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Knowledge Interaction With Genetic Programming in
Mechatronic Systems Design Using Bond Graphs

Jiachuan Wang, Zhun Fan, Janis P. Terpenny, and Erik D. Goodman

Abstract—This paper describes a unified network synthesis
approach for the conceptual stage of mechatronic systems design
using bond graphs. It facilitates knowledge interaction with evo-
lutionary computation significantly by encoding the structure of
a bond graph in a genetic programming tree representation. On
the one hand, since bond graphs provide a succinct set of basic
design primitives for mechatronic systems modeling, it is possible
to extract useful modular design knowledge discovered during
the evolutionary process for design creativity and reusability.
On the other hand, design knowledge gained from experience
can be incorporated into the evolutionary process to improve the
topologically open-ended search capability of genetic program-
ming for enhanced search efficiency and design feasibility. This
integrated knowledge-based design approach is demonstrated in
a quarter-car suspension control system synthesis and a MEMS
bandpass filter design application.

Index Terms—Bond graphs, controller synthesis, genetic pro-
gramming, knowledge interaction, mechatronics, MEMS filter
design.

I. INTRODUCTION

EVOLUTIONARY algorithms (EAs) are powerful but
general algorithms relying on few assumptions about the

search space. These characteristics provide both the opportunity
and necessity to include knowledge to enhance the efficiency
and applicability of EAs in various domain applications. Much
research has been carried out in this area, to represent and
incorporate knowledge in, and to extract knowledge from
evolutionary algorithms in a variety of ways. Examples include
representing knowledge in fuzzy logic [1], [2] and neural
networks [3], incorporating problem-specific knowledge [4],
[5] and preferences [6]–[8] into evolutionary algorithms, as
well as extracting knowledge during the evolutionary process
[9]. The inclusion of knowledge in evolutionary computation is
also tightly related to human-computer interaction [10], since
knowledge is always related to human understanding.

While many applications are focused on one aspect of knowl-
edge deployment in the evolutionary process, it is desirable to
develop a unified framework to address knowledge interaction
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with evolutionary computation in an integrated and compre-
hensive manner. This can facilitate the adoption of evolutionary
computation in real-world industrial applications, since better
insight into the problem domain is gained through iterative
human-comprehensible knowledge discovery and reuse from
this “black box” optimization technique. In addition, the knowl-
edge acquired during the evolutionary process may assist the
human analyst in refining problem objectives and identifying
better directions for future investigation.

The goal of this work is to develop a unified framework to
address knowledge interaction with evolutionary computation
as applied to conceptual mechatronic systems design. While
there are other representation methods for mechatronics (for
example, block diagrams, linear graphs [11], etc.), bond graphs
language is particularly suited in this work to model mechatronic
systems at the conceptual design stage for its unified represen-
tation across various engineering domains (e.g., mechanical,
electrical, and control systems, etc.). Bond graphs can be con-
veniently encoded in a genetic programming tree representation
to explore various design configurations and parameterizations.
With the open-ended search capability of genetic programming
to generate emergent behavior [12], this approach has potential
to span a large search space and find better and creative mecha-
tronics design solutions. This work belongs to the challenging
computational synthesis research that has gained more attention
recently, which seeks to assemble low-level design primitives,
or features, to achieve given arbitrary high-level functionality
[13]. Previous research works in mechatronics design using
bond graphs and genetic programming with detailed explanation
of bond graph/genetic programming (BG/GP) encoding and
decoding can be found in [14]–[16].

The basic BG/GP approach provides a foundation to test
the effectiveness of including knowledge concept on the
computational synthesis experimentation. In this paper, it is
shown that by structuring the design primitives into modular
building blocks inductively and deductively, our approach
facilitates knowledge interaction with evolutionary algorithms
significantly. Since bond graphs provide a succinct set of basic
building blocks for mechatronic systems modeling, it is possible
to extract useful modular design knowledge discovered during
the evolutionary process for design creativity and reusability.
Moreover, design knowledge gained from experience can be
incorporated into the evolutionary process to improve the topo-
logically open-ended search capability of genetic programming
for improved search efficiency and design feasibility.

In the remainder of this paper, an overview of the unified
mechatronics evolutionary synthesis architecture is presented in
Section II. Based on the overall design approach, a quarter-car
suspension control system design and a MEMS bandpass filter
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Fig. 1. Mechatronics n-port network.

design are presented in Sections III and IV, respectively, to ad-
dress the challenge of computational synthesis by extracting, as
well as incorporating, knowledge in the evolutionary process.
Finally conclusions are provided in Section V, highlighting the
need, value, and future work of the proposed approach.

II. UNIFIED MECHATRONICS EVOLUTIONARY

SYNTHESIS ARCHITECTURE

In our approach, mechatronics design is treated as a network
synthesis problem using bond graphs, which are combined with
genetic programming to evolve alternative mechatronics design
solutions based on design performance requirements. This ap-
proach integrates active design and passive design by also de-
signing controller schemes using bond graphs. In order to con-
strain the search space, realizable function sets (as discussed in
Section D) are used to establish the problem-specific GP prim-
itives for each design problem.

A. Mechatronics Design as Network Synthesis

The term “mechatronics” probably was first created in 1969
[17]. It is an interdisciplinary field involving the following dis-
ciplines [18]:

• mechanical systems (mechanical elements, machines,
precision mechanics);

• electronic systems (microelectronics, power electronics,
sensor, actuator, and controller technology);

• information technology (system theory, automation, soft-
ware engineering, artificial intelligence).

Drawing on the analogy with electrical networks and mechan-
ical networks [19], mechatronic systems with power interaction
can be modeled as general multiport networks, with pairs of
effort and flow variables , as shown in
Fig. 1. The product of effort and flow variables is an instanta-
neous power. Each port represents an interface with other ports.
When two multiports are connected, power can flow through the
connected ports, which are represented by a single line or bond
between the multiports. In Fig. 1, the power bonds are repre-
sented with half-arrow following the notation of bond graphs to
indicate the direction of power flow.

For a linear multiport network, it is possible to define the
frequency domain transfer matrices from effort to flow variables
(impedance Z), flow to effort variables (admittance Y), or mixed
immittance. Impedance and admittance are defined as follows:

(1)

(2)

For a two-port network, the impedance matrix is governed by

(3)

Fig. 2. Overall mechatronics synthesis procedure.

From network synthesis theory [20], an important theorem
states:

Theorem 1: Consider a network with impedance . The
network is passive if and only if is positive real.

This theorem also holds with replaced by admittance
matrix or a mixed immittance . For network syn-
thesis, the network transfer matrix can be used to specify de-
sired system performance to be achieved. If it is positive real, it
can be implemented using passive physical elements, or some-
times an active control structure. If it is not positive real, the
system cannot be implemented using passive elements alone. In
this situation, extra energy input is necessary for an active im-
plementation.

B. Bond Graphs and Genetic Programming

For conceptual mechatronics design, the bond graphs
language serves as a formal schematic modeling tool for mul-
tidomain lumped-parameter physical systems [21]. It concisely
captures the system’s dynamic behavior in terms of energy
interaction and conservation. Bond graphs are represented as
interconnected components with power flow across their inter-
faces (ports), which makes it particularly useful as a modeling
tool for mechatronics network synthesis. The basic bond graph
components are: One port elements: C—capacitor, I—inertia,
R—resistor; Two-port elements: TF—transformer, GY—gy-
rator; Three-port elements: 0-junction, 1-junction; and Source
elements: SE—effort source, SF—flow source , which can be
mapped to different physical realizations in different domains.
From a knowledge encapsulation point of view, bond graphs
consist of a small set of basic building blocks for conceptual
mechatronics design. An introduction to bond graphs can be
found in [22].

Originally developed for multidomain dynamic system anal-
ysis purposes, bond graphs have also been used as functional
and behavioral representation and design synthesis tools [23],
[24]. To analyze bond graphs, it is straightforward to calculate
the network transfer matrices from a bond graph multiport struc-
ture connected by 0-junctions and 1-junctions [25]. To synthe-
size bond graph structures from a given transfer matrix is an
inverse process. In this approach, based on the above mecha-
tronics network definition, design synthesis is achieved by gen-
erating alternative bond graph structures interconnected with
basic bond graph components from overall network impedance
or admittance matrix specifications. The resulting bond graphs
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TABLE I
IMPEDANCE-TYPE CONTROLLER SCHEMES IN BOND GRAPHS AND BLOCK DIAGRAMS

structures at the conceptual design level can be associated with
physical artifacts in different domains for simulation and phys-
ical realization.

The automatic assemblage of basic bond graph components
into complex design structures is realized by encoding the
structure of a bond graph in a genetic programming tree rep-
resentation, using a relatively direct mapping from genotype
to phenotype, similar as DNA mapping into genetic algorithm
string representation in evolutionary biology. This allows a
graphical analysis and straightforward exploration of various
design configurations and parameterizations by means of
evolutionary computation. The overall design procedure is
diagrammed in Fig. 2.

The basic BG/GP approach [14], mainly described on the
left-hand side of Fig. 2, has demonstrated its potential to itera-
tively generate, evaluate, and reconfigure design solutions. Since
engineering design, as a purposeful knowledge-based activity,
needs constant interaction with human designers, improved
communication and understanding between cognitive human
thoughts (top-down) and automated computation (bottom-up)
are expected. Based on previous work, this work focuses on
improving the evolutionary design approach through knowledge
interaction with genetic programming by extracting and incor-
porating modular design knowledge during the evolutionary
process. Two key concepts related to modular design building
blocks are provided in the following two subsections—namely,
controller schemes in bond graphs and realizable function sets.

C. Controller Schemes in Bond Graphs

In general, the mechatronics design procedure involves the in-
tegration of physical systems design and control systems design,
which conventionally require different representation schemes.
“Controller design in the physical domain” [26] is proposed as a
means to unify control systems design with mechanical systems
design. The term physical equivalence states that it is possible to
describe the controlled system as an equivalent physical system,

provided that ideal actuators and sensors can be placed at any
point in the system. This approach facilitates separation of con-
troller representation issues from implementation issues, thus
providing guidance at the high-level design stage in selecting
the proper overall system structure for a given design task.

As pointed out in the impedance control principle [27], a pas-
sive physical system and an active control system can be regarded
as two physical systems interacting with each other. Physical
systems are treated as being of one of two types: admittances,
which accept effort inputs and yield flow outputs; and imped-
ances, which accept flow inputs and yield effort outputs. Real
physical systemsexistwhichcanbedescribed inone formandnot
the other. When a passive physical system and an active control
system interact, they physically complement each other. For ex-
ample, if the passive physical system functions as an admittance,
i.e., accepting effort and producing a flow response, as in the
automotive suspension system case, the active controller should
assume the behavior of an impedance, producing effort responses
to flow inputs, such as position control and velocity control.

In this work, controller schemes are represented in bond
graphs. Control systems can be classified into two major cat-
egories, collocated and noncollocated. Collocation means to
physically locate actuators and sensors at the same place such
that they are energetically conjugated—for example, to apply
force in response to displacement (or velocity) measurement.
The use of collocated actuators and sensors typically leads to
better stability than use of noncollocated control, because of
their robustness with respect to uncertainty [28]. Collocated
control in a bond graph representation is an effort-flow one-port
pair that includes all sensor, controller and actuator effects. The
active effort source is generated by the corresponding flow signal
measurement through controller modulation, and vice versa.

To design a controller in the physical domain, the controller
can be represented by various combinations of bond graph C, I,
and R elements, to represent various control schemes, such as
P, PI, PD, PID controller, or lead and lag compensators. Table I
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Fig. 3. Physical realization of a PI controller scheme.

TABLE II
BG/GP BASIC FUNCTION SET, A MEMS COMPLEX MODULE

FUNCTION SET, AND TERMINAL PRIMITIVE

shows some impedance controller schemes in bond graphs with
their corresponding block diagrams and transfer functions. By
classifying various controller schemes, we are learning and
structuring modular design knowledge into the design library.

When representing controller schemes in bond graphs, the
bond graphs themselves are only high-level abstract representa-
tions of the controllers; they do not have physical counterparts.
A collocated controller scheme in bond graphs is realized by
using a sensor and an actuator that are connected by a negative
feedback loop. As illustrated in Fig. 3, a force source is acting on
a mass with a PI controller generating counteracting force upon
it. The PI controller, which consists of one R and one C element
in a bond graph representation, is realized by measuring the ve-
locity signal and generating a force proportional to the mass’s
position and velocity. The force input is realized through an ac-
tuator that provides modulated power to the system. Since the
direction of the actuating bond is reversed, the modulated force
becomes negative thus forming a negative feedback loop.

The inclusion of bond graph controller schemes in mecha-
tronics synthesis unifies design representation of bond graphs
for integrated mechatronics systems. It involves coupling a low-
power sensing and information-processing system with a high-
power system, intended to change the dynamic performance by
adding energy to the system. The use of feedback control also
reduces the sensitivity of the output to parameter variations and
attenuates the effect of disturbances within the bandwidth of the
controlled electro-mechanical systems.

D. Realizable Function Sets

The BG/GP approach is quite general for automatic syn-
thesis of mechatronic systems. Using a basic set of building
blocks allows construction of many types of unconstrained
systems, which may not guide the evolutionary process toward
a promising direction in the search space, and may generate
nonfeasible solutions. In addition, engineering systems in the
real world are often limited by various types of constraints,
including shortcomings of existing technologies, which must
be integrated into the evolutionary design process. The concept
of realizable function sets is proposed to expand the basic GP
primitive set to include more complex modules. For example,
complex modules with the particular property (drawing on
domain-specific knowledge) that current technology provides
a direct way to physically realize the designs developed with
these modules. More stringent constraints on manufacturability
can also be imposed in the realizable function sets if needed for
a particular application domain.

Definition of realizable function sets for use in genetic pro-
gramming may affect both the search efficiency and validity
of the experimental results. In the work reported here, BG/GP
function sets are divided into two groups: 1) basic function set
and 2) complex module function sets for various applications.
A realizable function set may include functions from both the
basic function set and a complex module function set. Table II
lists the basic function set, a typical complex module function
set for MEMS filter design, and the terminal primitive. The
basic function set includes the basic bond graph components
and arithmetic operators to calculate design parameters on ran-
domly generated terminal primitives—the so-called ephemeral
random constants (ERCs). Primitives in the basic function set
are useful to construct more complex structures and allow for
free exploration of the search space, while primitives in a com-
plex module function set purport to construct systems using
relatively modular and predefined subassemblies, helping to
constrain the search space. More details about the MEMS
filter design complex module function set are discussed in
Section IV.

Different choices of functions from basic function set and
complex module function sets lead to different experimental set-
tings and possibly different computational results, thus giving
the designer flexibility to determine the tradeoff between search
space exploration and exploitation.

Based on the GP tree constructed from the basic function set,
complex module function sets and terminal primitive, selection,
crossover, and various mutation operations can be applied, for
example, to swap junctions and nodes, to shrink subtrees, etc.
The Open Beagle framework [29] has been adopted as the evo-
lutionary computation platform for this work. Its architecture
follows the principles of object-oriented programming which is
well structured and expandable.

The following two sections discuss the overall design ap-
proach applied to two design applications, a quarter-car sus-
pension control system design and a MEMS bandpass filter de-
sign, reinforcing the effect of knowledge interaction with evo-
lutionary computation on real-world engineering applications.
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III. APPLICATION TO QUARTER-CAR SUSPENSION DESIGN

A. Problem Description

Suspension systems are important subsystems of most
wheeled vehicles. From a system design point of view, there
are two main types of disturbances acting on a vehicle, namely
road and load disturbances. Road disturbances have the char-
acteristics of large magnitude in low-frequency disturbances
(such as hills) and small magnitude in high-frequency distur-
bances (such as road roughness). Load disturbances include the
variations of loads induced by accelerating, braking and cor-
nering. Therefore, a good suspension design is concerned with
disturbance rejection from these disturbances to the outputs
(e.g., vertical position of vehicle mass) in which performance
is evaluated. In general, a suspension system needs to be “soft”
to insulate against road disturbances and “hard” to insulate
against load disturbances.

A quarter-car iconic model is illustrated in Fig. 4. The sprung
mass (kg), consists of the main vehicle body supported by
the suspension. The unsprung mass (kg), consists of hub,
wheel and tire. The tire is modeled as a spring with stiffness

(N/m). , and are the vertical positions of the sprung
mass, the unsprung mass and the road disturbance input, respec-
tively. Force is the load force disturbance input. Force rep-
resents any possible suspension force.

From the point of view of a multiport mechatronics network,
the quarter-car suspension system can be viewed externally as
a two-port network [30], with its corresponding mixed immit-
tance matrix defined as

(4)

represents the applied force from the tire to the road.
The matrix can be obtained from the following equations of
system motion, together with specified suspension force :

(5)

(6)

B. Suspension Design With Road Disturbance

First consider the situation when only road disturbance ex-
ists. This is a one-degree-of-freedom design problem. It shows
in [31] that road disturbance response can be achieved using
a dynamic compensator measuring only suspension deflec-
tion . This can be achieved using a collocated con-
trol system. The corresponding bond graph representation is
shown in Fig. 5, as an initial embryo structure. is the
impedance of the unknown one-port suspension system to be

Fig. 4. Quarter-car model in iconic diagram.

Fig. 5. Suspension design with road disturbance represented in bond graphs.

synthesized, which is defined as:
.

The experimentation follows the parameter setting for a
quarter-car model as in [31], with kg, kg,

N/m. The desired frequency response for
road disturbance is obtained by choosing certain
suitable parameters in a “double skyhook” configuration:

, which corresponds to a spring between
sprung mass and unsprung mass, and sky-hook damper for each
sprung mass and unsprung mass. The parameter is specified to
be “soft” for road disturbance rejection, N/m,

Ns/m, Ns/m. is the frequency response
specification for in the immittance matrix in (4). The
desired is calculated as shown in (7) below.

Using suspension impedance is obtained as
shown in (8) below.

(7)

(8)
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Fig. 6. Best evolved suspension structure for road disturbance.

The design synthesis starts from the desired system speci-
fication, on which the mechatronic system depends for its be-
havior. The evolution of the BG/GP tree is an error-driven func-
tion approximation process. The fitness of a GP tree is evaluated
by how accurately it approximates the desired frequency do-
main specification, to minimize , where

is the desired frequency response, and is the
theoretical frequency response of an evolved individual bond
graph structure to be evaluated.

Using the basic GP function set in Table II, the best run of the
BG/GP system yielded the suspension structure shown in Fig. 6,
with corresponding impedance

.
Theoretically, since is positive-real, it is inherently a

passive control law. The bond graph structure for the suspen-
sion design may be realized using passive elements in the me-
chanical domain. However, it is not possible to do so, since a
mass with relative velocity between the sprung mass and the
unsprung mass does not exist in the mechanical domain. This
also shows that a double sky-hook suspension design specifica-
tion is not physically realizable. It is more justifiable to imple-
ment the suspension system as an active controller, which in this
case, is a lead compensator, referring to Table I. The lead com-
pensator gives road disturbance response very close to its de-
sired performance as specified in . This is an example of
knowledge extraction in the evolutionary process similar to the
concept of automatically defined functions (ADF) [32], without
explicitly defining a function. From this GP experimentation,
we gain useful knowledge that the lead compensator increases
the damping of the flexible mode. This is reasonable because a
lead compensator increases the stability and speed of response
of a system. The lead compensator represented as a bond graph
can be added to the GP controller complex module function set
in the knowledge library for future reuse.

Fig. 7. Quarter-car suspension control with both road and load disturbances.

C. Suspension With Both Road and Load Disturbances

When load disturbance is also considered, the suspension
system needs to be stiff to loads acting on the sprung mass.
This requires in (4), and be set “soft” to road
disturbance rejection while and be set “hard” to
load disturbance rejection. For such design requirements, the
matrix fails to be positive-real, which implies active energy
input is necessary for such suspension implementation [30].

There is one degree-of-freedom available for the response
to each of the road and load disturbances. They can be deter-
mined independently if two suitable measurements are available
for feedback (e.g., suspension deflection and sprung mass ve-
locity). The suspension design with two measurements is shown
in Fig. 7, with the control law taken to be

where is collocated control, while is noncollocated
control.

In order to synthesize controller and , desired per-
formance requirements for road and load disturbance rejection
are specified. The desired frequency response for road distur-
bance is the same as in (7). The desired load disturbance
frequency response is the frequency response specifica-
tion for in the immittance matrix in (4). It is obtained
by choosing certain suitable parameters in another “double sky-
hook” configuration: , with a
hard damper and spring configuration with N/m,

Ns/m, Ns/m. The desired is cal-
culated as shown in (9) below.

(9)
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Fig. 8. Controller structure in bond graph form for k (s).

Fig. 9. Controller structure in bond graph form for k (s).

Taking the desired road and load disturbance rejection re-
sponses and as evaluation criteria, the best run of
genetic programming using the basic function set in Table II
produced the results shown in Fig. 8 for and Fig. 9 for

The degree of a system can be determined by counting inde-
pendent storage elements present in the bond graph. The con-
trollers obtained here are of lower order than the controllers
obtained in [31]. This shows that by applying genetic program-
ming to evolve bond graph control structures, it is potential
to discover good control strategies that may not be obtained
through conventional methods.

Fig. 10 shows the simulation results as in MATLAB Bode
diagrams comparing desired responses (solid lines) with ac-
tual responses (dashed lines) realized by active suspension con-
trol evolved from evolutionary computation. The left-hand side
shows the road disturbance rejection responses, and the right-
hand side shows the load disturbance rejection responses. It
demonstrates that the actual responses approximate the desired
responses very well.

In summary, a passive suspension system has the ability to
store energy via a spring and to dissipate it via a damper. Its
parameters are generally fixed, being chosen to achieve a certain
level of compromise between road holding and load carrying.

Fig. 10. Desired responses and actual responses of evolved suspension design.
Left (road disturbance response). Right (load disturbance response).

An active suspension system has the ability to store, dissipate
and to introduce energy to the system, with extra flexibility to
achieve improved design performance. It should be noted that in
this work, we have assumed that the sensor and the actuator have
perfect dynamics. The suspension design will be considerably
modified if such assumptions do not hold well.

IV. APPLICATION TO MEMS DESIGN

A. Problem Description

A microelectromechanical (MEM) bandpass filter is used
here as the second application for experimenting with knowl-
edge interaction in the evolutionary synthesis process. Due
to its multidomain and intrinsically three-dimensional nature,
MEMS design and analysis is very complicated and requires
access to simulation tools with finite element analysis capa-
bility, such as Conventorware or ANSYS. It is preferable at the
beginning of MEMS modeling and design to use a high-level
system model to reduce the number of degrees of freedom to
as few as possible (resembling in this way the top-down design
methods that are very successful in VLSI design) [33].

A MEMS model needs to be capable of encompassing mul-
tiple energy domains, which makes it suitable for representa-
tion as a bond graph. In describing the macro-level behavior
of the system, the bond graph representation is also compatible
with 3-D numerical simulation, as long as a suitable lumping
of components can be maintained. In this work, the first step
in MEMS synthesis is to develop a strategy to automatically
generate bond graph models to meet particular design specifi-
cations on the system level. Then on the second or lower level,
other numerical optimization approaches [34], as well as evolu-
tionary computation [35], may be used to synthesize customized
components from a functionality specification. Fig. 11 shows a
typically structured MEMS synthesis procedure.

B. Domain Knowledge Incorporation

Realizability of design topologies is regarded as the most
important domain knowledge in MEMS design, due to the
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Fig. 11. Structured MEMS synthesis procedure.

Fig. 12. Layout of filter topology I.

difficulty and complication of MEMS design and fabrication.
It is advisable to adopt relatively mature and widely accepted
topologies in the design process. Two popular topologies
for a micromechanical bandpass filter, built using surface
micromachining, are topologically composed of a series or
concatenation of resonant units (RUs) and bridging units
(BUs), or RUs and coupling units (CUs) [36], [37]. Figs. 12
and 13 illustrate the layouts and bond graph representations of

Fig. 13. Layout of filter topology II.

two such filter topologies, labeled I and II. The inclusion of
realizable component topologies such as RUs and BUs in the
MEMS filter complex module function set (see Table II) can
impose domain knowledge of design constraints on the final
synthesis results for guaranteed manufacturability of the design
under current or anticipated manufacturing technology.

In Fig. 12, the filter is primarily composed of RUs and BUs,
while in Fig. 13, the filter is primarily composed of RUs and
CUs. For different design settings, alternative realizable func-
tion sets can be used to evolve different realizable structures for
MEMS. The experiments reported in this paper used the fol-
lowing two realizable function sets:

(10)

(11)

C. Experimentation and Results Analysis

The MEM filter design problem uses the bond graph model
shown in Fig. 14 as the embryo. The accompanying block dia-
gram indicates that the implementation will accept an electrical
voltage signal as input and produce a voltage signal as output,
but the interior components will be implemented as microme-
chanical elements. From a multiport network synthesis point of
view, this is a two-port network, with specified immittance from
output effort to input effort.

Filter performance is measured by the magnitude ratio of
the frequency response for the voltage across to the input
voltage . The desired frequency response has unity magnitude



180 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART C: APPLICATIONS AND REVIEWS, VOL. 35, NO. 2, MAY 2005

Fig. 14. MEM filter design embryo in bond graph and block diagram forms.

Fig. 15. Evolved MEM filter design candidate.

ratio in the pass band (316 Hz–1000 Hz), and zero magnitude
ratio outside the pass band. The frequency range of interest is
0.1 Hz–100 kHz.

To evaluate fitness within the frequency range of interest, 100
points are sampled at equal intervals on a log scale. The mag-
nitudes of the frequency response at the sample points are com-
pared with their desired magnitudes. The differences are com-
puted and the sum of all squared differences is taken as raw fit-
ness, defined as . The normalized fitness is calculated
according to

(12)

where norm is the scaling factor.
Results of the experiments show the capability of the pro-

posed approach for finding realizable designs for micro-electro-
mechanical filters. Layout of a design candidate and its bond
graph representation evolved using realizable function set in
(11) is shown in Fig. 15, with three resonators and two bridging
units. Notice that the geometry of resonators may not show the
real sizes and shapes of a physical resonator and the layout
figure only serves as a topological illustration.

Fig. 16 shows the fitness improvement curve of a typical ge-
netic programming run, in which is defined as the number of
resonator units used in the MEM filter design. It is shown that as

Fig. 16. Fitness improvement curve.

Fig. 17. Frequency responses of design candidates at different generations.

evolution progresses, the fitness value undergoes continual im-
provement. It is also observed that as fitness improves, the value
of also becomes larger. This observation is supported by the
reasoning that a higher order system with more resonator units
has the potential of having better system performance than its
lower order counterpart.

The plot of corresponding system frequency responses at gen-
erations 27, 52, 117, and 183 are shown in Fig. 17, with in-
creased value and performance evaluation.

The use of realizable function sets can be made less rigid to
assist the designer in exploring more novel topologies for MEM
filter design. The designer may use a function set in which not
all elements are guaranteed to be strictly realizable. Instead, a
different set of design knowledge is incorporated in the evolu-
tionary process—i.e., a semirealizable function set may be used
to relax the topological constraints with the purpose of finding
new topologies not discovered before but still usually realizable
after careful design. Fig. 18 gives an example of a novel topology
evolved for a MEM filter design by incorporating a special CIR
component (in Table II) into the semirealizable function set.

The work presented in this section analyzes the promise of
MEMS design synthesis at the system level using the BG/GP
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Fig. 18. Novel design topology using a semirealizable function set.

approach. The basic GP function set imposes very few con-
straints on design, while the realizable function set used for
MEMS design features relatively few but structurally more
complex devices in the component library. The use of a realiz-
able function sets guarantees that the phenotypes generated can
be built using existing or expected manufacturing technology.
Along this path, large-scale component reuse and assembly of
MEMS is expected to show more applicability and promise of
this method for MEMS design.

V. CONCLUSION

This work extends the previous basic BG/GP approach to en-
hance human understanding of the mechatronics evolutionary
synthesis process by concentrating on knowledge interaction
with evolutionary computation. It provides a unified approach
to evolutionary synthesis of mechatronic systems that facili-
tates significant knowledge-based interaction with evolutionary
algorithms by structuring the design primitives into modular
building blocks, both inductively and deductively.

Bond graphs are established to be very well suited to mecha-
tronics system modeling and knowledge representation, because
of their rich expressiveness across various engineering domains.
The combination of bond graphs with genetic programming,
with a fairly direct mapping from genotype to phenotype, pro-
vides a powerful capacity to explore topologically open-ended
search spaces and extract useful domain knowledge. The use
of realizable function sets reduces the GP search space by in-
corporating modular domain-specific knowledge into the design
process to improve the efficiency of computational synthesis
and the realizability of the designs generated. It also provides
the designer with capability to interactively control the balance
between design space exploration and exploitation by adjusting
what is included in the realizable function set.

There are many potential research directions for future work.
For example, this work integrates physical system modeling

with control system design using the same design language—
bond graphs, thus providing a concurrent engineering approach
suitable for design of ‘physical body’ and ‘active brain’ simulta-
neously, which appears to be a promising direction for coevolu-
tionary development of both systems to achieve overall design
optimality. Also, the applications studied in this work require
only linear system synthesis. It is also possible to include non-
linear effects for mechatronics design using bond graphs.

This work mainly addresses incorporating domain-specific
knowledge into design practice. Design is multifaceted, it would
also be desirable to incorporate other types of knowledge into
evolutionary synthesis—for example, preference articulation
[6]–[8], etc. It is our goal to continue working on developing
a human-computer interactive design infrastructure to solve
real-world engineering design problems, into which preference
articulation, constraint handling, domain knowledge, and evo-
lutionary computation can be integrated with great flexibility.
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