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Abstract

This paper describes an approach to incorporating
domain knowledge into genetic algorithm search. We
use genetic algorithms to attack system configuration
design problems; specifically, the structural design
and optimization of trusses. Since there exists a large
amount of domain knowledge on this problem, we de-
scribe the incorporation of this knowledge for guiding
genetic search. We outline the problem, the heuris-
tics used, and the encoding of the problem in light
of available domain knowledge. Preliminary results
point toward the effectiveness of combining genetic
algorithms with knowledge-based systems.

1 INTRODUCTION

Design problems can be classified into two types
based on the problem specification and expected re-
sults. Preliminary or conceptual design deals with
structuring a design problem and reducing it to a
form suitable for detailed design. Configuration de-
sign is an example of a preliminary design problem
and, as such, has to cope with uncertain and missing
information as well as system complexity brought on
by the large number of components and their possi-
ble interactions. Its ill-structured nature leads to a
lack of rigorous and/or effective design methods for
attacking this problem. Artificial intelligence tech-
niques typically cast such ill-structured problems as
search problems in a large state space of possible so-
lutions.

In search there is a tradeoff between flexibility —
applicability in different domains, and speed — the
number of candidate designs searched through be-
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fore finding the correct one. This tradeoff usually
corresponds to a balance between exploration of the
search space versus exploitation of a particular area.
When viewed from search’s perspective, knowledge-
based systems tend to use domain knowledge to re-
duce the search space and quickly find the correct
solution with little exploration. Examples of such
systems used in engineering design (our problem do-
main) can be found in [8]. This approach works well
in areas where such knowledge is encodable, but there
are two disadvantages: 1) it is often difficult to ex-
tract and encode relevant design knowledge and 2)
knowledge applicable in one domain may not be ap-
plicable in another domain. Such systems are fast,
but not flexible.

Genetic algorithms (GAs) are at another end of
the search spectrum. They are stochastic, parallel
search algorithms based on the mechanics of natural
selection, the process of evolution [4]. GAs were de-
signed to efficiently search large, non-linear, poorly-
understood search spaces where expert knowledge is
scarce or difficult to encode and where traditional op-
timization techniques fail. They are flexible (domain
independent) and robust, exhibiting the adaptiveness
and graceful degradation of biological systems. How-
ever, like other robust search algorithms, they often
require a large number of iterative steps before con-
verging on a candidate solution.

A hybrid system that combines the best aspects of
knowledge-based systems (speed) with the robustness
of genetic algorithm search (domain-independence)
would therefore be more useful, especially in engi-
neering domains where domain knowledge is avail-
able but where such knowledge is usually not enough
to solve a problem to optimality. One of the issues
faced by such systems is in interfacing the genetic
search component with the knowledge-base. Striking
a good balance between exploration and exploitation
is essential to the design of hybrid systems.

In this context, we describe a system that uses do-



main knowledge to suggest good starting points for
a genetic algorithm that looks for feasible solutions
in the domain of structural design and optimization
of trusses. These solutions can then be improved
through post processing by an engineer.

The next section provides brief introductions to ge-
netic algorithms and truss design. Sections 3 and 4
describe our representation and the effect of genetic
operators on candidate designs. Initial results re-
ported in Section 5 suggest that genetic algorithms
augmented by domian knowledge can be used in sys-
tem configuration problems to provide, feasible and
useful designs. The last section presents conclusions
and suggests questions for future research.

2 GAs AND TRUSS DESIGN

2.1 Genetic Algorithms

Genetic algorithms, originally developed by Holland,
model natural selection, the process of evolution [4].
They belong to a class of algorithms, called blind
search algorithms, which make the assumption that
there is enough knowledge to compare two solutions
and tell which is better [7].

Conceptually, GAs use the mechanisms of natu-
ral selection in evolving individuals that, over time,
adapt to an environment. In practice, individuals rep-
resent candidate designs in a state space of possible
designs, while the environment provides a measure of
“fitness” that helps identify better individuals.

A population of candidate designs (phenotypes)
usually encoded as bit strings (genotype) is evalu-
ated and modified by the probabilistic application of
the genetic operators of selection, crossover, and mu-
tation from one generation to the next. Evaluation
of each string which encodes a candidate design is
based on a fitness function that is problem depen-
dent. For our problem, a finite element analysis pro-
gram calculates the total weight, node displacements,
and member stresses, providing the information nec-
essary for evaluating a design. Selection selects rel-
atively fitter individuals for recombination and con-
centrates search in the area specified by fitter indi-
viduals (exploitation). Mutation insures against the
permanent loss of genetic material and with very low
probability flips a bit in the genotype. Crossover is
the main exploration operator. It is a structured yet
stochastic operator that allows information exchange
between candidate solutions. Two point crossover is
implemented by choosing two random points in the
selected pair of strings and exchanging the substrings
defined by the chosen points. Figure 1 shows how
crossover mixes information from two parent strings,

producing offspring made up of parts from both par-

ents.
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Figure 1: two point crossover.

Holland’s fundamental theorem of genetic algo-
rithms, the schema theorem, leads to the building
block hypothesis which states that genetic algorithms
work near-optimally by combining certain types of
building blocks corresponding to partial solutions or
designs [2]. In terms of truss design, genetic algo-
rithms can be expected to combine good parts of
candidate structures to generate improved structures.
GA theory also states that binary encodings pro-
vide the maximal number of building blocks and thus
guide us in our choice of encoding. However, incorpo-
rating domain knowledge in binary encodings is less
intuitive than in more “natural” encodings of a prob-
lem.

2.2 Truss Design

A truss is a structure that consists of a set of long,
slender members arranged in the shape of one or more
triangles (see figure 2). Truss design usually starts
with a given distance that the structure has to span
and the loading conditions. Next, the designer deter-
mines the depth and overall profile of the truss (geom-
etry), the number of members and their arrangement
(topology), and the shape and areas of member cross
sections (component properties) such that the truss
will be able to resist the given loads while meeting
service requirements. The goal of truss optimization
is to maximally utilize the material to result in the
lightest structure while satisfying all the design, man-
ufacturing, and other physical constraints.
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Figure 2: Three Different Types of Trusses

Traditionally, given the geometry and topology, the
truss member cross sectional areas are optimized us-
ing mathematical optimization techniques. This is



however, very slow for large problems. Using mixed
integer optimization techniques, limited topology op-
timization may be achieved based on a set of alter-
native fixed configurations. An example of apply-
ing GAs to truss member optimization is reported
in [2]. Jenkins also applies a GA to optimize truss
geometry and member cross sectional areas [5]. To
our knowledge, the only reported attempt on opti-
mization of truss topology is described in Cagan and
Mitchell’s work [1], in which simulated annealing (a
search algorithm) is used to search through possible
truss topologies. Once again, a problem with this ap-
proach is that it takes significant computational time,
especially if the truss is statically indeterminate. Do-
main knowledge restricting the search space would be
especially useful in such problems.

3 ENCODING ISSUES

We only consider planar trusses in this study. A truss’
geometry and topology may be defined by a set of
joints, or to borrow from the terminology of finite
element analysis, a set of nodes. A set of members
connect these nodes. The set of nodes and their lo-
cations defines the geometry of a truss, while the set
of members and the nodes they connect defines the
topology.

There are three approaches to using domain knowl-
edge in genetic search. We can place this knowledge
1) in the initial population 2) in the encoding of the
genotype, and 3) in the genetic operators of crossover
and mutation.

Initializing the genetic algorithm with individuals
that our domain knowledge tells us are highly fit
usually results in quicker convergence and/or better
adaptability in changing environment [3]. However,
the reduced diversity that may result can lead to pre-
mature convergence. To alleviate this problem we use
high crossover and mutation probabilities.

Domain knowledge in the form of constraints on
the range of variables is usually placed in the encod-
ing of the genotype. In addition, ensuring that only
viable offspring are produced is a task that depends
on both the encoding and the recombination opera-
tors. In our task we use bit strings to encode mem-
ber cross sections and top chord node heights. The
topology and the rest of the geometry are encoded as
more complex structures with correspondingly differ-
ent and “smarter” crossover and mutations operators.
Instead of randomized crossover and mutation, these
“smarter” operators use domain knowledge to guide
crossover and mutation and usually lead to quicker
convergence.

Note that as more domain knowledge is used to

guide search, the less robust the algorithm becomes.
Ideally we would like to start with a robust algorithm
and using domain knowledge tune it to the domain.

The next section provides more detail on our repre-
sentation and engineering heuristics used to seed the
initial population.

4 REPRESENTATION

We incorporate problem knowledge into a GA by gen-
erating the initial population based on (in our case)
engineering knowledge. Given a span, we first calcu-
late the truss depth. Design heuristics indicate that
good values for truss depth lie between 1/12 and 1/8
of the span. Next, the panel size is set to be approx-
imately the same as the depth. This also determines
the number of panels. Members are now generated
to connect nodes such that the profile is, with high
probability, triangularized. Each member’s cross sec-
tional area is generated randomly in the range be-
tween 0.1 and 6.5 square inches. The genetic algo-
rithm then searches for a structure that satisfies de-
sign constraints and minimizes the objective function
described below. For simplicity, only the most im-
portant design constraints, which are constraints on
stress in the truss members and deflection of the truss,
are used.
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Here stressgiiowed and stressgciuq are the allowed
and the actual stress for each truss member and
deflectiongjre, and deflectiong.inqr are the allowed
and actual vertical deflections, at a predetermined
truss node. p; and ps are penalty weights. Excessive
stresses, excessive nodal displacements, and underuti-
lization of material are thus penalized. The objective
function returns a value that is minimized to drive
genetic search in the direction of feasible, minimal
weight solutions.

4.1 Effect of Genetic Operators

Unlike traditional genetic algorithm representations
that emphasize bit strings, we use a mixed represen-
tation, employing bit strings as well as more complex
structures. This makes it easier to add heuristic con-
straints to the problem and reduces the size of the
search space.

Since crossover in genetic algorithms combines
good substructures to improve solutions, we imple-
ment structural crossover by randomly selecting a



contiguous set of nodes on the top chord and ex-
changing them and their connected members. This
lamarckian process results in genetic search through
the space of possible top-chord node heights, connec-
tivity, and cross sectional areas. Figure 3 depicts the
result of crossing over the two structures on the bot-
tom. The nodes to be crossed over are labeled [1,4]
and [1, 5] (shaded) and exchanging these nodes results
in the structures labeled “child 17 and “child 2.” In-
tuitively, “child 17 is a copy of “parent 17 except for
the nodes (and all attached members of that node)
that came from “parent 2” and vice versa. Thus,
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Figure 3: Structural truss crossover, [1,4] and [1, 5]
exchanged.

structural crossover has the effect of changing the
topology of trusses in the population. Panel sizes are
not subject to crossover and are fixed (heuristically)
for an individual. Truss depths (geometry) depend
on the heights of nodes on the top chord. Top chord
node heights are encoded as bit-strings along with
member cross sectional areas and are subject to two-
point crossover. All these changes are restricted to
be within the topological, geometrical and cross sec-
tional space spanned by the initial population. The
mutation operator allows the space to change from
that spanned by the initial population. Since the ini-
tial population was generated nonrandomly, mutation
takes on a greater significance in maintaining diver-
sity. It adds and deletes non-randomly chosen mem-
bers and nodes, and randomly perturbs member cross
sectional areas. Like crossover there are two kinds
of mutation operators. Random mutation works on
the bit string encoded cross sectional areas and top-
chord node heights with the usual low probability.
Structural mutations that add/remove members are
biased toward removing members with low stresses
and adding members to nodes with large displace-
ments. Top chord nodes can be removed through
random mutation although there is no provision for
adding nodes.

5 RESULTS

The test problem presented in this section is the de-
sign of a truss with a span of 100 feet and an evenly
distributed vertical load that has an intensity of 600
pounds per linear foot. Since the loading is symmet-
ric, for simplicity, we designed only for half trusses!.
The population size for the genetic algorithm was
50. We used the CHC elitist selection strategy in
which for a population of size NV, the offspring dou-
ble the size of the population and the N best are
chosen for the next generation from the 2N popula-
tion of parents and offspring. Since elitism increases
selection pressure and because the heuristic initial-
ization of the population reduces diversity we used a
crossover probability of 1.0 and a mutation probabil-
ity dependent on the mutation cite. The probability
of mutating a bit in cross sectional area of a member
or height of a node was 0.07 and the probability of
adding/removing a member was proportional to the
relative stress on the member (removal), or displace-
ment at a corresponding node (addition). Empirical
testing established these parameter values as better
than the more traditional values of 0.66 and 0.001
for crossover and mutation probabilities. The figures
shown below are the best results from more than 20
genetic algorithm runs with different random seeds
and parameters.
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Figure 4: Evolution of Trusses

Figure 4 shows several intermediate truss designs

I This simplification restricts the trusses to have an even
number of panels, but does not affect the validity or feasibility
of our methodology.



(half trusses) produced by the GA, in which the best
was found at generation 67. Numbers next to truss
members are their cross sectional areas in square
inches. The rate of convergence is depicted in fig-
ure 5 where we plot weight in pounds versus genera-
tion number. The genetic algorithm quickly reduces
the weight and finds the best solution for the run in
the 67! generation. This is typical behavior for the
runs that we observed; note that the weight decrease
may not be monotonic.

Relaxing some constraints (reducing the amount of
domain knowledge used) can lead to different, and
perhaps more surprising, structures. Post processing
of solutions produced by GAs is another issue. Space
constraints force us to elide these interesting issues
for now. With the imposed constraints we can make
an estimate on the reduction in size of the search
space. Not encoding the x-coordinates of nodes alone
reduces the search space by between 2% to 270 if
we assume 5 bits per x-coordinate. This must be
balanced against the possibility of missing out on any
feasible solutions in that area of the search space.
This is a tradeoff that needs to be explored.

6 CONCLUSIONS

Many engineering problems require both domain
knowledge and search/optimization techniques for
their solution. Hybrid systems that use robust search
algorithms when confronted with a problem outside
the scope of their knowledge, bring up the issue of
how best to incorporate this knowledge in guiding
robust search. This paper studied the problem of in-
corporating domain knowledge in genetic algorithm
search for the configuration design and optimization
of trusses. We used domain knowledge to initialize
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Figure 5: Convergence behavior, best truss weighed
3214 pounds.

the genetic algorithm’s population and to guide the
application of crossover and mutation. This substan-
tially reduces the search space and speeds conver-
gence. The genetic algorithm is able to produce feasi-
ble, useful solutions in approximately twenty minutes
on a high-end workstation. However, relaxing the
constraints and expanding the search space may lead

to more exploration and perhaps better and more in-
novative solutions [6]. We are currently exploring this
tradeoff.

This paper explores an essential aspect of interfac-
ing genetic search with knowledge-bases. As a next
step, we plan to use case-based reasoning to store ge-
netic algorithm solutions and use these stored cases
to initialize the population.
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