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The work reported herein was supported by the Office of Naval Research
under Contract No. N00Q014-75-C-0556.

Richard C. Larson
Jeremy F. Shapiro

Co-Directors

ABSTRACT

)

This paper proposes and tests a framework for decomposing a large
scale production planning problem, modeled as a mixed-integer linear pro-
gram. We interpret this decomposition in the context of Hax and Meal's
hierarchical framework for production planning. The procedure decomposes
the production planning problem into two subproblems which correspond to
the aggregate planning subproblem and a disaggregation subproblem in the
Hax-Meal framework. The linking mechanism for these two subproblems is
an inventory consistency relationship which is priced out by a set of
Lagrange multipliers. The best values for the multipliers are found by
an iterative procedure which may be interpreted as a feedback mechanism
in the Hax-Meal framework. At each iteration, the procedure finds both
a lower bound on the optimal value to the production planning problem
and a feasible solution from which an upper bound is obtained. Our
computational tests show that the best feasible solution found from
this procedure is very close to optimal. For thirty-six test problems
the percentage deviation from optimality never exceeds 4.47, and the
average percentage deviation is 2.2%. Twenty-seven of the test prob-
lems are mixed-integer linear programs with 240 zero-one variables,
while nine test problems have 480 zero-one variables.
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1. Introduction

Production planning and scheduling in a batch processing environment
are concerned with the efficient utilization and allocation of a firm's
production resources so as best to satisfy customer requirements at
minimum production costs. Management scientists have devoted a great
amount of effort to developing decision models and procedures for this
class of problems; Hax [6] gives an insightful survey and discussion of
these efforts. Two distinct approaches for production planning and
scheduling have been presented in the management science literature.

The first approach is a monolithic approach in which the production planning
and scheduling problem is formulated and solved as a single mixed:integer
programming problem (e.g. Manne [14], Dzielinski and Gomory [4], Lasdon

and Terjung [12]). The second approach, given by Hax and Meal [8], is

a hierarchical approach for production planning and scheduling. The under-
lying notion of this approach is to partition the problem into natural
subproblems that are consistent with a firm's data processing capabilities,
its organizational and responsibility echelons, and its requirements for
coordination throughout the crganizational structure. In any planning
period, the subproblems are solved sequentially, with the solutions of sub-
problems from the upper hierarchy imposing constraints on the lower hierarchy
subproblems. Hax and Golovin [7] provide a current bibliography on hier-
archical systems.

The primary advantage of the monolithic approach is that it focuses on
a well-defined model formulation for which an optimization is meaningful. In
contrast, the hierarchical approach breaks the monolithic problem into sub~

problems, and at best, can only suboptimize each of these problems. One

advantage of the hierarchical approach is that it is computationally simpler
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than solving the large mixed-integer programming problem required by the
monolithic approach. A second advantage is that the hierarchical approach
requires less detailed demand data, in that it needs only aggregate product
demand data over the planning horizon, with detailed product demand data
over a much shorter scheduling horizon. The monolithic approach requires
detailed demand data for the full planning horizon. A third distinction of
the hierarchical approach is the extent to which its hierarchical sub-
problems correspond to the organizational and decision-making levels in

the firm; the consequences of this correspondence are the increased inter-
action between the s;stem and the decision-makers at each level, and the
effective coordination of objectives throughout the organization.

The current paper presents a framework for decomposing a monolithic
production planning and scheduling problem such that it has a natural inter-
pretation in the context of the hierarchical approach. In this manner thre
new approach both focuses on a monolithic problem yet still retains the
implementation advantages of the hierarchical approach. The new approach
may be viewed as providing feedback between two of the subproblems in the
hierarchical system. The original framework proposed by Hax and Meal
lacks any such feedback mechanism between subproblems. The only inter-
action is through the constraints generated by higher-echelon subproblems
for lower-echelon subproblems. The new approach feeds back information which
reflects the cost penalties at the lower-echelon due to the constraints
imposed by the higher-echelon subproblems.

The remainder of this paper is organized into four sections. 1In the
next section we formulate the production planning and scheduling problem as
a mixed-integer linear program, and review various approaches from the

literature for solving this mathematical program. In Section 3 we present

a Lagrangean relaxation for the mixed-integer linear program; from this
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relaxation both lower bounds and upper bounds on the optimal solution value
may be obtained. We also discuss how the Lagrangean relaxation may be
viewed as a feedback mechanism in the hierarchical framework proposed by
Hax and Meal [8]. Section 4 presents our computational experience with

the procedure, while Section 5 provides a discussion of these results and

of possible extensions to thé procedure.
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2. A Production Planning and Scheduling Model

The objective of a production planning and scheduling system is twofold.
First, the planning function of the system is to determine what resources
are needed at what points in time so as to best satisfy aggregate demand over
a specified planning horizon. Second, the scheduling function determines
for the immediate scheduling period how the available production resources
should be allocated over the individual production items so as to provide
the best customer service at the minimum production cost. Typically, the
production plan and schedule are generated assuming that all product derand
is pre-specified and known over some horizon; then, both the plan and schedule
are revised periodically in a rolling-horizon fashion as improved demand
forecasts are obtained.

For our study we assume that production items may be aggregated for
planning purposes into families, and families aggregated into types. A
type is a collection of items that have the same seasonal demand patterns
and the same production rate as measured by inventory investment produced per
unit time. A family is a set of items within a type, such that the items
share a common setup. Such an aggregation scheme was first proposed by
Hax and Meal [ 8], and has been observed in many industrial settings. Nax
and Meal [ 8 ] provide a good discussion of the advantages of this form of
aggregation for production planning.

For purposes of discussion, we will ignore the scheduling of iters
within a family; this is partially justified by the proposed aggregation
scheme in that all production costs can be determined either at the type
aggregate or at the family aggregate. We will consider the followinp simple,

single-resource model for scheduling types and families:
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(PPS) min z = Z(ctot + hitIit) +IL sth(Pjt)
t i jt
subject to
(2)
vt (3)
|
| pX I, -1 =0 Vi,t (&)
JeT(1) it it
| Pie ¥ Tyeer " B T Y e )
3
‘ Ot,Pit,Iit,Pjt,Ijt > 90 Vi, j,t (6)

where subscript i corresponds to types, j to families, and t to time neriods.

The decision variables for the model are

Ot = overtime worked in period t;
Iit(Ijt) = inventory of type i (family j) in period t;
Pit(Pjt) = production of type 1 (family j) in period t.

Input data for the model are

ETTE A ST T W W Ty ey T T

. = cost premium for overtime in period t;
hit = holding cost for type i, period t; :
Syp = setup cost for family j, period t; ;
- dit(djt) = demand for type i (family j) in period t;
E r, = regular production time available in period t;

3 ki = production time required per unit of type 1i;
1 T(1) = set of families belonging to type 1.
8(X) is defined to be zero for X = 0, and one for X > 0.

The planning model (PPS) given in (1) - (6) minimizes overtime costs,

holding costs, and setup costs subject to capacity and demand restrictionms.

As a consequence of the aggregation scheme, production capacity (overtime)

costs and inventory holding costs are accounted for by types, while nroduc-
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tion setup costs are accounted for by families. Constraint (3) is the
capacity feasibility constraint; constraints (2) and (5) are the inventory
balance constraints for types and families, respectively. Constraint (4)
links the family inventories to the inventory of the type; this constraint
requires that the total inventory for a type equal the sum of the inven-

tories of the families contained in the type. Given that je;ii) djt = dit’
we can show that constraints (2), (4), and (5) imply that

) Pjt = Pit for all i,t; that is, for each time period total type
JeT(1)
production equals the sum of the production quantities for its families.
This model is possibly the simplest of all planning models in that it consi-
ders only one constrained production resource, and it incorporates only a
single option, overtime, for varying the resource level. The proposed solution
method will be illustrated on this model, but is not limited to such simple
models, as will be seen.

The mathematical program given by (1) - (6) is a large-scale mixed-integer
linear program which is quite difficult to solve optimally for realistically-
sized problems. Manne [14], Dzielinski and Gomory (4], and Lasdon and Terjung
[12] have examined a variation of this problem which 1s also a mixed-integer
linear program; the primary difference between these formulations is thot
[14], [4], and [12] include setup time in the capacity feasibility constraint
(3). All three papers solve the problem as a linear program by means of
various large scale programming techniques. For instance, the application of
Dzielinski and Gomory's approach to (PPS) would consist of dualizing the
constraints (2) - (4), &~ then solving this dual problem by generalized
programming [13]. The linear program solution may then be rounded to give
a feasible solution; a result of Manne's [14] establishes that the linear
program solution will typically be nearly integer.

Hax and Meal [8] discuss the limitations of these approaches, and
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present their hierarchical system for attacking (PPS). Their approach

is to solve first the aggregate planning subproblem by minimizing overtime
and holding costs subject to constraints (2), (3), and (6); this solution
specifies the inventory and production levels for each type. The family
disaggregation subproblem can then be solved; that is, family setup cost

is minimized subject to constraints (4), (5), (6) where the inventory levels
for each type in (4) are taken from the aggregate planning model. Hax and
Meal solve the aggregate planning subproblem as a linear program, and solve
the family disaggregation subproblem for the immediate time period by a
heuristic, A critical distinction of the Hax and Meal approach is that it
requires detailed family demand estimates only for the immediate time period,
and consequently is easier to implement. Bitran and Hax [2] and Bitran,
Haas, and Hax [1] give important extensions to this approach. In a similar

vein, Jaikumar [11] presents an alternative hierarchical system in which

the problem is again decomposed into a planning component and scheduling

component. Jaikumar's approach differs from that of Hax and Meal primarily
with respect to how the subproblems are linked. Jaikumar uses the solution
from the planning subproblem not only to constrain the scheduling sub-
problem, but also to define certain scheduling costs based on the shadow
prices from the planning subproblem.

These hierarchical approaches seem to work well provided that the primary
costs are those costs associated with the aggregate planning subproblem; that
is, the overtime costs and inventory holding costs associated with the
product types are dominant, while the family setup costs are secondary in
importance and magnitude. However, when the family setup costs are signifi-
cant, there is a conceptual gap in the original hierarchical framework in
that the aggregate planning subproblem does not consider its impact on

total setup costs as determined by the family disaggregation subproblem.
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In the next section, we present an iterative procedure to feed back this
impact on setup costs to the aggregate planning subproblem.

The approach presented here is similar in spirit to that of Newson [15],
who also studied a problem of the type given by (1) - (6). He proposes
and tests an iterative heuristic in which the problem is decomposed into
a planning subproblem and a scheduling subproblem. Newson's procedure
differs from that proposed here primarily with respect to how each sub-
problem is updated at each iterationm.

Bitran, Haas, and Hax [ 1] have recently proposed a modification to the
Hax-Meal framework for settings where the setup costs are significant. This
modification entails a clever "look-ahead" procedure for solving the
scheduling subproblem; however, the planning subproblem remains unchanped

in that it still does not consider its cost impact on the scheduling sub-

problem.
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3. Feedback Procedure

The feedback procedure consists of examining a Lagrangean relaxation
(e.g. [5],{16]) to solve a dual problem to (PPS) by an iterative procedure.
From this relaxation we immediately obtain a lower bound on the optimal
value to (PPS) at each iteration; in addition, we can construct a “rasfble
solution to (PPS) so as to get an upper bound on the optimal solution value.
In this manner the procedure can bracket the optimal solution value. UnZor-
tunately, though, there 1s no theoretical guarantee (either a priori or ex
post) for how tightly the optimal solution value may be bracketed by this
procedure. To obtain such a (ex post) guarantee would involve incorporating
an implicit enumeration scheme into the procedure. Nevertheless, as will be
seen, the procedure does quite well and consistently seems to find feasihle
solutions within 5% of the lower bounds generated from the dual problem.

For any vector of multipliers A = {Ait}’ a Lagrangean relaxation to
(PPS) is obtained by attaching the multipliers to the constraints (4) and

bringing these constraints into the objective function:

L) = min[z + 1?: )‘it(jei(i) Lie = 1) N
‘s.t. z = zz(ctot + )i hy Tg) + § f: sjta(Pjt) (8)
‘and (2), (3), (5), (6)

The dual problem to (PPS) is now

(D) max L(}\). ™

A
To solve the dual problem, an iterative procedure is proposed which is
consistent with the Hax-Meal hierarchical framework. To see this, note

thac the Lagrangean relaxation as given in (7), (8) may be separated into

the following subproblems:

i e i W o e A

-
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(AP) min z z [ctOt + LI, (h =i )]
i

AP t it ic it

s.t. (2), (3, (6)
and

(FD) min 2z = I ZI[s ]

jt<S(Pjt) + A
jt

itht
s.t. (5), (6), and 1 = T-l(j)

where 1 = T-l(j) iff jeT(i). Clearly (AP) is just an aggregate planning
model dealing with the planning of product types, while (FD) is a family
disaggregation model dealing with the scheduling of product families.
Furthermore (AP) is a linear program, while (FD) may be separated by family
into a set of uncapacitated lot-sizing problems, each of which is easily
solved by dynamic programming [17]. Hence, the Lagrangean relaxation may
be decomposed into two subproblems, each of which is easily solved: further-
more, the two subproblems correspond directly to two linked subcomponents
of the Hax-Meal hierarchical framework. It is important to note how the
multipliers {Ait} act to split the holding cost hit between the (AP)

model and the (FD) model. We will see that the determination of the appro-
priate multipliers [or equivalently, the appropriate allocation of the
holding cost between the (AP) model and the (FD) model] may be interpretted
as a feedback process in the hierarchical framework.

The dual problem is to find A to maximize the Lagrangean. A procedure
to solve the dual would be iterative, where at each step the Lagranpean is
solved for a given ), and based on this solution a new set of multipliers is
picked. A standard framework for this procedure is as follows:

a) set k = 0, choose Ao
b) solve (AP) for A =

A
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c¢) solve (FD) for A = Ak
d) 1if the current solution to the Lagrangean satisfies some
prespecified "stopping criteria", stop; otherwise set
k = k+l, update Ak and return to b).
Step d) of this procedure is quite vague, with respect to both the

"stopping criteria" and the updating of the multipliers; in the next section

we illustrate one possible scheme for implementing this procedure. In sore

sense, the procedure should stop once the solution to (AP) is "consistent"

with the solution to (FD); the revision of the multipliers depends uron

the current degree of inconsistency between the two subproblems. Neverthe-
less, we can see the feedback nature of the procedure. For a given value

of A, both the aggregate planning subproblem and the family disaggrecation

e A A aafeatian

subproblem are solved; based on these solutions the set of multipliers )\ is
revised and the first step is repeated. In this manner, the solutions for
the individual subproblems are continually revised based on feedbac" from
the other subproblem until a consistent solution is obtained matching the
aggregate plan with the family schedules.

The solution of the dual problem given in (9) need not, and usually
will not, identify a primal feasible solution to (PPS). In such instances,
a duality gap is said to exist and the dual solution provides just a lower
bound for the optimal value to (PPS). Two procedures are suggested for
resolving these duality gaps. The first approach would be to use the dual
problem for generating bounds in a branch and bound or implicit enumeration
procedure; the feasibility of such an approach would depend on the tightness
of the bounds from the dual problem, and on the number of integer variables
(equal to the number of families times the number of time periods). A
second possibility 1s to incorporate the solution of the dual problem into

a heuristic procedure. Here, at each iteration in the solution of the

| o __ 4
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dual, a feasible solution to (PPS), corresponding to the current dual solu-
tion, might be generated. The cost for the best of these feasible solutions
could be compared with the value of the dual problem, which is a lower bound
on the primal problem. The procedure could stop when the best feasible
solution was sufficiently close to the lower bound generated from the dual
problem. Such a procedure was chosen for closer examination; we report

our computational experience in the next section.

A final comment may be made with respect to our expectations for the
tightness of the bounds from the dual problem. The Lagrangean relaxation
given by (7), (8) [or (AP) and (FD)] does not satisfy the Integrality
Property given by Geoffrion [ 5]. In particular, the optimal value of (FD)
does depend on the integrality properties of its variables. As a consequence,
we might expect the dual problem to give relatively tight bounds, in that
the solution to the dual is at least as good as that given by a linear
programming relaxation to (PPS), Furthermore, we should note that the
essence of the earlier work by Manne [14], Dzielinski and Comory [4 1, and
Lasdon and Terjung [12] is to solve a linear programming relaxation to

(PPS).




4. Computational Study

The computational study consists of solving four sets of problems,
each set consisting of nine problems. Details for the test problems are given
in the Appendix. For the first three problem sets, the product structure
contains twenty families aggregated into three types, where the first two
types have five families each and the third type has the remaining ten
families. For the fourth problem set there are forty families aggrecated into
three types with ten families in the first two types and twenty families in
the third type. For each problem the planning horizon extends for twelve
time pericds, the amount of regular time available 18 constant across these
periods, and initial inventories are preset for each family; for convenience
the ending inventory for each family after the twelfth period is constrained
to be zero.

The first three problem sets differ by the amount of seasonality in
the product structure. The first set has no seasonality, the second set has
moderate seasonality, while the third set has extreme seasonality. The
fourth problem set, which has forty families, has moderate seasonality.

Within each problem set, the vector of family demands {i.e. djt} ie
the same for each problem; similarly the overtime cost, and type holding
costs are the same for each problem. Within each problem set, the setup
cost for each family can assume three values, low, medium, and high;
the low cost is one fifth of the medium cost, which is one fifth of the
high cost. Within each problem set, the level of available regular time can
assume three values, such that total demand over the planmning horizon can be
covered by 802, 100, or 125% of available regular time, respectively. The

combination of three possible setup costs with three utilization levels

yields nine test problems for each problem set.
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The dual problem (9) is solved by a standard subgradient procedure
(1 31,191,110)), ia which the multipliers {kit} are initialized to be
zero. From (7),(8), at a particular value of A, a subgradient to L(}) ¥=
given by y = {Yit} where

Y = z

-1 .
it JeT(L)

Lie = Ty

and {Ijt}’{Iit} solves (7),(8). The subgradient procedure updates the

current choice for A = Ak by moving in the direction of the subgradient 1*:

= ’
L A (1)

The scalar o is the step size, and its choice is critical to the behavior
of the procedure [ 3].
For our computational tests, we had the best experience on the first

three problem sets using step sizes generated from the following sequence:

o = 1 for k=1,2,...,10; ak = .5 for k=11,...,20; a, = .25 for k=21,...,37;...

k
For the fourth problem set the sequence chosen was o = 1 for k=1,...,2N;

ak = ,5 for k=21,...,3N; ak = .25 for k=31,...,40;... For each probler we
terminated the subgradient procedure after 60 iterations.
At each iteration a feasible solution to (PPS) is generated from th~

dual solution based on the family schedules from the solution to (FD).

Note that the solution from the (FD) problem satisfies all demand constraints

and is always feasible in (PPS) since we assume there is unlithited overtime
available in each period; if this were not so, a slightly more complicated

procedure would be needed for finding feasible solutions. By evaluating the

cost of this solution in (PPS) we obtain an upper bound on (PPS). We then try

to improve this feasible solution by myopically smoothing this production
plan. For this heuristic, we consider the periods of the planning horizon

in reverse order, skipping over those periods in which no overtime is
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planned in the current production plan. Having found a period in which
production exceeds available regular production time, we try to reschedule
production in this period to earlier periods with unused regular production
time. For instance suppose overtime is required in period t" and consider

family i such that P > 0; then we need identify the latest period t' such

j t“

that t' < t", P, , > 0 and unused regular production time is available. We

je

will reschedule as much of P, ,, to time period t' as is economic in th-t

it
the additional holding costs over the interval [t',t") are less than the

overtime costs saved in period t"; if all of P, ,, may be rescheduled, then

jt
we also save a setup cost for family j. In this manner, we obtain an
improved feasible solution.
Tables 1-3 report the percentage discrepancy in cost between the best
feasible solutions to (PPS) and the lower bound from the dual problem to
(PPS) for each of the nine problems for the first three problem sets,
respectively. Note that for these cases (PPS) is a mixed-integer linear
program with 240 zero-one variables. It is encouraging to report from
these tables that these percentages, which represent the maximum deviation
from optimality of the best known solution, are remarkably and consistently
small; furthermore, the performance of the procedure seems to be relatively
insensitive to the magnitude of the setup costs, to the level of resource 1
utilization, and to the amount of demand seasonality. Table 4 reports the
performance of the procedure for the fourth Problem set which contains forty
families to schedule., Here (PPS) is a mixed-integer linear program with

480 zero-one variables. The results in Table 4 are comparable to those

in Tables 1 - 3, giving evidence that the performance of the procedure is
maintained for larger problems. In addition, Table 4 reports the results

from running the subgradient procedure beyond 60 iterations to 100 iterations;

we see that the additional improvement from the longer run is quite small.
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Table 1: Percentage difference between best feasible solution and lower
bound for problem set 1 (no seasonality)
Resource Utilization

80% 100% 125%
&
3 low 0.2% 1.37 1.4%
8
E’ nedium n7% 2.9% 1.2%
']
?  high 2.8% 4.0% 2.7%

Table 2: Percentage difference between best feasible solution and lower
bound for problem set 2 (moderate seasonality)

Resource Utilization

80% 100% 125%
ot

§ low 1.4% 2.1% 1.4%

5 mediunm 2.1% 2.6% 1.9%
o

| “  high 2.7% 2,4% 1.4%

A
Table 3: Percentage difference between best feasible solution and lower
bound for problem set 3 (extreme seasonality)

Resource Utilization

{

f 80% 1002 125%
&

E § low 2.12 2.4% n.2%

E § medium 4.4% 2.8% 1.4%
L]

i “  high 3.12 4. 4% 3.8%2

:

]

! Table 4:

Percentage difference between best feasikle solution and lcvrer

bound for problem set 4 (forty families)

Resource Utilization

8ox 1002 125%

I3 L 1.0% 2.9% 1.8%
8 ow (1.0%) (2.4%) (1.8%)
1.2% 3.6% 1.5%

§ medtum (1.12) (3.5%) (1.5%)
& high 2.4% 1.5% 1.0%
g (2.32) (1.4%) (1.0%)

*
The percentages in parentheses are the results from stopping the subpradient
procedure after 100 {terations.




*
The computational experiments were conducted on a PRIME 400 minicomputer.

For the twenty-seven problems from sets 1-3, the computation time per problem |
ranged from 90 cpu seconds to 364 cpu seconds, with the average time per .
problem being 236 cpu senmonds. The observed wide variation in times is due to

the variation across problems for solving the linear program (AP). At each

iteration of the procedure the objective function of (AP) is modified and

the linear program must be resolved; depending upon the extent of the modi-

fication, the new linear program may or may not be easily solved. For the

nine problems in set 4, the average cpu time was 311 seconds with a ranpge

of 147 to 405 seconds. Hence, doubling the problem size in terms of number

of families seems to increase the cpu time by only one third. Note, however,

that although the number of families were doubled, the number of types

remained at three; hence the size of the linear program for (AP) was unchanged.

This suggests that the set up and sclution of the linear programs account for

much of the reported computational time. We solve the linear programs using

the SEXOP (Subroutines for Experimental Optimization) code, which is an

experimental code for algorithmic research written by Professor Roy Marsten,

University of Arizona. We might expect quicker solution times with a

commercial linear programming code.

*
The PRIME 400 minicomputer is three to eight times slower
than an IBM 370/168, depending upon the type of operation.




5. Discussion and Extensions

This paper proposes a framework for decomposing a large scale produc-

tion planning problem. This decomposition is quite natural in that the result-

ing subproblems correspond to components in Hax-Meal's hierarchical framework
for production planning. The underlying basis for the decomposition is to
separate the capacity planning portion of the problem from the lot-sizing
problem; the linking mechanism for these two components is an inventory
consistency relationship [i.e. constraint set (4)] which may be priced out

by a set of multipliers. 1In this fashion, a Lagrangean function is defined
which may be optimized by a subgradient procedure to obtain a lower bound for
the production planning problem. A simple heuristic is proposed for convert-
ing each Lagrangean solution into a feasible solution for the production
planning problem so as to get a corresponding upper bound.

The computational results presented indicate that the proposed frame-
work may be quite effective for generating good production schedules for
quite difficult combinatorial problems. Indeed for the thirty-six test
problems the best solutions were always within 4.4%7 of a lower bound to
the optimum, and were within 3.1% of the lower bound to the optimum in
all but five cases. Furthermore these results seem reasonably robust with
respect to the problem specification and problem size.

We should note that although the proposed framework has been illustrated
with respect to (PPS) given by (1) - (6), it is not limited to this formu-
lation of the production planning problem. The proposed framework is
equally applicable to extensions of (1) - (6) in which there may be more
than one type of constrained capacity and/or more than one option for
adjusting capacity levels such as changing the work force level. In these

instances the linear program for (AP) will be slightly more complex to

handle the additional complications.
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Extensions of the current study might concentrate on various modeling
considerations. For one, as noted by Hax and Meal [8], it may be unrealistic
to expect to be able to generate meaningful demand forecasts for the families
for the later periods in the planning horizon. Hence, we may desire to
schedule families over a shorter horizon with more detailed periods than those
used for types. For instance, families might be scheduled by week for the
next twelve weeks (three months), while the production of types would be
planned by month over the next twelve months; for this example the formulation
in (1) ~ (6) could be modified by stating the consistency constraints (4)
only for the ending inventories after the first three months (weeks 4, 8,
and 12). The computational procedure would not be affected by this modifica-~
tion, with one exception. The family disaggregation subproblem (FD)
would have to be modified to force the inventory at the end of its horizon
(e.g. week 12) to correspond to that planned in the aggregate planning sub-
problem (AP).

Another modeling consideration is with respect to how types and
families are defined; that is, what is the best way to aggregate items into
families, and families into types. We hope that the proposed framework
might provide insight for examining the implications of various aggregation
strategies.

Finally, it would be important to consider how such a production
planning system would be implemented in practice. The planning problem
given by (1) - (6) is posed as if all demand is known with certainty and all
schedules are to be frozen over the planning horizon. However, most produc-
tion planning seems to be done on a periodic (rolling horizon) basis in which
the demand data is continually being revised as the demand forecasts become

less uncertain. Implicit in our research and that of many other researchers,

has been the assumption that the production schedules that are generated
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periodically from static planning models such as (1) - (6), are effective
when implemented in a dynamic setting. We need further work to examine the

validity of this assumption.
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Appendix

Specification of Test Problems for Computational Experiments

For the computational experiments we generated four problem sets,
each with nine test problems. The specifications for the generation of

these test problems are given below.

Product Structure: For each problem set, there are three product

types; the assignment of families across these types is given below:

number of families in

type type type total
1 2 3 families
i
problem set 1-3 5 5 10 20
problem set 4 10 10 20 40

Overtime Cost: The overtime cost . is 5.00 for all time periods for

all test problems.
Holding Costs: The inventory holding cost hit is 1.00 for type 1, 1.75

for type 2, and 1.50 for type 3 for all time periods for all test problems.

Setup Costs: For each type a range (§i’ gi) is specified as given

below:
Type 1 Type 2 Type 3
s, 50.0 | 100.0 100.0
§1 150.0 [ 200.0 200.0

For each family j in type i we set sj by a random drawing from a uniform
distribution over the range (S, Ei); 84 is the "medium" setup cost for
family j for all time periods for all test problems. To get the "low"

setup cost we divide s, by five, while to get the "high" setup cost we

multiple sj by five.
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Family Demand: For problem set k, demand for family j in period t is

given by

(k)
djt

= * u

(k)
fit 3

where j€T(1), fi:) is the multiplicative seasonality factor for type i in

period t in problem set k, and u, is a random draw from a uniform distribu-

]
tion over the range (D., D,). The seasonality factors fit)

=37 3

are given below:

Time Period
1 2 3 4 5 6 7 8 9 10 11 12

type 1 1.0 1.0 > 1.0

problem
set 1 type 2 1.0 1.0 —> 1.0
type 3 1.0 1.0 N -— 1.0
type 1 1.0 1.0 > 1.0

problem

set 2&4) tyPe 2 0.8 0.8 0.7 0.5 0.7 1.0 1.0 1.2 1.3 1.5 1.2 1.0

type 3 1.0 1.0 1.0 1.2 1.3 1.5 1.3 1.0 0.9 0.7 Nn.A Nn.8

type 1 1.0 0.6 0.0 0.0 0.0 0.0 0.0 0.8 1.6 3.0 3.n 2.0

problem

set 3 type 2 0.8 0.6 0.3 0.0 0.0 0,6 1.2 1,5 2,0 2.0 1.5 1.2

type 3 0.3 0.5 0.6 1.0 1.2 1,5 2.0 2.2 1.3 1.0 0.5 0.2

The demand ranges for families 1-20 are given on the following page.

The demand ranges for families 21-40 for problem set 4 are the same as that for
families 1-20 respectively. The type demand dit is obtained by aggregating

family demand.

Initial Inventory: For each family j we compute the economic order

quantity Qj based onits average demand rate, holding cost and setup cost.
The family's initial inventory is found by a random draw taken from a uniform

distribution over the range (0, Q,). The initial inventory is then cred:ted

3
towards the family demand to obtain a net family demand. Type demand is
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redefined accordingly.

Available Regular Time: For problem set ¥, we compute total argrepate

production requirements R(k) from the type demands; then the availahle

regular time in period t for problem set k is given by

O Nt

where 100% resource utilization is assumed. For the case of 80%Z resource

utilization we multiply Rik) by 1.20, while for 125% resource utilization

(k)

N by 0.80.

we multiply R




