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The Revolution of Evolution in Design:

From Coffee Tables to Hospitals

Peter Bentley

Intelligent Systems Group, Department of Computer Science,
University College London, Gower St., London WC1E 6BT, UK. P.Bentley@cs.ucl.ac.uk

Abstract.  This paper describes an evolutionary search method known as the genetic algorithm (GA) and
examines its application to real-world design problems. A description of the algorithm itself and its history is
provided. A general review of GA theory and analysis is given, and many of the newer, more advanced types
of GA are introduced. Some of the hundreds of different design applications tackled by GAs are then
described. Two more detailed case-studies are included, to outline how GAs can be applied to real-world
applications, and to illustrate some of the difficulties such problems present to the designers of GA-based
systems. The paper concludes that the GA is a highly significant and useful tool, suitable for a variety of
different design applications.

1 Introduction

In Computer Science, search algorithms define a computational problem in terms of search, where the search-
space is a space filled with all possible solutions to the problem, and a point in that space defines a solution
(Kanal and Cumar, 1988). The problem of improving the values of parameters for an application is then
transformed into the problem of searching for better solutions elsewhere in the space of allowable parameter
values. There are many types of search algorithm in existence, of which evolutionary search is a recent and
rapidly-growing sub-set.

Evolutionary search algorithms are inspired by and based upon evolution in nature. These algorithms typically
use an analogy with natural evolution to perform search by evolving solutions to problems. Hence, instead of
working with one solution at a time in the search-space, these algorithms consider a large collection or
population of solutions at once.

Evolution-based algorithms have been found to be some of the most flexible, efficient and robust of all search
algorithms known to Computer Science (Goldberg, 1989). Because of these properties, these methods are now
becoming widely used to solve a broad range of different problems (Holland, 1992). This review paper
concentrates on perhaps the most popular and prolific of these evolutionary techniques: the genetic algorithm,
and explores its application to real-world design problems.



2 Genetic Algorithms

2.1 A Summary

Natural evolution acts through large populations of creatures, which reproduce to generate new offspring that
inherit some features of their parents (because of random crossover in the inherited chromosomes) and have
some entirely new features (because of random mutation). Natural selection (the weakest creatures die, or at least
do not reproduce as successfully as the stronger creatures) ensures that, on average, more successful creatures are
produced each generation than less successful ones.

Using this simple process, evolution has produced some astonishingly varied, yet highly successful forms of
life. These organisms can be thought of as good ’solutions’ to the problem of life. In other words, evolution
optimises creatures for the problem of life.

In the same way, within a genetic algorithm (GA) a population of solutions to the problem is maintained, with
the ’fittest’ solutions (those that solve the problem best) being favoured for ’reproduction’ every generation, during
an otherwise random selection process. ’Offspring’ are then generated from these fit parents using random
crossover and mutation operators, resulting in a new population of fitter solutions (Holland, 1975).

Genetic algorithms differ from traditional algorithms in four ways (Goldberg, 1989):

1. GAs usually work with a coding of the parameter set, not the parameters themselves.
2. GAs search from a population of points, not a single point.
3. GAs use payoff (objective function) information, not derivatives or other auxiliary knowledge.
4. GAs use probabilistic transition rules, not deterministic rules.

Coded parameters are normally referred to as genes, with the values a gene can take being known as alleles. A
collection of genes in one individual of the population is held internally as a string, and is often referred to as a
chromosome. The entire coded parameter set of an individual (which may be anything from a single gene to a
number of chromosomes) is known as the genotype, while the solution that the coded parameters define is known
as the phenotype.

The simple or canonical GA is summarised in figure 1. Typically, populations are initialised with random
values. The main loop of the algorithm then begins, with every member of the population being evaluated and
given a fitness value according to how well it fulfils the objective or fitness function. These scores are then used
to determine how many copies of each individual are placed into a temporary area often termed the ’mating pool’
(i.e. the higher the fitness, the more copies that are made of an individual). Two parents are then randomly picked
from this area. Offspring are generated by the use of the crossover operator, which randomly allocates genes
from each parent to each offspring. For example, given two parents: ’ABCDEFG’ and ’abcdefg’, and a random
crossover point of, say, 4, the two offspring generated by the simple GA would be: ’ABCDefg’ and ’abcdEFG’.
Mutation is then occasionally applied (with a low probability) to offspring. When it is used to mutate an
individual, typically a single allele is changed randomly. For example, an individual ’111111’ might be mutated
into ’110111’. Using crossover and mutation, offspring are generated until they replace every parent in the
population. This entire process of evaluation and reproduction then continues until either a satisfactory solution
emerges or the GA has for run a specified number of generations. (Holland 1975, Goldberg 1989, Davis 1991,
Fogel 1995).



INITIALISE POPULATION WITH RANDOM ALLELES

EVALUATE ALL INDIVIDUALS TO DETERMINE THEIR FITNESSES

REPRODUCE (COPY) INDIVIDUALS ACCORDING TO THEIR FITNESSES

INTO ’MATING POOL’ (HIGHER FITNESS = MORE COPIES OF AN INDIVIDUAL)

RANDOMLY TAKE TWO PARENTS FROM ’MATING POOL’

USE RANDOM CROSSOVER TO GENERATE TWO OFFSPRING

RANDOMLY MUTATE OFFSPRING

PLACE OFFSPRING INTO POPULATION

HAS POPULATION BEEN FILLED WITH NEW OFFSPRING?

YES
NO

NO

YES

FINISHED

IS THERE AN ACCEPTABLE SOLUTION YET?
(OR HAVE x GENERATIONS BEEN PRODUCED?)

Fig. 1  The simple genetic algorithm.

The simple GA is just that - very simple and a little naive. This GA is favoured by those that try to
theoretically analyse and predict the behaviour of genetic algorithms, but in reality, typical GAs are usually more
advanced. Common features include: more realistic natural selection, ability to detect when evolution ceases, and
overlapping populations or elitism (where some fit individuals can survive for more than one generation) (Davis,
1991). Because of this improved analogy with nature, the term reproduction is normally used as it is in biology to
refer to the entire process of generating new offspring, encompassing the crossover and mutation operators. (This
is in contrast to the somewhat confusing use of the word ’reproduction’ to mean an explicit copying stage within
the simple GA).

2.2 GA Theory

The genetic algorithm is perhaps the most well-known of all evolution-based search algorithms. GAs were
developed by John Holland over twenty-five years ago in an attempt to explain the adaptive processes of natural
systems and to design artificial systems based upon these natural systems (Holland 1973, 1975). Whilst not being
the first algorithm to use principles of natural selection and genetics within the search process (others include
Evolutionary Programming: Fogel, 1963 and Evolutionsstrategie: Rechenberg, 1973), the genetic algorithm is
today the most widely used. More experimental and theoretical analyses have been made on the workings of the
GA than any other evolutionary algorithm. Moreover, the genetic algorithm (and enhanced versions of it)
resembles natural evolution more closely than most other methods.

Having become widely used for a broad range of optimisation problems in the last ten years (Holland, 1992),
the GA has been described as being a "search algorithm with some of the innovative flair of human search"
(Goldberg, 1989). GAs are also very forgiving algorithms - even if they are badly implemented, or poorly
applied, they will often still produce acceptable results (Davis, 1991). GAs are today renowned for their ability to
tackle a huge variety of optimisation problems (including discontinuous functions), for their consistent ability to
provide excellent results, and for their robustness (Holland 1975, Goldberg 1989, Davis 1991, Fogel 1995).

For a search algorithm to be robust, it must be capable of producing good solutions to a broad range of
problems. In his book, Goldberg compares traditional search methods (calculus-based, enumerative, and random)
with genetic algorithms (Goldberg, 1989). He concludes: "while our discussion has been no exhaustive
examination of the myriad methods of traditional optimisation, we are left with a somewhat unsettling
conclusion: conventional search methods are not robust." (Goldberg, 1989, p.5). The general view of many
researchers appears to be in agreement with this, although it is often debated exactly which algorithm would give
the best results for specific problems. Typically, it is argued that a traditional algorithm designed specifically for



a problem will provide better results for that problem than a GA could, but that a GA will provide good solutions
for a much broader selection of problems, compared to such problem-specific methods (Fogel, 1995).

Whilst there is no formal proof that the GA will always converge to an acceptable solution to a given problem,
a variety of theories exist (Holland 1975, Kargupta 1993, Harris 1994), the most accepted of these being
Holland’s Schema Theorem and the Building Block Hypothesis (Holland 1975).

Briefly, a schema is a similarity template describing a set of strings (or chromosomes) which match each other
at certain positions. For example, the schema *10101 matches the two strings {110101, 010101} (using a binary
alphabet and a metasymbol or don’t care symbol *). The schema *101* describes four strings {01010, 11010,
01011, 11011}. As Goldberg (1989) elucidates, in general, for alphabets of cardinality (number of alphabet

characters) k, and string lengths of l characters, there are (k + 1)l schemata.
The order of a schema is the number of fixed characters in the template, e.g. the order of schema *1*110 is 4,

and the order of schema *****0 is 1. The defining length of a schema is the distance between the first and last
fixed character in the template, e.g. the defining length of 1****0 is 5, the defining length of 1*1*0* is 4, and the
defining length of 0***** is 0.

Holland’s Schema Theorem states that the action of reproduction, crossover and mutation within a genetic
algorithm ensures that schemata of short defining length, low order and high fitness exponentially increase within
a population (Holland, 1975). Such schemata are known as building blocks.

The building block hypothesis suggests that genetic algorithms are able to evolve good solutions by combining
these fit, low order schemata with short defining lengths to form better strings (Goldberg, 1989). However, this
still remains an unproven (though widely accepted) hypothesis.

2.3 GA Analyses

Experimental results show that for most GAs (initialised with random values), evolution makes extremely rapid
progress at first, as the diverse elements in the initial population are combined and tested. Over time, the
population begins to converge, with the separate individuals resembling each other more and more (Davis, 1991).
Effectively this results in the GA narrowing its search in the solution-space and reducing the size of any changes
made by evolution until eventually the population converges to a single solution (Goldberg, 1989). When
plotting the best fitness value in each new population against the number of generations, a typical curve emerges,
fig 2 (Parmee and Denham, 1994).

generations

fitness

100fit

unfit

Fig. 2  Typical curve of evolving fitness values over time.

Theoretical research to investigate the behaviour of the various varieties of GAs for different problems is
growing rapidly, with careful analyses of the transmission of schemata being made (De Jong 1975, Kargupta
1993). The use of Walsh function analysis (Deb et. al. 1993) and Markov Chain analysis (Horn 1993, Mahfoud
1993a, 1993b) has led to the identification of some ’deceptive’ and ’hard’ problems for GAs (Deb and Goldberg
1992, 1993).



2.4 Advanced Genetic Algorithms

When applying GAs to highly complex applications, some problems do arise. The most common is premature
convergence where the population converges early onto non-optimal local minima (Davis, 1991). Problems are
also caused by deceptive functions, which are, by definition, ’hard’ for most GAs to solve. In addition, noisy
functions (Goldberg et. al. 1992a, 1992b) and the optimisation of multiple criteria within GAs can cause
difficulties (Fonseca and Fleming, 1995a). In an attempt to overcome such problems, new, more advanced types
of GA are being developed (Goldberg, 1994). These include:

• Parallel GAs, where multiple processors are used in parallel to run the GA (Adeli and Cheng 1994,
Levine 1994).

• Distributed GAs, where multiple populations are separately evolved with few interactions between
them (Whitley and Starkweather 1990)

• GAs with niching and speciation, where the population within the GA is segregated into separate
’species’ (Horn 1993, Horn and Nafpliotis 1993, Horn et. al. 1994).

• Messy GAs (mGA), which use a number of ’exotic’ techniques such as variable-length chromosomes
and a two-stage evolution process (Deb 1991, Deb and Goldberg, 1991).

• Multiobjective GAs (MOGAs) , which allow multiple objectives to be optimised with GAs (Schaffer
1985,  Srinivas and Deb 1995, Bentley and Wakefield 1997).

• Hybrid GAs (hGAs), where GAs are combined with local search algorithms (George 1994, Radcliffe
and Surrey 1994a).

• Structured GAs (sGAs), which allow parts of chromosomes to be switched on and off using evolveable
’control genes’ (Dasgupta and McGregor 1992, Parmee and Denham 1994).

•  GAs with diploidy and dominance, which can improve variation and diversity in addition to
performance (Smith & Goldberg, 1992b).

•  Mutation-driven GAs , such as Harvey’s SAGA (Harvey, 1997), which uses converged populations
modified primarily by mutation to allow the constant ’incremental evolution’ of new solutions to varying
fitness functions.

•  GAs with ‘genetic engineering’, which identify beneficial genetic material during evolution and
prevent its disruption by the genetic operators (Gero & Kazakov, 1997).

3 Some Applications of Genetic Algorithms in Design

The genetic algorithm has only become popular for optimisation problems in the last ten or fifteen years (Holland
1992, Goldberg 1994). However, in that time, literally thousands of different problems in many different areas
have had solutions successfully optimised by GAs. One of the most common problem areas is design, with
perhaps more design problems having been optimised by GAs than any other type of problem. For example, in
engineering design, GAs have been used to optimise:

•  Adaptive antenna arrays and radar absorbers (Chambers et. al., 1995).

•  Airfoil and aircraft geometries (Husbands, Jermy, McIlhagga, & Ives 1996).

•  Analogue filters (Reeves et al., 1994).

•  Building heating systems (Dickinson and Bradshaw, 1995).

•  Floorplans (Koakutsu et al., 1992).

•  Sizes of gas pipes (Boyd, 1994).

•  Hydraulic networks (Donne et al., 1994).

•  Microwave absorbing materials (Tennant and Chambers, 1994).

•  Satellite Booms (Keane and Brown, 1996).



•  Servo and micro motors (Hameyer and Belmans, 1996).

•  Spacecraft systems (Garipov et. al., 1994).

•  Structural topology (Rozvany and Zhou 1994).

•  Transmission towers (Cai and Thierauf, 1996).

•  VLSI layouts (Schnecke and Vornberger 1995).

•  A range of engineering designs (Bentley & Wakefield, 1996a,b)

Many of these systems have been used with considerable success to optimise real-world problems. For
example, as described by Holland (1992), a design of a high-bypass jet engine turbine was typically optimised in
eight weeks by an engineer; a genetic algorithm optimised the design in only two days, "with three times the
improvements of the manual version".

To give some idea of the problems faced by the developers of GA-based design systems trying to use a
computer to solve such difficult problems, there follows two brief case-studies. Both employing the same generic
evolutionary design system, the first describes the evolution of a coffee table design, which has since been built
and is in use by the author. The second describes the application of the system to evolve the layout of hospital
departments in a new building, using a real design schedule.

4 Generic Evolutionary Design

The generic evolutionary design system, GADES, is a result of more than three years research into the application
of genetic algorithms to engineering design problems (Bentley & Wakefield, 1996a,b,1997b). Using an advanced
steady-state multiobjective genetic algorithm with variable-length chromosomes, elitism and lifespan limits, the
system has successfully evolved a range of entirely new and original designs from scratch. Evolution is guided
purely by modular functional specifications provided by the user: the system is not given any clues on the form of
the design, only what it should do. Examples of evolved designs include: sets of steps, heatsinks, optical prisms,
streamlined boat hulls and aerodynamic cars (Bentley & Wakefield 1997b).

GADES  consists of four elements:
1. the genetic algorithm, which is the search engine for the system.
2. the hierarchical genotype representation, which holds the coded designs being evolved by the GA.
3. the phenotype representation, which defines the designs defined by the genotypes (a spatial

partitioning representation, see Bentley & Wakefield, 1996c).
4. modular evaluation software, which is used to define the required function of designs (a complete

design specification is generated by selecting which modules should be used in combination,
together with specific parameter values).

4.1 Evolving a Coffee Table

One of the very first design tasks set for an early version of the system was to evolve a table (Bentley &
Wakefield, 1996a). This design task has recently been reapplied to the current version of GADES with a more
specific aim in mind: evolve the design of a coffee table, which can then be built and used.

To specify the function of a table, five evaluation modules were used: SIZE, MASS, FLAT UPPER SURFACE,
SUPPORTIVENESS and UNFRAGMENTED. These ‘ask’ that the evolved design should be of appropriate
dimensions, have a low mass, have a flat upper surface of specific area, that it be able to support very massive
objects on the edges of the top surface, and that it must not have any part of the design ‘float free’ from the rest.

In addition, to ensure that all designs would be buildable, the thickness of all ‘blocks’ used to define the shape
was fixed at two centimetres (the thickness of ‘pine board’ available at DIY stores). This was done by initialising
the appropriate genes of the first population with this value, then fixing those genes to become unchangeable by
evolution (options built into the system).



The system was set to run until it had generated twenty coffee table designs (which took about thirty-five
minutes), and a suitable design was chosen from this collection. (Although all the designs performed the desired
functions perfectly, some were more pleasing to the eye than others, and some were easier to construct than
others. The chosen design, although still slightly unconventional, looked acceptable to the author, and also
looked simple enough for even the limited woodworking skills of the author to permit its construction.)

Having been chosen, the evolved output file was taken to a DIY store, where the ‘pine board’ was selected and
cut into the specified dimensions. The table was then assembled, decorated, and is now in use by the author.
Figure 3a shows the evolved design, figure 3b shows a photograph of the actual table.

a) EVOLVED COFFEE TABLE DESIGN b) PHOTO OF ACTUAL TABLE

Figure 3  The evolved design of a coffee table and a photo of the actual table.

4.2 Evolving Hospital Department Layouts

The most recent application of GADES has been to evolve the layout of hospital departments for a real hospital
building. Determining such a layout, according to the design schedule (which gives required floor areas for every
department), is one of the normal early stages of hospital design.

For this problem, a real design schedule was provided. It describes the required areas of seventeen separate
departments for a small, heavily constrained site (the building is to be placed within a tight space in busy London
hospital site). Because of the constraints on space and height imposed by the surrounding buildings, and because
of the large numbers of fire and safety regulations in place, the overall dimensions of the building are, in this
case, inevitable and unchangeable. Also, because of the available accessways to other buildings, and again
because of various regulations, the position of entrances, lifts and main corridors in the building are
predetermined.

In total, the building has four floors available for departments, with a small space in the basement. There are
two main corridors, a main entrance at the front and two access points at the side and rear. Lifts are clustered in
groups, in six different parts of the building, and a central atrium above the entranceway, extending through all
floors, provides the required levels of light.

The problem presented to the system was then: evolve the size and location of the seventeen departments
within this structure, such that they are suitably placed for staff and patients. Architects typically use a number of
rules of thumb to determine where departments should be placed. For example, wards should be organised in
pairs, to allow staff and equipment to be shared across both. X-Ray and Eye Departments should be in the darker
parts of the building, whereas wards should be brightly lit. Out-Patients Departments (OPD) should be on the
ground floor, as near to the entrances as possible. Patient Records (a heavy department, requiring structural
reinforcement) should be as low as possible in the building.

These rules of thumb were presented to the system in just the same way as the separate criteria for the coffee
table were specified. However, for this problem, the system could not simply evolve department ‘blocks’ (where
a block denotes floor space) in such an unconstrained manner. The departments had to fit within the given
structure of the building, taking into account the positions of every element.



To achieve this, a new ‘layers’ concept was introduced to GADES. This permits three-dimensional designs to
be superimposed on top of other designs, and be treated as independent entities in the genotypes (in different
layers), and yet be mapped onto a single entity in the phenotypes. For this problem, the position of the walls, lifts,
entrance, etc., were defined with fixed genes in one layer, allowing the system to evolve the departments in
another layer. When combined into phenotypes, any part of a department intersected by the fixed elements of the
design is removed, ensuring that all departments always fit within the structure of the building, without
constraining evolution. Figure 4 shows an example of a hospital design evolved by the system, where dark grey
elements are the fixed parts of the design in one layer, and light grey elements are the departments evolved by the
system in another layer.

    
COMPLETE DESIGN  BASEMENT GROUND FLOOR

       
FIRST FLOOR SECOND FLOOR THIRD FLOOR

Figure 4  A hospital design evolved by GADES.

In addition to the new ‘layers’ option, a ‘grid’ option was also added to GADES. This operates in the mapping
stage from genotypes to phenotypes, and forces the sides of all departments to lie on the structural grid for this
problem. It also forces all departments to have the appropriate ceiling height (without it, departments were often
evolved as being paper-thin, stacked on top of each other, on a single floor).

As Figure 4 shows, GADES is capable of successfully evolving new hospital department layouts for this
problem. The advantage of using such a system to automate this process are numerous: firstly, unlike some
human architects, the computer tends to assign each department the desired floor area with good accuracy.
Secondly, the process of setting up the problem takes a single morning and once set up, new designs can be
evolved in twenty minutes - compared to taking a professional architect two days for a single solution. Thirdly,
this generic system has been proven to cope with many different types of design problem, and can be relied upon
to successfully tackle new designs of this nature. Fourthly, by examining the fitness of final designs, the computer
can explain to what extent each criteria has been satisfied to the clients (inevitably, many of the ‘rules of thumb’
will be partially contradictory).
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6 Conclusions

In recent years, evolutionary search has been found to be a remarkably effective way of using computers to solve
difficult problems. In particular, the use of the genetic algorithm has undergone something of a revolution, with
hundreds, possibly thousands, of different problems solved by GAs.

With new theoretical analyses being performed constantly, it will not be long before the mechanism by which
solutions are consistently evolved is understood. In the meantime, new varieties of GA, often ’borrowing’ more
features from nature, are constantly showing new potentials of evolutionary search, particularly in engineering
design.

The two case studies given in this paper briefly demonstrate how a GA can be applied to real-world design
tasks. They describe how a single, generic evolutionary design system can be used to evolve solutions to two real
and very different design problems. This system, known as GADES, literally can go from evolving a coffee table
to a hospital, simply by swapping a single initialisation text file.

The genetic algorithm is one of the most effective and generic of all search algorithms known. Experience has
shown that it is a highly significant and useful tool, suitable for a variety of real-world design applications.
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