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Abstract: Using mathematical behaviour models to determine system
performance is crucial to the design of complex systems. Nevertheless, during
the early stages of design, it is often difficult to create behavioural models as
component solutions have not been fully identified. What is known is
information about the desired functionality of the system is known. Particularly
for complex system design, functional-based representations are important
during the early stages of design. The objective of the work presented in this
paper is to develop a functional model-based method for creating behavioural
models to facilitate early behaviour model creation, model reuse, and concept
evaluation. Significant contributions of this work include establishing the
method and the formal addition of quantitative flow modelling to existing
qualitative functional modelling methods. This quantitative flow modelling
method enables a natural and consistent extension of qualitative functional
modelling to quantitative behaviour modelling. An extensive example
application of the method based on the dynamic modelling of a Society of
Automotive Engineers Formula competition racecar is included to illustrate and
verify the method.
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1

Introduction

Behavioural modelling, the process of using quantitative models to investigate the
performance of a system relative to requirements and specifications, is a basic part of the
systems engineering process. Currently, the behavioural modelling process is essentially
component driven: the intended functionality of a system is described, component
solutions are identified for this functionality, and then behavioural models are created
based on the identified components. During a typical behavioural modelling process, the
functional description of the system is largely ignored. In this work, a function driven
behavioural modelling approach is introduced as a fundamental component towards the
tying together of functional modelling, concept generation, concept selection, and
behavioural modelling.
This function-driven behavioural modelling approach is described in four sections.
Section 2 outlines current systems engineering practices and illustrates how the
function-based behavioural modelling (FBBM) approach integrates within this work.
Section 3 describes the modelling approach in detail. A complete case study for a large
system is then presented in Section 4. Finally, conclusions and future work are presented
in Section 5.
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Design of systems

The behavioural modelling framework developed here complements and integrates with
formal design processes such as those used to design complex systems. Formal design
processes for large complex systems can be classified as the ‘European’ or traditional
approach and ‘systems engineering’ approach, perhaps more associated with the
evolution of ideas that originated primarily in The US National Aeronautics and Space
Administration (NASA).
The European school of mechanical design is exemplified by the work of Pahl and
Beitz (1996) and Pahl et al. (2007). Other research into design methodologies within this
body of work define similar processes involving more or less the same four steps
(Otto and Wood, 2001a; Suh, 1998; Ullman, 2002). A comprehensive review of
systems engineering can be found in a text by Sage and Armstrong (2000). Both
schools of engineering design promote the same basic order of operations during the
initial stages of system design: identify what needs to be done at a functional level, find
solutions that can accomplish this functionality, compare the solutions through the use of
models, and make a decision about which solutions to investigate further. It is this exact
sequence of engineering activities that FBBM aims to assist by augmenting currently
recommended systems engineering practices with formal functional modelling and
FBBM.

2.1 Functional modelling during design
The formal functional decomposition of a complex design problem is promoted in both
traditional engineering design (Pahl et al., 2007) and systems engineering (Sage and
Armstrong, 2000). Several methods exist for performing this decomposition. System
engineering texts often use the function-flow block diagram (FFBD) approach (Morgan,
2006; Blanchard and Fabrycky, 2006). These models include the desired functional
elements of a system along with a logic-based control flow connecting these functions.
FFBDs evolved within the systems engineering community (Blanchard and Fabrycky,
2006).
A similar functional decomposition approach evolved within the traditional
engineering design approach beginning in the early 1960s (Miles, 1972). This functional
analysis approach focused on the use of verb-noun pairs along with an explicit
breakdown of flows into energies, materials, and signals. This flow-based approach has
been extensively researched and formalised with the creation of a function lexicon known
as the functional basis in the work of Hirtz et al. (2002). The benefits of this approach
over the FFBD approach include the use of a standard modelling lexicon and an emphasis
on the energy and material flow interaction of the functions.
Independent researchers have critiqued and verified the functional basis lexicon and
associated flow-based modelling methodology for engineering design applications
(Gietka and Verma, 2002; Ahmed and Wallace, 2003). The functional basis continues to
gain increasing acceptance as the preferred representation and lexicon for functional
modelling (Dieter and Schmidt, 2009). Other researchers are extending it with rules and
grammars for functional model creation (Caldwell and Mocko, 2008). Other extensions
related to the specific use here include a sensitivity-based analysis method for comparing
concepts during concept selection (Hutcheson and McAdams, in press). For a complete
survey of this branch of functional analysis see Nagel et al. (2008). For the remainder of
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this paper, a functional model will refer to a formal, flow-based functional decomposition
of a system using the functional basis approach (Hirtz et al., 2002).
The functional decomposition of a system allows a complex design problem to be
broken down into smaller elements that can then be analysed in detail. In most formal
system design methods, the functional decomposition is also recommended as the starting
point for identifying potential solutions to the design problem. The primary reason for
this recommendation is that functional models allow designers to represent a system with
minimal dependence on a particular physical, form-based solution. Functional abstraction
decouples the task of representing what a system needs to do from how it is going to do
it. From morphological charts (Otto and Wood, 2001b) to current knowledge driven
concept generation algorithms (Kurtoglu and Campbell, 2008), significant research has
been conducted into expanding the ability to explore a problem solution space by using
function-based methods.
The importance of functional abstraction and the associated decoupling of function
and form is demonstrated in the following example. If asked to design an open reservoir
system that extends a single piston (with an external return force) with single manual
control input actuation, a hydraulics designer would likely start by creating a schematic
like the one shown in Figure 1. Though the diagram in Figure 1 is an abstraction, it is an
abstraction of specific component families that implies significant assumptions about the
form of the solution. In design cases where the technologies of the solution space are not
yet established, a less form-specific representation should be used during the early stages
of design. As a contrast, the same basic functionality of the system, represented with
minimal assumptions about form, appears in the functional model in Figure 2.
Figure 1

A hydraulic system schematic

Figure 2

A functional model of a hydraulic system

A model such as the one in Figure 2 enables engineers to investigate potential design
solutions that may not have been considered if a physical form and technology had
already been selected. Similar to the detail implied in Figure 1, functional models can be
further decomposed into form-specific models once component-based solutions have
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been identified. This is done by updating the original functional model with functions
specific to the selected components as exemplified by the functional model in Figure 3.
Figure 3

A component specific functional model of a hydraulic system

2.2 Behavioural modelling during design
Mathematical models are useful evaluation tools throughout the design process. During
the planning phase, energy balance equations can be used to identify size and
performance requirements, cost models can be used to estimate potential product cost,
time-to-market models can be made, etc. During conceptual design, models are used to
estimate performance and other aspects of a potential concept such as weight and size.
These models can in turn be used to compare concepts during the concept selection
process. During embodiment design, behavioural models are used for detailed analysis of
components such as a finite element analysis or entire system simulations. Additionally,
during embodiment design, behavioural models for auxiliary functionality are made.
These more detailed models can then be used to further evaluate and optimise a design.
Because models are used for varying tasks through different phases of design,
multiple modelling paradigms are often used during the design of a single system. In
general, different problems require different modelling approaches. Algebraic equations
might be suitable for some modelling efforts. Partial differential equations can appear
when creating high-fidelity models resulting from analysing stresses and fluid flows.
Design-of-experiments (DOE) models can be used to analyse the results of experiments
on prototypes. Ordinary differential equations (ODEs) and differential algebraic
equations (DAEs) are frequently encountered during systems modelling tasks. The wide
range of modelling paradigms used in the design of complex systems has resulted in an
effort to create tools and frameworks to better create design models.
Generic component-based system modelling languages such as Modelica (The
Modelica Association, 2007) have been developed as a means to model complex systems
across multiple domains. Simulations of systems (The MathWorks Inc., 2007; Laminar
Research, 2007; Mechanical Car Simulation Company, 2007) are also useful for
designing complex systems that incorporate multiple domains, but are generally limited
to a few well-understood cases. Dynamic systems can be represented using bond graphs
(Karnopp et al., 2000; Bracewell and Sharpe, 1996). Computational fluid dynamics and
finite element analyses are used to model domain specific problems such as stress
analysis or flow over aerodynamic surfaces. Discrete event models appear frequently in
complex systems engineering problems and information intense systems.
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What these methods all have in common is that they are mathematical representations
of the transformations of inputs to outputs. They are model representation formats and
each has its own method of solution and development process.

2.3 Opportunities to improve upon current practices
Currently, behavioural modelling is considered more of an art than a science (Cross and
Moscardini, 1985; Giordano, 1985; Fawkes and Mahony, 1994). The creation of
behavioural models is based primarily on an engineer’s personal experience and the
resultant problem specific judgement and insight. The personal experience is generally
tied to a component that fulfils some function, not the function itself. As a result, the
decomposition of complex behavioural modelling tasks is generally performed at the
component level. Thus, if different sets of components are used to solve the same
problem, a new model decomposition and development must be done. Because of this, it
is often difficult to create detailed behavioural models early in the design of a system
when there are multiple potential conceptual solutions and detailed component
information may not be completely available.
Functional models provide an opportunistic starting point for creating behavioural
models. A functional model contains encapsulations of desired transformations, explicit
definitions of energy, material and signal flows, and flow routing information. In related
work, functional modelling techniques have successfully been used to drive the
mathematical modelling of systems in limited applications (Chandrasekaran et al., 1993;
Tomiyama et al., 1993; Yekula et al., 2003). The use of functional models to assist
model-based design of systems using discrete state behavioural models is demonstrated
in Bhatta et al. (1994). In this work, the functions in the functional models are
represented as a schema that specifies the behavioural state the function takes as input,
the behavioural state it gives as output, and a link to internal causal behaviour that
identifies the behaviour that enables the function (Bhatta and Goel, 1994).
The method developed here differs from earlier proposed FBBM approaches in that it
uses the functional basis flow-based functional modelling method and does not prescribe
a fixed behavioural model format (such as bond graphs).

3

Function-based behavioural modelling

The process of FBBM consists of four basic steps along with iterations between the steps.
These steps and their iteration loops are outlined in Figure 4 and are explained in detail in
this section.

3.1 Functional modelling
The first step in the FBBM process is creating a functional model of the system. The
functional model graphically captures both the overall and detailed functionality of the
system. The objective of this step is to model all of the important transformations of
energies, materials, and signals. To promote model reuse in subsequent steps, a standard
taxonomy such as the functional basis is used when creating functional models.
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FBBM approach

To create a functional model for a system, a black box model is first created. This model
captures the overall functionality of the system along with external energy, material, and
signal flows. These external flows are used later to create detailed chains of internal
functions. The overall function is selected by determining the most important aspect of a
product’s required functionality based on the needs of the user.
Once the black box model has been created, a detailed functional model is made. The
detailed functional model captures the sequence of transformations that must occur on
external input flows in order for them to become the desired output flows. The objective
of this step is to determine exactly what needs to be done by the system in order to satisfy
the user’s needs. How these functions are satisfied is addressed during the behavioural
modelling steps. The general process for creating such a functional model involves
selecting an input flow from the black box and identifying the chains of functions that
must occur in sequence to transform the input flow into one or more of the output flows.
The chains are then aggregated and combined to create a complete functional model.

3.2 Quantitative flow variable identification
The functional model for a system abstractly and qualitatively captures what a system
must do in order to satisfy the user’s needs. The behavioural model quantitatively
expresses how these needs are fulfilled by the functions. The next step in the FBBM
process is to express the qualitative material, energy, and signal flows with quantitative
descriptors termed quantitative flow variables. The quantitative flow variables represent
numeric quantities that are operated on by the behavioural model. Representing all
qualitative flows with quantitative variables is necessary to model the impact of each
function on the flow as it sequences through the function chain.
Before appropriate quantitative flow variables can be selected, the behavioural model
type needs to be considered. Selection of a model type depends on the information
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desired from the model as well as the information that is available regarding the specific
solutions to functions. If the behavioural model is being used very early in the design of a
system, there might not be much information available regarding potential solutions. As a
result, a lower-fidelity, less solution-specific model is appropriate. Such models include
basic energy and mass conservation equations along with simple signal processing
models. The quantitative flow variables required for such models include energies
expressed as power flows, mass flows (kg/s, etc.), and continuous or discrete signals.
For higher fidelity models, the form of the model becomes more specific to the
physical form of identified solutions. These models include FEA stress models of
components, CFD flow models, simulations, etc. In such models, quantitative flow
variables reflect energy flows. Frequently, they are broken down into formal power flow
and power effort components such as force with displacement, pressure with flow rate, or
voltage with current (Karnopp et al., 2000).

3.3 Model element identification
The next step in the FBBM process is to identify behavioural model elements. The
objective of this step is to find a mathematical relationship between the input and output
flow variables for each function in the functional model. If the model is being created
early in the design process, the model elements are created as form-independently as
possible. If component solutions have been identified, the models can be more detailed to
include component-specific information. If the model is to be used for component
selection, then various models of the different potential component solutions for each
function should be made. These models may be reused from prior solutions with similar
functions (and correspondingly similar input and output flows) or can be derived using
first principles. The type of model used for each function depends on the overall
objectives of the model. FBBM is not a model representation format, but rather a method
for organising and structuring the model development process. Thus, selection of a
suitable model representation format is dependent on the modelling objectives and is left
to the designer.
During the model element identification step, the designer may notice overlooked
flow variables and needed system functionality. If this is the case, these elements are
added to the model and their impact on the existing model elements accommodated. The
benefits of using a functional model for organising the behaviour modelling task are
apparent here. The original copies of the model can be saved and the updated versions
tracked along with any other information discovered during the modelling process. This
information can be associated with functionality, stored in a design repository, and
retrieved when designing systems with similar functions.

3.4 Model solution
The particular solution method required for the behavioural model depends on the type of
the model. For certain classes of problems, general solutions are available. For
combinations of linear, non-DAEs, matrix methods can be used. For linear differential
equations, state-space representation and solution can be used. General systems of
non-linear algebraic equations can be found with n-dimensional root finding algorithms.
If the behavioural model elements are Simulink blocks or Modelica code, then Simulink
or a Modelica compiler can be used to solve the problem. As with the previous step,
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during model solution, missing functionality or quantitative flow variables as well as
improper model elements may be identified. If this is the case, then iterations returning to
prior steps should be done. Once again, copies of the model elements and changes should
be tracked and associated with functionality for reuse.

3.5 Discussion
The process of constructing a behavioural model from a functional model is done in four
steps: functional model creation, quantitative flow variable identification, model element
identification, and model solution  along with any iterations required to arrived at the
desired solution. The result of this process is a mathematical model of a system that is
tied to its functionality. The FBBM modelling method includes five important
contributions to system modelling practice:
1

it links behavioural model decomposition with functional decomposition

2

it creates a framework to reuse behavioural model elements based on common
functionality

3

it creates a framework that enables swapping of model elements with varying fidelity

4

it provides a framework for linking function-based component identification with
mathematical component combination evaluation

5

it links assumptions made during mathematical modelling to their effects on the
functionality of the product and vice-versa.

Contribution 1 is enabled by the creation of a functional model early in the design
process. This model is then used as the starting point for the behavioural modelling tasks
that occur later on. The second contribution is enabled through the storage of behavioural
model elements based on their associated function. Once a complete behavioural model
has been created for a system, model elements can be stored, along with their associated
functions and components plus the assumptions made during the model creation process,
in a design repository. When creating behavioural models for new systems, the functional
model of the new system can be used to look up model elements and component
solutions from prior designs based on common functionality.
The third contribution stems from the use of functional model flows for quantitative
flow variable identification. The flow variables that are evaluated by the behavioural
model are tied to the energy and material flows in and out of its associated functions. As
long as a behavioural model operates on the same input and output flow variables and
contains the same number of independent relationships, the model can be used in the
overall solution. Thus, the underlying model for a single function can be developed at
different levels of fidelity and swapped in or out of the system model. Such a framework
allows a detailed exploration of solutions for some function while leaving other functions
modelled at coarse level of fidelity.
If a large set of existing model elements is available for the functions in a functional
model and the behavioural model elements for each function have compatible input and
output flow variables, the method allows mathematical evaluation of multiple concepts.
Through enumerated or guided searches, the behavioural model elements from prior
solutions to the functions in the system being designed can be assembled according to the
flow connectivity in the functional model. The result is a well-defined (and potentially
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automated) method for creating a mathematical evaluation model for multiple concept
solutions to a functional model.
The fifth contribution is implemented by associating the functional and behavioural
model elements. When a change is made to a behavioural model, its effect on the
functional model should be investigated. The opposite should also be considered. When a
change is made to the functionality of a system, its impact on the behavioural models
should be explored. By keeping track of these changes and their effects, this information
can be preserved for use in designing future similar systems.
The method presented here has some apparent similarities to component-based
modelling methods such as bond graphs and block diagrams. However, it has a key
fundamental difference. The approach presented here is a method for associating a
mathematical model to a set of functions rather than a mathematical model representation
method. A major objective of the work is to not limit the approach to a specific model
representation format and/or solution method. In the following example, multiple
modelling techniques are used to create a complete automotive simulation including
linear dynamic equations, non-linear algebraic equations, and a complex experimental
tire model.

4

Automotive model example

To illustrate FBBM, the process is used here to create a dynamic model of a Formula
SAE racecar. Formula SAE is a collegiate design competition that requires students to
design, build, test and, compete with an open-wheeled racecar (The Society of
Automotive Engineers, 2007). The objective of the model created here is to create a
platform for evaluating suspension and tire design and setup decisions focused on highspeed performance and handling. Consistent with the philosophy of design modelling, the
goal is to make the decisions as accurately as possible without having to build prototypes
or conduct costly testing. Based on the vehicle dynamic performance focus, the
functional and behavioural modelling aspects of this example are limited to those that
directly affect vehicle dynamic performance. Each of the four-step behaviour modelling
steps, along with results, is presented in this section.

4.1 Functional modelling
The first step in creating a functional model for the racecar is to create a black box model.
The overall function of the car is to transport the driver (human) around a racetrack. The
next step is to find the overall flows in and out of the system. Since the model objective is
to determine the suspension and handling aspects of the car, only input and output flows
that impact vehicle dynamics are considered. These flows include the ground (solid) and
the mechanical energy transmitted to it as it passes through the system. Additionally,
there are flows of pneumatic energy (from aerodynamic forces), translational energy
from gravity and a rotational energy flow representing the energy input from the engine.
The driver’s inputs to the system are modelled as throttle, steering, and braking control
signals. Two signal outputs are included for the system: the state of the engine and the
motion of the car. The overall function and flows are shown in the black box functional
model shown in Figure 5.
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Black box functional model

Figure 6 shows a conceptual level functional model. Such a functional model is
consistent with one created during a conceptual design project in which there are few
constraints or assumptions about the use of the vehicle. As the goal here is to create a
quantitative vehicle dynamics model from a functional model, the functional model
development extends with this specific focus.
Figure 6

Conceptual vehicle functional model

Note: *Driver input control passes into these functions

Continuing, the flows in the black box model are now used to create a complete
functional model. The complete model is created by selecting an input flow and
identifying the chain of functions that must occur on the flow in order to transform it to
one or more of the system’s outputs. For example, the solid flow of the ground is
imported into the system. The mechanical energy associated with this flow is then
transferred through the system by the suspension of the car. Next, this energy is
distributed through the frame of the car before being transferred through the other
suspension corners in the system and finally exported from the system. Since a Formula
SAE car must contain four wheels, four of these flow chains are considered. Chains are
also created for the other flows in the black box. These chains are then aggregated to
produce a complete functional model. A functional model that focuses on important
functions for vehicle dynamics is shown in Figure 7. Again, two-way arrows are used in
this model to simplify the model representation (as opposed to showing function chains
for each direction). The use of two-way arrows versus one-way arrows has no explicit
impact on causality in the behavioural models, it is simply a way of tidying up the model.
Additionally, carrier flow relationships (Nagel et al., 2007) are used to simplify the
importation of mechanical energy from the ground. The mechanical energy is carried into
the system via the solid flow of the ground.
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The functional models for the vehicle shown in Figures 6 and 7 are consistent with
accepted functional modelling methods (Dieter and Schmidt, 2009; Otto and Wood,
2001a; Nagel et al., 2008). Specifically, these models use the functional basis for
functional representation and the associated flow-based method in which the product
functions operate exclusively on the flows and not on the product itself. Nevertheless, the
functional model in Figure 7 represents an extension beyond typical current functional
modelling practice. The model here has been created with a focus on behavioural
modelling of vehicle dynamics: the product functions crucial to dynamic performance are
modelled. Thus, required vehicle functionality such as import energy for bringing fuel
into the vehicle, and shown in Figure 6 conceptual level functional model, is not
included.
Figure 7

Vehicle dynamics functional model

4.2 Quantitative flow variable identification
The next step in creating the behavioural model for the car is to identify the quantitative
flow variables to be explicitly modelled. To complete this step, each qualitative energy or
material flow in the model is broken down into a number of quantitative variables to be
constrained through mathematical models. For example, the mechanical energy flow
between the distribute mechanical energy function (the car’s frame) and the transfer
mechanical energy functions (the suspension corners) consists of both rotational energy
and translational energy. The rotational energy is modelled as a three-dimensional
moment vector along with an angular acceleration. Similarly, the translational energy
component is modelled as a 3D force vector along with a translational acceleration. The
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result is four descriptors each with three vector components resulting in twelve
quantitative flow variables.
In this case, the total number of quantitative flow variables exceeds the number of
variables minimally required to model this aspect of the system (12 variables versus one
actual degree of freedom). From a computational point of view, the explicit
representation of these quantitative flow variables increases the computational solution
time required for the complete model. Traditional methods for dynamics modelling such
as a virtual work approach as presented in (Shi and McPhee, 2000) combined with the
correct selection of generalised coordinates allows a modeller to reduce the number of
variables in the problem and produce a more computationally efficient model for
solution. Comparing the two approaches, traditional methods require extra work and
expertise on the part of the modeller. The method used in this example requires extra
work on the part of the computer during model assembly. Additionally, traditional
modelling methods do not enable the model flexibility and element reuse feature inherent
in the FBBM approach presented here.
A detailed example of developing quantitative flow variables from qualitative energy
or material flows is show in Figure 8. In this case, the function is transfer mechanical
energy which, in vehicle terminology, represents the left front suspension of the vehicle.
Qualitatively, the flows are mechanical energy. The quantitative flow variables are
specific values that represent accelerations, forces, and moments of this energy flow.
Figure 8

Model elements for left front suspension (Transfer Mech. E.)

Another example of selecting quantitative flow variables comes from the four regulate
mechanical energy functions attached to each suspension corner. These functions
represent the functionality of the car’s brakes which regulate the flow of energy from the
spinning wheels to the suspension corners. This flow is controlled by a signal imported
from the driver. The control signal input from the driver is assigned a single continuous
quantitative flow variable CB. This signal is distributed to the four corners of the car by a
distribute control function. Each of these distributed flows is given an additional
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quantitative flow variable called CBi where i is a number that corresponds to each of the
four corners (1  front left, 2  front right, 3  rear left, 4  rear right). Each regulate
mechanical energy function takes this quantitative flow variable as an input and uses it to
regulate the moment and angular acceleration quantitative flow variables from the
import/export solid function (the car’s wheels) to the transfer mechanical energy function
(the suspension corners).
Proceeding with each function, and the flows between them, the quantitative flow
variables are developed in this fashion. For the vehicle example here, quantitative flow
variables are listed for all of the flows in the functional model in Table 1. Assumptions
used in developing this behavioural model and selecting the associated quantitative flow
variables include a non-dynamic engine model, forceless control inputs, and a
linear-slider suspension.
Table 1

Quantitative flow variable table

Origin function
External

Destination function

Qualitative
flow

Quantitative
flow variable

Import control

Control

CB

External braking
input

Description

Import control

Distribute control

Control

CB

Braking control

Distribute control

Regulate Mech. E.

Control

CBi

Regulate Mech. E.

Transfer Mech. E.;
import/export solid

Mech. E.

G
M Bi

Braking control
(per wheel)
Braking moment

Import control

Control

CS

External steering
input

Import control

Distribute control

Control

CS

Steering control

Distribute control

Transfer Mech. E.

Control

CSi

Steering control
(per front wheel)

Import control

Control

CT

External throttle
control

Import control

Regulate Rot. E.

Control

CT

Throttle control

Regulate Rot. E.

Change Rot. E.

Rot. E.

ME,ZE

Engine moment,
speed

Change Rot. E.

Distribute Rot. E.

Rot. E.

MT,ZT

Transmission
moment, speed

Distribute Rot. E.

Transfer Mech. E.

Rot. E.

MDi,ZDi

Half-shaft moment,
speed

Distribute Mech. E.

Measure Mech. E.

Mech. E.

D F , aF

Measure Mech. E.

External

Status

Measure Mech. E.

External

Status

G G
vF , Z F
G G
qF , rF

Distribute Mech. E.

Transfer Mech. E.

Mech. E.

D F , aF

Distribute Mech. E.

Transfer Mech. E.

Mech. E.

G G
FSi , M Si

External

External

G

G

G

G

Acceleration of
frame
Velocity of frame
Orientation,
position of frame
Acceleration of
frame

Suspension
reactions
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Quantitative flow variable table (continued)

Origin function

Destination function

Qualitative flow

Quantitative
flow variable

Description

Distribute Mech. E.

Import/export ground

Mech. E.

FKi

Damper force

Transfer Mech. E.

Import/export ground

Mech. E.

DWi , aWi

Wheel
acceleration

Transfer Mech. E.

Import/export ground

Mech. E.

G G
FWi , M Wi

Wheel
reactions

External

Import/export ground

Mech. E.

G G
FGi , M Gi

Ground forces

External

Import/export ground

Solid

G G
uˆGi , rGi , vGi
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4.3 Model identification
Once quantitative flow variables are identified for each function, behavioural model
elements are developed that relate the input and output quantitative flow variables for
each function. The objective of the model is to create a dynamic simulation of the car. As
a result, most of the models are 3D kinematic constraints and 3D dynamic equations of
motion.
For some functions, specific component solutions are known and constrained.
These constrained elements of the system solution are used to assist the model
development task. For example, it is assumed that a rigid frame with four corners would
be the solution used, so a rigid-body model with four suspension attachments is
modelled. Of note, a benefit of using the functional representation is that a compliant
frame model could be developed later and substituted for the rigid frame model used here
without altering any other aspects of the model (the input and output flows are the same).
Thus, a designer can explore the impact of frame compliance on vehicle handling and
suspension design.
For some functions, such as those representing the suspension, the specific form
solution is not known in this example and multiple component solutions could be used.
As a general abstraction here, a simple linear slider is used to model any potentially
selected suspension configuration. However, if the impact of suspension solution on
performance is to be investigated, additional models can be made to represent other
suspensions types (short-long arm, strut, solid-axle, etc.). These model elements, if made
based on the same functional decomposition and quantitative flow variables, will have
the same inputs and outputs. Thus, these specific form solution concepts can be swapped
in and out of the complete system model.
Figure 8 above provides a graphical explanation of the connection of behavioural
models to the quantitative flow variables. As is illustrated, the functional behavioural
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model relates the input and output quantitative flow variables through a set of equations.
These function level equations are then combined together to create the overall system
level model.
Continuing the explanation of the development of function level behavioural models,
Table 2 contains the models for the convert pneumatic energy to mechanical energy
function. This function represents the aerodynamic aspects of the car. The input to the
model is the forward speed of the car. The outputs are forces in the downward and
backward directions. These forces represent a simplified aerodynamic model using lift
and drag coefficients.
Table 2

Convert pneumatic energy to mechanical energy models

Function: Convert Pneum. E. to Mech. E.
Solution: Body

Models
1
FAX  CD ABV Av A2
2

0

1
FAZ  CL ABV Av A2
2

0

Table 3 contains the powertrain models for the car. The regulate rotational
energy function outputs the torque produced by the engine based on throttle control and
engine speed inputs. This power train model is implemented as a lookup table for
torque as a function of throttle and speed. The change rotational energy function
relates the moment and speed of the engine to the output of the transmission. The
models for the distribute mechanical energy function relate the moment and speed at the
two rear wheels to the moment and speed coming out of the transmission. For these
functions, component solutions are known due to regulations of FSAE rules. The car
must have an internal combustion engine and as a result requires some kind of
transmission.
Table 3

Powertrain models

Function: Regulate Rot. E.
Solution: Engine

Models

M E  f CT ,Z E

Function: Change Rot. E.
Solution: Engine

Models
MT  G  M E

Z E  G  ZT
Function: Distribute Rot. E.
Solution: Open differential

0

0
0

Models
M Di 

ZT 

MT
2

Z D1  Z D 2
2

0
0

Table 4 contains the dynamic models for the car. The models for the distribute
mechanical energy function relate the forces, moments, and accelerations
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(both translational and rotational) of the frame and four suspension corners. The
transfer mechanical energy models relate the forces, moments, and accelerations of
the wheels to that of the suspension. Additionally, these models constrain the
suspension to move along the axis of the slider and constrain the wheel to spin about
its axis. The models for the import/export ground function relate the forces, moments,
and accelerations of the wheel to the forces generated at the contact patch of the tire. The
tire force is found using a Pacejka ‘96 tire model (Pacejka, 2005) that includes
longitudinal and lateral forces and a linear spring/damper model for the normal
component.
Table 4

Dynamic models

Function:
Distribute Mech. E.

Models

Solution: Frame

4

G

¦F

Si

G
G
G
G
 FKi  FA  mF g  maF

G
0

i 1

4

¦r

G
F o Si

G
0

G
G
G
G
G
G
G
u FSi  rF o Ki u FKi  M Si  [ I F ]  D F  Z F u [ I F ]Z F

i 1

Function:
Transfer Mech. E.
Solution: Suspension

Models
G
G
G
G
G
G
G
aSi  aF  aF u rcm o Si  Z F u Z F u rcm o Si
G

G

D Si  D F
G
G
 FSi  FWi

G
0

0

G
0

G
0

G
G
G
G
G
 M Si  rSi oWi u FWi  M Wi  M Bi

G
0

G
G
G
G
G
G
G
G
G
aSi  aWi  aSi u rSi oWi  Z Si u Z Si u rSi oWi  2 Z Si u vSi oWi

G

G

DWi  D Si u uˆWi
G
M Wi x uˆWi
Function:
Import/export ground
Solution: Wheel

G
0

G
0

Models

G
G
G
G
G
 FWi  FKi  FGi  mWi  g  m  aWi

G
0

G
G
G
G
G
G
G
G
rWi oGi u FGi  M Wi  M Bi  M Di  [ IW ]  DW  ZW u [ IW ]ZW
G
G
G
FGi  f nˆGi , rWi oGi , vWi oGi

G
0

G
0

This set of models formed the most significant portion of the dynamic simulation for
the car. There were several additional models used for the other functions in the
system model. These models, along with an additional set of quantitative flow variables
are not included here for brevity.
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4.4 Model solution
The resulting model of the vehicle is a set of DAEs that relate forces and moments to
accelerations. Additionally, kinematic constraints were formulated to be linear systems of
equations as well through differentiating them to produce linear acceleration constraints.
This method of solution is called index reduction. The solution method converts the
system models from a set of DAEs with an index of 2 to a set of ODEs. There are known
methods for solving DAEs that produce a more accurate solution than index reduction
(Ascher and Petzold, 1998). However, our objective was to use the model solution as part
of a real time simulator on a specific computing platform. Thus, speed of solution was
more important than numerical accuracy.
Some of the other models, such as the aerodynamic models, are non-linear algebraic
equations but are not functions of the highest-order derivatives (in this case, the
accelerations). As a result, the models for the car can be solved by aggregating the
models into one large linear system of equations which are then solved as a set of ODEs.
Terms using lower-order derivatives (positions and velocities) are calculated based on
initial values. The accelerations, forces, and moments are then solved using Gaussian
elimination. The accelerations are then integrated to find the lower-order derivatives
using a 2nd order integrator. Quaternions are used to represent the rotation of the frame;
single scalar values are used to represent the rotations of each wheel and the translations
of each suspension slider. Both choices reduce the accumulation of error over time and
ensure that the mechanisms stay properly configured despite the round off and truncation
errors that result from the numerical solution and integration. This solution approach is
chosen due to its fixed solution time during each time step (no iteration) and long-term
stability (both required aspects of a real time simulation) rather than absolute numerical
accuracy.

4.5 Model results
The dynamic model resulting from the FBBM method was used as the basis for creating a
simulation programme for the racecar. The dynamic model was integrated with a
simulated racetrack and visualisation system. Driver input to the simulation was taken
from a driving wheel and set of pedals intended for video game applications.
Expert opinion was used as a qualitative verification of model validity. Experienced
FSAE drivers drove the simulated car and compared it to actual driving experience. In
these tests, as many known parameters as possible were taken from an existing FSAE car.
The dynamic model stayed constrained and solvable for the majority of testing. Model
breakdown occurred if a driver managed to flip the car upside down or drive off the predefined racecourse.
The objective of the modelling process was successfully completed. A complete,
solvable and highly useful full-vehicle behavioural model was created based on the
vehicle’s functional model. The qualitative functional model flows are extended to
quantitative flow variables. Each individual function is modelled to operate on the flows
input and output of that function. These functions are then combined into an overall
system model that simulates vehicle dynamics.
A screen capture from the simulation along with plots of the acceleration flow
variables and ground speed during a simulation run appear in Figures 9, 10 and 11.
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Simulation programme screen capture (see online version for colours)

Figure 10 Lateral/longitudinal GG scatter plot (see online version for colours)
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Figure 11 Speed versus time plot (see online version for colours)

5

Conclusions and future work

The objective of this research was to create a method for developing a complete
behavioural model for a system based on its functional model. Specific benefits of the
work include the assistance of concept selection through the use of a functional model as
a unifying starting point for concept identification and evaluation and the natural
extension of qualitative functional model flows to quantitative flow variables. Based on
the functional system representation and flow connectivity, the individual function level
behaviour models integrate smoothly into an overall system level simulation model.
The framework developed provides groundwork for the improved storage and reuse
of behavioural model elements by association of behavioural models with individual
functionality and integration of behavioural modelling decomposition with functional
decomposition. Additionally, the method facilitates model element fidelity swapping and
the storage of modelling knowledge through consistent flow representation.
The proposed method begins with functional modelling and includes quantitative
flow variable identification, model element identification, and model solution along with
internal iterations between these steps. In the functional modelling step, the overall
functionality and flows are identified along with a complete description of the system’s
detailed functionality. During the quantitative flow variable identification step, potential
model types are investigated and quantitative flow variables are identified based on the
flows in the functional model. Next, behavioural model elements are identified for each
function in the functional model. The boundaries of these model elements correspond to
those of the functions to which they are associated. The models themselves relate the
input and output flow variables as identified from the flows in the functional model. Once
model elements have been identified for each function in the functional model, the model
elements are combined to produce a complete, solvable model. The model is then solved
using an appropriate solution method. Iterations within the method are performed until
the functional model, behavioural model elements, and the complete model accomplish
the overall objective for the modelling process. A complete example of the approach
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applied to a Formula SAE racecar is shown. This example results in a successful
full-vehicle dynamic simulation model.
This work extends qualitative functional modelling methods into a framework for
quantitative behavioural modelling. As such, it provides a continuous representation to
compliment the transition from conceptual design, to concept selection, to the initial
stages of embodiment design. Though not explored here, and remaining as future work,
this continuous framework provides promise to facilitate a coherent requirements flow
down from customer needs, to function, to form, to parametric realisation. Nevertheless,
the method does not remove the opportunity for the model constructor to exercise their
skill and judgement. As developed here, the method shares the iterative nature of
engineering model construction in general: models are created, critiqued, and revised. As
the designer iterates between the quantitative and qualitative, this modelling enables the
designer to better ensure the creation of physically feasible functional representation.
The work presented in this paper offers several additional paths for future research.
For certain classes of problems, the creation of a more general behavioural model solver
is possible. Existing component-based model solutions could form the basis for such a
solver. A general purpose solver could be used to quickly integrate and mathematically
evaluate potential concept solutions given a functional model. Because concepts can be
mathematically evaluated, optimisation of a concept’s performance can also be
investigated. It is the ultimate goal of this work to enable such activities. Additionally,
work is being planned to replace certain model elements in the racecar dynamic model
with higher fidelity counterparts to investigate the specific methods needed to realise
model fidelity swapping and model element replacement using this method.
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