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Abstract— An adaptive multi-objective genetic algorithm is
presented, where a fuzzy system is used for the fitness evaluation.
The adaptivity of the evolutionary algorithm refers to modifying
in a measured way the degree of relaxation of the conventional
Pareto dominance concept that is used to grade solutions in
multi-objective space. The aim of the adaptive relaxation is to
retain adequate selection pressure during the search process. The
fuzzy system models human-like reasoning that is used to
evaluate the suitability of candidate solutions. This way
vagueness and imprecision inherent to criteria is taken care of.
Next to that, due to the use of fuzzy information processing, the
resulting Pareto optimal solutions may be distinguished
regarding their suitability for the ultimate goal, although from
the Pareto dominance viewpoint the solutions are equivalent.
This yields relevant information for a decision maker, so that
some of the difficulties to select among the Pareto optimal
solutions are alleviated. The algorithm is implemented for a
decision making problem from the domain of architecture, where
an optimal spatial arrangement of a multi-functional building is
sought that satisfies three soft objectives.
Keywords- evolutionary multi-objective optimization, genetic
algorithm, Pareto dominance, fuzzy information processing,
cognitive systems

I.

INTRODUCTION

In many real-world decision making (dm) tasks several goals
are to be satisfied at the same time. Some of the goals may be
soft, that is they involve vagueness and imprecision. Examples
of such goals are ‘high functionality’ and ‘low cost.’ Due to
their soft nature, establishing their relative importance in a dm
task is difficult to accomplish with certainty, in particular prior
to establishing information on the inevitable trade-offs
inherent to the task. This entails that the objectives may not be
combined into a single criterion, i.e. the dm problem is not to
be treated as a single-objective optimization problem.
Therefore, multi-objective optimization became an important
approach for dm purposes. To deal with the increasing
complexity of the multi-objective optimization tasks direct
search methods that are based on a population of solutions
became the dominant approach. The directness of the methods
refers that only objective function values are used to drive the
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search in contrast to the gradient-based methods, where
derivative vectors are used for this purpose. The most
prominent
direct,
population-based
algorithms
are
evolutionary algorithms (MOEAs) and particle swarm
optimization algorithms (PSO), and these are extensively
being investigated for solving associated optimization
problems, e.g. [1-5]. Population-based algorithms are
particularly suitable for multi-objective optimization, since
they evolve simultaneously a population of potential solutions.
These solutions are investigated in non-dominated solution
space, so that the optimized solutions in a multi-objective
functions space form a front which is known as Pareto surface
or front. Although Pareto front is an important concept, its
formation is not straightforward since the strict search of nondominated regions in the multi-objective solution space
prematurely excludes some of the potential solutions that
results in aggregated solutions in this very space. This means
the Pareto surface does not fully develop and the diversity of
the solutions on the Pareto front is not fully exercised.
Conventionally, non-dominated solutions with many
objectives are usually high in number, making the selection
pressure toward the Pareto front low, with aggregated
solutions in the Pareto dominance-based MOEA algorithms
[6]. The purpose of this paper is to provide a solution, where
convergence together with diversity of solutions on the Pareto
front is maintained [7]. This work addresses this issue by
employing adaptive relaxation of the dominance concept
during the search process, where the relaxation implies precise
expansion of the dominated region of the search space. The
effectiveness of the adaptive relaxation approach w.r.t.
diversity preservation is demonstrated with an application
from the domain of architectural design, where decision on
optimal spatial configuration satisfying multiple objectives is
pursued. In the application human-like reasoning is employed
during the fitness evaluation, so that ultimate selection among
Pareto solutions by a decision maker is facilitated.
Section two of this paper describes the adaptive relaxation
of the Pareto dominance concept. Section three describes an
application, where adaptive and conventional Pareto ranking,
are compared. This is followed by conclusions.

II. ADAPTIVE RELAXATION OF PARETO DOMINANCE
In Multi-objective (MO) algorithms that are population-based,
such as MOEA or Multi-objective Particle Swarm optimization
(MOPSO), in many cases the use of Pareto ranking is a
fundamental selection method. Its effectiveness is clearly
demonstrated for a moderate number of objectives, which are
subject to optimization simultaneously [8]. Pareto ranking
refers to a solution surface in a multidimensional solution space
formed by multiple criteria representing the objectives. On this
surface, the solutions are diverse but they are assumed to be
equivalently valid. The driving mechanism of the Paretoranking based algorithms is the conflicting nature of criteria,
i.e. increased satisfaction of one criterion implies loss with
respect to satisfaction of another criterion. Therefore the
formation of Pareto front is based on objective functions of the
weighted N objectives f1, f2,…, fN which are of the form
Fi ( x ) = f i ( x ) +

j=N

∑

j =1, j ≠ i

a ji f j ( x ), i = 1, 2,..., N

Figure 1. Contour lines defining the dominated region of the search space in
relaxed versus ‘greedy’ Pareto dominance case for a maximization problem.

(1)

where Fi(x) are the new objective functions; aji is the
designated amount of gain in the j-th objective function for a
loss of one unit in the i-th objective function. To find the Pareto
front of a maximization problem we assume that a solution
parameter vector x1 dominates another solution x2 if
F(x1)≥F(x2) for all objectives. At the same time a contingent
equality is not valid for at least one objective.
In solving multi-objective optimization tasks, with the
increase of the number of objective functions, i.e. with high
dimensionality, the effectiveness of the Pareto ranking in this
strict form is hampered. Namely, with many objectives, there
are few solutions that dominate others in the strict dense
expressed by (1). This means the search has little information
to distinguish among solutions, so that the selection pressure
pushing the population into the desirable region is too low.
Therefore the algorithm prematurely eliminates potential
solutions from the population, exhausting the exploratory
potential of the population. As a result the search arrives at an
inferior Pareto front with aggregation of solutions along this
front. The issue of solution diversity and effective solution for
multi-objective optimization problem described above can be
understood considering that the conventional Pareto ranking
implies a kind of greedy algorithm, which considers the
solutions at the search area delimited by orthogonal axes of the
multidimensional space, i.e. aji in (1) becomes zero. This is
shown in figure 1 by means of the orthogonal lines delimiting
the dominated region of the search space. The point P in figure
1 is ultimately subject to identification as an ideal solution, as
the figure describes a maximization problem. To increase the
pressure pushing the Pareto surface towards to the maximally
attainable solution point is the main problem, and relaxation of
the orthogonality with a systematic approach is an appealing
solution and applied in this work. Although, some relaxation of
the dominance is addressed in literature [9, 10], in a
multidimensional space to identify the size of relaxation
corresponding to a volume is not explicitly determined. In In
such a volume next to non-dominated solutions, dominated but
potentially favourable solutions, as described above, lie. To
determine this volume optimally as to the circumstantial

Figure 2. Implementation of the relaxation concept during the evolutionary
search process for a maximization problem

conditions of the search process is a major and a challenging
task. In this work the solution for this task is due to the
mathematical treatment of the problem, where the volume in
question is identified adaptively during the search that it yields
a measured pressure to the Pareto front towards the desired
direction, at each generation as follows.
The fitness of the solutions can be ranked by the fitness
function
R fit =

1
,
N (φ ) + n

(2)

where n is the number of potential solutions falling into the
search domain consisting of the conventional orthogonal
quadrant, with the added areas of relaxation. N is a function of
the relaxation angle, yet before explaining its functionality we
consider details of the relaxation. For each solution point, say P
in figure 2, the point is temporarily considered to be a reference
point as origin, and all the other solution points in the
orthogonal coordinate system are converted to the nonorthogonal system coordinates. This is accomplished using the
matrix operation given by (3) [11]
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where the angles φ, ϕ, … γ represent the respective
relaxation angles between one axis of the coordinate system
and the other axes. After coordinate transformation using (3),
all points which have positive coordinates in the non-

orthogonal system correspond to potential solutions
contributing to the next generation in the evolutionary
computation. If any point possesses a negative component in
the new coordinate system, the respective solution does not
dominate P and therefore is not counted. This is because
otherwise such a solution may lead the search in a direction
away from P. The importance of this coordinate transformation
becomes significant especially with greater amounts of
objective dimensions. It is emphasized that increasing the angle
θ in figure 2 by a small angle denoted φ in the figure,
corresponds to increasing the dominated region of the entire
search domain also by φ as seen in figure 2.
Determination of the suitable relaxation angle depends on
the particular conditions occurring during the stochastic search
process. In general a wide average angle is expected to provide
more diversity in the population for the next generation.
However, when the relaxation angle would be excessively big,
the population for the next generation can be crowded with
trivial solutions. To prevent that, in (2) the number of nondominated solutions with respect to the particular solution
considered denoted by n, is summed up with the function of the
angle N(θ). Adaptively changing the angle in an evolutionary
algorithm implies that every chromosome contains its own
associated relaxation angle, so that the angle is subject to the
usual genetic operations. Therefore the average angle θ of the
population is changing for every generation adaptively. When a
chromosome has a wider relaxation angle the conditions
necessary for it to be non-dominated are stricter compared to a
solution with a small angle. To ‘balance’ this, N(θ) in (4)
represents a number of virtual solutions that are accrued to the
counted number of dominant solutions denoted by n in (2).
N (θ ) =

(

s

1+ θ /θ

)

(4)

Considering (2) and (4) together it is clear that the purpose is to
reward a chromosome for affording a wide relaxation angle θ,
relative to the average θ angle associated to the members of
the population, and still having a low dominance count denoted
by n. This means for instance that between two solutions with
the same amount of non-dominated solutions, the one with the
wider angle is preferred. It is noted that the number s appearing
in (4) is a constant number, used to adjust the relative
significance of relaxation angle versus count n. This means the
value of s should be selected bearing in mind particularly
population size, so that solutions using wide angles are
adequately rewarded, for instance.
III.

APPLICATION FOR ENHANCED DECISION-MAKING IN
BUILDING DESIGN

A. Problem Description
A layout problem of a building complex is considered, where
the spatial arrangement of a number of spatial units is to be
accomplished in such a way that three main goals are satisfied
simultaneously. These goals are maximizing the building’s
functionality and energy performance, as well as its
performance regarding form related preferences. The building

Figure 3. Design objects subject to optimal positioning on the building site

subject to design consists of a number of spatial units, referred
to as design objects, where every unit is designated to a
particular purpose in the building. The task is to locate the
objects optimally on the building site with respect to the three
objectives forming suitable spatial arrangements. The objects
are seen from figure 3.
In order to let the computer generate a building from the
components shown in figure 3, i.e. for a solution to be feasible,
it is necessary to ensure that all solutions have some basic
properties. These are that spaces should not overlap, and
objects should be adjacent to the other objects around and
above. This is realized in the present application by inserting
the objects in a particular sequential manner into the site. This
is illustrated in figure 5. Starting from the same location, one
by one the objects are moved forward, i.e. translated in
northern direction, until they reach an obstacle. An obstacle is
either the site boundary or another object previously inserted.
When an object touches a previously inserted one, the former
object changes its movement direction from the northern to the
eastern direction, moving east until again it reaches the site
boundary or another object. As a final movement step the
inserted object will move downward until it touches the ground
plane. Packing objects in two dimensions in this way is known
as bottom-left two heuristic packing routine in literature, e.g.
[12]; yet it is noted that the objectives in conventional packing
problems significantly differ from architectural design
problems. For instance in the former case the adjacency or
nearness of objects is usually irrelevant, whereas in building
design it is relevant. The same counts for energy related matter
like exposure of facades in north or south directions. Objects
exceeding the site boundary will be inserted using a second
movement procedure, where, in a similar way as before, the
objects are moved onto the buildings already inserted. This is
seen from figure 5c and 5d.
In order to deal with the abstract nature of goals involved in
the task, a particular kind of knowledge model, namely a fuzzy
neural tree, is employed to assess the suitability of a solution
based on human-like reasoning. A neural tree is composed of
terminal nodes, non-terminal nodes, and weights of connection
links between two nodes. The non-terminal nodes represent
neural units and the neuron type is an attribute introducing a
non-linearity simulating a neuronal activity. In the present case,
the non-linearity is established by means of a Gaussian
function, which has several desirable features for the intended
goals; namely, it is a radial basis function ensuring a solution

Figure 4. Fuzzy neural tree for performance evaluation of the candidate solutions

(d)

(a)

Figure 5. Generation process of a solution through sequential insertion of the
design objects

(b)

as well as the smoothness. At the same time it plays the role of
a fuzzy membership function in the tree structure, which is
considered to be a fuzzy logic system, as its outcome is based
on fuzzy logic operations and thereby associated reasoning.
The root node of the neural tree shown in figure 4 describes the
ultimate goal subject to maximization, namely the design
performance and the tree branches form the objectives
constituting this goal. The connections among the nodes have a
weight associated with them, as seen from the figure. The
weights are given by a decision maker, specifying the relative
significance a node has for the node one level closer to the root
node as an expression of knowledge. The weights and input
information is processed at each inner node of the tree model
based on a fuzzy AND operation given by [13]
O j = exp(−

1
2

2

⎡ ( μ − 1) ⎤
∑i ⎢ σ i / w ⎥ )
⎣⎢ j ij ⎦⎥
n

(5)

where Oj is the output of the j-th inner node, μi denotes the
strength of the i-th input coming to this node; wij denotes the
relative importance of this input; and σj a parameter
responsible to ensure a consistency in the AND operation,
(c)

(a)

(b)

Figure 6. Different type of node connections in the neuro-fuzzy model in
figure 4

which needs to be identified before the computations can be
carried out. In order to provide the neural model with input
values, fuzzification processes are carried out at the terminal
nodes shown by means of square shaped boxes in figure 4. The
fuzzification yields the degree of satisfaction for the elemental
requirements in the form of membership degrees. Two
examples of the fuzzification are shown in figure 7.

are subject to maximization. Their values are used in the fitness
determination procedure of the genetic algorithm. Employing
the fuzzy neural tree in this way the genetic search is equipped
with some human-like reasoning capabilities during the search.
It is noted that due to the use of fuzzy logic in this work, the
objective space is a hyper cube having the size of unity along
every dimension. Therefore in implementation of (3) the angles
of relaxation are taken to be symmetrical w.r.t. the line defined
by the origin and the utopic point, i.e. all elements aij of the
matrix in (3) take the same value.
B. Systematic Distinction Among Pareto Optimal Solutions
In complex problems addressed by population-based
algorithms, the amount of Pareto optimal solutions a decision
maker needs to consider may be high in order to identify an
ultimately favorable solution. It is noted that during this
process, to retain precision in second-order preferences is
necessary, yet problematic to ensure. Therefore it becomes
desirable to obtain information about the relative ultimate
suitability among the Pareto optimal solutions. Such
information is attained due to the involvement of fuzzy
modelling in this work, as follows.
From figure 4, at the root node, the performance score is
computed by the defuzzification process given by
w1 f1 + w2 f 2 + w3 f3 = p ,

(a)

(b)

Figure 7. Fuzzy memberhips functions at two of the terminal nodes in figure
4 for energy performance evaluatioon(a); for evaluation of the average
building height along the waterfront (b)

For instance concerning the requirements on average height
of the building the decision maker prefers to have a low
average height along the street side to give the building a less
dominant expression when perceived by people walking along
the waterfront. This requirement is seen from the membership
function in figure 7b, where the membership degree diminishes
with increasing height.
The fuzzified information is then processed by the inner
nodes of the tree. These nodes perform the AND operations
using Gaussian membership functions as described above,
where the width-vector of the multi-dimensional Gaussian
reflects the relative importance among the inputs to a node.
Finally this sequence of logic operations starting from the
model input yield the performance at the penultimate node
outputs of the model. This means the more satisfied the
elemental requirements at the terminal level are, the higher the
outputs will be at the nodes above, finally increasing the design
performance at the root node of the tree. Next to the evaluation
of the design performance score, due to the fuzzy logic
operations at the inner nodes of the tree, the performance of
any sub-aspect is obtained as well. This is a desirable feature in
design decision making, which is referred to as transparency.
The neural model is used during the evolutionary search
process to evaluate the fitness of solutions, in order to arrive at
designs with maximal design performance. In the multiobjective implementation the outputs of the nodes functionality,
energy, and form preferences, which are the penultimate nodes,

(6)

where f1 is the output of the node functionality performance; f2
of node energy performance; f3 of node form preferences. That
is, they denote the performance values for these aspects of the
design, which are subject to simultaneous maximization. The
variable p denotes the design performance which is also
requested to be maximized, which is the ultimate goal of the
design. In (6) w1 , w2 , and w3 denote the weights associated to
the connections from f1, f2 and f3 to the design performance. It
is noted that w1+w2+w3=1. In many real-world decision
making tasks the cognitive viewpoint plays an important role.
This means it is initially uncertain what values w1,…w3 should
have. Namely, the node outputs f1, …, f3 can be considered as the
design feature vector, and the reflection of these features can
be best performed if the weights w1 ; …; w3 define the same
direction as that of the feature vector. This implies that the
performance pmax for each genetic solution is given by [13].
pmax =

f12 + f 2 2 + f32 ,
f1 + f 2 + f3

(7)

Therefore, pmax in (7) is computed for all the design
solutions on the Pareto front. Then the solution with maximal
pmax performance is selected among the Pareto solutions. This
way the particular design is identified as a solution candidate
with the corresponding w1, w2, …., wn weights. These weights
form a priority vector w*. If for any reason this candidate
solution is not appealing, the next candidate is searched among
the available design solutions with a desired design feature
vector and the relational attributes, i.e., w1, w2, …., wn . One
should note that, although performance does not play role in
the genetic optimization, Pareto front offers a number of design
options with fair performance leaving the final decision
dependent on other environmental preferences. Using (7),
second-order preferences are identified that are most promising

for the decision making task at hand, where ultimately maximal
solution performance is pursued. To make the analysis explicit
we consider a two-dimensional objective space. In this case, (7)
becomes [11]
p=

f12 + f 2 2
f1 + f 2

,

(8)

which can be put into the form
f12 + f 2 2 − pf1 + pf 2 = 0

(9)

that defines a circle along which the performance is constant.
To obtain the circle parameters in terms of performance, we
write
f12 + f 2 2 − pf1 + pf 2 ≡ ( x − x1 )2 + ( y − y1 )2 − R2

(10)

The performance circle with the presence of a Pareto front
is schematically shown in figure 8. From the figure, it is seen
that the maximum performance is at locations, where one of the
objectives is maximal at the Pareto front. If both objectives are
equal, the maximal performance takes a lower value. This
result is significant, since it reveals that in the particular design
task with an associated Pareto front shown in figure 8a, a
design has a better performance in an unbiased sense if some
measured extremity in one way or other is exercised. It is
meant that, if a better performance is obtained, then most
presumably some extremity will be observed in this design in
the sense that one objective is taken relatively much more
significant than the others. It is noted that the location of an
expected superior Pareto optimal solution in this unbiased
sense depends on the shape of the Pareto front, in particular on
the degree of symmetry the Pareto front has w.r.t. the line
passing from the origin of the objective space through the
utopic point. This is seen from figure 8a, where, due to a Pareto
front that is asymmetrical w.r.t. to this diagonal, a unique
location of a solution with a superior performance may exist. In
case of symmetry to the diagonal two areas of superior optimal
solutions may exist. This is seen from figure 8b.

Figure 9. Pareto front after 15 generations using adaptive relaxed Pareto
ranking during the search process, where s=16

It is noted that both executions start from the same initial
random population. The resulting Pareto front after 15
generations is shown in figures 9 and 10 for the respective
cases. The numbers in the figures express the pmax value for the
respective solution, obtained using (7). Comparing figure 9 and
figure 10 it is seen that the adaptive relaxed Pareto ranking
yields a more compact shape of the front with solutions at
similar sized, small intervals, while in the greedy case the front
is more spread out in the objective space, and more scattered.
That is in the latter case there are large gaps between solutions,
and also there are a number of areas, where a number of
solutions are crowding. This is explained from figure 1: Due to
the modified solution space in the relaxed Pareto ranking case
the Pareto front is able to arise more close to the Utopic Point.
Since solutions outside the orthogonal space in figure 1 do not
exist, a higher density of population members is expected along
the Pareto front compared to the greedy case.

C. Application Results
In order to investigate the effect of the adaptive relaxation
with respect to solution diversity and performance of solutions,
the adaptive algorithm is executed and compared against the
conventional Pareto ranking. In the adaptive execution s=16 in
(4) is taken.

(a)

(b)

Figure 8. Dependence of the location of desirable solutions on the shape of
Pareto front: front that is assymmetrical to the line passing from origine to the
utopic point (a); symmetrical front (b)

Figure 10. Pareto front after 15 generations using conventional ‘greedy’
Pareto ranking during the search process

In order to compare the degree of aggregation, the average
density among solutions is considered. As a measure of density
the average Euclidian distance d between a chromosome and
the two chromosomes nearest to it in Euclidian sense, is
computed as given by
⎡

⎛
∑ ⎢⎜⎝ ∑ ( p
r

d=

c =1

n

⎣

c ,i

i =1

n

− q 'c ,i ) + ∑
2

i =1

(p

c ,i

2 ⎞
⎤
− q ''c ,i ) ⎟ / 2 ⎥
⎠ ⎦

(11)

r

where pc,i is the objective function value of chromosome c in
the i-th objective dimension, and q’c,i is the objective function
value in the same dimension of the chromosome nearest to c,
and q’’c,i denotes this quantity for the second nearest
chromosome. The value r denotes the population size. It is
noted that due to the fuzzy modeling emplyed in this work, the
maximum value for pc,i and qc,i is unity and their minimum
value is zero. A low value for d in (12) indicates that solutions
are aggregated; conversely, a high value for d indicates
diversity among the solutions in objective space. The result
from the adaptive case compared to the greedy case is seen
from figure 11.
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Figure 11. Average distance d in (4) in adaptive relaxed case, where s=16,
compared to the ‘greedy’ case of conventional Pareto ranking

From the figure it is seen that during the early stage of the
search process the diversity of the greedy process is
occasionally higher compared to the adaptive case. This is
explained from the fact that it requires a number of generations
until the adaptive d diminishes after 9 generations, i.e.
aggregation starts to occur. In contrast to this, the adaptive
search with s=16 retains the diversity for another five
generations before diversity starts to drop. It is also noted that
in the adaptive case the aggregation increases gradually and
more smoothly compared to the greedy case. In particular the
range of the process in generation 10 to 15 reveals the different
nature of the conventional ranking compared to the adaptive
case. Namely the greediness of the conventional ranking
scheme exhausts the diversity of the population, i.e. a few
strictly non-dominated solutions start to ‘pull’ many solutions
to their position, and this leads to the aggregated and scattered
front seen in figure 10.

20

mean relaxation angle

On the other hand it is noted that the conventional algorithm
produces individual solutions with higher maximal
performance compared to the adaptive case, which is an
advantage of the greedy approach when an individual high
performance solution is sought, and freedom in decision
making as to second order preferences would not be required.
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Figure 12. Average relaxation angle throughout the generations

In order to observe the adaptation behavior of the algorithm
w.r.t. the relaxation angle, the variation of the average angle
throughout the search process is shown in figure 12. From the
figure it is seen that the average angle steadily rises to a
maximum of 15 degrees in generation 13, and then slightly
diminishes again. It is noted that the swiftness of adaptation is
determined by the value of s, where a lower value of s ensures
quicker adaptation, and vice versa. To understand this let us
consider for a non-dominated solution having a large associated
angle, say for instance 1.5 times the size of the mean angle. In
case s=16 a number of virtual solutions are accrued to the
actually counted n number of solutions, namely 6.4 in this case.
For smaller values of s the number of accrued virtual solutions
is proportionally less. Therefore for larger values of s, good
solutions, i.e. solutions having low number of n as well as a
large relaxation angle, will relatively less clearly stand out from
the other population members, so that they do not so strongly
attract other solutions via the genetic operations.
This entails the value for s should be carefully selected, and
bearing especially population size in mind, in order to balance
the algorithm’s exploration versus exploitation behavior [14].
Clearly, greater values of s favor exploration, whereas smaller
values of s favor exploitation. In particular the exploration is in
the sense that a more refined consideration about the potential
of a solution is exercised, namely a seemingly good solution in
the sense of a low amount of solutions dominating it, may turn
out to be relatively less potent when solutions exist in areas
near to the contour lines separating the dominated and nondominated regions. This information is commonly not used
during evolutionary search and it turns out to have merits in
particular as to diversity as seen from the comparison above. In
this respect it is noted that the algorithm used in this work does
not involve means to explicitly ‘punish’ chromosomes for
being in crowded areas of the objective space, as it is often
exercised [5]. This is done, so that exclusively the effect of the
adaptive relaxation can be observed. It is noted that relaxation
of the Pareto concept addresses the root cause of the
aggregation phenomenon, rather than addressing exclusively its
symptom by reducing fitness of solutions for high
crowdedness. For increased effectiveness, combination of
relaxed adaptive Pareto ranking and crowding measures are an
interesting relevance.
To exemplify the solutions on the Pareto front in figure 9,
three resulting Pareto-optimal designs are shown in figure 13.
Figure 13a shows design D1, 13b shows D2, and 13c shows
D3. From figure 9 it is seen that Design D1

IV. CONCLUSIONS

(a)

(b)

An adaptive relaxation approach for enhanced formation of
the Pareto front in multi-objective optimization is presented
and demonstrated using a decision making task from the
domain of architecture. The approach is to adaptively relax the
Pareto dominance concept during the search process. The
adaptation is found to be favorable for diversity compared to
the conventional Pareto ranking, yielding a more compact and
less scattered front in the former case. This is seen from the
decision making application, where a building consisting of
several volumes is obtained, so that three soft objectives
pertaining to the building are satisfied. The satisfaction degree
is measured using a fuzzy model, so that the evolutionary
algorithm makes use of some human-like reasoning during its
search. The use of fuzzy information processing entails that a
decision maker obtains new information regarding the relative
suitability of solutions from an unbiased viewpoint. For
example from the application it is seen that form related
performance plays a less significant role compared to energy
and functionality concerns. This information is relevant in the
selection among the Pareto optimal solutions, and it is
challenging to be obtained otherwise. As the approach is able
to deal with soft issues in decision making, it is deemed
suitable for many real world applications having such features.
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Figure 13. Pareto optimal designs, D1 (a); D2 (b); and D3 (c) from figure 9
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