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SUMMARY

This paper considers the rectangular packing prob-
lem and investigates the effectiveness of the neighborhood
cultivation genetic algorithm (NCGA). NCGA, which we
proposed, is a new algorithm in which the unique mecha-
nism of neighborhood crossover is combined with effective
mechanisms for search in multi-objective GA proposed in
the past. The effectiveness of the proposed method in typi-
cal test problems has already been investigated with satis-
factory results in past studies. The rectangular packing
problem, on the other hand, is applied to floor planning,
such as chip area minimization in large-scale integrated
circuits. It is a kind of discrete combinatorial problem in
which it is known that the search is difficult and a very long
time is required until the solution is obtained. This paper
formulates the rectangular packing problem as a multi-ob-
jective problem with the vertical and horizontal lengths of
the placement configuration as the objectives. The se-
quence-pair is used as the block placement representation,
and PPEX is used as the crossover procedure. Using these
processes, the effectiveness of NCGA is investigated. For
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comparison, three other methods—NSGA-II, SPEA2, and
non-NCGA (NCGA without neighborhood crossover)—
are investigated. © 2007 Wiley Periodicals, Inc. Electron
Comm Jpn Pt 2, 90(12): 111-120, 2007; Published online
in Wiley InterScience (www.interscience.wiley.com). DOI
10.1002/ecjb.20427
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1. Introduction

The application of the genetic algorithm (GA) to
multi-objective optimization started with VEGA [1] pro-
posed by Schafter and colleagues. The technique has been
more intensively investigated recently, with marked pro-
gress [2]. Many studies of multi-objective GA have pre-
sented excellent original algorithms with excellent results
[2-5]. Among typical algorithms, NSGA-II [3] proposed
by Deb and collcagues and SPEA2 [4] proposed by Zitzler
and collcagues are considered to have markedly superior
performance.

We have proposed the neighborhood cultivation ge-
netic algorithm (NCGA), a technique for the multi-objec-
tive GA, which has a feature not found in the above methods
[5]. NCGA is an algorithm which has a unique mechanism
of neighborhood crossover, and also uses effective mecha-
nisms of superior methods proposed in the past, such as

© 2007 Wiley Periodicals, Inc.




NSGA-II and SPEA2. The effectiveness of the proposed
mcthod in typical test problems has already been investi-
gated with satisfactory results in past studies [5].

There are many applications of the multi-objective
GA 10 real problems [2]. This paper atlempts to apply
NCGA to the rectangular packing problem, in which mul-
tiple rectangular blocks are to be placed in the minimum
area. The rectangular packing problem is applied to a wide
range of problems, such as floor planning [6, 7], where the
chip area in large-scale integrated circuit (LSI) is to be
minimized, and the placement of installations and offices
in a plant [8]. The rectangular packing problem is a kind of
combinatorial optimization problem which has the property
that the number of possible combinations increases expo-
nentially with the number of blocks.

This paper considers the rectangular packing prob-
lem and attempts a formulation as a multi-objective optimi-
zation problem, with the vertical and horizontal lengths of
the finally obtained placement area as the objective vari-
ables. The purpose of this formulation is that the solution
selector can select the aspect ratio of the configuration to
place the blocks, in addition to minimizing the area. This
paper uses the sequence-pair as the representation for block
placement [7], and PPEX [9] as the crossover procedure.

As examples of numerical calculation, the proposed
NCGA [5] is applied to the multi-objective rectangular
packing problem. The effectiveness of NCGA compared to
SPEA?2 and NSGA-II is evaluated. The discussion of the
usefulness of the problem formulation, the packing repre-
sentation, and the crossover procedure in this study will be
pursued further in the future.

2. Multi-objective Optimization Problem

The multi-objective optimization problem is defined
as the problem in which & mutually competing objective
functions f(x) are to be minimized under m inequality
constraints [2]. In the multi-objective optimization prob-
lem, it is difficult to arrive at a unique optimal solution if
the objective functions are in a trade-off relation. In order
1o handle such a situation, the concept of the Pareto optimal
solution instead of the optimal solution is introduced.

The Pareto optimal solution is defined on the basis of
the dominance relation of the solutions in the multi-objec-
tive optimization problem. The dominance relation of the
solutions in minimization in the multi-objective optimiza-
tion problem is defined as follows.

Definition (dominance relation): Let X}, X, € R".

M) <fE) Ci=1,... kyand f(F)) <fi(x) Ci
=1,...,k), it is defined that X, dominates X,.

Based on the above dominance relation, the Parcto
optimal solution is defined as follows.

Definition (Pareto optimal solution): Let 5?0 e R".
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(a) If there is no X € R" which dominates X, X is
called a (strong) Pareto optimal solution.

(b) If there is no X* € R" such that f(X*) < fi(Xo)( Vi =
1,....,k), Xois called a weak Pareto optimal solution.

3. Multi-objective Genetic Algorithm

The application of GAs to mulli-objective optimiza-
tion is a subject of intensive study, and many algorithms
have been proposed with excellent results [2-5]. In particu-
lar, powerful algorithms such as NSGA-II (Elitist Non-
Dominated Sorting Genetic Algorithm) {3] and SPEA2
(Strength Pareto Evolutionary Algorithm 2) [4] have been
proposed recently, demonstrating better results than the
preceding methods.

NSGA-II is an algorithm proposed in 2001 by Deb
and Agrawal as an improved version of NSGA [2]. NSGA-
II includes additional features such as the preservation of
nondominant solutions, crowded tournament selection, and
the crowding distance, compared 10 NSGA. SPEA2 is an
algorithm proposed in 2001 by Zitzler and colleagues (4]
as an improved version of SPEA. Compared to SPEA,
matching degrec assignment and the archive truncation
method are added in SPEAZ2, and the handling of the set of
archive individuals is also modified.

These algorithms have many mechanisms in com-
mon. Among these, the following mechanisms are espe-
cially helpful in the search:

(a) Preservation of found superior solutions

(b) Reflection of preserved superior solutions on the
search

(c) Reduction of preserved superior individuals

(d) Normalization of objeclive scales

Comparing the multi-objective GA to the single-ob-
jective GA, which is used in single-objective optimization,
there is a great difference between the two in the search
process by the GA. In the single-objective case, global
search is performed in an early stage of search, maintaining
the diversity of the ensemble, and local search is performed
in the latter stages of the search, arriving at a unique optimal
solution. In the case of multi-objective GA, on the other
hand, the purpose is to derive the set of multiple Pareto
optimal solutions. Thus, it is required to maintain diversity
from the carly stage to the last stage of search, and to
perform local search at each search point.

The reason for the above search mode is that the
scarch for the whole region containing the set of Pareto
optimal solutions cannot be realized if diversity is lost, and
a highly accurate Pareto optimal solution cannot be ob-
tained unless local search is performed.

In order to achieve fast and highly accurate solution
scarch for the whole region containing the set of Pareto



optimal solutions, the following three mechanisms will be
necessary:

(1) A mechanism to perform fast solution search near
the set of Pareto optimal solutions

(2) A mechanism to maintain the diversity of the
ensemble

(3) A mechanism to perform local search

In past algorithms, ilems (a) and (b) correspond to
mechanism (1), and items (c) and (d) correspond to mecha-
nism (2).

4. Neighborhood Cultivation Genetic
Algorithm

As pointed out in the previous section, many multi-
objective GAs presented recently use similar mechanisms
to achieve the same purpose. It is expected that more
accurate solution will be obtained by adding a procedure to
achieve local search to such algorithms.

Consequently, we proposed a new method called the
neighborhood cultivation genetic algorithm (NCGA) [5],
which includes a new mechanism of neighborhood cross-
over to achieve local search. Neighborhood crossover is a
crossover procedure in which the closeness between the
individuals is considered in the selection of parent individu-
als for crossover. The neighborhood in this paper is defined
not as the structural closeness between the individuals, but
as the distance between the individuals in the objective
function space remaining within the specified value. Thus,
NCGA is an algorithm in which a new procedure of neigh-
borhood search is added to a mechanism that is useful in
the search in the multi-objective GA discussed in the pre-
vious section.

4.1. Outline of neighborhood cultivation
genetic algorithm

The flow in the proposed model is as follows.

Step 1

The initial individuals are generated. The generation
number is set as ¢ = 1. The individuals are evaluated. The
set of initial individuals is defined as the set of archive
individuals (A,).

Step 2

The set of archive individuals (A,) is copied to the set
of search individuals (P)). P, is sorted according to one of
the objective function values. The objective function f{x) to
be used as the reference is determined from the remainder
when the generation number ¢ is divided by the number M
of objective functions (¢ = i(mod M)). The variable i repre-

senting the individual number (o be used in steps 3 and 4 is
initialized as 0.

Step 3

From the set of search individuals (P,) sorted in step
2, the two adjacent individuals, that is, the i-th and the (i +
1)-th, are selected as the set of pair individuals.

Step 4

For the set of selected pair individuals, crossover,
mutation, and evaluation are applied, and the set of pair
individuals is updated. To variable i is added 2. Steps 3 and
4 are repeated until { is equal to the number of individuals.
As a result, the set of search individuals is completely
updated (Pyy,).

Step 5

The set of search individuals (P,,;) and the set of
archive individuals (A,) are compared, and the set of archive
individuals is updated (A,;,). In the process, the environ-
mental selection process in SPEA2 is used.” In the same
way as in SPEA2 and NSGA-II, the set of archive individu-
als retains the preset number N of individuals as superior
individuals.

Step 6

It is decided whether the termination condition is
satisfied. The termination condition is defined in this paper
as the arrival at the preset number of generations (termina-
tion generation). If the termination condition is satisfied,
the procedure ends. If not, the generation number is updated
as t =1+ 1 and the procedure goes back to step 2.

Thus, the proposed NCGA performs genetic manipu-
lations as follows. The set of search individuals is sorted on
an arbitrary objective function axis. Then, two adjacent
individuals are selected as the set of pair individuals, and
genetic manipulations are applied. The adjacent individuals
in the sorted set of individuals are close logether in the
objective function space. Consequently, by applying cross-
over between two adjacent individuals, neighborhood
crossover is achieved.

It should be noted, however, that if the above sort is
iteratively applied on the same objective function axis, there
is a danger that crossover will be iteratively applied only
within the same pair. In order to avoid this situation, the
following procedure is used.

¢ The objective function to be used as the reference
is changed for each generation.

o Neighborhood shuffling is applied with an ap-
proximately 10% width of the ensemble size to the
set of search individuals after sorting.

"Generally, when the preserved set of archive individuals is updated on the
basis of the newly obtained set of search individuals, the new set of
superior individuals is generated through selection from the sum of the set
of search individuals and the set of superior individuals. This selection
process is called environmental selection [4].



The objective function fi(x) which is to be used as the
reference in sorting is determined [rom the remainder when
the generation number ¢ is divided by the number M ol
objective functions (1=i (mod M)). By this process, the
reference changes for each generation, and the pair to which
crossover is applied, easily changes. Neighborhood shuffle
is the process in which individuals are rearranged at random
within a cerlain range. Consider, for example, a set ol 100
individuals. The individuals are shuffled using a random
variable in the range of 10 individuals at the maximum. By
this process, the pair is modified even in the final stage of
search in which there is little change in the ensemble.

Furthermore, in the updating of the set of archive
individuals (A,), the environmental selection of SPEA?2 is
applied, which uses the matching degree assignment and
the truncation process [4]. The environmental selection of
SPEA2 is outlined as follows.

Step 1: The sum set R, of the set of search individuals
(P,.1) and the set ol archive individuals (A,) is formed.

Step 2: The matching degree assignment of SPEA2
is applied to R, [4].

Step 3: Using the assigned matching degree and the
truncation pmcess,* the same number ol individuals as the
number of individuals in the archive set are selected from
R, to form the new set of archive individuals A,,,.

On the other hand, mating selection,’ which is used
in SPEA2 and NSGA-II to select the set of search individu-
als (P,) from the set of archive individuals (A,), is not
applied. Mating selection selects especially superior indi-
viduals in duplication from the set of archive individuals.
This process is not used in NCGA, since there can be an
adverse effect on neighborhood crossover if there the same
individuals occur in duplication. In NCGA, the copy of the
set of archive individuals (A,) is used as the set of search
individuals (P;).

5. Rectangular Packing Problem

The rectangular packing problem is applicable to a
wide range of activities, such as the floor planning, which
aims at minimization of the chip area in large-scale inte-
grated circuits (LSI) [6, 7], and the placement of installa-
tions and offices in a plant [8]. The rectangular packing
problem is a kind of combinatorial optimization problem,
and has the property that the number of possible combina-

“This is the reduction process for the excess nondominated individuals
used in SPEA2 [4].

"The selection process used to select the set of search individuals for
genelic operation is called mating selection. In mating selection, the set
of search individuals is formed by duplicate selecting of the especially
superior individuals from the set of archive individuals in order to achicve
higher scarch efficiency.
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tions increases exponentially with the number of blocks to
be handled.

In this paper, the rectangular packing problem is not
handled as the simple minimization of the area, but as the
multi-objective optimization problem in which the vertical
and horizontal lengths of the finally obtained placement arc
considered as the objectives. The purpose is to let the
solution selector select the aspect ratio of the area for the
block placement to be finally realized. This section de-
scribes the representation of the data structure, which is
closely related to the definition of the problem, and also the
formulation of the problem,

5.1. Representation of data structure

One of the most important aspects of the rectangular
packing problem is the representation of the solution, that
is, the representation of the data structure. The repre-
sentation of the data structure in the rectangular packing
problem affects not only the block placement configuration,
but also such essential aspects of the problem as the accu-
racy of the (inally obtained solution.

Various approaches to this aspect of the problem have
been presented [6-10]. By the use of the sequence-pair [7,
9] and BSG [10], which were developed in LST floor
planning, it is possible to derive the optimal packing in a
finite solution space. This paper uses the sequence-pair,
which can realize a more efficient solution search than
BSG. The mechanism of the sequence pair is described in
detail below.

Sequence-pair

The sequence-pair is used to represent the rectangular
placement based on the arrangement (T'_, T',) of two se-
gquences composed of the blocks under consideration. The
sequence-pair specifies the relative position relation be-
tween any two blocks, based on the permutation of
(T'_, T"}). Figure 1 shows the conceptual diagram of the
sequence-pair.

Figure 1(a) shows the permutation of two arbitrary
blocks X and Y in (I'_, I",), and the corresponding position

(r_ry)
Xisthe leftof Y <¢ummmp (XY, XY)
X is the right of Y <4mmmmp (VX,YX)
X is the upper of Y < (Y X, XY)
X is the lower of Y <4u—p (XY, YX)

(r I;I XY, ¥YX)

l
(L I‘,l (YX, YX)

l F'I (XY, XY)

(r.ry) l‘\ XY

(a) relative position of each block (b) concept figure

Fig. 1. Concept of sequence-pair.



relation of blocks X and Y. That is, the block permutation
(., T,) = (XY, XY) indicates that X precedes Y in I'_ and
I',. Such an order implies that X is placed to the left of Y.
Basically, the I"_ axis represents the vertical relation be-
tween the blocks, and the I, axis represents the horizontal
relation between the blocks. Thus, I'_ determines the place-
ment from lower to the upper side, and I', determines the
placement from lefi 1o right side. Visually, Fig. 1(a) indi-
cates the placement for (a).

In the sequence-pair representation, for any permuta-
tion (T"_, I,), there is a rectangular placement that satisfies
the indicated position relation. Conversely, for any rectan-
gular placement, there is a permutation (I'_, I",) that repre-
sents the placement [7]. Thus, by using the sequence-pair,
any rectangular placement can be represented, including a
nonslicing structure.

Figure 2 shows an example of the sequence-pair for
the case of six blocks. The example of the individuals in
Fig. 2(c) represents the permutation (I'_, I',), and also the
orientation 9 of each block. In this paper, the orientation of
the block in placement is restricted to either vertical or
horizontal. Figure 2(b) representing the relative position of
the blocks is constructed from the permutation (I'_, I",) in
Fig. 2(c).

Based on Fig. 2(b) representing the relative position,
the relative positions are determined for all blocks based on
Fig. 1, and the vertical and horizontal constraint graphs in
Fig. 3 are constructed. In the vertical and horizontal con-
straint blocks, the width and height of the block are given
as the weight of the point. Then the longest route is deter-
mined by calculating the sum of the weights (block lengths)
of the points from the start to the end points. By the above
weight calculation, the placement diagram of the blocks in
Fig. 2(a) is determined.

(a) floor plan

(b) relative position

0 1 23 4 567 8 91011 121314151617

|f|c|d|c|a|b|e|c|a|b| fl d]BalelOclSdlBelefl
r .

direction of block

(c) coding of solution

Fig. 2. Coding example of sequence-pair.
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Fig. 3.

Horizontal/vertical constraint graphs.

5.2. Problem formulation

The objectives are defined as the following two in the
numerical experiment:

min fi(z) = width )

min f2(x) = height (2)
In the above expression, width is the horizontal length, and
height is the vertical length.

The above two objectives have an explicit trade-off
relation, but the area occupied by the block is minimized
by performing optimization for the two objectives. By
multi-objective processing, the solution selector can flex-
ibly decide the aspect ratio of the packing area. After
completing the block placement, the width and height of
the whole region can be derived from the vertical and
horizontal constraint graphs in Fig. 3.

6. Numerical Experiment

The effectiveness of the proposed NCGA is investi-
gated in this study for the rectangular packing problem
described in the previous section. For comparison with
NCGA, SPEA2 proposed by Zitzler and colleagues,
NSGA-II proposed by Deb and colleagues, and NCGA
without neighborhood crossover (non-NCGA) are also in-
vestigated.

6.1. Solution by GA

6.1.1. Crossover

In the proposed method, placement-based partially
exchanging crossover (PPEX) [9] is used as the crossover
process for the rectangular packing problem. This method
is a procedure based on the relative placement of the se-
quence-pairs, making it possible to apply local crossover to
blocks in close placement.

The PPEX algorithm is as follows.



Parent 2

Fig. 4. PPEX.

Step 1: One block is selected at random from each of

the parents.

Step 2: The window region is formed with the se-
lected block as the center. The set of blocks contained in the
window is defined as the crossover target M. The other set
of blocks is denoted as M,,.. The blocks of M, are sorted
following the order of (I"_, I",), and the result is copied Lo
the child.

Step 3: Each block of M, is directly copied to the
child.

The window region mentioned above is the continu-
ous partial region on the oblique grid™ representing the
relative placement of the sequence-pairs. In this paper, the
window region is handled as a square partial region.

Figure 4 shows an example of PPEX,, where the edge
length of the window region is set as 4. In this case, blocks
a and b contained in the randomly generated window region
for parent 1 are the target block of crossover (M,). Before
crossover, the order was (I'_, I',) = (da, da), but the order is
modified to the order of parent 2, that is, (I'_, I";) = (ad, ad)
after crossover. The blocks other than the target of crossover
(M,,.) are directly copied from parent | to child 1. The
orientation is also modified to the orientation of the mate
parent.

6.1.2. Mutation

As mutation, the orientation of a randomly selected
block is reversed.

‘Basicully the oblique grid, see Fig. 2(b).
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6.2. Sample problems

In our study, NCGA was applied to four different
problems (ami33, ami49, pcb146, pcb500) with various
numbers ol blocks, and the performance was compared (o
the conventional methods. ami33 and ami49 are benchmark
problems for MCNC, composed of 33 and 49 blocks,
respectively. pcb146 and pcb500 are sample problems used
by Murata and colleagues, composed of 146 and 500
blocks, respectively [7]. In this paper, only the results for
ami33 and pcb500 are shown, due to space limitations.

In the experiment, four methods are used, namely,
SPEAZ2 proposed by Zitzler and colleagues [4], NSGA-II
proposed by Deb and colleagues [3], and NCGA proposed
by us, plus non-NCGA without neighborhood crossover
(non-NCGA).” By comparing NCGA and non-NCGA, the
effect of search using neighborhood crossover is clearly
indicated.

6.3. Evaluation of obtained solution candidate

In this study, /;;, which samples the intersection with
the approximate Pareto {ront, is used as a means of evalu-
ation of the set of solutions obtained by the search. The
distribution diagram of the solution set is also used in order
1o show visually the distribution range of the solution set.
Below, 15, which samples the intersection with the approxi-
mate Pareto front, is described.

Intersection Iy with approximate Pareto front

This is a technique proposed by Knowels and Corne
to compare two or more nondominated solution sets [11 .7
In this method, nondominated solution sets are compared
in terms of dominance along multiple directional vector
axes, and the degree to which the nondominated solution
dominates is decided. Figure 5 shows a conceptual diagram
of the method when two nondominated solution sets (X, Y)
are compared in the two-objective problem.

In this method, the arrival front (dotted line in Fig. 5)
formed by the obtained set of nondominated solutions is
calculated. The sampling line is defined so that the Pareto
region is uniformly sampled. The intersections of the sam-
pling line and the arrival front of the nondominated solution
are determined and compared. When there are two sets (X,
¥) to be compared, /;;(X, Y) represents the percentage of
cases in which X dominates Y in the comparison of inter-
sections. Consequently, the best result for X is that
I”(X, Y} =1and Iu(Y, X)= 0.

“Ordinary crossover is applied in non-NCGA.

A nondominated solution is a solution which is not dominated by any
solution candidate obtained by the search. The set of solutions obtained
by the search are called nondominated solutions,
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Fig. 5. Schematic of /.

By applying this process, the obtained nondominated
solution for the Pareto optimal solution can be evaluated
from the two viewpoints of width and accuracy. For prob-
lems with three or more objectives, however, this method
is difficult to apply, since the formation of the arrival front
becomes difficult.

6.4. GA parameters

Table 1 shows the GA parameters used in this experi-
ment.

6.5. Numerical results

For the four sample problems, the numerical results
for ami33 and pcb500 are shown in this paper. The four
methods NCGA, SPEA2, NSGA-2, and non-NCGA were
used. Each of these methods is applied to each sample
problem 30 times. The results for these problems and the
placement diagram for ami33 obtained by NCGA are pre-
sented below.

Table 1. GA paramelters
number of blocks 33, 50, 100, 500
population size 200
crossover rate 1.0
mutation rate 1/bit length
terminal generation 400
number of trials 30
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SPEA2

algorithin
A
NSGA-II ; algorithm
B
non-NCGA

Fig. 6. Results of I;; (ami33).

6.5.1. ami33

The result for /;; for ami33 is shown in Fig. 6. Figure
7 shows the plot of the set of nondominated solutions
obtained by each method. In Fig. 7, the set of nondominated
solutions is summarized in the plot.

As can be seen from Figs. 6 and 7, NCGA can derive
a wide range of solutions closer to the Pareto optimal
solution than any other method. In particular, when the
vertical and horizontal lengths of the reclangle differ greatly
IA1(x) < 750, fi(x) < 2500 in Fig. 7], NCGA can search the
range for Pareto optimal solutions, which cannot be
achieved by other methods. non-NCGA, on the other hand,
derives a wider range of nondominated solutions than
SPEA?2 and NSGA-II, but is worse than NCGA in terms of
the closeness Lo the Pareto optimal solution.

Thus, neighborhood crossover in NCGA is a very
effective method of search in the rectangular packing prob-
lem.

B I 10 non-NCGA
23004 22004 .
o
=’ 3
o, a,
—1 .  — -
b 100w 1300 3&” ixn oo 300 100 1500 w0 20 3000
fi(x} fl(x)
{ @ speaz }A NSGA-It
.
z z
S, a
cd .
1 1
w1 100 ot U W M0 20 10 km

f(x) (x)

Fig. 7. Nondominated solutions (ami33).



Fig. 8. Results of I;; (pcb500).

6.5.2. pcb500

The result for /;,; for pcb500 is shown in Fig. 8. Figure
9 shows the plot of the set of nondominated solutions
obtained by each method. It is seen from Figs. 8 and 9 that
NCGA can derive better solutions than other methods, as
in the case of ami33. However, observing in detail the
region which is close to a square in Fig. 9 (1400 < fi(x) <
1600), better solutions are obtained by SPEA2 and NSGA-
II than by NCGA, although the difference is only slight.

It can also be seen that SPEA2 and NSGA-II give a
solution distribution that is extremely concentrated near the
center, compared to NCGA and non-NCGA. The reason
seems to be that pcb500 is a difficult problem with large
scale, making the search concentrate in a region close to the
square, for which better solutions are easily obtained in the
early stage. In pcb500, the number of possible permutations
is more than 10?°% times as great as that of ami33. Because
of this scale difference, the search in NSGA-II and SPEA2

{D non-NCGA

lmncea |

£2(x)

MO IN0 1400 1600 100 2000 2200 0

f(x)

00 1300 160 100 150 200 220 2400
fl(x)

[wsreaz | = * 1 A NsaA-n

T

f2(x)
2(x)

w He o

B
00 1200 40 1¥W (l'!' J00 X0 260 G 130 1&X 1600 10 20K
fl(x) fix)

M0 26

Fig. 9. Nondominated solutions (pcb500).
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Fig. 10. The placement of the blocks (ami33).

concentrates in a region that is close to a square and better
results are obtained for such a region, compared to NCGA
and non-NCGA, which search for the solution over a wider
range. .

It should be noted that NCGA attempts a very wide
range of search even for problems in which search is
difficult, while providing nondominated solutions, which
is only slightly worse in the square region in which the
search is concentrated in NSGA and SPEA2. Comparing
NCGA and non-NCGA, non-NCGA is more markedly
worse than in ami33. Thus, neighborhood crossover is more
effective in highly difficult problems with a wider search
region.

6.5.3. Placement diagram

The above experimental results show that NCGA
derives the best solution in almost all cases. Thus, the
validity of the placement diagram for the nondominant
solution obtained by NCGA is investigated in this study.

Figure 10 shows a plot of NCGA for ami33, together
with placement diagrams corresponding to several plot
points. In the figure, the axes are not the vertical and
horizontal lengths of the area, but the area and aspect ratio.
The reason is that the solution selector at the final stage will
select the solution balancing the area and the aspect ratio.

It can be seen from the figure that almost all solutions
give adequate placements without gaps. It is also seen that
solutions are obtained for a wide range of aspect ratios from
0 to 1. It is evident from the placement diagrams in the
figure that the area of placement remains almost constant
from “A” to “E,” regardless of the aspect ratio. It is inferred
that there is no strong effect of the aspect ratio on the gaps
in the placement diagram (i.e., the total area for wiring).



7. Conclusions

This paper has considered the rectangular packing
problem, which occurs in office placement problems and in
chip arca minimization problems in large-scale integrated
circuits (LSI), and has presented a method of multi-objec-
tive optimization by a genctic algorithm. In this paper, the
problem is formulated as a two-objective optimization
problem, with the height and width of the overall placement
as the objectives. The sequence-pair is applied to placement
representation, PPEX is applied to crossover, and NCGA is
applied as the genetic algorithm.

Among four sample problems for numerical experi-
ment, the application of NCGA is shown for two problems,
ami33 and pcb500, and the results are compared to those of
the conventional method. As targets of comparison, SPEA2
and NSGA-II, which are typical procedures in multi-objec-
tive GA, are considered in this paper. In order to investigate
the effectiveness of neighborhood crossover in the rectan-
gular packing problem, NCGA and non-NCGA without
neighborhood crossover are also compared.

The following facts were revealed by numerical ex-
periments.

¢ In all sample problems, NCGA gave better results
than the other methods. Thus, NCGA is an effec-
tive method in the multi-objective rectangular
packing problem.

e Comparing the cases with and without neighbor-
hood crossover, the former gave much better re-
sults in all problems. Thus, neighborhood
crossover is effective in the search in the multi-ob-
jective rectangular packing problem.

e For complex problems with a large number of
blocks, there is a tendency in SPEA2 and NSGA-
IT for the solutions to concentrate to the middle
range of the Pareto front. In contrast, diverse so-
lutions can be derived in NCGA and non-NCGA.
This indicates the effectiveness of NCGA in re-
taining diversity, regardless of the problem scale.

¢ Examining the placement diagrams for the solu-

tion obtained by NCGA, it is seen that reasonable

solutions with few gaps are obtained. Thus,
NCGA is an effective method for the rectangular
packing problem.
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