see Table 3.1 and Table 3.2, were propagated as epistemic uncertainties through the 

simulation model in order to analyze the simulation model results. This was done by simulating the 

Gripen Demo liquid loop as a stand-alone model in order to fit a linear response surface (4.2) 

describing how the uncertainties affect the liquid loop cooling temperature. The minimum/maximum 

output parameter settings were hence found from the response surface. These minimum/maximum 

output parameter settings were then used to analyze the cooling performance predicted by the total 

S-ECS simulation model. The interval-based uncertainty analysis consisted of four different 

simulations since the ambient air temperature can change during the dynamic flight simulation, due 

to aircraft speed and altitude changes. The minimum/maximum output parameter settings for both 

cold and warm ambient air conditions were therefore included, as discussed in Section 4.2, to 

account for these possible changes during the simulation. 

The boundary conditions and the initial conditions, as well as the heat load power were considered 

to be deterministic. The heat load power, aircraft altitude and speed were varied over time in order 

to evaluate the dynamic performance. See Figure 5.5 for a made up flight mission. It can be seen that 

the interval uncertainty analysis encloses the LHS of the uncertainties fairly well. A lack of enclosure 

can occur in transition regions, where the ambient air temperature around the system of 

consideration transitions between cold and warm, compared to the liquid temperature. This change 

in temperature affects which min/max response parameter settings to use in order to get the 

min/max response, since the worst-case temperature might not be achieved with the interval-based 

uncertainty analysis in these transition regions. 
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Figure 5.5. The variation of the liquid temperature out of the heat exchanger during a made up flight mission, where the 
heat load power and the aircraft altitude and speed changes over time. The figure consists of two uncertainty 
propagation methods, LHS of the uncertainties (25 uncertainties and 800 latin hypercube intervals) and an interval-based 
uncertainty analysis (named Min/Max in the figure).  
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6 

6 Conclusions 
 

The main goal of this thesis was to enable and perform an Uncertainty Quantification (UQ) of a large 

and complex 1-D dynamic simulation model. Different methods were investigated in Chapter 4 in 

order to find a suitable method. Both stationary performance simulations with constant 

speed/altitude states and dynamic performance simulations with varying speed/altitude states were 

evaluated. Many popular methods used when analyzing complex simulation models in the UQ 

community involve some sort of surrogate approximation of the simulation model. Attempts to 

utilize a surrogate approach in this thesis included a simplified simulation model (grey-box), only 

containing the equations considered most important, and a neural network surrogate approach. 

Three drawbacks were found with these approaches, the accuracy demand of the surrogates (it is 

undesirable to have an uncertain uncertainty analysis) and the difficulty of including all uncertainties 

into the surrogates, as well as the dimensionality of the inputs, such as speed, altitude, heat loads, 

climate and engine thrust.  

Propagating a large amount of uncertainties with some sampling method directly through the 

complex simulation model was considered unfeasible due to the computational expense of the total 

simulation model.  

The proposed method, found feasible for the type of simulation model investigated in this thesis, 

was an epistemic approach that minimizes the number of simulations needed of the total simulation 

model, see Section 4.1.2. The total simulation model consists of sub-models that run much faster 

when simulated separately, compared to running the total simulation model as a whole. This feature 

can be utilized in order to reduce the computational cost of the UQ. The sub-models can be analyzed 

alone in order to find their minimum/maximum output parameter settings. These parameter 

settings, from the different sub-models, can be combined in order to get the min/max response of 

the total simulation model. Problem can arise when combining uncertainties from different sub-

models since the sub-models might have unsuspected interactions. The idea when deriving the 

minimum/maximum output parameter settings is to analyze the sub-models with respect to their 

contribution to the cooling performance of the total system. For example, one could assume that 

better cooling performance of a subsystem should give a better cooling performance for the total 

cooling system. This assumption makes it possible to combine the minimum/maximum output 

parameter settings from the different sub-models in order to get the total simulation model output 

interval. 

An epistemic propagation approach does therefore not increase the computational cost significantly 

compared to only simulating the model with nominal parameters. This approach also enables a 

propagation of many uncertainties, over 200 were taken into account in the uncertainty analysis of 

the complex simulation model evaluated in this thesis. 
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An epistemic UQ approach was also found to be a suitable approach when analyzing simulation 

models with a control system. The impact from the uncertainties might not affect the ability of the 

cooling system to control the output (liquid temperature) to the chosen reference value, since the 

available cooling power of the system can be more than enough for certain operating conditions. 

These simulations are unnecessary to evaluate with a more comprehensive propagation method, 

since the output (liquid cooling temperature) always will be close to the reference value. This implies 

that the most interesting simulations are those where the system start to have cooling problems. It 

can be seen in Figure 5.2 that the most uncertain simulations are found between the regions where 

the endurance time is infinite and where the endurance time is close to zero. A probabilistic 

approach would, for these simulations, be of interest in order to get an increased understanding of 

whether the predicted system performance seems to be sufficient or not. 

An epistemic uncertainty analysis approach significantly reduces the engineering workload since 

there is no need to characterize the uncertainties as aleatory [2]. However, one might want to 

establish the uncertainty intervals as exactly as possible, since this information can be propagated. A 

local Sensitivity Analysis (SA) can for this type of system be used to identify which uncertainties to 

characterize more precisely and which uncertainties to treat as deterministic due to their 

insignificance. This can reduce the characterization workload even further.  

One could argue that an epistemic approach to uncertainty analysis is the only reasonable approach 

when propagating equation uncertainties through a dynamic system. Uncertainties originating from 

equations can in theory change during the simulation, i.e. they should not have one fixed value 

during an entire simulation. It is important to be aware of this when interpreting the UQ results of 

dynamic simulation model when combining epistemic equation uncertainties with aleatory 

uncertainties. Assuming all uncertainties as aleatory, in order to get rid of the outer loop in equation 

(2.1) can be dangerous due to the true nature of the equation uncertainties. A probability box, 

discussed in [1,6], can combine aleatory and epistemic uncertainties and be built up with equation 

(2.1). The interval-based uncertainty analysis, proposed in this thesis could be used to propagate the 

set of epistemic uncertainties combined with a sampling of the aleatory uncertainties. A probability 

box could therefore be derived without an outer loop since the aleatory uncertainties could be 

sampled in combination with the epistemic minimum/maximum output parameter settings, and thus 

reduce the computational expense, equation (2.1) into      . In order to determine whether a 

probability box is worthwhile to derive one could analyze the uncertainties with a SA. If the 

sensitivity of the aleatory uncertainties is considered as low, one could consider these uncertainties 

as epistemic instead, and thus reducing the computational expense by only utilizing the interval-

based uncertainty analysis method. 
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7 

7 Discussion and Future Work  
 

7.1 Discussion 
The recommended approach in this master thesis, when analyzing a 1-D dynamic simulation model, 

is to characterize and propagate all the uncertainties as epistemic in order to reduce the 

computational expense. This approximate interval-based method described in Section 4.2 makes it 

feasible to find the minimum/maximum response when analyzing the stationary performance with 

two simulations of the total simulation model. Four simulations are needed of the total simulation 

model when analyzing the dynamic performance, since potential changes in of the ambient air 

temperature requires two different sets of the min/max uncertainty parameters, as discussed in 

Section 4.2.  

The main disadvantage with this method is that aleatory uncertainties cannot be propagated. This 

might not affect an UQ at the early stage of the system development when measurement data are 

scarce. However when the knowledge of the uncertainties increases one cannot take benefit of this 

information with the interval-based UQ method. A solution to this problem could be to extend this 

method with a probabilistic approach as mentioned in Chapter 6, where the suggested interval-based 

method could be combined with a sampling of aleatory uncertainties in order to create a probability 

box [1,6], with low computational expense. 

The interval-based method can give extreme results for simulation models with many uncertainties, 

since the likelihood of the worst-case combination to occur decreases with the number of 

uncertainties. The liquid loop simulation model has over 200 uncertainties, making the 

minimum/maximum response rather unlikely. Propagation using some probability information would 

therefore be of interest in order to get an increased understanding of the simulation response. This 

could to some extent be solved with the one uncertain parameter analysis, discussed in 

Section_4.1.3, where the interval-based method is extended in order to get an increased 

understanding of the response.  

While the one uncertain parameter analysis method can be further examined, one could still make 

good use of the interval-based UQ method for this type of system. It can serve as a good indicator to 

where the system can be assumed to deliver enough performance, and where caution has to be 

taken or where the simulation model has to be further examined, as is shown in the uncertain areas 

in Figure 5.2, or the temperature deviations in Figure 5.5. One can end up with an inaccurate 

estimation of the true system performance when only using a nominal simulation if the simulation 

model uncertainties are believed to have an impact on the simulation results. This makes the work 

difficult for decision-makers. However by adding the min/max response simulations one could tell 
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where the system definitely delivers enough performance and where it does not. Such an analysis 

could therefore be of help for decision-makers. 

While the interval-based method lack probability information it can still increase the understanding 

of the simulation model response uncertainty. It can also serve as a complement to other methods 

such as surrogate-based uncertainty analysis, as a way to validate the result by making sure that the 

response of the surrogate is enclosed by the min/max response obtained from the original simulation 

model. 

Adding uncertainties from other sub-models will not increase the number of simulations needed of 

the total simulation model. The total computational expense will only increase if the min/max 

response uncertainty settings have to be found by simulating the sub-models separately, similar to 

the response surface made to analyze the liquid loop simulation model uncertainties. The 

computational expense of adding uncertainties from other sub-models can therefore be considered 

as relatively low for the simulation model evaluated in this thesis.  

Another approach of how to identify which uncertainties that affect the total simulation model is to 

apply a SA directly on the total simulation model. The idea is to assign all sub-models with only an 

output uncertainty, in order to identify the sub-models that affects the response the most. This 

approach could lead to a significant reduction of the characterization workload if one can neglect 

uncertainties from a sub-model, due to their insignificant impact on the response. This approximate 

SA approach could be further examined.  

7.2 Future Work 
The uncertainty analysis of the S-ECS simulation model only included uncertainties from the liquid 

loop simulation model. Uncertainties from the other sub-models in Figure 1.1 can be included by 

using the same method as for the liquid loop sub-model when analyzing the total simulation model 

with the interval-based uncertainty analysis. 

The one uncertain parameter analysis method, discussed in Section 4.1.3, can be further investigated 

in order to increase the understanding of the uncertainty analysis result of the total simulation model 

that contains a control system. 

Other surrogate approaches can be investigated in order to reduce the computational expense and 

enable a propagation of aleatory uncertainties. Salteilli [15] states that in order to enable a global SA 

of a simulation model that takes more than 10 minutes to simulate one has to make a surrogate. The 

same reasoning can be done for the simulation model evaluated in this thesis if one wants to 

extensively propagate aleatory uncertainties.  



43 

 

  

References  
 

[1]  Roy, C.J., Oberkampf, W.L., (2011), ‘A comprehensive framework for verification, 

validation, and uncertainty quantification in scientific computing’, Computer Methods 

in Applied Mechanics and Engineering, Vol.200: 2131-2144, No.25-28.  

[2]  Carlsson, M., Steinkellner, S., Gavel, H.,Ölvander, J. (2013),‘Enabling Uncertainty 

Quantification of Large Aircraft System Simulation Models’, CEAS 2013 Conference, 

Linköping, Sweden.  

[3] Swiler, L.P., Wyss, G.D, (2004), ‘A user’s guide to Sandia’s latin hypercube sampling 

software: LHS UNIX library and standalone version’, Sandia National Laboratories, 

Albuquerque, NM.  

[4]  Carlsson, M., (2013), ‘Methods for Early Model Validation: Applied on Simulation 

Models of Aircraft Vehicle Systems’, Linköping Studies in Science and Technology, 

Thesis No.1591, Linköping University, Sweden.  

[5]  Allaire, D., Willcox, K., (2010), ‘Surrogate Modeling for Uncertainty Assessment with 

Application to Aviation Enviromental System Models’, AIAA Journal, Vol.48, No.8: 

1791-1803.  

[6]  Kreinovich, V., Beck, J., Ferregut, C., Sanchez, A., Keller, G.R., Averill, M., Starks, S.A., 

(2007), ‘Monte-Carlo-Type Techniques for Processing Interval Uncertainty, and Their 

Potential Engineering Applications’, Reliable Computing, Vol.13, No.13: 25-69.  

[7]  Helton, J.C., Davis, F.J., (2003), ’Latin Hypercube Sampling and the Propagation of 

Uncertainty in Analyses of Complex Systems’, Reliability Engineering & System Safety, 

Vol.81, No.1: 23-69. 

[8] Çengel, Y. A., Turner, R. H., Cimbala, J. M. (2008). ‘Fundamentals of thermal-fluid 

sciences’, Boston, London, McGraw Hill Higher Education. 

[9] Khuri, A.I., Mukhopadhyay, S. (2010). ‘Response surface methodology’, WIREs: 

Computational Statistics, Vol.2, No.2: 128-149.  

[10] Swiler, L.P., Paez, T.L., Mayes, R.L., (2009). ‘Epistemic Uncertainty Quantification 

Tutorial’, In the Conference Proceedings of the Society for Experimental Mechanics 

Series, No. IMAC-XXVII: Conference and Exposition on Structural Dynamics – Model 

Verification and Validation.  

[11] Saltelli, A., (2008). ‘Global Sensitivity Analysis: The Primer’, Chichester, England; 

Hoboken, NJ: John Wiley.  

[12] Steinkellner, S., (2011). ‘Aircraft Vehicle Systems Modeling and Simulation under 

Uncertainty’, Linköping Studies in Science and Technology, Thesis No.1497, Linköping 

University, Sweden. 



44 

 

  

[13] Devore, J.L., (2012), ‘Probability and Statistics for Engineering and the Sciences’, 

Australia; Boston, MA: Brooks/Cole, Cengage Learning. 

[14] Ljung, L.., Glad, T., (2004). ‘Modellbygge och simulering’, Lund: Studentlitteratur, 

Sweden. 

[15] Codecà, F., Casella, F., (2006). ‘Neural Network Library in Modelica’, The Modelica 

Association, 549-557, Politecnico di Milano, Italy. 

[16] Rennels, D.C., Hudson, H.M., (2012). ‘Pipe Flow: A Practical and Comprehensive Guide’, 

John Wiley & Sons, Hoboken, New Jersey. 

[17] Moon, K., Weston, N., Mavris, D.N., (2007). ‘A Method for Speeding up the Time-

Domain Simulation of a Complex System Using Surrogate Modeling Technique’, ASNE 

Automation and Control Conference, Biloxi, MS. 

[18] Modelica, https://www.modelica.org/, [Online; accessed 27-08-2014]. 

[19] Dymola, http://www.3ds.com/products-services/catia/capabilities/systems-

engineering/modelica-systems-simulation/dymola/, [Online; accessed 27-08-2014]. 

[20] MATLAB, http://se.mathworks.com/products/matlab/ , [Online; accessed 02-01-2015]. 

 

 

https://www.modelica.org/
http://www.3ds.com/products-services/catia/capabilities/systems-engineering/modelica-systems-simulation/dymola/
http://www.3ds.com/products-services/catia/capabilities/systems-engineering/modelica-systems-simulation/dymola/
http://se.mathworks.com/products/matlab/

