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1. Introduction

The most problems in inventory management have a difficult and complex structure without
any recognizable function which is optimizable by anaytic algorithms. That isthe samelikein a
lot of other logistic, transport or production related fields. In some specia cases we know
parts of the objective function or some characteristics of the systems behaviour by given
parameters. We can find globa strategies for ordering, stocking levels or shipment by
investigation of models with many assumptions. These assumptions lead not seldom to a
strange limitation of the models' validity. Therefore, my question was: Is there any other way
to solve such problems without limiting assumptions and strenuous analytical investigations?
The optimization of inventories, production systems, transport and logistic problems means at
present: An integral combination of quick smulators with efficient optimization tools. The
classic optimization methods like the gradient method, the dynamic programming or any kind
of heuristics come across limits very often concerning runtime and complexity. Therefore, we
need optimization agorithms, which change automatically the input of parameters for the next
simulation run by considering the user defined objectives and the results of the past runs.
Evolutionary algorithms are an optimization methodology based on a direct anaogy to
Darwinian natural selection, recombination and mutation in biological reproduction. The
evolution process thus converges to individuals with an optimal fitness to the considered
environment. The main advantages of these algorithms lie in great robustness, problem
independence and high parallel working. So far, evolutionary algorithms were most successful
in parameter optimization domains. However, even there are certain problems, as lack of find
tuning capabilities and severe time complexity, prohibit their wider use on most moderately and
highly complex problems.

Evolution strategies are a subset of evolutionary agorithms. They provide a powerful solving
of complex problems with more or less continuously changeable parameters, e.g. current
optimization, vector or parameter optimization in genera. The am of my work was to
investigate the applicability of evolutionary algorithms to the optimization of stocking levels
and inventory costs in general. The problem to find an optima control for a multi-location
inventory model with lateral transshipments in general can not be solved in an analytical way.
The main reason for having only a few results on multi-location models with latera
transshipments is the fact that the solution of such models is connected with a lot of analytical
and numerical problems. In the case of non-linear cost functions until now no analytical
solutions exist, and they will hardly be expected. Thus corresponding investigations should be
concentrated on algorithmic solutions and/or various search procedures. One very promising
attempt in this direction is the application of evolutionary algorithms. Since the last decade the
literature on evolutionary algorithms has been growing. For an insight into base methods and



main fields of applications see e.g. [18], [3], [5] or [22] for current problems and applications.
However, in fact there are no applications to inventory models, especialy to multi-location
models with transshipments. A first attempt in that direction was made by ARNOLD in [2].

The present paper is devoted to the search of order decisions, which are optimal or at least
sub-optimal for the N-location-infinite-period model with transshipments. The investigated
model is described in the next section, and the main results will be outlined. Basic notions and
concepts of evolutionary optimization are given in Section 3. Section 4 contains the
evolutionary optimization of the considered multi-location model for 4 and 5 locations. Some
numerical examples show the practicability and give an idea of the performance of the
proposed approach. A short summary and an outlook for further investigations are given in the
final Section 5.

2. The Multi-location Inventory Model with Transshipments

The investigation of N-location models with lateral transshipments, N=2, is an important
problem for mathematical inventory theory as well as for inventory practice. The combination
of N locations can result in a system with vertical, horizontal, and mixed structure. The
classical Echelon-models (cp. [4]) belong to the systems with vertical structure. While
Echelon-models are widely investigated the results on systems with horizontal structure are
smaler. The two-location-one-period case with linear cost functions is considered by
AGGARWAL [1] and KOcHEL [10]. KRISHNAN and RAO [14] deal with a N-location-one-period
model, where the cost parameters are the same for al locations. An approximate solution for
the N-location-one-period model is given by KOCHEL [11]. KOCHEL [12] investigates for the
first time the N-location-infinite-period model with linear cost functions. A dynamic model
with finite horizon is examined by ROBINSON [16]. The effect of lateral transshipment on the
service levelsin a two-location-one-period model is studied by TAGARAS [21]. In dl works no
fixed costs are assumed. Some results on a two-location-one-period model with fixed order
costs are given by HERER and RASHIT [7].

In KOcHEL [12] the following inventory model is considered: There are N locations which are
al storing the same product. At the beginning of a period t =1, 2, ... additional inventory can
be ordered by an order decision (OD). Ordered inventory is received immediately by cost kj > 0
for one unit in location i. During period t demand occurs in accordance with a random vector
s(t) = (s1(t), ..., sN(t)). It is assumed that {s(t); t=1, 2,...} is a sequence of independent
identically distributed random vectors. Let E[ sj(t) ] = pj exist with 0 < pj < « for i=1(1)N. At
the end of a period it is possible to redistribute the present stock by a transportation decision
(TD). Transshipment occurs immediately by cost cjj > 0 for one unit transported from location i
to location j. After this the unsatisfied demand is backlogged and costs are incurred - holding
cost hj > 0 per unit of undemanded inventory or shortage cost pj > 0 per unit of unsatisfied
demand in location i. The problem isto find a palicy (i.e., a sequence of OD"s and TD"s) which
minimizes the expected average cost over an infinite horizon. Such a policy is called average
optimal.

To fix somewhat narrower bounds for the optimization problem the following assumptions
concerning the cost parameters are introduced in [12]:

(A.1) hi + pj - Cij = kj - Kj ;
(A.2 hj-hi+cij=zkj-ki and pj-pj+cjjzKj-kj;
(A.3) ki + cijj = K] and  cik +ckj = Cjj, I, j, K=1(1)N, i=j=k.

These assumptions result from the background of the problem, and they have a clear economic
interpretation. Assumption (A.1) means the effectiveness of transshipments - the reward in the
present period from the transport of one inventory unit from location i with positive rest stock
to location j with negative rest stock is not smaler than the corresponding alteration of order
cost in the following period. The relative independence of all locations is expressed hy
assumption (A.2) - it is not profitable to redistribute an inventory unit between locations with
positive rest stocks as well as an unsatisfied demand unit between locations with negative rest
stocks. Assumption (A.3) stands for shortest way conditions - it iS more expensive to order
and to transship via another location than by the direct route. With assumptions (A.1) to (A.3)



the considered optimization problem is solved in [12] and [13]. To report the main results |
denote the inventory level after an OD by a = (a1, a2, ..., aN) and the vector of rest stock after
occurring realization s = (s1, s2, ..., SN) of the demand by y = a-s. Transshipment is organized
in accordance with TD B = (bjj) with bjj = 0 as the transported quantity from location i to
location j; i, j =1(1)N.

Property 1 (cp. Satz 3.1in[12)]) :

The set of stationary policies contains an average optimal palicy, i.e., the optimization can be
restricted to policies which use in al periods the same rules to choose the OD or TD
respectively.

Let g (-) be afunction defined for acRN as

N
(1) g(@ = = [ki M+ Li(a)]-C(),
i=1
where
(2 Li(ai) = E [ hj max( 0; aj - sj) + pi max( 0; s - aj) ]

describes the expected holding and shortage cost in location i with stock level aj after OD,
i=1(1)N, and C(a) is the expected system’s gain from optima TD (redistribution) if OD a was
chosen.

Property 2 (cp. Lemma4.2in[12]) :
There exists a solution a* of the convex problem min g(a) , where g(-) isdefined by (1).
acRN

Property 3 (cp. Theorem 2.2 in [13]):

(a) a*isthe OD in the stationary average optimal policy, i.e., the average optimal order policy
isa(s, S) - policy with S = a* .

(b) For any rest stock vector y the optimal TD B* = (bjj") is asolution of an open linear
transporting problem with supplier set I+ = { izl(l)f\l: yi > 0 }, consumer set
I-={i=1(1)N: yj < 0 } and coefficients Cjj = hj + pj - cjj + kj - ki > 0 for i€l+ and jEI-.

SinceC(a)=E[C(a,s)] with C(ass) = = Z bjjCjj for s=(0,...,0),
et jel-

from Property 3 follows that an analytical tractable expression for function g(-) exists only for
N =2orif Cjj=C>0fori, j=1(1)N, i = j. In both cases the open linear transporting problem
in Property 3€b) has an analytical solution. In the general case there are at least two approaches
- approximate solution and simulation. The approach with the approximate solution replaces
the coefficients Cjj by the constant C = min { Cjj : i, j=1(1)N, i =j }. This has a twofold effect.
We have a lower bound C(a) for C(a), and a genera solution of the transporting problem is
possible, i.e., C(a) is given in an andytical way for acRN. For more information see KOCHEL
[11]. The simulation approach combines simulation and optimization and uses the following
procedure for defining nearly-optimal order decisions:

1. By smulation we generate a sample of demand realizations.

2. For given OD aeRN we compute the estimated g(a) for g(a) defined in (1).

3. Since g(-) isconvex for every sample we use one of the methods for minimizing a convex
function to find OD a which realizes the minimum.

4. We choose OD a as approximation for a* and the value g(a) as approximation for g(a*).

We remark, that this approach has the essential advantage that multi-location models with
arbitrary distributed demand and even with dependencies of the demand between locations can
be investigated. A crucial point for the effectiveness of the described procedure is that the
function to be minimized is convex. On the other hand the convexity of function g(.) is a



consequence of the assumption that al cost functions in the multi-location inventory model are
assumed to be linear without any fixed cost factor. In the case of non-linear cost functions until
now analytical solutions don’'t exist, and they will hardly be expected. Thus corresponding
investigations should be concentrated on agorithmic solutions and/or various search
procedures. One very promising attempt in this direction is the application of evolutionary
algorithms. Some basic notions and concepts in accordance to these are summarized in the
next section.

3. Evolutionary Optimization: Basic Notions and Concepts

What can we learn from nature? | will give the main answer to this question at first: A generd
disorder is no chaos, but more likely a specia case of order. We need this to understand the
working and philosophy of evolution. There must be a functional connection between the state
and the parameters of a (natural or artificial) system and its performance.

Here an evolution strategy is used for the search for average optimal OD’s for the multi-
location model with transshipments. To this end it follows now the formulation of the
inventory model, described in Section 2, in "evolutionary terms’. It is easy to see how the
biological objects are in touch with the corresponding mathematical terms. Let

3 W={aeR":0=a<w,i=1(1)N}

denote the parameter space which characterizes the considered system. It contains dl OD’s a
(individuals) of the N-dimensiona Euclidean space satisfying the restrictions of al N
components a; (genes). Parameter space W is called population. A subset GCW of OD’s
denotes a generation, i.e., a population at a certain moment. Furthermore, a given value of a
gene a; iscalled an allele. The objective function

(4 g:W-R

is defined as a mapping from the parameter space W to the set of real numbers R*. Value g(a)
represents the so called fitness of the individual a. The problem now isto find an individual

B aew with g(a*) < g(a) for dl acWw,

i.e.,, an individual with global minimal fitness. However, in genera the performance of the
system or the fitness of an individual, respectively, can be statistically estimated only by
simulétion, i.e., only an approximation gsim(a,t) can be used. Here t means the smulation time,
i.e., the time of observing the system. The value of t has a great impact on the accuracy of the
approximation from gsim(a,t) to g(a). If the ssimulation model is correct it holds

(6) lim gsim(a,t) =g(a) foral acw.

t—o0

The evolution strategies were evolved by INGO RECHENBERG in Berlin (see [15]) and further
developed by HANS-PAUL SCHWEFEL at the university of Dortmund (see [19] and [20]).
These evolutionary algorithms work on a phenotypic level, i.e. they operate directly on the set
of real-valued object variables a; . The actua optimization process carried out by an
evolutionary algorithm can be described by an iterative scheme. This scheme is adaptable to
specific problems by some variable parameters, but it has to follow always the steps shown in
Fig.1. At first we have to choose a starting (or initial) population G, by selecting P individuals
out of the parameter space W. We can do this by mere chance (uniformly distributed) or, if we
know some characteristics of the fitness function, we should take the initia individuas
(solutions in the parameter space) from the neighbourhood of the optimum. The example of
the Multi-location inventory model with transshipments shows you that we can find this
starting population by computing the best stocking levels for stocks without any shipment
between



“Choose a starting population

Choose yes
optimal (
individual

Compute all titness—values

Gen:=Gen+1

Select & genetic operator with probability p
¢ p=p(C) ¢ p=p(M) ¢ p=p(R)
Choose {dependent Choose (dependent Choose (dependent
on the fitness) on the fitness) on the fitness)
two individuals one individual one indivic‘_nual
Generate two Generate one ut this
individuals by individual ndividual _
roasini over by mutation to the offspring
Put the two Put this new
new individuals| . individual n:=n+l
to the otfspring to the offspring] :
Y
Ni=ne2 ' - nian+1
Y

Figure 1. The basic evolutionary agorithm (from [9]).



each other (see [12]). After the starting population is chosen in Fig. 1 follows the "Fina?' -
guestion. The nature does not give us any answer to this important question! The natural
evolution is a (possibly infinite) continuous process without any recognizable find am. The
reason liesin the sense of evolution: Adaptation of the beings to environmental conditions with
permanent change. But the investigated artificial systems have a concrete defined, functional
behaviour inside a more or less known "environment”. Therefore, the search process should
stop after an/the optimum was found. This can be achieved by defining an epsilon-
neighbourhood around g(a) for acw. All fitness-values inside this epsilon-neighbourhood are
regarded of equal value. The evolution terminates when there is no essential improvement for
the best individual over some generations. Additionally, a maximum number of generations can
be set before the evolution process will start.

The good working of evolutionary agorithms depends on well chosen parameters. that means
if the offspring (population of children) has fewer individuas than P, we will have to select a
genetic operator carefully. The probabilities for the three main operators are:

p(C) for recombination (crossing over)
p(M) for mutation
p(R) for reproduction

Then it holds

(7)  pC)+pM)+pR)=1.

Each of these genetic operators needs one, two or more individuals (OD’s) for working. These
individuals are chosen from the parent population by a so-called selection-procedure. There are
a lot of different selection procedures like the roulette, linear ranking, tournament, (N,u)-
selection. Every kind of selection must prefer individuals with a good fitness to such one with a
worse. Weak individuals ought to get a though little chance to pass their aleles to the next
generation yet. Thisis very important for the spread out of the individuals over the parameter
space. Otherwise the evolution will make a premature convergence to alocal optimum, maybe.

The main operator mutation is realized by adding to each a; a normally distributed random
number with expected value 0 and standard deviation o;. The so-called strategy variables o; are
stored in an additional vector with length N. Theoretical considerations for a maximum rate of
convergence suggest that the optimal settings of the o; may depend on the distance from the
optimum, i.e., they are alocal feature of the response surface (cp. [19]). Therefore, the genetic
information of each individua not only consists of the a;, but also of the strategy parameters o;
which aso undergo mutation and recombination before they are used to mutate the a;.

The recombination is easy made by heredity of an objective variable a; from one of the two
parents, which will be uniform randomly chosen. The child's deviation o; is the average of the
two parents’ deviations.

The performance of evolutionary algorithms depends on well chosen parameters like
population size P, number of genes N, number of generations I, probabilities of recombination,
mutation, and reproduction. There are many different suggestions for the "right" size P of the
population. We must face the fact that it is nearly always important to use as smdl a
population as possible, because the total number of fitness evaluations P<I" should be small.
This demand is necessary since the time of fitness evaluation for one individual by smulation is
much more longer then al the time of creating the next generation. The values stated in
literature ( P=30 [17], P=50 [18] or P>50 [9]) have proved themselves time and again with
many experiments. SCHAFFER suggestsin [17] the following formula:

(8 P =1.652°%"N,

If you look for a good set of parameters to create your own evolution for solving a specific
optimization, you will find it by HESSER in [8]. It is very time expensive to get a suitable and
acceptable set of parameters, because dl parameters influence each other. But fortunately, the
evolutionary algorithms are very robust against little changes of their parameters.



4. Some Optimization Resultsfor the Multi-location Inventory
M odel

A simulation tool was designed in [6] which approximates the inventory costs for given OD
over an observation time of maximum 1000 periods. Different demand distributions are
available. For the present investigations 500 periods are used only.

The first exemplary inventory model should consist of 4 stocks with the following
parameters:

K=(0,0,0,0) ; no order costs
H= (1, 2, 4, 3) ; units per product
P =(10, 9, 11, 8) ; units per product
r 1
| m5 7 4 |
C= 7m85 ; units per product
98m7
879m

Furthermore, we assume a normal distributed demand with a mean of
M = (200, 300, 250, 150) and deviation o = (30, 40, 20, 10)
units per period.
Now we have all parameters to start the simulation for a given stocking level. The obvious
conclusion is that one individual consists of 4 genes (see[2]).
The evolution process was started with these parameters:

* size of parent population p: 2
* size of children population T': 10
* number of generations G: 250
* rate of crossing over p(C): 0.2
* rate of mutation p(M): 0.7
* rate of reproduction p(R): 01 (1-p(C)-pV))
270 : : )
Fitness Lo

250 1

240 , . 1 Generations

T T
0 100 200 300
Fig.2: Thefitness-value of the best individual in every tenth generation.

The curve was got from 25 fix points by exponential regression:
certainty: 0.25253  correlation coeff: 0.50252  deviation: 0.000159



The rates p(C), p(M) and p(R) will not changed during the evolution takes place. The first
individual of the start-population can be created by analytical solving of the problem for fully
independently working stocks (see [12]):

a™ = (240, 336, 262, 156)

The second individual of the start population is reproduced simply from a' by mutation.
Now we can start the evolution to find the minimum inventory costs and to observe its work.

There are alot of interesting things recognizable in Fig. 2. At first the individuals spread out
from the start-point over the parameter space. The best individuals die because there are too
many sub-optimal individuals! | call it as the boy scout phenomenon. The evolution gains
implicit knowledge about the structure of the parameter space for itself. Only after a few
generations of knowledge acquisition the evolution will start to search for the real optimum.

The optimum was found after 250 generations by
a" = (238.8, 324.1, 256.6, 151.9) with g(a*) = 248.1 units of inventory costs,

The second exemplary inventory system should consist of maximum 5 locations with the
following parameters:

the order cost vector K=(0,0,0,0,0),

the holding cost vector H=(3,5,2,4,6),

the shortage cost vector P=(7,9, 8,11, 10) and
the transporting costs cij =5 fori, j=1(1)5, i=|.

Furthermore, we assume an exponentially distributed demand with the mean value vector
1/x = (200, 300, 500, 400, 250)
demand units per period.

Obvioudy, an individua consists of 5 genes only, each for one location. The evolution process
was started with probabilities p(C) and p(M) shown on the left-hand side in Tab.1. These rates
will not be changed during the evolution process. The first individua of the starting population
can be created in an analytlcal way by computing the optimal OD for the case of independent
locations (see [12]): a'” = (240, 308, 804, 528, 245). In the case of independent locations
these stocking levels lead to expected average costs of 7159 units of inventory costs.

Tab. 1 shows the results for 9 different combinations of parameter values for the inventory
model with 4 or 5 locations, respectively. Both were inquired with a [2/10] and a [4/8]
[parents/children] relation. This relation has an important influence on the probability of
survival for each individual .

4 stocks 5 stocks

p(M p(c) [ 2/ 10] [4/8] [ 2/ 10] [4/8]

0.1 0.2 3861 - 380 3861 - 60 4398 - 440 4422 - 450
0.1 0.4 3800 - 440 3856 - 440 4426 - 360 4419 - 450
0.1 0.6 3859 - 450 3860 - 110 4422 - 190 4411 - 430
0.3 0.2 3793 - 350 3856 - 120 4413 - 120 4417 - 300
0.3 0.4 3860 - 380 3863 - 140 4417 - 300 4389 - 230
0.3 0.6 3863 - 430 3860 - 340 4414 - 240 4420 - 210
0.5 0.2 3860 - 310 3856 - 260 4416 - 50 4422 - 190
0.5 0.4 3867 - 480 3819 - 360 4436 - 70 4398 - 190
0.7 0.2 3861 - 360 3861 - 90 4425 - 470 4395 - 190

Tablel: Resultsof the optimization. The left value in each column shows the best cost after

500 generations. The other value is the number of investigated generations until
this optimum was found.



The datain Tab.1 alow the following conclusions:

(i) 3860 and 4420 units of money are good approximations for the optimal expected average
costs in the 4-location and 5-location case, respectively. Therefore, the costs for the 5-
location case decrease to 62 % of the costs which will arise for independent locations.

(i) The mutation rate p(M) should be greater than the recombination rate p(C). This statement
isgeneraly valid for evolution strategies (cp. [19]).

(i) To give an answer for a good approximation a to the optimal OD a* is not easy. For
instance, the smulation experiments of the 5-location system with a [4/8] parents-to-
children relation yied 233 < a, < 313 . However, the corresponding estimated average
costs are approximately equal. These circumstance lead to the hypothesis that the area
around the optimum is very flat. Thus the approximation of g(a*) is sufficient, even though
the approximation afor a* has a great variance.

5. Conclusions

The evolutionary optimization needs about 3000 simulation runs, whereas an optimization
algorithm special designed for convex functions by HADER and WINKLER in [6] needs only
about 100 smulation runs for the problem with 4 locations. But, evolutionary algorithms are
suitable for a high performance optimization of very chaotic, completely unknown or non-
differentiable objective functions. Thus you can say that the considered inventory problem is
not hard enough for an impressing optimization by evolutionary algorithms. But still you can
see how these agorithms work, and the observed results support the theoretic assertion that
they will find the or a good solution in the most frequent cases.

Future investigations will be concentrated on two directions:

1. The definition of effective evolution parameters for problems like the optimal control of
multi-location systems with transshipments and

2. The application of the evolutionary approach to multi-location systems with non-linear cost
functions.



References

[1]

[2]

[3]

[4]

[5]

[6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

Aggarwal, S.P.:
Inventory control aspect in warehouses. Symposium on Operations Research,
Indian National Science Academy, New Dehli 1967

Arnold, J.:
Die Verwendung von Evolutionéaren Algorithmen bel der Optimierung von
Fertigungssystemen. Diploma Theses, TU Chemnitz-Zwickau 1995

Belew, R.K. and Booker, L.B. (Eds.):
Proceedings of the fourth international conference on Genetic Algorithms.
Morgan Kaufmann Publishers, Inc., San Mateo 1991

Clark, A.J. and Scarf, H.:
Aninformal survey on Multi-Echelon theory.
Naval Research Log. Quart., Vol. 19, pp. 765-776, 1972

Forrest, S. (Ed.):
Proceedings of the fifth international conference on Genetic Algorithms.
Morgan Kaufmann Publishers, Inc., San Mateo 1993

Hader, S. and Winkler, F.:
Projektarbeit zur Simulation von Lagerhaltungsmodellen.
Faculty of Informatics, TU Chemnitz-Zwickau 1990

Herer, Y. and Rashit, A. (1995):

Lateral stock transshipmentsin atwo location inventory system.
Proceedings of the 13th international conference on Production Research,
pp. 593-595, Jerusalem, August 6-10, 1995

Hesser, J.:

Parameteroptimierung bei Genetischen Algorithmen.
Dissertation at the Faculty of Natural and Mathematical Sciences,
Ruprecht-Karls-University, Heidelberg 1992

Kinnebrock, W.:
Optimierung mit genetischen und selektiven Algorithmen.
R. Oldenbourg Verlag GmbH, Munich 1994

Kochel, P.:
Ein stochastisches Lagerhaltungsmodell fiir mehrere miteinander verbundendel ager.
Math. Operationsforschung und Statistik, Vol. 6, No. 3, pp. 413-426, 1975

Kochel, P.:
Uber die optimale Lagerhaltung in einem System von Lagern: eine Naherungs 6sung.
Math. Operationsforschung und Statistik, Vol. 8, No 1, pp. 105-118, 1977

Kochel, P.:
Ein dynamisches Mehr-Lager-Modell mit Transportbeziehungen zwischen den Lagern.
Math. Operationsforschung und Statistik, Vol.13, No.2, pp. 267-286, 1982

Kochel, P.:
Optimal Adaptive Inventory Control for aMulti-location Model with Redistribution.
Math. Operationsforschung und Statistik, Vol.19, No.4, pp. 525-537, 1988



[14] Krishnan, K.S. and Rao, V.RK.:
Inventory control in N warehouses.
J. Industrial. Engineering, Vol.16, No.3, pp. 212-215, 1965

[15] Rechenberg, I.:

Evolutionsstrategie: Optimierung technischer Systeme nach Prinzipien der
biologischen

Evolution. Published by Frommann Holzboog, Stuttgart 1973

[16] Robinson, L.W.:
Optimal and approximate policies in multiperiod, multilocation inventory models with
transshipments. Operations Research, Vol. 38, No.2, pp. 278-295, 1990

[17] Schaffer, .D. (Ed.):
Proceedings of 3rd Intern. Conference of Genetic Algorithms & Applications,
Arlington 1989

[18] Schoéneburg, E., Heinzmann, F. and Feddersen, S.:
Genetische Algorithmen und Evolutionsstratgien. Addison-Wesley, Bonn, 1994

[19] Schwefel, H.P.:
Evolutionsstrategie und numerische Optimierung. Dissertation 1975

[20] Schwefel, H.P.:
Collective phenomenain evolutionary systems: Reprints of the annual Meeting of
the International Society for General System Research, Vol. 2, pp. 1025-1033,
Budapest 1987

[21] Tagaras, G.:
Effects of pooling on the optimization and service levels of two-location inventory
systems. [IE Trans,, Vol. 21, No. 3, pp. 250-257, 1989

[22] Whitley, L.D. (Ed.):
Foundations of Genetic Algorithms - 2. Proceedings of the workshop 1992 in Vail,
Colorado, Morgan Kaufmann Publishers, Inc., San Mateo 1993



