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Abstract 
 

This paper describes the application of an Intelligent Genetic Design Tool (IGDT) in the design of architectural, structural elements.  As 
a computer design aid an IGDT is innovative in its intelligent interaction with the designer.  By always submitting multiple solutions for 
review by the designer, it is less likely to cause design fixation than other optimization techniques, and allows the user greater range in 
exploring hard-to-code design criteria such as aesthetics.  As an example, the design of a cantilever truss is briefly explored.  Using the 
coded optimization criterion of weight, and the designer's non-coded criteria of visual aesthetics and performance, a series of possible 
designs are explored.  The ability of an IGDT to intelligently respond to the designer's preferences in a way that promotes creative think-
ing on the part of the designer is demonstrated.  A final truss design is selected based on the use of the tool.  It is concluded that an IGDT 
offers a significantly different approach to computer aided structural design which has the potential to enhance the user's own creativity 
in determining a good solution. 
 
 

1 Creative Design Tool Criteria 
In engineering fields, accomplishing an objective with a 
minimum of effort, either in terms of material, time or 
other expense, is a basic activity.  For this reason it is 
easy to understand the interest designers have in different 
optimization techniques.  Mathematical, as well as, 
model based tools have traditionally been employed for 
such optimization.  In recent times, mathematical meth-
ods executed on computers have become predominant.  
Unfortunately, computer derived solutions often obscure 
the range of possible solutions from the designer by only 
exhibiting a final, "best" solution.  This not only deprives 
the designer of seeing alternatives, but also tends to pro-
mote designer fixation on the single, machine proffered 
solution (Purcell & Gero, 1996).  Naturally, optimization 
methods can only respond to the objective parameters 
which are coded into the problem, and as a result, non-
coded parameters, such as aesthetics, historic context, or 
meaning are left out of the optimization process, and 
ultimately left out of the final design solution.  Lost too 
in most computer optimization, is the variety of informa-
tion and creative stimulation that comes from manipulat-
ing physical models.  Genetic Algorithms (GAs) are able 
to overcome some of the short comings which hinder 
traditional computer based optimization techniques in 
application as design tools.  They can work to avoid 
designer fixation by presenting the designer with popula-
tions or successive generations of solutions rather than a 
single end result.  By including interactive user selection, 
GAs can also incorporate non-coded design criteria into 
the search process. 

The idea of generating design forms or shapes using 
Genetic Algorithms (GAs) is not new.  Many people are 
familiar with Richard Dawkins Biomorphs, described in 
his book The Blind Watchmaker (1986) or the graphic art 
of Karl Simms and William Latham (Kelly, 1995).  In 
the area of engineering, form is closely coupled with 
performance.  John Frazer is one who has used GAs in 
an engineering design sense.  In an application dealing 
with sailing yacht design, the GA optimization consid-
ered both objective engineering parameters (stability, 
center of buoyancy, wetted surface area, prismatic coef-
ficient, blocking), as well as designer criteria such as 
aesthetic appearance, historic tradition, allusion of form, 
and so on (Frazer, 1995).  The Intelligent Genetic Design 
Tool (IGDT) described in this paper, develops many of 
these same ideas. 

1.1 Analysis Tools vs. Design Tools 

In recent years a variety of computer based tools have 
been developed for the field of architectural engineering 
and design.  Although originally applied to areas of com-
putationally intensive analysis, with the ever increasing 
size and speed of processors, attempts have been made to 
develop design oriented applications as well.  In the field 
of architecture engineering, the requirements of design 
tools are distinctly different from those of analysis tools.  
The analysis process can usually be executed in a regu-
lar, predetermined sequence of steps.  The sequence may 
be iterative or have various paths based on the particulars 
of the problem, but there remains one "correct" solution 
for one stated problem.  For example, for a given struc-
tural member, with a given load, a particular analysis will 
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yield one solution for the stresses at some point.  The 
analysis is composed of a sequence of prescribed steps 
which lead to the solution.  Since the analysis is meant to 
reflect some single existing condition, the solution to the 
degree that it is correct reflects this same single condi-
tion.  To the degree that different individuals or different 
methods show a discrepancy in their solutions, it is as-
sumed that some error is present.  In fact, an analysis is 
usually verified by showing consistency with the solution 
obtained in another way. 

In contrast, the design process is not expected to consis-
tently yield the same solution.  Although a designer may 
follow a sequence of steps, the steps are not self con-
tained, but influenced by factors outside the process itself 
(the unique background of the designer, stimuli of the 
environment, etc.).  For a given design problem with a 
given set of parameters, it is certainly not expected that 
any two designers will come to the same solution.  One 
need only look at the results of any design competition to 
see the variety of solutions that can be proposed.  If a 
competition for a bridge or building resulted in every 
entry being identical, the effort would be considered a 
failure.  Design implies creative thinking, and creative 
thinking does not fit a prescribed set of serial steps.  
Unlike the analysis of a single given condition, a design 
solution partially defines the condition, and therefore, 
seldom results in only one possible solution. 

An IGDT goes beyond a set procedure of analysis to aid 
the designer in exploring form finding problems in a 
creative way.  Unlike analysis tools it is not intended to 
yield one correct solution, but rather to supply the de-
signer with stimulating, plausible directions to consider.  
An IGDT is intended to be used in the early, form find-
ing phases of a design problem.  As such, it deliberately 
avoids leading the designer to a single "best" solution, 
but instead follows the designer's lead in exploring the 
design space. 

1.2 Advantages of Evolutionary Systems  
 in Design 

In assisting with conceptual design, Evolutionary Sys-
tems, and in particular Genetic Algorithms (GAs), con-
tain certain critical characteristics which are lacking in 
other numerical methods. 

• Use of Populations 
• Recombination and Mutation 
• Wide Search of Design Space 
• No Knowledge of the Fitness Function 
• Imitation of Human Design Process 
• Can Learn from Designer 
 

1.2.1 Use of Populations 

Fundamental to a GA is the use of populations of solu-

tions rather than a single best solution.  This is compati-
ble with the way ideas are often generated and regarded 
in early design phases.  Multiple, simultaneous ideas are 
necessary for the dynamic movement of thought associ-
ated with creative design.  Ideas play against each other 
leading to further new ideas.  As was stated earlier, crea-
tive design is typically not a single-path, linear process, 
but a more complex, multi-path exploration of many 
possible ideas. 

1.2.2 Recombination and Mutation 

A GA uses recombination and mutation to generate new 
solutions to a problem.  This is very similar to design 
tools developed by William Gordon (Gordon, 1961) 
which attempt to combine diverse aspects of different 
solutions to achieve a new perspective.  In a GA groups 
of possible solutions are recombined in a like manner.  
One of Gordan's techniques is to fragment and recombine 
words and phrases.  In Synectics one of the "operational 
mechanisms" suggested to promote creative thinking is 
to play with words and phrases and their meanings as a 
way of making the familiar strange.  Similarly, Albert 
Einstein comments that, "combinatory play seems to be 
the essential feature in productive thought." (Reisner, 
1931).  This "play" is similar to the mechanisms of ran-
dom mutation and recombination used in genetic tech-
niques. 

1.2.3 Wide Search of Design Space 

Through the genetic operators of mutation and random 
recombination, GAs are very effective at exploring the 
complete design space of a problem.  Complex problems 
may contain many "optimum" solutions.  Rather than 
focusing on just one such optimum, GAs will continue to 
search for other optima as well.  In reference to creative 
design, George Prince stresses the importance of free 
speculation as a means of enhancing creative thought. 

We believe that as the expert accumulates the 
specific knowledge that makes him so valuable he 
also incorporates the accepted certainties that are 
not really certain.  This explains why, historically, 
so many innovative breakthroughs have come 
from outsiders rather than from those who are 
thought to be most expert in the particular field.  
(Prince, 1970) 
 

Using mechanisms of random mutation, GAs are able to 
retain a degree of speculation.  In this way they can help 
even Prince's "expert" to consider new possibilities in the 
design space. 

1.2.4 No knowledge of the objective function 

The fact that the GA itself operates independently of the 
objective function, allows it to be controlled, without 
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programming, by the designer.  The GA is steered by 
means of a fitness function, but the source of that fitness 
is not necessarily defined by coded objectives alone.  The 
GA can be guided by any means of evaluation, either 
coded, non-coded or a combination of both.  This is very 
important when considering some hard-to-code, qualita-
tive or subjective design criteria such as aesthetics.  En-
gineering design combines subjective and objective de-
sign criteria.  The IGDT works on both levels at once, 
using coded objective criteria in searching for good solu-
tions, and non-coded subjective criteria supplied by the 
designer's interactive selections. 

1.2.5 Imitation of human design process 

A GA learns in a way that is analogous to human learn-
ing modes.  It seeks a solution by considering many 
options.  Like the near random flow of ideas that a de-
signer will sift through at the start of each project in 
search of usable concepts, a GA processes thousands of 
solutions, comparing, crossing, recombining, altering, 
sorting, keeping the best and always scanning the design 
space for better ideas.  The process is not always direct 
but it is always goal oriented.  It is also thinkable that the 
criteria may evolve as the project matures.  As the orient-
ing fitness function changes, the GA automatically 
adapts and searches in the shifted direction. 

1.2.6 Can learn from designer 

Like the adaptation of biological systems to their envi-
ronment, the GA can learn from the fitness information it 
is fed regardless of the source.  Thus, the GA can be 
guided with criteria that even the designer might find 
difficult to express.  In so far as the designer is consistent 
in ranking the fitness of solutions, the GA will learn from 
the designer.  By considering the solutions proposed by 
the GA, the designer too may learn and form a new view-
point of proposed design solutions.  The GA is also able 
to adapt to changes in the designer's understanding with-
out direct reprogramming from the designer. 

2 Characteristics of an IGDT 

2.1 Definition of the IGDT Concept 

An Intelligent Genetic Design Tool (IGDT) is a tool that 
is able to dynamically adapt to evolving design criteria, 
through interaction with the designer, to aid in the explo-
ration of a range of good solutions.  It is intended to 
assist the designer in the early, conceptual design phases.  
The concept of an IGDT is significantly different from 
traditional analysis and design programs in three ways. 

• Does not require pre-programmed, 
quantifiable objectives 

• Provides intelligent interface - responsive to 
the user's ideas 

• Aids and stimulates the creative exploitation 
of the design space 

Although an IGDT uses optimization, it is distinguished 
from traditional optimization methods in its ability to 
adapt to non-programmed fitness criteria learned from 
user interaction.  An IGDT is able to learn by employing 
genetic operators of recombination, mutation and selec-
tion to a population of solutions which evolve based on 
the selective pressure which can be supplied through 
human interaction.  Because the objectives of an IGDT 
are not explicitly pre-programmed, an IGDT can be im-
plemented in earlier design phases than is possible with 
more common analysis tools, without the danger of caus-
ing design fixation or prematurely restricting the design 
process.  Many initial design considerations which are 
qualitative parameters such as aesthetics or complexity of 
form, have traditionally been defined through examples.  
An IGDT, which communicates with the user through 
examples, provides a more natural and effective tool for 
design than programs that require pre-defined, quantifi-
able objectives.  Also, because an IGDT learns from 
interaction with the user, it is more easily approached by 
non-computer oriented users.  The concept of an IGDT is 
applicable to many fields involving design. 

2.2 Relation of IGDT to Design Process 

Genetic Algorithms (GAs) are used as the basis for an 
IGDT because they are conceptually very close in opera-
tion to the way many designers work.  GAs generate 
populations of individuals in the way that designers cre-
ate a pool of ideas to draw from.  GAs operate on this 
population by recombining parts of different individuals 
or altering existing individuals though mutation (Hol-
land, 1975).  Designers, too, combine good aspects of 
various ideas, and alter old ideas to fit new situations.  
GAs search a wide design space for various good solu-
tions before narrowing the scope to a single best solu-
tion.  Designers behave similarly by considering several 
options.  Also, because a GA need not have programmed 
knowledge of the solution objective, the fitness of the 
individual solutions can be determined by the designer 
using qualitative criteria.  By not requiring the design 
criteria to be numerically expressed or directly pro-
grammed, an IGDT remains flexible, and responsive to 
changes dictated by the designer. 

For design applications involving form, the ability to 
view and manipulate proposed solutions is essential to 
the decision making process.  In this paper an IGDT is 
demonstrated using a trussed structural system as an 
example.  The concept presented, however, is not limited 
to trusses, or even structural systems.  The basic concept 
of an IGDT can be adapted to a wide range of form de-
termining design problems. 
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3 Mechanics of an IGDT 

3.1 Layers of Operation 

The IGDT functions in two different layers.  In the outer 
layer, The IGDT interacts directly with the user.  It prof-
fers solutions to the designer for critique and ranking.  
The designer's ranking provides the fitness value for the 
individual solutions. 

A second, inner layer operates within the outer layer.  
The inner layer searches the design space for good solu-
tions to feed to the outer layer.  While the outer layer 
searches for acceptable topologies with the designer, the 
inner layer finds optimal geometries for each topology.  
In this way the proffered solutions are reasonably good 
solutions for the selected topologies. 

3.1.1 The Topology GA 

The outer layer uses the structure's incidence matrix as a 
chromosome.  The incidence matrix describes the con-
nectivity of the members and joints by recording the start 
and end joint number of each member.  Because the 
incidence matrix is binary, it lends itself easily to conver-
sion into a binary string chromosome.  Figure 1. shows a 
truss with its incidence matrix and derived binary 
chromosome. 

Because the topology is so easily described as a binary 
string, a conventional binary string GA is used, patterned 
after Holland and Goldberg (Holland, 1975; Goldberg, 
1989).  With the intent of providing less disruption and 
of preserving longer schemata, single-point crossover is 
used.  At this point no testing has been performed to bear 
this out. 

 

       010010011101111 

Figure 1:  An example truss with numbered nodes, inci-
dence matrix, and defining binary string. 

Not every topology produced randomly or by crossover 
represents a stable, usable truss.  For example joints may 
be left with no connecting members, or members may be 
left isolated with no connection to the rest of the struc-
ture.  These cases are simply regarded as still births, and 
the process that produced them is repeated until a stable 
solution in found. 

3.1.2 The Geometry GA 

The geometry GA works with a given topology to find 
good geometry solutions.  The geometry is defined by 

the Cartesian coordinates (real numbers) of each joint in 
the structure. The programming mechanics used for the 
inner layer, are based on the CHC method developed by 
Eshelman and Schaffer at Philips Laboratories (Eshel-
man, 1991).  The CHC varies from the more traditional 
GA methods in that it uses a strongly elitist, steady-state 
selection strategy, and segregates the operations of muta-
tion and crossover.  CHC has the advantage of being 
able to work with relatively small populations of 50 
individuals per generation, and still succeed over a wide 
range of problems.  The breeding algorithm used is simi-
lar to that employed in a (µ+λ) Evolutionary Strategy 
(Bäck, Hoffmeister & Schwefel, 1992).  CHC is also 
unique in that it segregates mutation and crossover by 
running in cycles using crossover only, and then restart-
ing a cycle by mutating the best individual to fill the 
restart population.  Figure 2 shows the overall CHC 
cycling and Figure 3 shows the GA portion of one cycle. 

 

 

Figure 2:  Overall plan of the CHC - GA. 

 

 

 

\ 1 2 3 4 5 6
1 \ 0 1 0 0 1
2 \ 0 0 1 1
3 \ 1 0 1
4 \ 1 1
5 \ 1
6 \  

Figure 3:  The "GA" portion of the CHC. 

 

Because the joint coordinates are real numbers with a 
meaningful spatial location, it was decided to incorporate 
these qualities into the breeding mechanism.  During 
breeding, the joint coordinates of a child is selected from 
points in a natural distribution about the parent points.  
Figure 4 shows an example of the breeding process for 
two trusses. 
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4 IGDT Operation 

The operation of the IGDT is iterative and can continue 
as long as the designer finds it productive.  Like any 
dialog, it will reach a point of stability where so little 
new ground is being covered that continuing is not effec-
tive.  Because the IGDT interacts intelligently with the 
designer, repeated sessions at later times can offer differ-
ent results since the designer's own understanding of the 
criteria will evolve over time.  Therefore, more complex 
problems may benefit from multiple sessions spaced a 
few days apart.  Within one session the activity can be 
outlined as follows: 

• Problem Definition 
• Initial IGDT Proposals 
• Designer Selection / Interaction 
• IGDT Response 
• Iteration of Previous Two Steps... 
 

4.1.1 Problem Definition 

The user initially sets constant design parameters which 
are stored in a data file read by the IGDT at the start of a 
session.  Constant criteria include material constants and 
properties; topology constants such as symmetry; geome-
try constants such as support positions or required load 
points; required load cases and load combinations; analy-
sis method and output specifications.  For the cantilever 
truss example the following problem definition was used: 

4.1 Outline of an IGDT Session 

System Plane truss 
Material Steel (ASTM A-36) 
Sections Pipe (based on Schedule 40 with 

continuous size range 
Supports one with fixed x and y coordinates 

(upper support) 
 one with fixed x coordinate only (the 

lower support) 
Loads 1 Point load of 10 000 LBS at 30 

FEET from the supports 
Analysis AISC ASD steel code 
Fitness least weight) 

 

 

Figure 4:  The breeding of two parents and the calculation of a difference threshold. 
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The program is modularly designed to allow for the easy 
incorporation of a variety of optional subroutines.  The 
optional subroutines are also chosen at the start of the 
trial.  In the current truss design program, optional sub-
routines include material (steel or wood), analysis meth-
ods (wood or steel codes, Euler buckling, or simple axial 
stress), loading types and combinations (point loads or 
self weight).  Any joint coordinates can be set to appear 
positionally "frozen" to the GA.  They can be given a 
pre-specified, set position in the x or y direction or both 
directions.  This is particularly useful in defining sup-
ports or specifically located point loads. 

Fitness in this example was limited for simplicity to 
weight, but it is possible to include other criteria as well, 
such as total number of joints, complexity of joints 
(number of members meeting at a joint), oversize mem-
bers, waste from standard lengths, etc. 

4.1.2 Initial IGDT Generation 

Figure 5. shows the first generation of solutions from the 
IGDT.  These represent either different topologies and/or 

significantly different geometries.  The dashed, members 
indicate tension, and continuous, members indicate com-
pression.  In this example a population of 18 was used.  
This is seen as an overseeable number for the designer.  
Each solution is shown in a box and they are all sorted 
from top to bottom by fitness.  The solutions are num-
bered consecutively from the first generation onward, 
and can be retrieved from storage at any time.  The pro-
posals reflect the inner layer optimization based on the 
fitness criteria set by the designer, but are intended to 
display a variety of different good solutions rather than 
just the best solutions. 

4.1.3 Initial Generation with Designer Selection / 
Interaction 

Presented with a palate of proposals from the IGDT, the 
designer begins the iterative dialog which allows the 
IGDT to learn the preferences of the individual designer 
on the specific project being investigated.  The designer 
proceeds by selecting and marking best and worst pro-
posals. 

 

 

Figure 5:  An initial IGDT generation with proposed solutions arranged by the specified fitness of least weight. 
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Figure 6:  Mitchell's diagram for a cantilever case. 
(Mitchell, 1904). 

Figure 6. shows a Mitchell diagram for an "optimum" 
solution of a cantilever.  Mitchell's support conditions a 
somewhat different, and he did not consider stability (no 
buckling).  Nonetheless, Truss 1. is very similar in form 
to this idealized solution.  But, for the sake of the exam-
ple, it will be taken that the designer sees visual and 
practical problems with this form.  From the front view 
(looking from the loaded point, back toward the sup-
ports) the bottom chords of the structure are exposed 
which might cause weathering problems.  Further it will 
be supposed that the designer desires the visual effect of 
a clean line in elevation view at the point load with pref-

erably an upwardly curving underside.  The designer 
indicates these preferences by selecting Trusses 2, 4, 12, 
and 18.  The solutions 10,11,16 and 17 the designer 
considers visually too simple, and marks for deletion.  
The effect of this selection is to remove the undesirable 
trusses form the breeding pool, and to increase the likeli-
hood of the selected trusses to breed more often. 

4.1.4 Second Generation IGDT Response 

Using the designer's input, the IGDT searches for a new 
set of proposals.  First new topologies are found using 
binary GA operations of mutation and recombination 
performed on the incidence chromosome shown in Fig-
ure 1.  The children topologies are then established with 
good geometries using the CHC-GA.  Again the propos-
als represent either different topologies and/or signifi-
cantly different geometries, and are sorted and numbered 
by fitness.  Figure 7. shows the IGDT's response to the 
designer.  Unlike the initial proposals of the IGDT, all 
subsequent generations of proposals are derived from, or 
influenced by, the interaction with the designer.  Some of 
the same topologies show up, but as noted above, parents 
are not included in subsequent generations, unless delib-
erately retrieved by the designer and reintroduced to the 
breeding population.  Upon examining Figure 7. one sees 
that the form tends naturally toward the form of the 
Mitchell diagram, but several geometries are now pro-
posed with concave bottom chords. 

 

 

Figure 7:  The second generation produced by the IGDT. 
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Figure 8:  Designer modified Truss 26, introduced as 
Truss 37. 

4.1.5 Third Generation 

Figure 9. shows the IGDT's response to the selections 
made in the previous generation.  There are now several 
new topologies which exhibit geometries with concave 
bottom chords.  The process continues as with the previ-
ous generation.  The designer indicates positive and 
negative preferences, and the IGDT breeds the surviving 
solutions to find new possible solutions that lie in the 
direction of the designers preferences. 

 

Even at this early stage some of the IGDT proposals can 
be helpful to the designer.  For example, Truss 49 from 
the third generation (enlarged in Figure 10.) is in the 
direction being pursued by the designer.  It is similar to 
the designer's own proposal (Figure 8. Truss 37) but 
offers some advantages of simplicity and economy of 
material.  The most weight efficient solution found by 
the IGDT (Figure 9. Truss 38) resembles a ridged bottom 
plate hung in place with tension members.  This may 
indicate a potentially new concept for the designer to 
consider as opposed to a completely ridged truss. 

Thus, the designer can continue to explore possible de-
sign concepts with the IGDT.  Like any design process, it 
ends when the designer is satisfied with the solution (or 
constraints such as time force a decision).  In the course 
of the exchange, the IGDT learns the designer's prefer-
ences, on whatever those preferences may be based.  The 
designer also learns as the range of possible solutions is 
explored.  As new sets of proposals are presented, the 
images will suggest new considerations and concepts to 
the designer.  In the course of a session, it is expected 
that the thinking and considerations made by the designer 
in responding to the IGDT will undergo a development 
of their own.  This is precisely why Genetic Algorithms 

 

 

Figure 9:  The third generation produced by the IGDT. 
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work so well in the IGDT.  Since GAs do not require 
any knowledge as to how the selection decisions are 
made, they are free to follow whatever direction is 
indicated by the designer.  As a result the path toward 
the solution will not be direct.  Old solutions may from 
time to time resurface under changing criteria.  This is 
not important.  What is important is that the design 
space be thoroughly explored and made apparent to the 
designer.  The success of the IGDT is based more on a 
thorough search of possibilities than on finding pre-
cisely the single, ultimate best solution. 

 

Figure 9:  The final solution selected by the designer. 

5 Conclusions 
Although it would be easy to suppose that an IGDT 
helps the designer to find a solution which meets the 
aesthetic and performance criteria while still providing 
good economy with low weight, this paper does not 
really try to prove the point.  The tool is intended to 
help the designer in the exploration of structures that 
are otherwise difficult to assess.  A simple, flat cantile-
ver truss is not the best example of this, but is an ex-
ample that lies within the current limits of the pro-
grams development.  In addition, the "designer" in this 
case was the same as the programs author, and the 
author of this paper - not altogether an impartial test.  
The problem too, was chosen as one that worked out to 
some degree.  In most cases there is much more wan-
dering in the procedure.  But the wandering need not 
always be regarded as negative, provided that it does 
not simply circle the same position. 

The form chosen by the designer differed significantly 
from ideal Mitchell diagram form which direct optimi-
zation programs would suggest.  In the process of 
developing the final solution, many possible directions 
were explored, and the designer received a good over-
view of potential solutions before coming to a conclu-
sion.  In this way the IGDT acted as a true aid to the 
designer in finding the most satisfying solution. 
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