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ABSTRACT

This paper describes initial efforts to use genetic algorithms
to develop a mulii-level MRP lot sizing technique. Initially
the limitations of existing lot sizing techniques are explained.
Such methods are seen to determine lot sizes for individual
items at only a single level in a BOM structure and hence by
default assume that item demand is independent. The essen-

- tial procedures used in genetic algorithms are then explained
using an example MRP lot sizing probiem. This exampile
clearly illustrates the multi-level lot sizing potential of genet-
ic algorithms. Order release schedules are then determined
using genetic algorithms and for comparison purposes the
McLaren’s Order Moment method. The results are then used
to identify the effectiveness of the genetic algorithm method
for determining MRP lot sizes.
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Material Requirements Planning is now an accepted method
of planning the material requirements for items whose
demand is dependant on higher level items within the Bill of
Material, (BOM), structure.

The planning process starts with a production schedule and
then applies MRP logic through BOM’s and inventory
records as indicated in Figure 1. The planned order releases
that are output from the MRP process are those required to
provide the quantity of items necessary to satisfy planned
production requirements within each time bucket. Ideally
MRP must be capable of producing a planned order receipt
schedule such that this schedule minimises the total costs of
holding and purchasing inventory over the entire planning
horizon. In addition the inventory demands for each period

ghin that planning horizon must be met such that there are
(gstock—outs in any period. ]

The aim of the MRP process is to determine the orders that
need to be released in order that planned production can take
place. Two items of information constitute a planned order
release for articular item ie:

release for a particular ite

® an order size
@ an order release date

Although the logic underlying the MRP process is simple the
results of the process can have a profound effect on the prof-
itability of an organisation. In this respect the lot sizes chosen
for the highest level components determine the quantities of
lower level items required. Complex, demand relationships
can often exist between such items.

There are a wide variety of MRP lot sizing techniques that
are currently available. Wagner and Whitin [1] for example
developed a procedure using dynamic programming as early
as 1958 which is still recognised as one of the only methods
available that can consistently generate least cost lot sizing
conditions. Techniques vary from simple decision rules, (in
which little effort is made to optimise the decisions made), to
complex procedures that attempt to develop optimum
planned order release schedules. Lot sizing techniques in cur-
rent use are of three basic types [2], ie:
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1. Based on the Economic Order Quantity, (EOQ), model.
Such models include the use of the EOQ model to deter-
mine either a specific lot size to purchase or a frequency
with which batches should be purchased, ie. the Periodic
Order Quantity, (POQ). The POQ model determines the
time when an order should be placed and the actual
quantity ordered is that quantity required between the
placement of two successive orders. The use of the EOQ
method results in a constant batch size being ordered
whereas the POQ method allows the ordered batch size to

vary.

2. Single pass methods, of which there are a wide variety,
are essentially ruled based. Each individual method
applies a unique set of rules to determine schedules for
order releases. Such methods include the Lot-For-Lot
rule, (LFL), Least-Total-Cost, (LTC), Least-Unit-Cost,
(LUC), and many others such as those developed by
Silver and Meal, [3], Groff, [4], Freecland and Colley, [5]
and Bahl and Ztionts, {6}].

3. Adjusted single pass methods initially make uvse of a
specific single pass technique and then attempt to
improve on the solution produced by this technique. This
is achieved by examining the total costs involved in either
increasing batch sizes such that the materials for one or
more additional periods may be purchased, (ie. termed
‘look ahead’), or decreasing purchase batch sizes to
remove periods from the decision making process. If the
total costs can be reduced by these actions then the new
batch sizes are adopted.
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Choosing which technique to use from the wide variety avail-
able is a major problem for materials managers since each
technique will only yield acceptable results under a limited
range of demand and inventory cost conditions. Recognising
the need for materials managers to choose between the many
techniques available Berry [7] developed a framework for
comparing such methods in terms of their ability to minimise
inventory related costs over a range of cost and demand para-
meter values. In addition Berry proposed that this framework
should also include comparisons of the amount of computing
time required to make lot sizing decisions and estimates of
the simplicity of the procedures used. Since this framework
became available a number of researchers [8, 9] have provid-
ed comparisons of existing techniques over a wide range of
conditions whilst others [10, 11, 12] have concentrated on
developing improved lot sizing algorithms. However the
techniques developed have again been limited in their appli-
cation areas. Gaither [13] for example presented a technique
that identified near-optimal MRP lot sizes and possessed pro-
cedural simplicity. However this model was found to exhibit
a buiit-in bias towards larger baich sizes when high ‘ordering
cost to carrying cost’ ratios existed. The procedures used,
therefore, had to be modified [14] to compensate for this
defect. This indicates that the limitations involved in using
existing lot sizing techniques are not always immediately
obvious,

LIMITATIONS OF EXISTING LOT
SIZING METHODS

Existing methods have many fundamental problems that limit
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methods that seek optimal schedules do so by considering all
available options. As the MRP planning horizon grows larger
the number of alternative schedules that need to be compared
dramatically increases. This results in excessive computa-
tions being required. In order to obtain optimal schedules,
therefore, MRP planning horizons must be limited. Hence
optimal short term schedules are obtained but these individ-
ual schedules do not necessarily result in optimisation of
inventory over the long term. Generating optimal or near
optimal schedules requires the use of complex procedures
that are often difficult for operating personnel to understand.
Their use within manufacturing industry is often limited for
this reason.

A critical appraisal was carried out by St John [15] who high-
lighted major misconceptions in the evaluation of existing lot
sizing techniques. He argued correctly that the majority of
the current methods in use are not applicable to MRP since:

1. They treat the lot sizing problem as a single stage
process, ie. determine lot sizes for single items. MRP
is, however, a multi-stage process and any lot sizing
technigues must take into consideration the relationships
between items. Such methods must consider all items
whose demand is related, both horizontally and vertically,
to each other via the BOM structures. MRP items, there-
fore, exhibit dependent demand patterns whereas current
lot sizing methods apply only to independent demand
patterns.

2. Each individual technique is valid, (ie. produces accept-
able order schedules), under a particular set of conditions.
The effectiveness of a technique for example is strongly
dependent on such factors as the variability in the sizes of
individual material requirements, the variability in the
frequency of requirements, and the relative values of car-
rying and purchasing costs. In order to achicve good
results, therefore, it is necessary to select with care the
most appropriate method from amongst the many avail-
able. Since the demand and cost parameters for individual
items within a BOM may vary, then ideally the most
appropriate method for each item should be selected. This
is obviously impossible due to lack of resources and in
practice a specific lot sizing technique is often applied to
a group of items irrespective of how suitable it is for indi-
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vidual items within that group. Demand over time is not
necessarily constant, ie. lumpy demand patterns can exist.
This is particularly true when a company’s products
exhibit seasonal bias in which case there can be months
when there is no demand, months when there is little
demand and months when demand reaches its peak.
Choosing a specific lot sizing method for each
item/demand period is again clearly impractical since reg-
ular checks would, therefore, need to be carried out to
ensure that changes had not occurred that adversely
effected the suitability of the technique being used.

3. All existing methods use costs to measure how effective a
specific lot sizing policy is. Many methods place restric-
tions on the types of costs that are considered. In general
the emphasis is on minimising the combined order/set-up
and carrying costs. It is uncommon, when determining lot
sizes, for non-cost variables such as the availabilities of
working capital for purchasing stock or warehouse space
to be considered. Hence situations can occur in which
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support the purchasing decisions made by a MRP system.

4. MRP systems often provide a range of lot sizing
techniques. Choosing which technique to select often
looks a routine decision since the likely results of such a
change are not adequately identified. Changing lot sizin
techniques in this way can ofien iead to disastrous co '
quences, in particular excessive stockholding costs be‘é
incurred.

5. The use of existing dynamic lot sizing techniques can
tead to system nervousness which occurs when relatively

minor changcs in the order schedule of a higher level
component causes significant changes to the order sched-
ules of lower level items. MRP nervousness is, therefore,
the amplification of minor changes which create such
conditions as late orders. Vollmann et.al [16] suggested
that the use of different lot sizing techniques at different
levels in the BOM structure would assist in reducing the
effects of nervousness. However, this would result in the
choice of a suitable lot sizing technique becoming even
more difficult.

Despite St John's condemnation of existing lot sizing tech-
niques research has still focused on the comparison of lot
sizing techniques and the development of more efficient
single item, independent demand methods. Nydick and Weiss
[2] for example compared ten lot sizing techniques and
evaluated them using a variety of demand and order cycles.
They concluded that ‘the greater the variability in the pa :
of demand, and the more frequent the order cyclenm
more erratic is the behaviour of all lot sizing techniques in
determining the optimum conditions’.

GENETIC ALGORITHMS

A general overview of the theory that forms the basis
of genetic algorithms is provided by Holland [17] who has
been instrumental in developing much of their mathematical
structure, Essentially a *genetic algorithm’ is a set of proce-
dures which when repeated enables solutions to be found to
specific problems. They achieve this objective by generating
successive populations of alternative solutions until a
solution is obtained that yields acceptable or optimal resulis.
As each successive population is generated an improvement
in the quality of the individual solutions is gained. Hence a
genetic algorithm can quickly move to a successful outcome
without the need to examine every possible solution to the
problem.

The procedures used are based on the fundamental processes
that control the evolution of biological organisms. These
basic processes are natural selection and reproduction which
together improve an organisms ability to survive within its
environment. Natural selection determines which organisms
within a population survive and which, therefore, have the
opportunity of reproducing. Reproduction involves genes



from two separate individuals combining to form off-spring
that inherit the survival characteristics of its parents and
may also possess additional beneficial characteristics.
Genetic algorithms, therefore, seek to umitate the way in
which beneficial genes reproduce themselves through succes-
sive populations and hence contribute to the gradual ability
of an organism to survive.

Genetic algnrnhmc have the nntPnn:ﬂ for MRP lot QI71ﬂ0'

since they have been proved to ' be capable of resolving Iarge
scale engineering problems in which the number of alterna-
tive solutions are great, For example Goldberg [18] describes
their use to develop a system for controlling a gas pipeline
that consists of large numbers of branches and valves to reg-
ulate the flow of gas. He also highlights their use in areas
such as machine learning, pattern recognition, image process-
ing and operational research. Such algorithms can also be
used to schedule work through manufacturing systems [19,
20], determine economic lot sizes [21], develop optimal
designs for engineering structures [22] and schedule students
within classes |23]. Dawn |24] highlights their use in design-
ing gas turbines, targeting potential loan defaulters and
reducing the weight of jib structures. Dawn [24] also reports
the work being carried out to develop GA procedures for cre-
ating optimum process plans for components manufactured
within machine shops. He identifies a major benefit in using
i procedures as ‘the ease with which GA’s can be split up

run on parallel computers’. This facility enables prob-
lems with potentially large numbers of possible solutions to
be solved in a matter of a few minutes.

DIAGRAM 1 - GA CODING OF MRP PLANNED ORDER
RELEASES
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METHODOLOGY FOR MULTI-LEVEL
MRP LOT SIZING

The demand relationships that exist between items in a BOM
structure pose problems when developing multi-level lot siz-
ing procedures. The essential problem is that the lot sizes
selected for an item at one specific level predetermine the
gross requirements for items at the next level down. For
example in Figure 2 the lot size selected for item A deter-

FIGURE 2.
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mines the gross requirements for items B and C and subse-
quently all other lower level items. The problems associated
with these demand relationships beétween BOM levels can be
resolved by ensuring that:

1. During the multi-level lot sizing procedure checks are
carried out to ensure that the lot sizes identified for lower
level items meet the lot size requirements for higher level

2. If scheduled receipts and free stock already exist for any
item in the product structure then these must be consid-
ered when setting lot sizes.

Assume that genetic algorithms are to be used to deter-
mine a planned order release schedule for each item in the
BOM structure shown in Figure 2. For simplicity if a
three period planning horizon was assumed then the MRP
process would be expected to provide after lot sizing had
taken place the planned order release schedule shown in
Table 1.

TABLE 1
MRP PLANNED ORDER RELEASE SCHEDULE

MRP PLANNING PERIOD

PERIOD!  PERIOD2  PERIOD3
MRP ITEM
A PRODUCT at 02 a3
B PART o4 s o6
C PART a7 .08 Q8
D RAWMATERIAL *© Q10 - ot a2

The values Q1, Q2, ...... Q12 are the Planned Order Release,
{POR), guantities of each item in specific MRP planning
periods. The traditional objective is to ensure that these quan-
tities minimise the overall costs involved in purchasing and
holding stocks. A possible POR schedule could be as shown
in Table 2. This schedule may not represent the optimum
POR’s but it is necessary to represent this and other altemna-
tive schedules in the form of a genetic code.

TABLE 2
POTENTIAL POR SCHEDULE FOR PRODUCT A
MRP PLANNING PERIOD
PERIOD1  PERIOD2  PERIOD3
MAP ITEM
A PRODUCT 2 10 21
B PART 16 30 36
C PART 15 25 o5
D RAW MATERIAL 3 2 22
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In order to represent this as a genetic code each of the batch
quantities listed in the schedule must be converied from their
current decimal base to their equivalent binary base. For
example the binary equivalent of 20 is 010100 and that for 51
is 11001 1. Table 3 lists the binary numbers for all the items
being considered.

TABLE 3
POR SCHEDULE REPRESENTED AS BINARY NUMBERS

MRP PLANNING PERIOD

PERIOD 1 PERIOD2  PERIOD3
MRP ITEM -
—_— BINARY NUMBERS
A PRODUCT 010100 001010 010101
B PART 010000 011110 100100
C PART _ 001111 011001 110011
D AAW MATERIAL 000011 101010 010110

The binary numbers listed in Table 3 are now connected into
a single string as illustrated in Figure 3 to produce the neces-
sary genetic code. In order to decode such a string the reverse
procedure is applied, ie. split the string into six digit sections
and convert each section to its equivalent decimal number.
Figure 3 indicates which item/MRP period each section of
the binary string applies to. Each binary number within the
string represents a specific aspect of the problem solution, ie.
a potential lot size for a single item in a BOM structure for a
specific period of the MRP planning horizon.

.

5 FIQURE § i
~ GENETIC CODE FOR POR SCHEDULE

010100 001010 010101 010000 ... 010110
e ST
PERIOD | 1 2 3 il 3

Such a string would in practice contain many thousands of
these binary numbers and would represent a single solution
to the MRP lot sizing problem. Genetic algorithms would
need to manipuiate large numbers of these strings. In genetic
algorithm terms each such string would be termed a ‘solu-
tion’ and a group of solutions would represent a ‘population’.

Now that a POR schedule has been successfully converted
into a genetic code the GA procedures may now be applied
as such:

1. A population of such solutions, (ie. strings), must be ran-
domly generated. The batch sizing problem represents no
problems in this respect since the value of each digit
within a specific solution string can be decided for exam-
ple on the toss of a coin. In practice the use of a random
number generator would be used that simply chose either
0’s or 1's on a random basis. Decisions that need to be
made at this stage are:

* How many solfutions should form the initial population

* Should subsequent generations of populations have
random solutions introduced

* Should non-feasible solutions be allowed into the
population, ie. those that would result for example in
stock-outs occurring.
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2. A “fitness value’ for each solution must then be cal-
culated using an appropriate objective function. In this
example the fitness of each solution will be determined
based on how well the solution minimises holding and
procurement costs. The holding and procurement costs
associated with each string in the population must there-
fore be determined.

This is achieved by decoding each string into its respec-
tive POR schedule and using an appropriate model 1o
determine the costs that would arise from adopting each
schedule. Table 4 illustrates this process for the POR
schedule shown in Table 3. The value 1/744.5 would rep-
resent the “fitness’ of this particular solution, ie. solutions
with higher total costs would have a correspondingly
lower fitness value. In practice multi-objective functions
may be used that could contain both quantitative and
qualitative fitness criteria. Cost penalties can also be
added to the fitness function of any solution in which
stock-outs may occur, ie. when lot sizes for lower level
BOM items do not meet the requirements of higher level
items.

TABLE 4
CALCULATION OF THE FITNESS VALUE

DECIMAL HOLDING PURCHASE
MRP MRP. BINARY NUMBER COSTS(f's) COSTS({f's)
ITEM  PERIOD NUMBER Q) (@2)xCh Cp

A 1 016100 20 10.0 50
A 2 001010 10 50 50
A 3 010101 2 105 50
B 1 010000 16 8.0 50
B 2 011110 30 15.0 50
B 3 100100 % . 19.0 50
c 1 001111 15 15 -50
C 2 011001 2% 125 50
c 3 110110 51 - %55 50
D 1 000011 3 15 50
] 2 101010 42 21.0 50
D 3 010110 2 10 " 50
£144.5 £600

Totat Costs = £744.5
Fliness value = 1/744.5 = 0.00134

3. Once the fitness values for each solution have been

determined they can be used to compare each solution
and determine a sclution’s probability of surviving into
the next generation. A simple method of accomplishing
this is shown in Table 5.

TABLE &
COMPARISON OF SOLUTIONS WITHIN A POPULATION
FITNESS % of
SOLUTION VALUE (£'s) TOTAL
A 0.11000 2343
B 0.01200 256
c 0.00120 0.26
D 0.10000 2130
E 0.20000 42.59
F 0.00400 0.85
G 0.04000 8.52
H 0.00134 0.29
| 0.00100 021
Total = 0.46954 100%




The *% of total’ now represents the probability that each
solution will be represented in the next generation, eg.
solution H has approximately a 0.3% chance of being rep-
resented in this next population because it resulted in
such large purchase and holding costs when compared
with other solutions within the population.

4. The GA now involves randomiy identifying a section of
one solution string and swopping this over with a section
from another solution string. This procedure is termed
crossover and has been found to be highly effective in
producing improved solutions. Figure 4 illustrates the
process in operation. The first six digits from solutions H

and | have been exchanged resulting in two new solutions

T and &
a1 A

FIGURE 4
EXAMPLE OF A SIMPLE CROSSOVER PROCEDURE
SOLUTION H | 010100 | 001010 010101 010000 ... 014110
‘SOLUTION 1 | 111001 | 101001 100001 100100 ... 101011
SOLUTION J | 113001 | 001010 010101 010000 ... 010110
SOLUTION K | 010100 101M1 100001 100100 ... 101011
SECTION OF STRINGS CROSSED OVER

?

hen the best features of two solutions are combined the
resulting off-spring could have a much higher fitness value
than either of its parents. This off-spring would, therefore, be
reproduced in larger numbers into succeeding generations.
When two solutions with poor features combine the low fit-
ness value of their off-spring will result in it being lost, ie.
not reproduced into succeeding generations. One of the use-
ful characteristics of genetic algorithms is the possibility of
two poor solutions combining and resulting in an off-spring
with a high fitness value. Whatever the result of these
combinations only those off-spring that are fit will survive to
succeeding generations. Hence the algorithm quickly builds
populations with good solutions to the problem being
examined.

The GA procedure now continues by repeating the steps
described above, ie:

i. Determining the fitness value of each solution string
within a population

ii. Generating a new population from the previous pop-
ulation using those solutions with high fitness

l_!g values

iii. Generating improved solutions using the crossover
technique. Here the mathematical principles under-
lying the GA procedures are now well established
and a variety of techniques are available for improv-
ing solutions fitness and ensuring that good sections
of a solution string are not tost.

DIAGRAM 2
CREATING IMPROVED SOLUTIONS USING "CROSSOVER"
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RESULTS

Using the BOM structure shown ‘in Table 6 and the gross
requirements scheduie illustrated in Table 7 the planned
order release quantities were determined using the genetic
algorithm procedures previously described and for compari-
son purposes McLaren’s Order Moment [25].

TABLE 6
BILL OF MATERIALS FOR FLASHLIGHT
ITEM BOM . HOLDING COSTS PER
CODE LEVEL. DESCRIPTION UNIT {£'s)
1 0 FLASHLIGHT 32
2 1 HEAD ASSEMBLY 10
5 2 PLASTIC HEAD
16 3 PLASTIC - RAW MATERIAL 1
6 2 LENS 1
7 2 BULB SUB-ASSEMBLY 3
1 3 BULB 1
12 3 BULB HOLDER 1
8 2 REFLECTOR 1
4 1 BODY ASSEMBLY, 15
9 2 SHELL ASSEMBLY 1
13 3 ONIOFF SWITCH q
17 4 KNOB 1
18 4 METAL SLIDES i
14 3 CONNECTOR BARS 1
15 3 PLASTIC SHELL 4
16 4 PLASTIC - RAW MATERIAL 1
10 2 SPRING 1
3 1 BATTERIES 3
PROCUREMENT COST PER BATCH = £100

McLaren’s Order Moment, (MOM), imtially generates
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future MRP periods, (eg. period 1, periods 1 and 2, periods 1,
2, and 3). In order to identify the most suitable schedule from
amongst these alternatives the MOM uses the part period
accumulation principle, (ie. a part period is equivalent to one
unit of stock carried for one MRP period). The selected
schedule’s accumulated part periods must match the number
of part periods that would be incurred if an EQQ batch size
had been calculated under conditions of constant demand.
Comparison studies {26} have found that the MOM proce-
dure produces lower cost order schedules when compared
with the main methods in common usage, ie. Part Period
Balancing, Periodic Order Quantity and Economic Order
Quantity.

TABLE 7
GROSS REQUIREMENT SCHEDULE FOR FLASHLIGHT

WRPPLANNINGPERIOD 1 2 3 &4 & & 7 8 9 10 11 12

GROSS REQUIREMENTS 10 10 15 20 70 180 250 270 230 40 0 10

The procedures for determining order release schedules using
GAs were developed using the Genesis software [27]. This
software programme was written to encourage the experi-
mental use of genetic algorithms for function minimisation.
The genetic algorithm functions provided are task indepen-
dent. Hence users need only provide evaluation functions for
determining the fitness of individual solutions within a popu-
lation. The Genesis programme then contains functions for:

1. Initialisation, ie. setting-up the initial population

2,  Selection, ie. choosing solutions for the next generation
from the solutions in the current generation

3. Crossover, ie. exchanging sections of one solution with
those of another to produce different solutions.
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GA trials were carried out using various population sizes, ie.
50, 100 and 300. The trials involved running the GA proce-
dures for up to 600 generations. The lowest cost solution
from each generation was then used to produce Figure 5. In
addition the result obtained using the MOM technique has
also been included for comparison purposes.

FIGURE &
COMPARISON OF GA AND MOM RESULTS
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DISCUSSION

The results shown in Figure 5 indicate the ability of genetic
algorithms to breed improved solutions from one generation
to the next, Trials were carried out in which the size of the
population was aitered, (ie. population sizes of 50, 100 and

300). Again Figure 5 indicates the effect of changing this

variable, ie. essentially there is a greater chance of lower cost
solutions being in the initial population and these are regen-
erated into succeeding populations. The trials carried out
using genetic algorithms all converged to produce order
release schedules with greater total costs then obtained using
the MOM method. This is partly due to the simplicity of the
MRP lot sizing problem examined, ic. the MOM procedure is
capable of obtaining optimal or near optimal solutions for a
problem of this size. However, MOM as with other existing
MRP lot sizing methods are single level procedures and the
benefits of using such methods would quickly disappear as
the complexity of the BOM structures increased and as the
number of MRP periods increased.

The effectiveness of the GA procedure on the other hand
would not be expected to decline since the method has
already been shown to solve problems with large numbers of
possible solutions. GA procedures are, however, dependent
on how well various parameters have been selected. Future
work is now being directed towards identifying improved
cross-over techniques and methods of generating future pop-
ulations, both of which can have a considerable effect on the
efficiency of GA procedures. In addition the use of ‘coarse
sieves’ are being examined in which lot sizes are restricted
to specific multiples, (eg. multiples of 10, 20 or 100), in
order to enable the solution space to be quickly searched for
low cost solutions. Once these initial solutions have been
identified these will then form the selutions for the initial
populations of more refined GA procedures.

Perhaps of most benefit to enabling GAs to solve MRP prob-
lems of a practical nature would be the availability of large
amounts of parallel computing power. The natural parallel

26 BPICS CONTROL DECEMBER 1993/JANUARY 1994

character of the genetic solution codes themselves could then
be employed to ensure that such MRP lot sizing problems
could be solved in short amounts of time.

Research is continuing in this area since there are
overwhelming advantages to be gained in using GA
procedures, ie:

1.  Current methods of determining MRP lot sizes can
only be used under limited conditions hence complex
inventory management policies cannot be resolved.
Objective functions used in the GA procedure, how-
ever, can be complex and need not be restricted to
optimising individual functions. In addition objective
functions used may consider criteria other then costs,
such as delivery lead times or quality levels. The types
of cost elements used are not restricted, ie. marginal
costs can be used if required. Objective functions can
also include both quantitive and qualitative variables.

2. The GA procedure generates populations of solutions
and can provide total annual cost information for each
solution. Management, therefore, are provided with the
opportunity of selecting non-optimum order release
schedules if by doing so other problems can be simpli-
fied. For example order release schedules may be
selected that are convenient for shop floor scheduD,
purposes. Management can make these decisions kn '
ing the additional costs involved when compared with
the optimum batch size.

3.  ‘Nervousness’ would not arise since all components are
considered simultaneously.

4, The same procedures could be used whatever the
demand pattern, order and holding costs, order cycles,
lengths of planning horizons and demand distributions.
Hence the problem of selecting the best lot sizing
method to use would no longer arise. In addition it
would not be necessary to monitor the method used to
ensure that any changes taking place in the environ-
ment had adversely affected the use of the model.

5. No assumptions need be made concerning such vari-
ables as demand and usage rates as with EOQ.

6. The method would not be restrictive in the number of
MRP planning periods it could take into consideration.

7. 1t would not rule out the possibility of combini
orders for successive periods when demand is low.

8. It could enable both the lot size and the time between
orders to vary.

DIAGRAM 3
SURVIVAL OF THE FITTEST
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