EINDHOVEN
e UNIVERSITY OF
TECHNOLOGY

Multi-layered perceptrons for on-line lot sizing : extended
abstracts

Citation for published version (APA):
Stehouwer, H. P., Aarts, E. H. L., & Wessels, J. (1995). Multi-layered perceptrons for on-line lot sizing : extended
abstracts. (Memorandum COSOR; Vol. 9523). Technische Universiteit Eindhoven.

Document status and date:
Published: 01/01/1995

Document Version:
Publisher's PDF, also known as Version of Record (includes final page, issue and volume numbers)

Please check the document version of this publication:

* A submitted manuscript is the version of the article upon submission and before peer-review. There can be
important differences between the submitted version and the official published version of record. People
interested in the research are advised to contact the author for the final version of the publication, or visit the
DOl to the publisher's website.

* The final author version and the galley proof are versions of the publication after peer review.

* The final published version features the final layout of the paper including the volume, issue and page
numbers.

Link to publication

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

» Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
* You may not further distribute the material or use it for any profit-making activity or commercial gain
* You may freely distribute the URL identifying the publication in the public portal.

If the publication is distributed under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license above, please
follow below link for the End User Agreement:
www.tue.nl/taverne

Take down policy
If you believe that this document breaches copyright please contact us at:

openaccess@tue.nl
providing details and we will investigate your claim.

Download date: 04. Oct. 2023


https://research.tue.nl/en/publications/f0c2b7d2-c8b9-4b37-8d2d-c46b81ac2652

M WkhbrbAiie 85%@&35Mhoven University of Technology
FOR ON-LINE LOT SIZING

(EXTENDED ABSTRACT)

H.P. Sehouwer?, E.H.L. Aartst2, and J. Wessels!3

1 Eindhoven University of Technology, Department of Mathematics and Computing Science
P.O. Box 513, NL-5600 MB Eindhoven, The Netherlands

E-mail: peterst@win.tuenl

2 Philips Research Laboratories

P.O. Box 80.000, NL-5600 JA Eindhoven, The Netherlands

E-mail: aarts@prl.philips.nl

3 International Institute for Applied Systems Analysis

A-2361 Laxenburg, Austria

E-mail: wessels@iiasa.at

1 Introduction

Production can be viewed as a transformation process in which materials are transformed
into end products. These transformations require resources such as manpower and ma-
chines. Lot sizing is concerned with the determination of production quantities (the lot
sizes) in order to satisfy the demand for end product over time such that production re-
sources are used efficiently.

A lot of research on lot sizing has been focussed on deterministic analysis. For an
overview of this literature the reader is referred to [Bahl, Ritzman & Gupta, 1987; Ag-
garwal & Park, 1993]. Deterministic models are based on the assumption that all problem
data are known in advance. However, this assumption is often not justified in practice,
where many forms of uncertainty effect the production process. Especialy uncertainty in
demand can be of great influence on the efficiency of the lot sizing.

In practice one often faces the situation in which demand information comesin gradu-
aly. Insuch situationsitisonly for acertain small time horizoninto the future that demand
can be considered deterministic. The problem is how to determine the lot sizesin such an
on-line planning situation such that production resources are used efficiently. We distin-
guish between the following three approaches for this problem.

Using a myopic approach, at any decision moment, the world is supposed to stop be-
yond the encountered deterministic time horizon and an optimization or approximation
algorithm for the corresponding deterministic lot sizing problem is applied.

In an explicit modeling approach, the demand processis explicitly modeled by assum-
ing that demand is the realization of arandom process, possibly with unknown parameter
values. These unknown parameters may characterize for example the noise part of the de-
mand process or some systematic trend and can be estimated from historical demand data.
With such a modelling of the demand process, lot sizing problems can be formulated as



Markov decision problems [Tijms, 1986] and solved as such. However, analysisin this
areais usually aready technically complicated for relatively simple models of the under-
lying random processes. Promising is the application of fuzzy optimization techniques,
where a possibilistic in stead of a probabilistic analysisis used [Lee, Kramer & Hwang,
1991]. In practice, usually the problem is decomposed in an estimation part and an opti-
mization part. Inthe estimation part the thus obtained model of the demand processisused
to forecast future demand values. In the optimization part these future demand values are
considered as “real” demand and are incorporated in alot sizing procedure.

Using a black-box approach, one accepts that one is not able to model the underlying
demand process and one takes a parametrized black-box and triesto fit the parametersin
such away that the black-box shows a sensible input-output behavior on at least a repre-
sentative set of examples. These examples represent situations from the past in which lot
sizing decisions had to be taken. The difference isthat afterwardsit is often quite easy to
determine what would have been the optimal decisions.

Advantages of using a myopic approach are the absence of history requirements and
its straightforward implementation. Disadvantages are alow performance and a high sys-
tem nervousness, especialy if variances in demand are large; see [Blackburn & Millen,
1980]. Both stochastic and fuzzy models assume that the nature of the underlying random
processes are well understood and are not subject to change. In practice, however, thisis
often not the case. In such cases the black-box approach might be useful.

Artificial neural networks [Arbib, 1987] and more specifically multi-layered percep-
trons (MLPs) areinteresting candidates for being used as black-boxesin production plan-
ning; for their generalization and interpolation abilities, for their pattern recognition skills
[Pao, 1989], for their classification capabilities [Zwietering, 1994] and for their ability to
adapt to changing circumstances. In [Zwietering, Van Kraaij, Aarts & Wessels, 1991] it
was shown that a properly designed and trained MLP outperforms traditional algorithms
for the rolling horizon version of the Wagner-Whitin problem [Wagner & Whitin, 1958].
In this paper we consider an on-linelot sizing problem with overtime. We develop atwo-
stage decision procedure for thisproblem. Inthefirst stage an MLP classifiesthe decision
situation. It isin this stage that uncertainties are taken into account. The outcome of the
first stageisused asinput for the second stage, in which adetailed production planiscalcu-
lated. The proposed approach combines the classification and pattern recognition abilities
of MLPswith traditional deterministic analysis.

The remainder of this paper isorganized asfollows. In Section 2 we give abrief intro-
duction in MLPs and supervised learning. The on-line lot sizing problem isformulated in
Section 3. Based on resultsfor the deterministic finite horizon problem, which isanayzed
in Section 4, in Section 5 we derive atwo-stage strategy for the on-linelot sizing problem.
Finally in Section 6 we discuss some results.

2 Multi-layered perceptrons

In general, a neural network consists of a network of elementary nodes that are linked
through weighted connections. The nodes represent computational units, which are ca-
pable of performing a simple computation that consists of a summation of the weighted
inputs of the node, followed by the addition of a constant called the threshold or bias, and
the application of a non-linear response function. The result of the computation of a unit
constitutes the output of the corresponding node. Subsequently, the output of a node is
used as an input for the nodes to which it is linked through an outgoing connection.

In an MLP the nodes are arranged in layers, and the connections are not allowed to



crossalayer, i.e, there are connections between the inputs of the network and the nodesin
thefirst layer and between subsequent layers only.

When applying MLPs for a certain task, besides choosing the number of layers and
the number of units per layer, one has to choose the weights such that the network per-
forms the task accurately. These are the parameters of the black-box to be fitted, which
in general cannot be determined beforehand. The common names for fitting parameters
in the context of neural networks are learning or training, and when the learning is done
on the basis of direct comparison of the output of the network with known correct an-
swers, one speaks of supervised learning. In a supervised learning problem, oneis given
an MLPand aset S = {(xg, t1), (X2, t2), ..., (Xx, tn)} Of examples. Each example con-
sists of an input vector x, and a corresponding desired output vector t,. The problem is
to find weights w such that the difference between the output vector of the MLP on in-
put of a particular x, and the target vector ty is minimized for the entire set, measured
by E(w) = ZE=1 Il g(W: Xy ) — ty ||, where w denotes the weight vector and g(w; ) de-
notes the output vector of the MLP with weights w after processing input vector x,. This
makes the supervised learning problem equivalent to the task of searching weight space
for aminimum of E(w). The best-known method for descending the E(w) surface isthe
backpropagation algorithm [Rumelhart, McClelland & Williams, 1986].

A supervised learning problem is called a classification problem if the desired output
vector t, isone of afinite number of possibilities(classes). For any classification problem
ML Psoffer apossible solution, asan alternativefor conventional classification techniques;
cf. [Huang & Lippmann, 1988].

Althoughtheability of an ML Pto memorizeand recall datain the abovementionedway
isimpressive, it becomestruly interesting when the network could extend this behavior to
similar data it has never seen. Thisis called generalization. ML Ps have shown to be able
to generalize in awide variety of tasks.

3 Problem formulation

Consider the situation in which production has to be planned for a product for which de-
mand occurs during discrete time periodslabeledt = 1, 2, .... Demand for a certain pe-
riod becomes known n > 0 periods ahead, so at any moment in time demand is known
for n consecutive periodsinto the future. Demand occurring during a certain period must
be satisfied by production during that period or by production during an earlier period. In
a period there is a limited regular time production capacity of C units product. At extra
production costs it is possible to produce during overtime. Let d;, X;, and |; denote the
demand in period t, the production in period t, and the inventory position at the end of pe-
riod t, respectively. The cost function related to production is denoted by P(-). The cost
function related to carrying inventory is denoted by H(-). Without loss of generality we
assume lo = 0. Then the problem can be formulated as choosing X;, X, ..., to minimize
the average costs per period

1S
lim = [P(X) + H(I], (D
t=1

subject to
Itzlt_l+Xt—dt, t:1’2’---’
XIZO,IIZO, t:1,2,



In this paper we assume that the production cost function P(-) is piecewise linear and the
inventory cost function H(-) islinear asfollows

0 if X =0,
P(X)=1] S+ pX if0< X<C,
S+ pX+r(X—C) if X> C,

H(l)=nhl, foral | >0,

where p > 0 denotes the regular time production cost per unit product, h > 0 denotes the
holding cost per unit product per period, S > 0 denotes the setup cost, and r > 0 denotes
the difference in cost per unit product between regular time and overtime production.

Since the planning horizon is infinite, the size of an instance of this problem is un-
bounded. In general the limit (1) does not exist, and an optimal production policy is not
obtainable. We will refer to this problem as the on-line infinite horizon problem.

In the introduction we mentioned a number of approaches for dealing with on-line lot
sizing situations. One of the approaches was to combine an optimization algorithm for
the finite horizon problem in combination with a rolling horizon procedure. This means
that a so called rolling plan is formed by solving the deterministic n period problem and
implementing only thefirst period’s decision. One period later, the horizon isupdated and
the process repeated. This strategy lies at the basis of the approach we propose, and it
turns out that the analysis of the deterministic finite horizon problem plays an important
role. Therefore, in the next section, we analyze the deterministic finite horizon problem.
Without loss of generality we assume that the planning horizon coversperiodsl1, 2, ..., n
andthat 1o =1,=0.

4 Thedeterministic finite horizon problem
The deterministic n period problem can be formulated as to choose { X}{_;, to minimize

n
T PX)+H(Iy 1, )
t=1
subject to
lo=1,=0, 3
|t:|t_1+Xt—dt, t:1,2,...,n, (4)
XIZO’ItZOs t:1,2,...,n. (5)

Special cases of thismodel include the caser = 0inwhich the model becomes equival ent
to the Wagner-Within model [Wagner & Whitin, 1958] and the caser = oo inwhich there
isno overtime production possible[Florian & Klein, 1971]. A similar model was analyzed
in[Dixon, 1980], inwhich theamount of overtime production and inventory per period was
bounded.

To facilitate the exposition of properties of optimal solutions, let us define the fol-
lowing notions. A solution is called a production plan and consists of a sequence X =
(X1, ..., Xn). Inaproduction plan X, period t is called a production period if X; > 0,
and whenever I, = 0, we say X has an inventory regeneration point at the end of period t.
Givenaproduction plan X, asubsequence (Xy;1, Xui2, .- ., X,) of X,withO<u < v <n,
iscalledasubplanof X,if l,=1,=0and |y > 0,foralt=u+21,u+2,...,v—1 The
following lemmarepresents the so called inventory decomposition property, which is eas-
ily proven by contradiction.



Lemma4.1. Consider an optimal feasible production plan X. Supposethat X hasanin-
ventory regeneration point at the end of period t for somet, 0 <t < T. Then thisoptimal
solution could also have been found by independently finding solutionsfor thefirst t peri-
odsandthelast T — t periods, given I;. O

From this together with 1o = I,, = 0 it follows that any optimal production plan can be
decomposed into one or more subplans. Given all of the regeneration points, one could
determine the optimal production plan by solving the subproblems between each pair of
consecutive regeneration points. Unfortunately, the optimal regeneration points are not
known a priori. However, if the solutions for the subproblems are known for all possi-
ble pairs of regeneration points, then one can select the best combination of regeneration
points.

Let g(u, v) denotethe cost of aminimum cost production planfor periodsu+1, ..., v,
gvenly,=1,=0and Iy >0fort=u+1,...,v—1,i.e, anoptima subplan. Let the
regeneration points be represented in anetwork as nodes. Then g(u, v) represents the cost
of traversing the arc from node u to node v. A production plan is a path from node O to
noden, since lp = |, = 0 holds. Since backloggingisnot permitted, the network isacyclic.
Hence, the problem can be formulated as finding the shortest path in an acyclic network,
which is easily solved by dynamic programming and requires O(n?) computations.

In the now following, a number of properties of optimal production plans are given,
which facilitate an efficient algorithm for finding optimal subplans. For adetailed handling
of the problem and the proofsthereader isreferred to [ Stehouwer, Aarts& Wessels, 1995].

Theorem 4.1. Thereexistsan optimal an optimal production plan X having the properties
that each subplan (Xyy1, Xui2, ..., X,) of X
(i) containsnot more than one production period t, with X; # C, and

(i) X < X;, for all production periodsi, j, u+1<i < j <w. B

We introduce the notion cumulative demand axis as described in [Chung & Lin, 1988].
Instead of giving each period an equal length on a time axis, each period is represented
by an interval of length proportional to the demand in that period, and demand is spread
uniformly over aperiod. Theoriginisused to indicate the beginning of period 1. We then
mark the points B; = 0 and B, = ijdi, fort=2,...,n+ 1. Each point B; refersto
the end of period t — 1 and the beginning of period t, hence the interval from B, to B,

represents the demand in period t. We define the notation (iq, io, ... ,ix), Withu+ 1 <
ik < ...ip < iy < v to denote a subplan (Xy1, Xus2, ..., X,) With production periods
I1,12,...,Ix. Using the cumulative demand axis, it follows that production in period i,

is used to meet the demand from B,,1 — X, to B,;1. Production in period i, is used to
meet the demand from B, — X, — X, to B,1 — Xi,, and so on. In asubplan the produc-
tion in each period can only be used to meet present or future demand and inventory must
be positive, therefore we shall require B,.1 — X, > Bi,, B,11 — X, — X, > Bj, and 0
on. Clearly any subplan can be represented as such.

i1

Theorem 4.2. Consider an optimal production plan X. Let (Xy11, Xuy2, ..., X,) bea
subplan of X, with production periods (iq, iy, ... ,ix), forsomek e {1,2, ... ,v—u}. De-
fineip := v+ 1. Let d,, denote the cumulative demand for periodsu+ 1, ..., v. Thenthe



following holds

(i) ik=u+1
(i) dy > (k—1)C
Xi, = duy ifk=1
(i) X, =X _,---=X,=C A X,=dy— (k=1C ifk>1 A dy, >kC

Xy =0y — (K=DC A X, , =X, ,---=X,=C otherwise
(iv) in:max{j|u—|—1<j<in,1/\Bv+1—an:lXim> Bj},n=12,... , k=1
O

Theorem 4.2 implies that for determining an optimal subplan (Xy;1, Xus2, ..., X,) only
(v — u) values of k have to be examined. For each value of k the corresponding subplan
can be determined in at most (v — u) steps. Therefore, an optimal subplan can be found in
O((v — u)?) steps. Sincethereare O(n?) arcs, an optimal production plan can be found in
O(n*) steps. In[Stehouwer, Aarts & Wessels, 1995] it isshown that only subplans of lim-
ited length have to be examined, which in many cases reduces the number of computations
drastically.

5 Theon-lineinfinite horizon problem

In any sensible planning strategy for the on-line infinite horizon problem, decisions are
based on at least the available future demand information. When applying a pure myopic
approach thisis the only information that is used. An MLP constructed for this problem
will have at least n input units, one for each known future demand, and one output unit,
representing thefirst period’slot size decision. Such an MLP can betrained by supervised
learning with examples of past decision situations. Examples could be generated by taking
past demand sequences of length n and solving the corresponding finite horizon problems.
Training an MLP with such examplesis equivalent to learning the ML P a standard rolling
horizon procedure, i.e., applying a pure myopic approach. However, thereisno need to be
myopic when generating learning examples. An Example can also be generated by taking
ademand segquence of length m > nfrom demand history and by solving the corresponding
m period finite horizon problem. The input part of the example are the first n demands of
thisdemand sequence and the desired output part isthefirst period’ s productionlot. Infact
an ML P trained with such examples predicts the optimal production lot for thefirst period
for am period problem give the first n demands.

We prefer the use of ML Psasclassifiers, not only for their classifying abilities, but also
for their analyzability. Toidentify aclassification problem here, we take alook at the stan-
dard rolling horizon procedure. Remark that thefirst period’sproduction lot is obtained by
solving adeterministic n period problem. From the resultsin Section 4, we know that the
size of thislot is determined by the position of the first regeneration point in the optimal
production plan. Given thisregeneration point, the size of thislot can easily be calculated.

Thisgivesrise to an approach in which the ot size is determined in two stages. In the
first stage, the optimal first regeneration pointr € {1, 2, ... , n} isdetermined by the MLP.
In the second stage, the outcome of the first stage is used to calculate the first period’s
production lot by solving g(0, r) and finding an optimal subplan. This decompositionis
justified by the inventory decomposition property; see Lemma4.1. Thefirst stage can be
reformulated as a classification problem (2, L, T") asfollows

Q={deR"|d>0,t=12,...,nl,
I'={Q |l el},
L=1{12....n},



where Q denotes a set of objects that must be classified, L denotes a set of labels, and
" denotes a collection of subsets of €2, one for each label. For a given demand vector
(di,...,dn) € Qtheproblemistofindalabel | € L suchthatd € ;. Forl =1,2,...,n,
2, can be characterized as

Q={deQ]g0, )+ fd,n) <g@,r)+ f(r,n), foralr=1,2,...,n},

and solving (€2, L, I') becomes equivalent to finding | such that the costsg(0, I) + f(l, n)
are optimal, i.e., to determine the first regeneration point in the optimal solution. Here
f (u, v) denotesthe cost of an optimal production planfor the periodsu+1,u+2, ... , v,
provided that I, =1, = 0.

When determining first regeneration points for training examples, again there is no
need to be myopic and demand sequences of length m > n can betaken. It is possiblethat
such afirst regeneration point lies beyond period n. In the situations we considered this
was not the case. How such situations can be handled is described in [ Stehouwer, Aarts &
Wessels, 1995].

In the next section we present some results of ML Pstrained with such examples. These
network function as follows. There are n inputs, one for each known demand. There are
n outputs, one for each class label in L. An example exists of an input part, the first n
demands, and an output part. This output part is vector of length n with n — 1 zerosand 1
one. On input of an example the MLP classifies this example as that class label of which
the output of the corresponding output unit has maximum response.

6 Numerical resultsand discussion

To validate the proposed approach, a number of representative examples of planning situa-
tionsare considered. Therefore, we usethe parameter settingswhich arederivedin[Dixon,
Elder, Rand & Silver, 1983]. In this paper we report on the caser = 0.1, S = 60, and
C = 200, with a horizon of length n = 6. A complete description of the numerical results
can be found in [Stehouwer, Aarts & Wessels, 1995]. We consider two types of demand
patterns. In all cases the average demand is set at 200 units per period.

1. Level withnoise- Demandsfor individual periodsare generated independently from
an uniform distribution with a mean of 200 units and standard deviations of 10 and
50 units.

2. Seasonal with noise - A sine with an amplitude of 100 unitsand acycleof n =6
periodsis generated. To thisthe average level of 200 units as described in the level
case is added.

For both patterns we generate three sets of 2895 examples, one for training (learning set),
one for determining the best MLP during training (test set), and one for validation of the
best MLP (validation set). Each example is obtained by taking a demand sequence of
length m = 100, and solving the corresponding finite horizon problem as explained in the
previous section. Thisvalue of misdetermined empirically. Adding more demandsinfor-
mation seems not to have any impact on the first regeneration points.

Wetrain two-layered MLPswith n = 6 input units, n = 6 output units, and 3, 6, 12, 15,
and 18 unitsin the hidden layer with standard backpropagation. We use alearning rate of
0.1 and amomentum term of 0.9. To average out the dependency on theinitial weights, for
every number of hidden units, we average over 10 MLPs trained with different randomly
chosen initial weights.

After and during training of an MLP, its performance on the different setsis measured
in two different manners. The first manner isto measure the percentage correct classifica
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Figure 1: Performance on the sets averaged over 10 trained MLPs for demand pattern 2
with an uniform noise level with a mean of 200 and a standard deviation of 50 units.

tion on these sets. However, thisisnot aclear indiction of the actual performancein terms
of production and inventory costs. In the second manner, for each example we compare
the decision made by the ML P with the decision that would have been optimal with respect
to the m period horizon of which the example originated in case of perfect demand infor-
mation. Suppose for a particular demand sequence d,, . . ., dm,, on presentation of thefirst
n demandsd, ..., d, to the network, the MLP classifies it as having class label r. This
means that, in the second stage, we calculate our production plan by solving g(0,r). As-
sume that from period r through m an optimal plan is calculated by calculating f (r, m).
In caser isthefirst regeneration point of the m period problem this corresponds with an
optimal decision. In case the classification was not correct and r is not the first regener-
ation point, alossof g(0,r) + f(r,m) — f(0, m) isincurred. However, there is no need
to stick to the subplan structure here. Since (0, r) < g(0, r) by definition, it is better to
calculate our production plan by solving f (0, r). The corresponding loss then is equal to
f(O,r)+ f(r,m) — f(0, m). The total performance of an MLP on a set of examplesis
obtained by summing the losses over the entire set.

It turns out that the ML Ps are able to perform more than 90 percent correct classifica-
tion on al setsfor al tested patterns. A typical effect of increasing the number of hidden
unitson the performance on the different setsisshownin Figure 1. Remark that thereisan
optimal number of hidden units with respect to the networks generalization ability mea-
sured on the validation set. For this case thisis 15 hidden units. Adding more units does
only improve the results on the learning set. This effect is called over-fitting.

We compare our resultswith an ordinary rolling horizon approach. The outcomeof this
comparisonistabulatedin Table 1. Fromthistableitisclear that our approach outperforms
this pure myopic approach on both percentage correct classification and cost lossesfor all
patterns. The ML P approach showsarobust behavior with respect to the demand structure.
Noteworthy is the excellent performance compared with the myopic approach in case of
patterns in which the amount of noiseis small compared with the deterministic part of the
pattern. It isin these cases that the pattern recognition abilities of MLPs are exhibited. A
drawback of the use of MLPsisthe large amount of time required for training.



Approach
Demand MLP Myopic
Standard | Average Standard
Pat- Deviation % Average Deviation %
tern Noise Correct Loss Loss Correct Loss
1 10 97.9 72.2 0.0 97.9 72.2
2 10 925 361.3 9.3 78.2 2326.3
1 50 92.1 514.7 22.2 89.0 1346.0
2 50 92.1 518.4 275 919 8704

Table 1: Resultsfor the different demand patterns

Acknowledgement

Thefirst author is supported by the National Science Foundation of the Netherlands under
contract 611-304-032.

References

AGGARWAL, A. AND J.K. PARK [1993], Improved algorithmsfor economic lot size problems, Operations
Research 41, 549-571.

ARBIB, M.A.[1987], Brains, Machines, and Mathematics, Springer-Verlag, Berlin.

BAHL, H.C., L.P. RiITzMAN, AND J.N.D. GUPTA [1987], Determining lot sizes and resource require-
ments: areview, Operations Research 35, 329-345.

BLACKBURN, J.D. AND R.A. MILLEN [1980], Heuristic lot-sizing performancein arolling-schedule en-
vironment, Decision Sciences 11, 691—-701.

CHUNG, C.-S. AND C.-H.M. LIN [1988], An O(T?) agorithm for the NI/G/NI/ND capacitated lot size
problem, Management Science 34, 420-426.

DixoN, P.S. [1980], Sngle-item lot-sizing with limited regular and overtime capacity, Working paper,
Department of Finance and Management Science, Saint Mary’s University, Halifax, Canada.
DixoN, P.S., M.D. ELDER, G.K. RAND, AND E.A. SILVER [1983], A heuristic algorithm for determin-
ing lot sizes of an item subject to regular and overtime production capacities, Journal of Operations

Management 3, 121-130.

FLORIAN, M. AND M. KLEIN [1971], Deterministic production planning with concave costs and capacity
constraints, Management Science 18, 12—-20.

HUANG, W.Y. AND R.P. LIPPMANN [1988], Neural nets and traditional classifiers, in: D.Z. Anderson
(ed.), Neural Information Processing Systems, New York, American Institute of Physics, 387—-396.

LEE, Y.Y., B.A. KRAMER, AND C.L. HWANG [1991], A comparative study of three lot-sizing methods
for the case of fuzzy demand, International Journal of Operations & Production Management 11,
72-80.

Pao, Y.H. [1989], Adaptive Pattern Recognition and Neural Networks, Addison-Wesley.

RUMELHART, D.E., J.L. MCCLELLAND, AND R.J. WILLIAMS[1986], Learning internal representations
by error propagation, in: D.E. Rumelhart and J.L. McClelland (eds.), Parallel Distributed Process-
ing: Explorationsin the Microstructure of Cognition, Volume 1: Foundations, MIT Press, Cambridge
(MA), 318-362.

STEHOUWER, H.P.,, E.H.L. AARTS, AND J. WESSEL S [1995], Multi-Layered Perceptrons for on-linelot
sizing, Technical report, Eindhoven University of Technology, To appear as COSOR Memorandum.

Tiams, H.C. [1986], Sochastic Modelling and Analysis. A Computational Approach, Wiley Seriesin
Probability and Mathematical Statistics, John Wiley & Sons.

WAGNER, H.M. AND T. WHITIN [1958], Dynamic version of the economic lot size model, Management
Science 5, 89-96.

ZWIETERING, P.J. [1994], The Complexity of Multi-Layered Perceptrons, Ph.D. thesis, Eindhoven Univer-
sity of Technology.

ZWIETERING, P.J.,, M.J.A.L. VAN KRAAIJ, E.H.L. AARTS, AND J. WESSELS [1991], Neural networks
and production planning, Proceedings of the Fourth International Conference on Neural Networks
and their Applications, 529-542.



