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ABSTRACT In this work we want to present a new coding and genetic op-

) ) ) ) erators for handling the relative position of departments and a co-
This paper is dedicated to a coevolutionary approach to the NU-gyolutionary approach in order to attack large scale FLP's.
merical optimization of large facility layouts using genetic algo- The remainder of this paper is organized as follows. In section
rithms. First we introduce a new way to code the relative positions , e gescribe our MIP formulation. Section 3 is dedicated to the
of the departme_nts. We present improved mutation and CrOSSOVebenetic operators and the coevolutionary algorithm. Finally, we
operators for this problem. In order to cope with large problem discuss the performance of our genetic operators and the numerical

size, departments are clustered into groups. These groups eVOIV?esuIts of the coevolutionary algorithm in section 4.
in separate areas while position and size of these areas undergo an

evolution, too.
2. MIPFORMULATION

1. INTRODUCTION . .
The approximation of departments, floor areas and others by rect-

One subproblem in factory planning consists in determining good 2N9!€s is @ popular method, see e.g. [5] or [2]. In addition we
locations of a set of departments or manufacturing cells on a plana/@SSume that their sides are parallel to the axis of our coordinate

site. This task is called facility layout problem (FLP). The objec- SYStém in the plane and the;r dimensions are given in advance.
tives shortly described by the word “good” are manifold. In addi- P€noting arectangle by C R” we introduce the following nota-

tion many of them are of qualitative nature and itis not straight for- 10N

ward to translate them to quantitatively measurable criteria. One )

objective is certainly to minimize the material handling cost. Yet, 1 ={1,...,N} index setof all rectangles
manpower requirements, work-in-process inventory, flow ofinfor- 4 j e 1 indices for the rectangles

mation etc. play animportant role, too. Yet, in all cases the starting

assumption is that the proximity between certain departments is li € Ry length of the long side
morefavorable than others. The aim is to arrange the departments  si € R length of the short side
in such a way that the desired proximity is satisfied. (X;,Y;) € R? center point coordinates

For several decades there has been research on this subject. ) ) . .
[1] contains a detailed review of the different formulations of the ~ Qi € {0,1} orientation vertical/horizontal
FLP and the variety of algorithms. Some additional recent refer- 37X ¢ {0,1} flip up/down

ences can be found in the introduction of [2]. One can roughly dis-
tinguish between three types of problem formulations - assigning
departments to a finite number of locations, subdividing the avail-
able floor area successively and placing departments of given siz
arbitrarily on the shop floor. This last formulation which yields a

mixed integer programming problem (MIP) forms the base for our

MY € {0,1} flip left/right

Teti* be the index of the total available floor area. Later we want
to place departments inside of subareas of the floor area, i.e. we
require that certain rectangles are completely contained in other

considerations. rectangles (which themselves could be inside of a third rectangle)
All these approaches lead to combinatorial optimization prob- 9 . ; . i gi€).
In order to formalize this we introduce the following map on the

lems and they share the difficulty that the computational complex- . - I AN
ity grows very rapidly with the number of departments. Hence :‘r(;tljlg\)/(vi?]e‘[ r?]feglrl]irnemagg:efaéh]e_} {Helliulm'aerg((%)) ' vi\\llltehstthhee
many suggested algorithms for treating these problems try to ﬁndindex o?a rectanglle in whichl: shall be containeé gFa'r* we
heuristically good solutions instead of aiming at global optimal- defineP(i*) — '*gl thi y defi hi h.' | struct
ity of the solution. Evolutionary methods like genetic algorithms 2c e (%) = ¢". In this way we define a hierarchical structure

o of containment relations. Most of the time one will have simply
E‘%ﬁ)r IESa]ve successfully been applied in this context, see e.g. [3]’P(i) = ¢*. Furthermore we will distinguish two types of rectan-

gles — movable or fixed. For this purpose we define two index sets
f . f _ f _
This research was supported by DFG research project SFB 467" C Iandl' C IwithI"NTI' =fandI™U T =1, Wheren;
“Wandlungsghige Unternehmensstrukturar flie variantenreiche Serien- ~ Stands for movable arfdfor fixed. Obviously, it should b& € T
produktion” andi € I' will mean 4; is fixed to A p ;).




Depending on the containment structit@nd the set§™ and If P(i) = j we can express the relatich C A; by the following
If one can determine whether the above defined quantities will befour inequalities

variables or constants. Let us use the following notation

b _sig_p. Ly _siq_o.
pok(l):p(p(z)) X 20J 2(1 0;) < X; 2Oz 2(1 0:), (11)
N————

k times XH_%OH_%(l—Oi)§Xj+%0j+%(1—0j); (12)

Then we can distinguish the following three cases.

S l; Si l;
If i € I™ then certainlyX;, Y; andO; are variables. Whether ~ Yj — 3]01‘ - 5](1 —0) <Yi-50i-5(1-0i), (13)

1.
there is a need for the variabldg™ and ;" depends on _ 3 , .
the internal structure o;, i.e. on thed;’s with P°*(j) = Y + %Oi + 51(1 —-0;)<Y; + %JO]- + é(l -0;). (19
1 for somek. .
i ] ok ] - Two non-overlapping rectangle andA; must be separated by a
2. Ifi € I'and P°%(i) € I' for all k then all quantities are  vertical or horizontal line. The first MIP for the FLP due to [6] pro-
constants and there is no need idy* andM;" . poses four hinary variables for each non-overlapping relation. In
3. If i € I and P°*(;) € I™ for somek then setk* = [7] one optimized this approach to improve the performance. In [8]
min{k : P°*(i) € I} andj = P°*"(i). In this case and [5] one uses a formulation which needs three binary variables
X;, Y; andO; are variables depending on thg, Y;, O;, per non-overlapping relation. We will propose an model using two
M;* and M. This will be investigated in the following variables whlch is superior by almost an order of magnitude, see
In order to describe the transformation of a fixed rectanglat- S}]? € {0,1} line direction (vertical/horizontal)
tached to a movable oné; we need constants for modeling this o
dependency: Si; € {0,1}  order ofA; and 4;.
zl,yl € R relative coordinates ofi; with respect The settingS}7, Sf7) = (0, 0) stands ford; left of 4;, (0,1) for

ol € {0,1} relative orientation ofd; with respect

to A; (long side corresponds to x-axis) A right of 4;, (1,0) for A; below A; and(1,1) for A; above
Aj;, respectively. In order to avoid redundant variables we require

;> j. LetL = ; 1;. Using the four linear expressions
to A; (1 corresponds to parallel long v i b g P

sides) EY = L(S7+57) (15)
Then we obtain the center point coordinates from the relative co- 2 _ D &0
ordinates by the linear transformation Ei(j) = LO+85-5;) (16)
3 D O
X; X; 2 E;7 = L(1-5;+55;) a7
(%)=(3) () @ EY = L@-85-59) a8)

with an orthonorma(2 x 2)-matrix M which can be decomposed where each takes the value zero for exactly one setti(m@@);‘sg)

in the following way we can derive the necessary inequalities
1 1 l; s l; 55 1
M:( U 1-M) 1 ) L1 ) Xi+5oi+5(1—oi)ng—éoj—éa—ojnp;fj),
1— M; V; 1 1 0 (19)

This is more advantageous as the varialilfesindV; take values

ij

Xj+%oj+%(1—oj) < Xi—%oi—%u—omE@)

in {0, 1} only. One can verify that the constraints . ; ) : (20)
Yi+ 20i+2(1-0) <Y;—20; -2(1-0;)+E,
0 < O;+M) -U; ) TR0t 5( )SY =50 =5 (1=0)+E 1)
0 < 0;—-M" +U; 3 ; ; ; ;
- ’ : ! ®) Yj+s—’0j+l—’(1—0j)SK—S—Oi—l—(l—Oi)+Ei(;>.
0 < -0;+M +U; (4) 2 2 2 2 22)
O;+M +U; < 2 (5) We denote byl™ C {(i,j) : i > j;i,j € I} the set of the
. X 1 non-overlapping relations which are necessary for the model. The
0; + Mj Vi < 1 ) aim is to keepI™ as small as possible. For example consider
O —M+V; < 1 7 the following situation: A, C A; = A, As C Ay, Ag C
As, As C As, As C Az and Ay C As. In order to have
—0; MX < 1 2, As 2, As 3 7 3
OiMj +Vi < < ® the non-overlapping betweet,, As and A4, ..., A7 it suffices
1 < O0;+M; +V; 9) "™ = {(3,2),(5,4),(7,6)}. The relations(6,4), (6,5), (7,4)
ensure the correct assignment of entries in the matiidesThe ?;dQ()?’ 5) are automatically true because of the containment and

orientation of4; depends only on the orientation of tHe and its
relative orientation

The objective is to minimize the distances between different
points. We will call them IO-points. They are attached to some
0.4 O foro! =1 (10) floor area or a department, i.e. a rectangle may possess several

Tl 1-0; for 0{ =0 I0-points. We use the following notation:



branching|  automatic strong 3. THE COEVOLUTIONARY GA
model | two | three | two | three
b&b tree size «10%) | 11.5 | 47.9 5 31 The goal to find an optimal solution of the mathematical model
computation timeing 25.5 | 187.6| 46.3| 512 introduced in section 2 and to prove its optimality can be achieved

only for a small number of departments (upa0o7). This is due
Table 1: Comparison of our model (two) with the model (three) to the quadratic increase in the number of binary variaﬂj%and
from [8] or [5] (FLP with 6 departments from [8]). Sg. That is why various heuristic methods have been developed in
order to find systematically at least suboptimal solutions. They try
to fix some of the binary variables. One such approach are genetic
algorithms, see e.g. [9], [10], [11] (quadratic assignment problem),
[12], [3] (slicing tree representation), [5], [4] (MIP), [13] (slicing

I* ={1,...,N*} setofindices for IO-points, tree and MIP).

a,Bel* indices for 10-points,

(zo,ys) € R*  relative coordinates wit respect to 3.1. Coding
Ai, i € Im,

(X2, Y2) eR®>  coordinates of thea-th 10-point In [5] the 0-1-sequence for setting the binary variables is used as
which are either constant (I0-point genetic code. Standard crossover and mutation operators are ap-
is attached tod;« or is variable sat- plied. This generates subsequently many infeasible genes as pos-
isfying e.g. equation (1) or is iden- sible settings do not satisfy the transitivity of relative positions. In
tical with center point of4;), order to avoid producing too many infeasible genes we introduce

5X%,,8Y.% € Ry horizontal and vertical distance be- ecc_)dlng anc_i_o_perators which do not leave the space of genes sat-
. isfying transitivity.
tween then-th andg-th 10-point, .
; . We suppose that the problem to solve involves the rectangles
(Wap)aser weights for the distances. with indices from the index sdf C I where the letteg stands

a>p
. o P : for “group” andk = 1,2,. .. is the index of the group. LeVE =
Given an existing layout it might be necessary to consider the cost 1 ; k
glay 9 Y #I% be the number of the involved rectangles. Denote by

f changing the | h me time. For thi r in- . o .
?rofjuiegflorga‘:liee %C.)Ut atihe same time. For this purpose we | ., N} the index of an individual within a population ¢¥}
’ individuals. Lety = 1,2, ... be the index of the generation. The

X v 0 inital position and orientation, «~th individual of thek-th group in generation will be represented
M; € {0,1} 1if X;,Y; or O; have changed from by
the initial layout or if M;7< or MY
equals tal, ) . . .
IV = E v b .
(wi)ierm weights for movingd;. kot (@, ivg), G Ng) { ”}lfgg

With this notation the objective is to minimize
Theb;; € {0, 1}, with4, j € It and:i > j, represent values of the

binary variablesS?, i.e. Whether there is a vertical or horizontal

. . . . ; ij
min [ Y wap(6Xas +0Yap) + > wiM; (23) separating line betwee#; andA;. The two vectori, ..., i)
e e and(4¥,..., Ng) are permutations of the elements§fand they
k
where the following further constraints have to be satisfied represent the order of the andy-coordinates of the midpoints.
XIoX5 < 6X3, (24) Given anl") we set theS]? andSJ with i, j € I£ andi > j
Y X < sX° (25) in the foIIowmg way. For each pair of indic@s< j1 < j» < N§
" T - of we check the following alternatives. St = max(if, ,},) and
Yo -Ys < 6Ygs (26)  j* = min(if,,43,). If bi=;= = 0 holds then set
Y —Ye < 6V (27)
D
foralla, 8 € I* with a > 8 andw,s # 0 and Sizje = 0 (36)
0 if i* =47
Xi-x" < LM (28) Sy = { 1 it - 37)
- "2
xP_x; < LM (29)
-y : Note that ifb;=;= = 1 the order:7,, ij, does not enter in the
Yi 0 Yi s LM (30) problem formulation. Hence the final order of the x-coordinates of
v -y < LM (31) A;z andA;s is not necessaril;: < Xi» . Analogously, we
0; _Oi(O) < M (32) seti¥ = max(if ,i],) andj¥ = m1n(z] , ]2) If bivjy =11is
true, then we assign
09 0. < M 33) g
MY < M (34) Shw = 1 (38)
M < M 35 0 ifi¥ =4
(35) SSw = { L gt (39)
foralli € I™ andw; # 0. =1,



3.2. Genetic operators if|Yi-Y;]> 50:/24+1L(1—-0:)/2+
SjOj/? + lj(l — Oj)/?
ret urn true
el se
r et ur n false

In [9] three different crossover operators for permutations are pre-
sented — partially matched, order and cycle crossover. For our
genetic algorithm we use a version of the order crossover. After

selecting two parent genég’fl amd]I,(gL)2 let us consider the parts endi f
of the genes representing the x- and y-order. Take e.g. el se (y-direction)
. . > > if|Xs —X;| > LO:i/24+s:(1—05)/2+
(llsbl""’lNi,Ll) and (ll”'2""’ZN,gcaL2) lJOJ/Z'f'SJ(].—OJ)/Z
returntrue

where we add the number of the individual as a second subindex.

” . el se
We select randomly two cut positioms, c> € {1,..., N§} with r et ur n false
¢1 < ¢2. Then we construct two new genes from the two selected endi f
genes. First we fill the position fromy to c2 with the original endi f

parts of the sequence

- - - -
(...,zcl,bl,...,zchl,...),(...,zclw,...,zc2,b2,...).

If possible we change the variabiséj?. These actions are repeated
Then the position before; and afterc, are filled with with the until the objective value does not decrease further. Summarizing
numbers from the other parent which are not contained in the al-We have sketched our improvement strategy below.

ready filled part. While filling we keep the order given by the

parent where we take the elements from. In terms of the notationi nmpr ove (]I](Ct’f)

above this means e.g. for the first offspring gene whi | e the objective value decreases
- - eval uate (I\"))
(izml,@, .. ,zﬁ,l,m obtain(if, .., is ) and(if, ..., i%s)
zél’“ e ’ﬁ’“’ ) with from the solution
C1st27 7t N —coter —lon for alli,j € I¢ withi > j
- - " " i f change. s_possi bl e (S7)
{le/«27"'71N§762+6171,L2}m{lclsbl""7lc2a/«1} =0 if Sg == !
and the mapping — f(j) defined byif,, = i%;, ,, is strictly bij =1
increasing. In the same way the crossover is defined for the y- el se
order. The motivation for this definition is the idea that we wish biy =0
to keep the part that is located between the cuts hoping that it con- _endl f
tributes to a good solution and arranging the remaining using the dfendl f
order given by the other parent. endror
given by P endwhi | e

For mutation a single parent is randomly selected. Then the ) o
mutation operator for each of the paft, . . . , i%¢) and(é!, ..., i% ) return I 7 with smallest objective value
k

NE
just_?ﬁgr:sgrgeezotxo”rggt(éorglx izrlﬁzerzj(;ﬁirzzt?(t)f\{b;-}- “\which Using these operators our GA creates a new generatioiby
P b 210 crossoversN™ mutations with mutation rat®™ and copying

represents the decision whether to have a vertical or horizontal sep- o Lo . . . . .
arating line. As we did not find a method which could be geomet- theN*™® best individuals which results in a population sizeaf” +

. ; - . N™ 4 N®. The selection accepts individuals with objective value
rically motivated we decided to use standard crossover with two . i c . .

" } . o above average with a probability #°. The GA terminates if the
cut positions and standard mutation. Yet, in addition we apply an I
h - ) . o average objective values has not changed more #&hor the
improvement strategy. First, we fix the varlabﬁgg andS;; for

. S ) ) best values has not changed for the 58t generations or a max-
the given individuall,'/ according to (36) — (39) and solve the imal number)Mé of generations has been exceeded.

remaining MIP (1) — (35).
genetic.al gorithm

eval uat e (]I,(j)) habidua .
¢ initialize population

for alli,j € If withi > j

e s do
fix S;; andS;; y=~+1
endf or e
. forl,...,N
solve remaining MIP | d
SOl emalntd. sel ect parents andr ossover
endf or
-z -z 3 - H e mu
Next, we Updatqli""’lNi) and iy, .. "l?\fi) by sorting the forslél eét]vparent andut at e
center point coordinates of the obtained solution. Then we check endf or

for all Si? whether they can be changed without violating a con-

{ole] H nn
straint in the current solution. copy N* best individuals

whi | e change of average is larger thaff",
change.i s_possi bl e (S} best individual has changed during the
i f S5 == 0 (x-direction) last N generations angl < M®®



3.3. Coevolution

For large FLP’s the above described GA fails. Convergence takes
very long. Hence it is necessary to treat such FLP’s differently. 6 )
Dividing large problems into smaller ones is a popular method,

see e.g. [14]. By quantitative or qualitative method we can form

groups of departments which shall be placed together. One has 6
to provide an area for each group of departments and one has to SN
determine the layout for each group within these areas. Already ©
in [15] one suggests to approach the FLP in a hierarchical man- ®
ner by a divide-and-conquer strategy. They formed groups, com- 6 o 6 6
puted the layout for each of them and placed the groups in a final
step. We propose a coevolutionary method of iterative nature. In
a first step we find initial layouts for each group. Next, we fit a

4]

Group 2 Group 5 ® SGroup 4 Group 3

rectangle around each group and enlarge each side by a fctor ® &9 o 6

6
giving more space to each group for possible further change. This ° &
allows e.g. that a group becomes more oblong during the subse- 6 ® 6 o S
quent optimization. Next, we arrange these rectangles using again S
a genetic algorithm. In the first run we approximate the 10-points Group7| © ® ®
by the central points of the rectangles. Afterwards it is necessary ® Group 8
to consider all relative positions of the 10-points of the group. Ex- Group 1
periments with continued approximation by the central point did
not show satisfactory results.

Group areas after 4 iterations (5273 sec.)

Figure 2: This layout of the group areas after 4 iterations illustrates

") S how the shape of the group areas may change, see e.g. group 2 and
5.
Group 2 Group 4
o exceeds a certain percentafé of Z, thenZ,, is multiplied by a
© © factor F' > 1. If it remains belowP ™~ Z;, thenZ;, is divided by the
same facto". Consequently, if the shape of the needed area does
G 5 G 6 Group 3 not change the provided group area becomes tighter. We stop the
roup roup iteration when all group areas are close to the needed area of the

group. The algorithm is summarized below.

coevol utionary_al gorithm

S ) S f or all groupsk

geneti c_al gori t hmfor groupk

fit a group area around obtained layout

Group 7 Group 8
P Group 1 P enlarge the area hi
Initial group areas (246 sec.) Sgdf or

geneti c_al gori t hmfor group areas
treat group areas as departments with

Figure 1: As an illustrative example we take a FLP with 62 de- (severagl IO-ppoints) P

Ipartmtents cllustetre(liI into 8 gr(k)]ups.d The group areas in this initial f or all k  can be done simultaneousky

ayout are aimost all square shaped. genet i c_al gori t hmfor groupk

(placement is restricted to the group area
Keeping the external 10-points for all groups constant each and all external 10-points are fixed)

group passes a short evolution by a GA. Observe that the objec- fit a new group area around the group

tive function does not only include the weighted distances between i f ratio of the sides has changed much

the group members. The weighted distances to the constant 10- increasez;,

points outside the group give a contribution, too. It is obvious that el se

these GA's can be computed in parallel. For each group we decide decreaseZ;,

whether we chang#;. for the next iteration. For this purpose we endi f

compare the new dimensions to the old ones. If the proportional enlarge the new group area By

Increase endf or

max(lnew — loig,0) Max(Snew — Soid, 0) whi | e there is still a “large Zk‘ fpr somek
max I , o or the average of th&,.’s is large
o] Ol
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Figure 3: Keeping the external I0-Points (white departments) con-

stant each group (gray departments) passes an evolution. These
evolutions can be computed in parallel. The figure shows the best

proach shows very good results. Table 2 compares our best results
to the best known from [8] and [5].

N

8
10
12

Four-Step GA 1998

10777.1 9174.8
15878.3  19777.3
41267.5  45353.5

GA 2002

8778.3
15694.5
37396.1

Table 2: Minimal objective value for three FLP’s from [8] which
are reported in [8] (Four-Step) and [5] (GA 1998) in comparison
with our best results (GA 2002).

For testing the coevolutionary GA we created a random exam-
ple with 62 departments (FLP62) of different shapes. For simplic-
ity we placed one 10-point in the center of each department. The
weightsweg in (23) were generated randomly, too. There is no
initial layout. Hence, all the weights; are zero. A table with all
quantities can be obtained from the authors

In order to find a grouping we implemented the heuristic group-
ing algorithm from [16] which uses only simple exchange opera-
tions. A similar clustering algorithm was applied in [15]. A GA
proposed in [17] can generate improved groupings. The aim is
to arrange the departments into groups minimizing the sum of the
weights between departments belonging to different groups. In
addition, one restricts the size of each group to a limit. We have
tested an example with 6 groups with a maximum of 11 depart-
ments each and, secondly, 8 groups with at most 8 departments.

For the parameters introduced in section 3.2 and 3.3 we used
the following settings:R™ = 10%, P* = 20%, N"™ = 5,

M* =0.5%

|Ncr | Nmu | Nco|

20
0
12

first area layout 5 5
area layout 5 5
group layouts 3 3 3

and initial enlargement factaf;, = 60%, increase limitP™
75%, decrease limitP~ = 50% and change factoF' = 1.5.
There is always a conflict between good exploration of the search
space and fast computation. The first requires large populations
which again needs more time for computation. Certainly, these
parameters can still be optimized.

Running the two examples with our coevolutionary algorithm
on a PC (Pentium 11 400 MHz) 10 times we obtained the following

individuals of the fifth iteration for group 1 and 2. results:
| 6groups | 8groups
best objective | 4167956.8 | 4296 388.2
4. RESULTSAND CONCLUSIONS worst objective| 4387725.0 | 4550281.4
. . . . . average 4304970.7 | 4411970.2
First let us discuss the quality of our coding and the genetic op- average time 5h30min | 6h23min
erators. Applying them to the FLP with 8 departments from [8] worst time 7h 34 min | 10 h 57 min

we obtained satisfactory results. Running the deterministic algo-
rithm (31 h 30 min on a Pentium |ll 866 MHz and memory use

It turned out that the computations treating the part where the

ca. 1.5 GB) it has been proved that the optimal objective value whole groups are moved are very time consuming. Here not only
is 8778.3. Running our genetic algorithm 13 times the optimal the orientation also the different reflection symmetries have to be
objective value was reached three times. In the worst case the obgonsidered. This is the reason why the six group setting performed
jective value wa9106.6 which lies just3.7% above the optimum. iy general faster than the eight group one.

In all cases computations took less than 10 minutes (on a Pentium
11 400 MHz. Also for the FLP with 10 and 12 departments our ap-

lemail: tmd@ipa.fhg.de
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Figure 4: Best solution for FLP62 clustered into 6 groups obtained

by our coevolutionary GA.
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Figure 6: Solution for FLP62 from a single run of a simple GA

whi
MH

ary

ch took 9 days an 18 hours on a PC with a Pentium Il 400
z.

Summarizing, we can conclude that the proposed coevolution-
GA opens up the possibility to find good solutions for large

FLP’s within some hours where global optimization algorithms

fail.

In addition there is still a high potential for further compu-

tational acceleration by parallelization.
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