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ABSTRACT

This research examines the design of facility layouts on the
basis of a multi-period planning horizon. We assume that the
material handling flow between the departments in the layout
changes from one period to the next. This might result in the
layout being rearranged during the planning horizon which
requires funds. We also assume that the funds available for
layout rearrangement is limited. The problem is called the
Constrained Dynamic Plant Layout Problem (CDPLP).

Solving the CDPLP requires techniques more sophisticated than
those used to solve the Static Plant Layout Problem (SPLP)
since it also involves solving many SPLPs optimally. These
optimal solutions are then used in the dynamic phase of the
CDPLP solution. However, in most CDPLPs, finding all the SPLP
optimal solutions can be prohibitive. So we select a sample of
the SPLP optimal solutions to be used in the dynamic phase. We
model the dynamic phase of the CDPLP as a Constrained Shortest
Path (CSP) network. We compare this formulation to the Dynamic
Programming (DP) formulation used for the unconstrained
dynamic plant layout problem. Both these give optimal
solutions to the dynamic phase. Since we use only a sample of
the possible static layouts, the two procedures give sub-
optimal solutions to the CDPLP as a whole. We also examine
methods of selecting the layouts in the sample and the size of
the sample. In addition, the effect of two other factors, the
tightness of the layout rearrangement funds and the ratio of
the average department shifting cost to the average department
material handling cost are also examined.

The results show the CSP is quicker than DP in solving the
dynamic phase of the CDPLP under most practical situations. It
is also seen that selecting some of the best static layouts
from each period along with some random methods is a good way
of creating the sample to be used the dynamic phase. In
addition, it is seen that changes in the different factors
used in the experiment have different effects on the two
solution procedures.

xi



CHAPTER 1

1.1 INTRODUCTION

This research investigates the design of facility layouts

based on a multi-period planning horizon. During this horizon,

the material handling flows between the different departments

in the layout may change. This necessitates a more

sophisticated approach than the much researched static plant

layout problem (SPLP) approach. The dynamic plant layout

problem (DPLP)  extends the SPLP by assuming that the material

handling flows can change over time. This in turn might

necessitate layout rearrangement which requires additional

funds. In this research, we consider the layout rearrangement

funds to be limited and investigate solution procedures to

solve the constrained version of the DPLP.

In the static problem, given a group of departments, material

flow between each pair of departments, and the cost per unit

of flow per unit distance, we have to arrange the departments

into a layout such that the sum of the costs of flow between

departments in the layout is minimized. The material flows

between pairs of departments or relative material flows are

assumed to be constant. In an environment where flows do not

change over a long period of time, this assumption is

justified. But in today's market based and dynamic

1
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 environment, such flows can change quickly. The average life

of a layout today is about three years (Nicol & Hollier,

1983). In the dynamic environment, we can still use the static

approach in two ways. The first is to use a short planning

horizon so that during this horizon the flows are fairly

constant. The disadvantage is that after the short horizon, if

our relative flows change, we have to rearrange the layout or

if we do not, be constrained by an inefficient layout.

Rearranging layouts frequently without prior planning can

result in operational disruptions and excess rearrangement

costs. The second approach is to use a long planning horizon

and disregard the changes in flow. The total flow over the

planning horizon can be used assuming constant flow. There

will be no rearrangement costs, but this may result in the

layout being inefficient throughout the horizon.

The dynamic approach to layout corrects the above deficiency.

In the dynamic approach, we plan our layout based on a multi-

period time horizon. During this time if the material flow

changes warrant it, we may plan for one or more layout

rearrangements. In this research, an extension is made to the

dynamic approach. It is assumed that there is a constraint on

the funds available for layout rearrangement. In addition to

its effect on layout planning, the constrained dynamic layout

approach has broader implications on the marketing and finance

functions of the firm. 



3

Any change in product mix can result in changes in flow and

thus affect layouts. Layouts designed on the basis of short

term demand or flows can result in excessive material handling

costs if the product mix changes. Thus involvement of

marketing is important in dynamic layout planning. In

addition, constrained dynamic layout planning can be useful in

capital budgeting when designing a facility. It can help

design the best possible layout within the budget allocation

for layout rearrangement. The constrained approach can also be

used to demonstrate the cost-benefits of additional funds

(shadow price) for rearrangement that would allow a better

layout with lower material handling costs. The importance of

good layout planning can be gauged from the fact that over

$250 billion is spent in the U.S. alone on layouts that

require planning and replanning and that 20% to 50% of the

total operating expenses within manufacturing can be

attributed to material handling (Tompkins & White, 1984). The

next section explains the dynamic problem through an example

adapted from Rosenblatt (1986).

1.2 EXAMPLE PROBLEM

A rectangular layout with six locations is shown in Figure 1.

The locations are all equal in size. There are six departments

that have to be assigned to the six locations. One such

assignment is shown in the figure and is designated by the

sequence 1-2-3-4-5-6.
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    1     2    3

    4     5    6

Figure 1

This is only one out of the 6! or 720 combinations that exist

for this layout. Each combination represents a different

static layout. In this particular case, due to symmetry only

120 different static solutions or combinations exist. But in

the dynamic problem, all the 720 different solutions would

have to be examined because of the shifting cost for each

department. We are interested in determining the assignment of

departments in this layout over a five period planning

horizon. A period could represent a year, quarter, month etc.

The varying relative flows between pairs of departments along

with shifting cost for each department is shown in Figure 2.

The shifting cost depends only on the department shifted and

not on the distance of the move. This assumption is valid

where the fixed costs of the move such as removing the machine

and re-installing it, lost cost of lost production dominate

the variable costs such as the cost to move the machine a unit

distance. The layout also shows flow dominance. Some of the
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departments have higher material handling inflows than the

others. These flow dominant departments change from period to

period. This ensures that the optimal static layout also

changes during the planning horizon. Under these varying

conditions, it may be worthwhile to change over to a new

layout one or more times during the horizon. If it did not

cost us anything to shift departments, the optimal solution

would have been to shift to the optimal static solution in

each period. But since shifting departments costs money, we

have to balance the shifting costs with the savings in the

cost of material handling due to this shifting.  

So the dynamic problem involves selecting a static layout for

each period and then deciding whether to change to a different

layout in the next period. If the shifting costs are

relatively low, we would tend to shift or change the layout

configuration more often in order to save flow costs. The

reverse is true for high shifting costs. The optimum solution

to the dynamic problem might not involve any of the static

optimum solutions. Figure 3 gives us an appreciation of how

difficult it really is to find this optimum. 
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 Period 1

To --   1 2 3 4 5 6
From
1 0 396 229 280 294 2498
2 2590 0 243 304 329 2237
3 2244 468 0 299 336 1875
4 2373 369 207 0 329 3021
5 2456 362 176 198 0 2130
6 2484 455 267 204 326 0

Period 2
1 0 2893 2227 341 353 449
2 379 0 2306 283 387 319
3 283 2371 0 338 318 3 5 1

4 295 2066 2361 0 303 4 8 6

5 385 2509 2370 278 0 425
6 421 2098 1708 349 331 0

Period 3
1 0 2161 201 1428 448 300
2 478 0 290 1752 400 444
3 426 3171 0 1774 421 323
4 431 3103 261 0 528 3 3 2

5 352 2821 219 1794 0 3 6 1
6 338 2717 218 2035 456
0

Period 4
1 0 422 377 1707 1288 1866
2 443 0 318 1831 1260 1265
3 325 337 0 1888 1565 1875
4 305 470 301 0 1644 1848
5 324 343 275 1852 0 2064
6 417 334 233 1284 1372 0

Period 5
1 0 2777 419 479 368 350
2 1372 0 557 427 411 370
3 1958 2886 0 460 404 469
4 1803 2558 372 0 265 470
5 1875 2526 353 414 0 392
6 1454 2570 432 419 373 0

Shifting cost for departments
1595 820 1725 1369 697 1188

Material Flow and Shifting Costs

Figure 2
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Period

1 2 3 4 5

Layout 1 123456 123456 123456 123456 1 2 3 4 5 6

   2 123465 123465 123465 123465 123465

   3 123645 123645 123645 123645 123645

Layout 4 ... ... ... ... ...

Layout 5 ... ... ... ... ...

...

  719    654312 654312 654312 654312 654312

  720    654321 654321 654321 654321 6 5 4 3 2 1  

The Dynamic Layout Problem

Figure 3
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Layouts are denoted by numbers, e.g. 123456 represents the

layout shown in Figure 1. Let us assume that our initial

layout (in the present period, Period 1) is 123456 (Layout 1).

Our initial layout could have been any of the (n!) or 720

possible layouts in the period where n is the number of

departments in the layout which in our case is six. In the

second period we have the option of changing to any of the

other 719 layouts or keeping the same layout. This analysis

can be repeated for each of the 720 different layouts in each

of the five periods. In other words, we would have to

explicitly or implicitly evaluate (n!)  combinations where t

't' is the number of periods, which even for a six department,

five period problem is 1.93*10  combinations, a very large14

number indeed ! So the dynamic facility layout problem can

become extremely difficult to solve to optimality for even

small problems. Thus most practical sized problems will have

to be solved heuristically, i.e. not all the possible layouts

in a period are included in the dynamic problem. But now, we

have no guarantee of optimality for the whole problem.

Rosenblatt uses dynamic programming to solve the problem with

each layout in each period being a state and each period a

stage. This research extends the dynamic facility layout

formulation. We assume that budgetary constraints exist such

that funds available for shifting departments may be limited.
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1.3  MOTIVATION FOR THIS RESEARCH AND ITS OBJECTIVE

The importance of this extension can be gauged from a study

conducted by Nicol and Hollier (1983) in the Manchester area

of the U.K. regarding plant layout practices and a previous

study conducted by the Department of Industry (1976) in the

U.K. regarding material handling costs. The general objective

of the Nicol and Hollier research was to determine the

conditions under which the plant layout decisions were made

and whether the constraints applied by standard solution

methods were relevant to practical applications. Both the

studies observed that most companies had an ad hoc approach to

layout planning and systematic approaches to layout planning

were rare. In some cases, lack of funding had led to poor

layout planning and increased material handling costs.

These studies indicate the need for research on dynamic

facility layout which lays a basis for planned layout design

approaches within the funds available for layout

rearrangement. This research does just that.
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1.4  CONTRIBUTION OF THIS RESEARCH

1) Extends the unconstrained dynamic formulation to

the case  where funds for layout rearrangement are

limited.

2) Identifies and compares different approaches for

solving the  dynamic phase of the problem.

3) Investigates the effect of different problem

characteristics on the quality and speed of

solution.

4) Lays the basis for research in dynamic facility

layout with one or more constraints on layout

rearrangement. 
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CHAPTER 2

 BACKGROUND

2.1 LITERATURE REVIEW

A great deal of research has been performed in the area of

facility layout but most of it is in the area of static

layouts. We can classify the literature in the layout area as

dealing with a) static layouts, or b) dynamic layouts.

2.1.1 STATIC LAYOUTS

As explained earlier, the static layout problem assumes an

unchanging material flow. Various procedures have been

proposed for this problem which are based on a number of

different objectives. These procedures can be classified as 

either optimal or sub-optimal.

2.1.1.1 OPTIMAL PROCEDURES

The static layout problem can be formulated as a Quadratic

Assignment Problem (QAP), (Koopmans and Beckman, 1957). It is

termed so because the objective function is a product of two

zero-one variables. Sahni & Gonzalez (1976) show this to be a

NP-complete problem. Bukard (1984) tests the problems from

Nugent et al. (1968) and the largest problem solved optimally

contains fifteen departments. Gilmore (1962) and Lawler (1963)

have developed branch and bound algorithms to solve the QAP.
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Lavalle and Roucairol (1985) report very high computation

times for their branch and bound code for layouts with twelve

or more departments. Bazaraa and Sherali (1980) and Bukard and

Bonninger (1983) use cutting plane methods. The largest

problem solved optimally contains eight departments. Bukard

and Stratman (1978) report that in most of these algorithms,

the optimal solution is found early but verification of

optimality takes a long time. From the research on optimal

algorithms it is clear that for most practical size layouts,

where a large number of layouts are present, confirming the

optimal solution will be unreliable. So  various heuristic

algorithms have been proposed which can solve fairly large

size problems in reasonable amounts of time.

2.1.1.2 SUB-OPTIMAL (HEURISTIC) PROCEDURES

Heuristic algorithms can be classified into two major types -

construction type algorithms where a solution is constructed

from scratch and, improvement type algorithms, where an

initial layout is improved.

2.1.1.2.1 CONSTRUCTION ALGORITHMS

We begin with a discussion of construction type algorithms.

One of the better known is the Hillier and Connors HC66

algorithm (1966). Vogel's approximation method for solving

transportation problems forms a part of the algorithm. HC66 is

based on an earlier algorithm by Gilmore (1962). CORELAP (Lee
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& Moore, 1967) use closeness ratings between departments to

design the layout. The closeness ratings are obtained from

multi-criteria relationship charts. The departments with

higher ratings are located at the centre of the layout. ALDEP

(Seehof & Evans, 1967) starts assigning departments from the

corner of the layout. The Linear Placement Algorithm

(Negabhat, 1974) solves single and multi-storey building

problems with departments of equal area. The algorithm assigns

departments so that the distances between departments with

higher flows are minimized. FLAT (Heragu & Kusiak, 1986) is an

algorithm which can be used where the departments are of

unequal areas. The algorithm uses flow matrices and adjacency-

distance matrices and also considers technological

restrictions in the assignment.

2.1.1.2.2 IMPROVEMENT ALGORITHMS

The other type of heuristic is the improvement type. CRAFT

(Armour & Buffa, 1963) is one of the more popular ones and

therefore it deserves some discussion. CRAFT stands for

'Computerized Relative Allocation of Facilities Technique'.

The three kinds of input data required are the

interdepartmental flow per time unit, the material handling

cost per unit of flow per unit distance, and the initial

layout. The flow cost between a pair of departments is the

product of the amount of flow, the material handling cost and

the distance between the centers of the departments. The total
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flow cost for the layout is the sum of these flows for every

pair of departments. First the change in flow cost that would

occur if each department is exchanged with every other

department is determined. Then the pair is exchanged that

results in the largest reduction in flow. The flow cost is

then determined for the rearranged layout. The evaluation is

then repeated. This process continues until there is no

beneficial pair exchange possible in the layout. Instead of

exchanging only two departments at a time, CRAFT can also

exchange three departments simultaneously and can also

consider layouts where some departments are fixed in location.

CRAFT is sensitive to the initial layout i.e., different final

layouts can be obtained with different initial layouts. Foulds

(1983) reports that CRAFT is not very effective when the

departments are of unequal area.

       Hillier (1963) developed an algorithm, H63 which is

based on a move desirability table. Only exchanges between

adjacent departments are considered. The desirability table

represents the cost changes that would result by moving a

facility from its current location to an adjacent location.

Only pairwise exchanges are considered. Hillier and

Connors(1966) modified HC63 to create HC63-66. The algorithm

allows moves between non-adjacent departments though the moves

allowed are restricted to vertical, horizontal or diagonal

lines. Only equal size departments are considered.

        The biased sampling procedure (Nugent et al.,) allows
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selection of any pairwise exchange from an initial layout that

results in a reduction of cost as compared to the CRAFT

algorithm which allows only the best pairwise exchange. The

selection is biased towards exchanges with larger reductions.

So this algorithm introduces a probabilistic element in CRAFT.

The authors report slightly better (2% to 6%) solutions than

CRAFT but at much higher computation time. The second sampling

procedure is called the Terminal Sampling Procedure (TSP) and

was developed by Hitchings and Cottam (1976). It selects only

certain pairwise exchanges. Finally the procedure is ended by

a CRAFT loop. COFAD (Tompkins and Reed,1976) is a CRAFT based

algorithm which includes the provision for evaluating

alternative material handling systems. COFAD-F, a modification

of COFAD by Shore and Tompkins (1980), incorporates the

ability to design efficient layouts over many production

levels.

         Other types of sub-optimal algorithms include

heuristic branch and bound (Burkard and Stratman, 1978),

Cluster analysis algorithms (Scriabin and Vergin, 1985),

nonlinear mathematical programming (Drezner, 1980) and Graph

Theoretic Algorithms (Seppaannen and Moore, 1970) modified

CRAFT for multi-storey layouts called SPACECRAFT (Johnson,

1982). For a comprehensive review of the static layout

literature , see Kusiak and Heragu (1987).
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2.1.2 DYNAMIC LAYOUT

          Less literature is available in the dynamic facility

layout area. Ballou (1968) considers the dynamic nature of

demand in locating warehouses. Location decisions are

generally made on the basis of horizons of twenty years or

more. Thus the changes in demand during that time (dynamic

nature) can be important. If accurate predictions  of the

longer term demand during that horizon are available, then it

may be worthwhile to consider a more sophisticated analysis

than simple static facility location. Dynamic location

analyses allow us to foresee layout changes thus ensuring that

our plans will not be outdated by the time it is implemented.

Ballou presents an example of a manufacturing plant and a set

of demand points that shift over time periods. The optimal

warehouse location for each period is different if we

considered that period's demand in isolation. But if we decide

to shift the warehouse every period, we would incur shifting

costs. But on the other hand, the distribution costs would

potentially be lower than had we not shifted. So the objective

here is to trade-off the costs of relocation versus the

distribution costs saved. Ballou uses Dynamic Programming (DP)

to solve the multi-period model. Each stage corresponds to a

period and at each stage the states are different static

location decisions. Ballou uses only the optimal solutions of

each period as the states for a period. Thus, in his five
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period example, each stage consists of five states: the five

static solutions. Since not all the static solutions are

included, the DP solution is actually heuristic (sub-optimal)

with respect to the whole problem.

       Lodish (1970) shows that the DP solution time could

explode for practical sized problems since the optimal

solution to the dynamic facility location problem would have

to include all possible static solutions. 

    Sweeney and Tatham (1976) provide a fathoming procedure

for the dynamic facility location problem, that allows us to

eliminate many of the states required in each period (stage).

This makes the DP computation easier. The first step is to

determine the lower bound for the problem by adding up the

optimal solutions for each period, disregarding shifting

costs. Any feasible solution to the problem forms an upper

bound. The authors show that any static solution (state) that

differs in value from the static optimal solution by a figure

greater than the difference between the upper and lower bounds

can be dropped from the DP procedure without affecting

optimality. The static solutions in each period have to be

rank ordered. For this, after the static optimal solution is

obtained, a constraint is added to prevent the occurrence of

that solution and the problem is solved again. Then another

constraint is added to prevent this second best solution and

the problem is solved. This procedure is repeated until the

required number of solutions are obtained. The key to
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eliminating a large number of states is determining a good

upper bound. The authors suggest an iterative procedure - the

model is first solved with the 'n' best static solutions for

each period. Then, with this upper bound the fathoming can be

applied. The cost of relocation is constant regardless of from

where and to where the facility is  relocated. 

       Rosenblatt (1986) applies the Sweeney and Tatham model

to the dynamic facility layout problem. The problem is similar

to dynamic warehouse location. The trade-off here is between

the flow cost within the facility versus the shifting costs

for the departments we might want to relocate within the

facility. One difference between the Sweeney and Tatham model

and Rosenblatt is that the shifting costs in the latter

problem depend on the department being relocated whereas in

the former, it is always constant. The number of possible

layouts in each period is given by n! where 'n' is the number

of departments. If a horizon of 't' periods are considered ,

then the total number of possible combinations to be evaluated

is (n!) . So the problem can explode very easily in thet

dynamic facility layout also. Rosenblatt also uses DP to solve

a six department problem. He reports that in the tests

conducted in his experiment, the fathoming procedure of

Sweeney and Tatham did not help in eliminating any state.
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2.2 RELEVENCE OF THIS RESEARCH

The research to be conducted here draws mainly upon the

previous research in the dynamic facility layout area.

Rosenblatt considers the unconstrained facility layout

problem. Here, we add a constraint to the same problem. Since

the dynamic facility model used by Rosenblatt and the one to

investigated here requires solution to the SPLP, either

optimal or sub-optimal SPLP algorithms will have to be used to

arrive at good static layouts in problems with many

departments.
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(1)

(4)

(3)

(2)

CHAPTER 3

THE PROBLEM

3.1 PROBLEM DESCRIPTION

The constrained dynamic plant layout problem (CDPLP)

can be formulated as an extension of the SPLP formulation. 

(1)  requires every department to be assigned. (2) requires

every location to have a department assigned to it. (3)
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constrains Y to a value of 1 only if a department has been

relocated in the period. (4) limits the funds that can be

spent on rearrangement to B. Since the static layout problem

is NP-complete, this problem is very difficult to solve to

optimality. 

     Using our six department example in Figure 1 and Figure

3, we can describe the CDPLP. In Figure 3 we use all the

possible 720 different layouts possible in each of the five

periods of the planning horizon. Suppose we choose 1-2-3-4-5-6

in the first period. Then in the second period, where the

relative flows between departments have changed (Figure 2), we

have two choices: change to another layout which would have a

lower total flow cost in period 2, or the other option is to

stay with the same layout.

     The first option would result in some shifting costs

while in the second option the shifting costs would be zero,

but the flow costs would be higher. If the decision is to

shift, we have to decide which layout to shift to depending on

the shifting and flow costs. The decision has to be made in

the context of the five period planning horizon. It may be

better to choose an inefficient layout now in order to reduce

costs later, i.e. it may be part of a low cost solution. Also

at any point in the solution process ,some options may have to

be discarded due to the budget constraint. This analysis can

be repeated for every possible layout in each period. If all

the 720 different static solutions are not included in the
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dynamic phase, there would no longer be a guarantee of

optimality for the CDPLP. 

3.2 SOLVING THE PROBLEM

    As discussed, the solution to the dynamic layout problem

involves solving the static layout problem as well. The

solution stage can be divided into three phases:

3.2.1 PHASE I - STATIC SOLUTIONS

    For problems with only a few departments, it may be

possible to enumerate all the static solutions. For slightly

larger problems, we can use the quadratic assignment

formulation. Since solving the dynamic problem requires more

than one layout per period, after one layout is obtained using

quadratic assignment, the next best layout can be obtained by

adding a constraint to exclude the present layout. In most

cases however, the problem will be too large for quadratic

assignment. For large problems, layout construction heuristics

such as CRAFT or HC63-66 can be used to obtain good layouts.

Using CRAFT different solutions can be obtained by starting

with different initial layouts. This is further explained in

Chapter 5, Section 4. 

3.2.2 PHASE II - DYNAMIC PROBLEM CONSTRUCTION

     In small problems with only a few departments it may be

possible to include all the layouts in each period. In that
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case the dynamic solution will be optimal. But usually, the

problems will be large and therefore a subset of the possible

layouts can be included in each period. Rosenblatt suggests

using the best 'k' layouts in each period. These layouts can

be obtained by either optimal techniques such as quadratic

assignment algorithms or heuristics such as CRAFT.

    Instead of using just the best layouts in each period, we

can select layouts randomly or use a procedure based on the

logic of Nugent et al.. Many of the layouts selected using

biased sampling may be inferior with regard to the solution,

but there may be a few that might lead us to good solutions.

Appropriate matrix generators are used to generate problems

for the dynamic phase.

3.2.3 PHASE III - DYNAMIC SOLUTION PROCEDURES

3.2.3.1 DYNAMIC PROGRAMMING (DP)

Many of the researchers who have modeled dynamic facility

location and dynamic facility layout have used DP as the

procedure for solving the dynamic phase. Let

iL Layout i

ijA Rearrangement (sum of department shifting costs)
i jcost when changing from layout L  to layout L . This

cost is independent of the period in which it
occurs.

it iF Material handling cost for layout L  in period t.
This is obtained from the SPLP solution.

itC  Minimum Total Costs (material handling and*

ishifting) for all periods up to t where L  is used
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in period t.

itS Sum of all shifting costs for all periods up to t
itassociated with C .*

B The amount of layout rearrangement funds available
for the planning horizon.

The best layout plan is determined by recasting the dynamic

facility layout problem into a sequence of single period

events. Then according to Bellman's Principle of Optimality in

a sequence of decisions, whatever the initial  decision, the

remaining decision must constitute an optimum policy for the

state resulting from the initial decision (Bellman and

Dreyfus, 1962, p.15). Once the first decision has been made,

the decision for the second period is based on the first

decision, the third decision is based on the second etc. until

all events have been explored. Thus the combination of layouts

with the minimum total cost is chosen based on the following

recursive relationship:

 
it i j(t-1) ij jtC    =  Min  {C  + A } + F* * *

and

itS   <=   B (5) 

The DP is solved using backward recursion. Each period in the

planning horizon forms a stage. We have two state variables:

the first is the layout and the second is the amount of
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constrained resource left. The DP procedure can be explained

by the following procedure. The FORTRAN code for this

algorithm is included in Appendix 3.

Step 1

At each stage (time period) T,

For each resource availability range k, with resource
ktavailability R

tFor each state (layout) i ,

(t+1)Consider shifting to state j  in period (t+1) with
it,j(t+1)associated total cost C  (sum of material handling and

shifting).  Determine the corresponding resource availability
range in period (t+1) as 
l(t+1) kt it,j(t+1)R  = R  - S  where the S represents the layout

rearrangement costs in shifting from layout i to j. 

(t+1)Add the optimal cost (OC) from j  to the end of the planning
it,j(t+1)horizon  given by 'end' to the T  to get 

ij-(p+1)-endOC .
 
When all i's are exhausted, go to the next resource

(k+1)tavailability level, R .

When all k's are exhausted, go to the next period, (t-1).
If t > 1 then go to Step 1. If t = 1 then go to Step 2.

Step 2

In period 1 we know our resource availability (the total
budget allocated).

1For each state i ,

2 k2 i1-j2-Consider shifting to j  in resource range R . Determine OC
end. 

When all such i's are exhausted, determine  
i i1-j2-endMin  {OC } which gives the optimal plan for the whole

horizon which is the minimum cost constrained dynamic plan. 

Retrace path to determine the layout changes.
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2.3.2 SINGLY CONSTRAINED SHORTEST PATH (CSP)

An alternate algorithm based on a singly constrained network

model is also used to solve the problem. The underlying 

shortest path model is represented in Figure 4.

The CDPLP as a Shortest Path Problem

Figure 4

itL Layout i in time period t 

S,E Source and end nodes respectively (dummy
layouts)

it,k(t+1)C The sum of the material handling cost in
layout i in period t and the cost of
rearranging layout i in period t to
layout k in period (t+1) 
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P Possible number of layouts in each period

N Number of time periods in the planning
horizon   

Nodes S and E are dummy nodes to facilitate the shortest path

formulation. All other nodes represent layouts. Each arc has

it,k(t+1) it,k(t+1)two parameters associated with it: C  and b . For

11example, in Figure 4, the node L  represents a layout in

period 1 during which some material flow costs are incurred.

At the end of this period, we might decide to rearrange the

22layout. Node L  represents the rearranged layout in period 2.

11 22The arc L  - L  therefore represents the sum of the material

11handling cost in layout L  and the cost of rearranging this

it,k(t+1) 22 it,k(t+1)layout (b ) to L  and is denoted by C . Over the

planning horizon the shortest path through the network will

provide the lowest cost dynamic layout plan.
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(6)

(7)

(8)

(9)

Mathematically the model can be represented as

it,k(t+1)x The arc representing the material handling cost In
layout i in period t and the cost of rearranging
layout i in period t to layout k in period (t+1)

it,k(t+1)C The sum of the material handling cost in layout i
in period t and the cost of rearranging layout i in
period t to layout k  in period (t+1) 

it,k(t+1)b Resource used in rearranging layout i in period t
to layout k in period (t+1)
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S,itx Arc connecting source to layout i in period t

it,Ex Arc connecting layout i in period t to end

B Available budget for resource
   

Constraint sets 6, 7 and 8  represent flow conservation and

constraint 9 represents the budget constraint. The motivation

for this approach is the efficiency of network based

algorithms. Though the CSP is NP-complete (Garey and Johnson,

1979), Mote et al. (1988) report impressive computational

results with their singly constrained shortest path procedure.

We make use of their procedure and discuss it next. For a

discussion of constrained shortest path algorithms, see Aneja

et al. (1983).

The Mote et al. (1988) algorithm is a simplex based procedure

that solves singly constrained shortest path problems (CSP).

The authors have written a FORTRAN code called PARMTRC(CSP) to

solve the CSP. This code considers the resource constraint to

be a second objective and solves the bi-criterion or two-

objective shortest path problem (BSP) parametrically. Solving

the BSP results in all the Pareto-optimal paths from the

source 's' to the sink 't' being obtained. A Pareto-optimal

path is one which cannot be dominated by any other path. In

our problem, the two objectives are (1) the sum of the flow

costs and the layout rearrangement costs and, (2) the layout

rearrangement costs. Our objective is to minimize both. If a
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path is Pareto-optimal, there is no other path with both

objectives being less than those associated with the Pareto-

optimal path. Fortunately, the number of such paths are

relatively small (Mote et al., 1987). The algorithm relaxes

the BSP integrality restrictions and converts the problem into

a bi-criterion network problem (BP). Every Pareto-optimal

basic feasible solution (BFS) in the BP is also Pareto-optimal

in BSP. These are the Pareto-optimal 'extreme' paths. But

there can exist other Pareto-optimal 'non-extreme' paths which

cannot be identified by solving the BP. These paths are

identified in the second part of the algorithm by a label

correcting procedure.

The first phase of the procedure solves the BP. A BFS is

represented as a spanning tree. Thus adjacent basis trees

differ in one basic arc. For each arc (i,j) in A we have two

reduced costs: one for each objective. These are updated using

the network simplex dual variables. Moving from the 'k'th BFS

to the (k+1)st BFS results in the increase of one objective

and decrease in the other. So for this move, we identify that

non basic arc that results in the minimum increase in the

first objective for a unit decrease in the second objective.

Such an arc can be determined using the function 

ij ij ija  =  RC /RC1 2

where RC denotes the reduced cost and superscripts 1 and 2

denote objectives 1 and 2 respectively. Also
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ijRC  > 01

ijRC  < 01

The appropriate non basic variable to enter is one that

ijcorresponds to the minimum of a . The first Pareto-optimal

path can be obtained by solving a shortest path problem (SP)

ijusing weights for the two objectives. Also while a  is

updated, the non-dominated, non-extreme path lengths to nodes

i and j are obtained.

In phase 2, all the non-extreme path lengths are scanned using

a label correcting procedure to determine the Pareto-optimal

paths. To solve the CSP not all the Pareto-optimal paths need

be evaluated. Once a Pareto-optimal path that satisfies the

constraint is obtained, we have an upper bound for the path

length. Subsequently only those paths that satisfy the

constraint and have a length lower than the previous upper

bound need be stored.

The authors also compared their algorithm with the Lagrangian

Relaxation Approach of Handler & Zang (1980). A total of 36

problems were used in the experiment. The number of nodes were

set at either 400 or 1000 and the arcs varied in number from

1000 to 1430. A correlation factor was included between the

two arc lengths associated with the objectives. The arc

lengths were randomly generated. PARMTRC(CSP) performed

considerably better than the Langrangian Relaxation Approach.
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CHAPTER 4

 EXPERIMENTAL DESIGN

4.1 RESEARCH QUESTIONS

This research intends primarily to investigate two major

questions. The first is whether the CSP approach is quicker

than the DP approach under constrained conditions. If this

turns out to be true, the next step is to identify those

situations that one might encounter in practice under which

the CSP is better than the DP. The second research question

deals with the selection of the candidate static layouts.

Since we cannot include all the possible layouts, we want to

test different methods of selecting good candidate layouts to

be included in the dynamic problem. The performance measures

in the study are the solution quality of the two algorithms

and the time required for arriving at the solution for the

dynamic phase. These are tested using the ANalysis Of VAriance

procedure (ANOVA). In addition, planned comparisons are made

in order to identify specific differences. All the computer

runs were done on an IBM3090 mainframe computer.

In all the experiments the hypothesis follows the general form

shown below:

a) For the main effects, the null hypothesis for each factor

states that the value of the performance measure is the same

regardless of the factor level. The alternate hypothesis

states that the value of the performance measure is not the
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0same for all the factor levels. Let H  be the null hypothesis

afor one of the factors used in the experiment and let H  be

the alternate hypothesis for the same factor. If the average

value of the performance measure for each level 'i' of the

ifactor (up to R) is denoted by M  then

0 1 2 3 i RH : M  = M  = M  = ...= M .. = M

a iH : not all M  are equal

b) For the interaction effects, consider an interaction

iktbetween two factors X and Y.  Let D  denote the difference in

the average value of the performance measure between the

factor combination 'i'th level of X and 'k'th level of Y and

the factor combination 'i'th level of X and 't'th level of Y.

If there is no interaction, then this difference should be the

0same for all 'i'. This is our null hypothesis (H )

0 112 212 i12 iktH : D  = D  = .... D  = .... D  (for all i,k,t)

a iktH : Not all the D  are equal.
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4.1 EXPERIMENTAL FACTORS

The experiment consists of five factors. These factors along

with the tests to be conducted are explained below.

4.2.1 SOLUTION PROCEDURES (ALG)

Two different factors are used in the experiment, dynamic

programming (DP) and the singly constrained shortest path

algorithm (CSP). Both these procedures are coded in FORTRAN. 

The same problems are solved by both the techniques. The main

effect for this factor tests whether the solution times are

different for the different procedures. Since both these

techniques give the optimal solution to the dynamic part of

the CDPLP (but not to the CDPLP itself because only some of

the possible static layouts are used in the dynamic part), the

solution quality is irrelevant for this factor. The null

hypothesis that there is no difference between the two

algorithms is tested using an F-test. 

4.2.2 STATIC SOLUTIONS (LAY)

This factor evaluates the effect of the type of static

solution included in the dynamic phase. Since it is not

possible to include all the possible static layouts in a

period (as this would result in a very large problem), we have

to select a sample from the population. This factor helps us

evaluate good methods of selecting the sample of size 'n'. We
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select 'n' static layouts in each period. Since we have to

allow for the possibility of retaining the same layout for

more than one period, we have to include all the layouts

generated for the planning horizon in each period. For

example, let 'n' equal 10 and our planning horizon be five

periods long. Assuming that the 10 generated layouts are all

different from each other, then we would have to include 10*5

or 50 layouts in each period. There are three levels of this

factor:

a) include the 'n' best static layouts from

each period as the states or nodes in the

dynamic phase. This selection method is

also called the best layout method.

b) include 'n' randomly generated layouts

from each period as the states or nodes

(also called the random layout method).

c) use a combination of a) and b) to select

the 'n' layouts in each period. This

selection method is also called the mixed

layout method.

It is to be expected that including the best layouts from each

period should work better than selecting the layout randomly.

But we are also interested in comparing the best layout method

with the mixed layout method. The mixed layout method consists

of one-half of the layouts included being selected by the best

layout method and the other half being selected randomly. The



36

objective is to include an element of randomness in the best

layout method. Though most of the time the random layouts are

not likely to give better solutions than the best layout

method, occasionally they are likely to give better solutions.

So combining both the best and the random layout methods

should give us good solutions all the time with the added

possibility of arriving at even better solutions because of

the random layouts. 

The time required for arriving at the best static solutions

was not included in the experiment. An F-test is used to test

the null hypothesis. In addition the Tukey's test for pairwise

comparisons is used to rank the layout selection methods in

the order of solution quality and dynamic phase solution time.

4.2.3 PROBLEM SIZE (SIZE)

We use two different problem sizes in this experiment. The

small problems have fifty layouts in each period and the

larger ones have one hundred layouts in each period. In terms

of the number of nodes and arcs, the small problems have 252

nodes and 10100 arcs and the large problems have 502 nodes and

40200 arcs for the five period horizon. Though it is to be

expected that a larger problem size would result in larger

solution times and probably in better solutions, the effect of

the problem size on each algorithm is also important. This can

be estimated by the interaction effects.
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4.2.4 TIGHTNESS OF CONSTRAINTS (CONSTR)

Each problem is solved under two levels of constraint

tightness: loosely constrained and tightly constrained. We

first solve the unconstrained problem. Then the resource

availability for each problem is loosely constrained (90% of

the unconstrained resource usage) and tightly constrained (50%

of the unconstrained resource usage). This factor allows us to

evaluate the effect of constraints on solution time. A

practical use of this factor is to demonstrate the savings in

material flow cost for an increased availability of resources

for layout rearrangement. 

4.2.5 SHIFT TO FLOW COST RATIO (SHFT)

The last factor, the ratio of the average shift cost to the

average flow cost for a department is included to investigate

the effect of different shifting costs on the solution time.

The ratio will have two settings, low and high. In the high

setting, the average shift cost for a department will be 15%

of the average total material flow cost into or out of the

department. In the low setting it will be 10% (See Table 13 in

Appendix 1 for the actual values). The flow cost is kept

constant while the shifting cost changes. For higher shifting

costs there is likely to be less layout rearrangement. The

effect of this on the two algorithms will also be tested. To
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find the average flow cost, the total material flow cost in

the static layout is divided by the number of inflows or

outflows in the layout which is given by N  (36 in our case).2

Similarly the average shift cost is determined by dividing the

total of the generated shift costs by the number of

departments (N). This factor is also referred to as the

relative shift cost.

4.2.6 INTERACTION EFFECTS

A major part of the experiment is to analyze the presence of

interactions. Since one of our major objectives is to compare

the performance of the two algorithms, it is important that we

evaluate the performance of the two algorithms under different

experimental conditions. These conditions are the different

problem sizes, different layout selection methods, different

relative shift costs and constraint levels. The interactions

between the algorithms and these factors give us an indication

of the effect each factor has on either dynamic programming or

on the constrained shortest path algorithm. 

4.3 EXPERIMENTS

Four experiments were conducted. The first two evaluate the

effect of the different factors on the solution time. The last

two experiments investigate the effect of the different

factors on solution quality. All except the last experiment

had full factorial designs and were analyzed using ANOVA.
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In Experiment I, all the five factors were included. However,

for reasons explained in the next paragraph, the SHFT factor

was not considered in the analysis of the results of this

experiment. With three levels of the layout factor and two

levels each of the other four factors, there were 48 factor

combinations (cells). Each cell was replicated eight times.

Experiment II was used to analyze the effect of the SHFT

factor. In Experiment I, the constraint values are based on

percentages of the resource usage when the DPLP is solved

without any budget limits on the layout rearrangement funds.

To change the department shift cost to the department material

flow cost ratio we change only the shifting costs. The

department material flow costs remain constant for each

problem. When the department shift costs change, the layout

rearrangement funds usage also changes. Thus the numerical

values of the loose and tight constraints used in the

experiment are not the same for different department shifting

cost to department material flow cost ratios which precludes

any correct inference about the SHFT factor or its

interactions. In Experiment II there is only one constraint

level. This eliminates the constraint level (CONSTR) as a

factor. The three factors used the experiment a the department

shift to department material flow cost ratio (SHFT), the type

of algorithm (ALG) and the problem size (SIZE). The best

method was used to select candidate layouts. With two levels
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of each factor, there were eight cells in this experiment.

Eight replications were performed in each cell.

Experiment III investigates the effect of the different

factors on the solution quality. However, three of the factors

are not relevant in this context. Since both algorithms

provide optimal solutions to the dynamic phase of the CDPLP,

this factor is not examined. The ratio of the department shift

cost to the department material flow cost, (SHFT) changes the

cost structure of the problem because of different department

shift costs. Similarly, different constraint tightness levels

(CONSTR) also cause changes in the cost structure of the

problem. In both these cases, it will not be possible to draw

any meaningful inferences regarding solution quality by

including these factors. So, the only factors relevant to this

experiment are the size of the problem and the method of

layout selection. Thus there were only four cells in this

experiment with eight replications in each cell.

The final experiment uses problems with twelve, fifteen and

twenty departments and tests whether the results regarding the

layout selection can be generalized for problems with a large

number of departments. In such problems, the optimal solution

may not available. So it is important to test whether

heuristic static solutions are a good substitute. The other

four factors deal exclusively with the dynamic part and thus
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are not included in this experiment.
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4.4 APTNESS OF THE STATISTICAL ANALYSIS

Before any analysis of the results can be conducted, the data

have to be checked to see whether they satisfy the assumptions

upon which the ANOVA procedure is based. Two assumptions have

to be satisfied. To test whether the data satisfy these two

assumptions, we examine the residuals or the error terms. A

residual of a factor level combination is defined as the

deviation of that observation from the sample mean of its

treatment. This residual can then be normalized by dividing

the residual by the estimated standard deviation of

observations from that treatment. Normalization is necessary

in this study because the absolute values of the solution time

depend upon the factor level combination and vary considerably

from combination to combination. This affects the variance and

thus the residuals also. Thus the residuals for each factor

level combination must be normalized before being compared.

4.4.1 NORMALITY OF THE RESIDUALS

In order to employ the ANOVA procedure, the residuals must be

normally distributed. Each factor level combination involved

only eight replications. Thus the sample size was too small to

test this assumption for each combination. Thus an alternate

method was employed. All the residuals from the different

treatments were combined into one group.  The SAS Goodness of

Fit test was used to check whether the residuals satisfy the
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normality assumption. 

Tables 1, 2 and 3 show the results of the test for the three

experiments that were conducted respectively. Tables 1 and 2

are related to solution time and Table 3 is related to

solution quality. The results show that the null hypothesis

(D:Normal) that the residuals are normally distributed must be

rejected. However, Neter et al.  state that for the fixed

effects ANOVA model, lack of normality is not an important

matter provided the departure from normality is not of the

extreme form. In addition, they state that the F-test is

robust against the departure from normality and that interval

estimations of the contrasts are not affected much if the

sample sizes are not extremely small. 

Figures 5, 6 and 7 show the plot of the residuals and the

normal probability plot for the three experiments

respectively.  We compared these to some examples of

distributions where the deviation from normality is not of the

extreme form (given in Neter et al., p. 737). From the

comparison, it is clear that the departure from normality is

not of the extreme form. Thus it is considered safe to proceed

with the ANOVA procedure.
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4.4.2 EQUALITY OF THE VARIANCE

It is also important that the residual populations of the

different treatments have equal variances. But unfortunately

the major tests for equality of variance depend on the

assumption of normality of the data which is not strictly

satisfied in our case. It is also true that treatments with

unequal means also have unequal variances (Neter et al.). Thus

no statistical tests were run for checking whether this

assumption was satisfied. Again, Neter et. al state that the

F-tests are only slightly affected by this violation provided

the factor level sample sizes are the same. Since our sample

sizes are all equal, the F-test and related analyses are

robust against this violation.  Thus in this case also, it is

safe to proceed with the ANOVA procedure.

It is possible to transform the data in order to ensure that

the two assumptions discussed above are strictly satisfied.

But this was not done because it would lead to difficulties in

interpreting the results. Instead we rely upon the robustness

of the F-test.
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MOMENTS

N 384 SUM WGTS 384

MEAN 1.042E-06 SUM 0.0004
STD DEV 0.93663 VARIANCE 0.877276
SKEWNESS 0.236974 KURTOSIS   - 0 . 8 3 6 5 6
USS 335.997 CSS 335.977
CV 99999 STD MEAN 0.0477972
T:MEAN=0 0.00002 PROB>|T| 0.99999
SGN RANK -858.5 PROB>|S| 0.693422
NUM >= 0 384
D:NORMAL 0.072953 PROB>D < 0.01

Standardized Residuals for the Solution Time
Variable In Experiment I

Table 1 
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MOMENTS

N 64 SUM WGTS 64

MEAN 3.469E-17 SUM 2.220E-15
STD DEV 0.942808 VARIANCE 0.888887
SKEWNESS 0.414667 KURTOSIS -0.930073
USS 55.9999 CSS 55.9999
CV 99999 STD MEAN 0.117851
T:MEAN=0 2.944E-16 PROB>|T| 1
SGN RANK -8.5 PROB>|S| 0.957333
NUM >= 0 64
D:NORMAL 0.161246 PROB>D < 0.01

Standardized Residuals for the Solution Time 
Variable in Experiment II

Table 2
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MOMENTS

N 384 SUM WGTS 384

MEAN 4.167E-06 SUM 0.0016
STD DEV 0.916926 VARIANCE 0.840753
SKEWNESS -0.891878 KURTOSIS   0 . 502969
USS 322.008 CSS 322.008
CV 99999 STD MEAN 0.0467917
T:MEAN=0 0.00008 PROB>|T| 0.99999
SGN RANK 4911.5 PROB>|S| 0.0153226
NUM >= 0 366
D:NORMAL 0.145789 PROB>D < 0.01

Standardized Residuals for the Solution Quality 
Variable in Experiment III

Table 3
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          Normal Probability Plot for the Residuals

of the Solution Time Variable

(Without the SHFT Factor)

Figure 5
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         Normal Probability Plot for the Residuals

of the Solution Time Variable

(SHFT Factor)

Figure 6
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Normal Probability Plot for the Residuals

of the Solution Quality Variable

Figure 7
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4.5 SAMPLE SIZE

A pilot study was conducted in order to select a sample size.

The pilot study included all the factors in the main study

except the SIZE factor. In the pilot study no interactions

higher than three-way were found to be significant. So the

Pearson-Hartley tables (Neter et al.) were used to determine

the power of the F-tests. The non-centrality parameter (phi)

was calculated for the main effects and the two- and three-

way interactions. Using this and the degrees of freedom, it

was determined that for a Type I error of 5%, a sample size of

8 gave a power of 95% i.e. a Type II error of 5%. This implies

that there is a 5% chance that the test will indicate that

different factor levels have different effects on the

performance measure value when in reality the effects are the

same (Type I error) and vice versa (Type II error). Thus, in

the main experiment, eight replications were conducted in each

cell. The method for the generation of the problem for each

replication is described in Appendix 1. The actual problems

are shown in Appendix 2.
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CHAPTER 5

RESULTS

Three different experiments were conducted. Two of them relate

to the effect of different factors on time, whereas the third

experiment is related to the effect of the experimental

factors on the solution quality. SAS is employed to analyze

the data from the computer runs.

5.1 EXPERIMENT I

Table 4  shows the ANOVA results for the variable, Solution

Time. For reasons explained later, the effect of the SHFT

factor cannot be estimated properly from this experiment. So

the SHFT factor is not included in this experiment. All the

other four factors included are significant. In addition, four

of the two-way and two of the three-way interactions are

significant. No four- or five-way interactions are found to be

significant.

Figure 8 shows the effect of problem size on solution time. As

expected, larger problems require more solution time. But as

we discuss later, the interaction effects of this factor with

the other factors  are also important. The small problems have

252 nodes and about 10000 arcs while the large problems have

502 nodes and about 40000 arcs. The average solution time for
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the small problems is 10.06 CPU seconds and is 95.92 CPU

seconds for the large problems. This result is to be expected

as a higher number of arcs and nodes means more computation.

Another significant effect is that of the type of algorithm.

The average solution time for the DP algorithm is 102.86 CPU

seconds. For the CSP algorithm it is 3.12 CPU seconds. This

indicates that the CSP procedure is considerably superior to

the DP procedure. Once again the interactions of this factor

with the other factors are also significant. Figure 9  shows

the effect of the type of algorithm on solution time.
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Dependent Variable : Solution Time

SOURCE DF SUM OF SQUARES F VALUE PR>F

Model 23 4241492.514 19.25 0.0001
Error 360 3449205.611
TOTAL 383 7690698.125 R-SQUARE

0.5515

SOURCE DF ANOVA SS F-VALUE PR>F  

SIZE 1  707638.374  73.86 0.0001
LAY 2 100234.937   5.23 0.0058
SIZE*LAY 2 66563.385 3.47 0.0320
CONSTR 1 467172.256 48.76 0.0001
SIZE*CONSTR 1 300466.609 31.36 0.0001
CONSTR*LAY 2 26467.528 1.38 0.2526
SIZE*CONSTR*LAY 2 14028.523 0.73 0.4816
ALG 1 954903.781 99.67 0.0001
SIZE*ALG 1 647459.539 67.58 0.0001
LAY*ALG 2  95180.039 4.97 0.0074
SIZE*LAY*ALG 2  63924.270 3.34 0.0367
CONSTR*ALG 1 459199.577 47.93 0.0001
SIZE*CONSTR*ALG 1 297946.551 31.10 0.0001
CONSTR*LAY*ALG 2  26328.129 1.37 0.2544
SIZE*CONSTR*LAY*ALG 2 13979.015 0.73 0.4829

ANOVA Results for Solution Time (Without the SHFT Factor)

Table 4
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Effect of Problem Size on Solution Time

Figure 8
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Effect of the Solution Procedure on Solution Time

Figure 9
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The method of layout selection has a significant effect on

solution time as shown in Figure 10. The average time required

when the random layout method is used is 74.34 CPU seconds.

When the best layout is used it is 35.27 CPU seconds. In the

case of the mixed layout method it is 49.36 CPU seconds. Since

the F-Test cannot identify specific differences, Tukey's

method of multiple comparisons (Table 5) was used to identify

specific differences between the three layout selection

methods. The test shows that the difference in solution times

between the best layout selection method and the mixed layout

method is not significant. Thus, statistically, there is no

difference in solution time between the two methods. The test

also finds that there is no  statistical difference between

the random selection method and the mixed layout selection

method. Some of above differences are not significant because

of the wide variance in solution times. They range from 0.3

CPU seconds to 850 CPU seconds. An analysis of the

interactions later in this section will clarify these

differences.

The difference in solution time is due to the fathoming of the

arcs in the problem. It was noticed that the usage of the

budget was generally higher when random layouts were used as

compared to the best layout. This is due to the fact that the

candidate layouts in the best layout method are similar to

each other. Thus the shift costs between the different layouts
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are low. As a result the total usage of the resource is also

less when the unconstrained problem is solved. Since the

absolute level of the resource constraint depends on the

resource usage in the unconstrained problem, this absolute

value of the budget constraint is low. On the other hand, the

layouts in the random layout are dissimilar to each other and

thus the shift costs between the layouts are higher leading to

higher resource usage levels when the unconstrained problem is

solved. This results in a higher usage of the funds in the

budget constraint. Higher levels of the constraint leads to

less violations of the budget by the arcs and thus less

fathoming. Due to this, higher average solution times are

required for the random layout problems. 
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Effect of the Layout Type on Solution Time

Figure 10
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TUKEY'S STUDENTIZED RANGE (HSD) TEST FOR VARIABLE: TIME

Alpha = 0.05    DF = 368 MSE = 9592.42
Critical Value of the Studentized Range: 3.328

Means (Groups) with the same letter are not 
significantly different.

LAY
Minimum Significant Difference = 28.21

Grouping Mean N Level

A 74.34 128 Random
A

B A 49.36 128 Mixed
B
B 35.27 128 Best

Tukey's Test for the Types of Layout

Table 5
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As the constraint levels become tighter, the times required

for solution decrease (Figure 11). The average time required

when the constraint is loose (90% of the unconstrained

resource usage) is 87.87 CPU seconds. In the case of the

tightly constrained problems (50% of the unconstrained

resource usage), the average solution time is 18.11 CPU

seconds. The tighter constraints result in greater fathoming

(for reasons explained earlier) and thus the solution times

are lower. 

Figure 12 shows the interaction between the type of algorithm

and the size of the problem. It is such that the increase in

solution time when the problem changes from the small size to

a large size, is greater for the DP algorithm than for the CSP

algorithm. For the DP algorithm the average difference in

solution time is 167.98 CPU seconds. For the CSP it is only

3.7 CPU seconds.  



62

Effect of the Constraint Tightness on Solution Time

Figure 11
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Effect of the Interaction between the Problem Size

and Solution Procedure on Solution Time

Figure 12
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This large difference in the effect of problem size is due to

the inherent difference in the way each algorithm works. The

DP procedure is a pure enumeration procedure, while the CSP

procedure is a combination of the enumeration procedure as

well as the simplex procedure for linear programming (LP). The

time required for enumeration is affected by both the number

of nodes (constraints) and the number of arcs (variables). On

the other hand, the solution time for the simplex procedure is

affected primarily by the number of nodes (constraints). This

is because the size of the basis matrix (upon which the

computations are performed) depends only on the number of

constraints and not on the number of variables.

Also, CDPLP is an arc oriented problem rather than a node

oriented problem. For example the small size problem tested

has only about 250 nodes but has about 10000 arcs. For the

large problem size, the number of nodes double to 500.  As a

result, the number of arcs quadruple to 40000. Thus the number

of nodes is not a key factor in determining the size of the

problem. Rather it is the number of arcs in the problem. So

when the problem size changes from small to large, the small

increase in the number of nodes causes a relatively small

increase in solution time for the CSP procedure. The large

increase in the number of arcs cause a relatively large

increase in the solution time required for the DP procedure.

Hence this interaction.
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As seen from Table 4, interactions exist between the ALG

factor and the LAY factor, and the ALG factor and the CONSTR

factor. (Figures 13 and 14 show the graphs for these

interactions respectively.) As discussed earlier, the solution

time required when using random layouts is greater than when

using the best layouts. This increase is greater for the DP

procedure (77.18 CPU seconds) than for the CSP procedure (0.96

CPU seconds). 

We have referred to the fact earlier that random layouts use

higher absolute constraint limits as compared to the best

layouts. Higher constraint limits imply less constraint

violation and thus less fathoming. This in turn has an effect

on the number of arcs to be enumerated. In moving from the

random layout problem to the best layout problem, this

decrease in the number of arcs has a higher effect on the DP

algorithm because as explained in the previous paragraph, it

is more sensitive to arcs than the partially simplex based CSP

approach. This gives rise to the interaction. 

The interaction between the ALG factor and the CONSTR factor

can be explained similarly. The tighter constraint level

results in more arcs being fathomed. So in moving from the

tight constraint level to the loose constraint level the

increase in arc enumeration has a significantly greater effect

on the DP algorithm. The resulting increase in solution time
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is greater for the DP algorithm (138.93 CPU seconds) than for

the CSP (0.60 CPU seconds).
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Effect of the Interaction between the Layout Type

and Solution Procedure on Solution Time

Figure 13
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Effect of the Interaction between the Constraint

Tightness and Solution Procedure on Solution Time

Figure 14
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Another interaction is between the CONSTR factor and the SIZE

factor (Figure 15). The increase in the average solution time

required in going from tight constraints to the loose

constraints for the large problems is 125.71 CPU seconds. For

the small problems, it is 13.82 CPU seconds. For the large

problems, the tight constraint results in more arc reduction

(fathoming) than in the case of the smaller problems. This is

because of the larger number of arcs present in the large

problems. Thus the time reduction in moving from the loose to

the tight constraint is greater for the larger problems than

for the smaller problems.

The interaction effect between the size of the problem (SIZE)

and the type of layout (LAY) is shown in Figure 16. For the

small problem the average solution time required for the

random layout was 13.83 CPU seconds. It is 6.45 CPU seconds

for the best layout problems. For the large problems, the

corresponding values are 134.85 and 64.09 CPU seconds,

respectively. The increase in solution time when the problem

size is changed from small to large is greater for the random

layout selection method than for the best layout selection

method. Again this is due to the fact that there is less

fathoming using random layouts than when using best layouts.

This means that the increase in the number of arcs to be

enumerated between the small and large problems is greater for 
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Effect of the Interaction between the Constraint

Tightness and Problem Size on Solution Time

Figure 15
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Effect of the Interaction between the Layout

Type and Problem Size on Solution Time

Figure 16
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the random layouts than for the best layouts, leading to the

described interaction. 

Two three-way interactions are also found to be significant

(from Table 4). Figure 17 shows the interaction between the

size of the problem, layout and algorithm. The effect of the

larger size and random layouts is greater on the DP procedure

than on the CSP. Once again, the reason is the fathoming of

the arcs. For the large problem size and random layouts, the

increase in the number of arcs to be enumerated results in

greater increase in the solution time for the DP algorithm

than for the CSP algorithm. The other three-way interaction is

that between the size of the problem, the constraint tightness

and the type of algorithm (Figure 18). The combination of

tight constraints and large size has a higher effect on the DP

algorithm than on the CSP algorithm. Again, this is due to the

different amounts of arc fathoming that occurs. 
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Effect of the Interaction between the Layout

Type, Problem Size  and Solution Procedure

on Solution Time

Figure 17
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Effect of the Interaction between the Constraint

Tightness, Problem Size  and Solution Procedure

on Solution Time

Figure 18
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5.2 EXPERIMENT II

As discussed in Section 4.3, Experiment I cannot properly

explain any result related to the SHFT factor. Hence,

Experiment II was designed to analyze the effects of the SHFT

factor. Table 6 shows the ANOVA results for this experiment.

It is seen that the ratio of the department shift cost to the

department material flow cost affects the time required for

solution. For the high level of this ratio, the average time

required is 8.87 CPU seconds, while for the low shift ratio it

is 45.94 CPU seconds (see Figure 19). Again, this effect is

caused by the number of arcs fathomed. For the higher ratio,

the shifting costs are higher, thus the constrained resource

is consumed faster and more paths are fathomed. Less time is

required in order to reach a solution. In the case of the

lower level of this ratio, the constraint limit is reached

later. This results in less fathoming and higher solution

times.

It is also seen that both the interaction of the SHFT factor

with the type of algorithm (ALG) which is seen in Figure 20.

As explained above, the different levels of the SHFT factor

cause different amounts of fathoming. As explained in

Experiment I, this can cause different effects on the two

solution procedures. Thus in moving from the high level to the

low level of this factor, the increase in solution time is
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greater for the DP procedure than for the CSP procedure. This

increase averaged 221.46 CPU seconds for the DP procedure as

compared to 0.73 CPU seconds for the CSP.
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Dependent Variable : Solution Time for SHFT

SOURCE DF SUM OF SQUARES F VALUE  PR>F

Model 7 175957.116 6.13    0.0001
Error 56 229502.354
TOTAL 63 405459.471 R-SQUARE

0.4339

SOURCE DF ANOVA SS F VALUE PR>F

SHFT 1 21984.363 5.36 0.0242
SIZE 1 33342.303 8.14 0.0061
SHFT*SIZE 1 15989.918 3.90 0.0532
ALG 1 39142.149 9.55 0.0031
SHFT*ALG 1 21122.625 5.15 0.0271
SIZE*ALG 1 28741.692 7.01 0.0105
SHFT*SIZE*ALG 1 15634.063 3.81 0 . 0 5 5 8

ANOVA Results for Solution Time (SHFT Factor)

Table 6
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Effect of the Shift to Flow Cost Ratio on Solution Time

Figure 19
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Effect of the Interaction between the Shift to Flow Cost

Ratio and Solution Procedure on Solution Time

Figure 20
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5.3 EXPERIMENT III

Experiment III investigates the effect of the different

factors on solution quality. Table 7 gives the ANOVA results

for this experiment. For purposes of the ANOVA, solutions are

expressed in percentages above or below the solution value of

a base solution. The solution value for the factor combination

of the 'best' method of layout selection, the large problem

size, low relative shift cost and loose constraints is 

designated the base solution. 
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Dependent Variable : Solution Quality

SOURCE DF SUM OF SQUARES F VALUE  PR>F

Model 5 54993.081 1983.3    0.0
Error 378  2096.229
TOTAL 383 57089.310 R-SQUARE

0.9633

SOURCE DF ANOVA SS F VALUE PR>F

SIZE 1 54940.892 9907.15 0.0000
LAY 2    42.696    3.85 0.0223
LAY*SIZE 2     9.494    0.86 0.4257

 

ANOVA Results for Solution Quality

Table 7
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Though the shift cost and constraints were not used in this

experiment, they are included in the factor combination

because the computer runs for this experiment and Experiment

I are the same. So the base solution factor combination also

contains two factors not used in the ANOVA for Experiment III.

This factor combination was chosen as the base solution

because it usually gave the lowest solution values. 

From Table 7 it is seen that both the size of the  problem and

the method of layout selection have a significant effect on

solution quality. In the case of the large problem size, the

average solution quality is 1.52% (above the base solution

value) while for the small problems it is 24.44%  This is

shown in Figure 21. 

Figure 22 shows the effect of the method of layout selection

on the solution quality. When the 'random' method of layout

selection is used,  the average solution quality is 13.95%.

above the base solution value. In the case of the 'mixed' and

'best' methods of layout selection it is 13.24% and 13.25%

respectively. Tukey's method of multiple comparison was used

to determine whether these differences were significant (see

Table 8). The test could not detect any significant difference

between the solution quality of the 'mixed' and 'best' methods

of layout selection. However, the solution quality using the 
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Effect of Problem Size on the Solution Quality

Figure 21
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Effect of the Layout Type on the Solution Quality

Figure 22
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'random' method of layout selection is significantly different

from the other two methods of layout selection. Thus it

appears that the mixed method of layout selection is

statistically no different from the best method of layout

selection. Upon examination of the actual data it was noticed

that in most cases the solutions using the mixed method were

close to those of the best method and in some cases surpassed

it. The interaction between the method of layout selection and

the size of the problem is not significant.
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TUKEY'S STUDENTIZED RANGE (HSD) FOR VARIABLE: SOLUTION

QUALITY

Alpha = 0.05   DF = 336 MSE = 5.14499
Critical Value of the Studentized Range = 3.329
Minimum Significant Difference = 0.66749

Means (Groups) with the same letter are not
significantly different.

Grouping Mean N Level

A 13.9491 128 Random

B 13.2480 128 Mixed
B
B 13.2356 128 Best

Tukey's Test for the Type of Layout

Table 8
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Since the problems were solved with only a subset of the

possible static layouts in each period, it is important to

compare the performance of this procedure with best possible

solution. The optimal solutions would be very difficult to

find because this would involve including all the possible

layouts and the problem becoming too large. But is possible to

calculate the lower bound for the problem. We can enumerate

all the possible layouts in the layout because there are only

six departments. We can then determine the optimal static

layout in each period by finding the material flow in each

layout configuration and choosing the one with the lowest

material flow. If there were no layout rearrangement costs it

is clear that the optimal dynamic solution would be to shift

to the optimal static layout in each period. The sum of the

costs of the optimal solutions would be the lower bound since

introducing layout rearrangement costs can only increase the

cost of the dynamic solution. 

We then compare the solutions obtained from the experiment to

this lower bound. To keep the comparison compatible, we chose

the lowest possible dynamic solution obtained for each

replication of the experiment and removed the layout

rearrangement costs from it. So the comparisons were made

without the rearrangement costs. Table 9 shows the lower bound

for each problem (replication), the best dynamic solution

obtained less the rearrangement costs, and the percentage
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deviation from the lower bound. As seen from the table, the

procedure produced solutions which were less than 1% above the

lower bound.

Problem Lower
Bound

Lowest
Solution

Percentage
Deviation

1      53526      54001      0.89%

2     114969     115891      0.80%

3     162387     163405      0.63%

4      59678      60254      0.97%

5     297566     299465      0.64%

6     523777     528497      0.90%

7     178747     178836      0.11%

8      52991      53163      0.32%

Comparison Between Actual Solutions and Lower Bound

Table 9
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5.4 LARGE PROBLEMS EXPERIMENT

The experiments discussed so far were conducted using layouts

with six departments. The small number of departments made it

possible to find the optimal static solution for each layout

in each period. All the possible 6! or 720 different possible

department combinations were evaluated to find the lowest cost

one. When layouts with larger numbers of departments are used

it may not be possible to enumerate all the possible

department combinations to find the lowest cost static

solutions nor will it be possible to solve the problem

optimally. This experiment tests whether the results from the

layout selection method analysis from Experiment III can be

generalized for problems with larger numbers of departments.

To try to answer this question, layouts with twelve, fifteen

and twenty departments were used. The interdepartmental flows

were generated using the procedure described in Appendix 2.

Since optimal solutions could not be obtained, good (low cost)

static solutions were obtained using CRAFT (see Section 

2.1.1.2.2 for a description of CRAFT). The planning horizon

consists of four periods. Five different initial layouts

(generated randomly) were input to CRAFT in each period which

results in five unique final layouts. (If two initial layouts

resulted in the same final layout, then a new initial layout

was generated and it replaced one of the earlier two). Thus,

over the planning horizon twenty (5*4) layouts were generated
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each of which was used as a candidate layout in each period.

No statistical analysis was conducted in this experiment. The

experimental design was kept simple so that the inferences

could be easily made. Some of the factors from the previous

three experiments are not of concern here. For example, the

performance on the algorithm (DP or CSP) with respect to

solution time depends on the number of layouts included in

each period and not on the number of departments in each

layout. The same can be said of the size of the problem factor

(SIZE). Also we are more interested in what effect the lack of

static optimality has on solution quality rather than on the

solution time. So in conducting this experiment, only the CSP

procedure was used to solve the problems (the CSP procedure

performed better than the DP procedure in our previous

experiments).

Two methods of layout selection were used, the 'mixed' and the

'random' methods.  The 'mixed' layouts consisted of the twenty

best layouts obtained as explained and an additional thirty

randomly generated layouts for a total of fifty layouts in

each period. The 'random' layouts consisted of one hundred

different randomly generated layouts in each period. The

constraint tightness levels were set at 90% (high) and 50%

(low) of the unconstrained resource levels respectively. Two

levels of the department shift cost to the department material
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flow cost ratio were also used.

The results of this experiment are shown in Tables 10, 11 and

12. The solution cost from the computer runs is shown in each

cell. For each shift cost ratio, the problem was solved first

without any constraints (DPLP) and then with two levels of

constraint tightness (CT) using both the random and mixed

methods of layout selection. One of the main findings of the

ANOVA experiments is repeated in this experiment also. The

'mixed' method of layout selection gives good results here

too. It gave a lower solution value than the 'random' method

in all eighteen replications even though the 'mixed' method

had only fifty layouts. The 'random' method used one hundred

layouts. Thus it did not matter whether the constraint was

loose or tight or the shift/flow cost ratio was high or low.

The 'mixed' method was always better. This result was true for

the twelve, fifteen and twenty department problems. 

These results confirm one of our main conclusions from the

previous experiment that even by using just using good static

layouts instead of the best one (the 'mixed' method includes

the good static layouts generated by CRAFT) the results are

better than selecting the candidate layouts randomly.
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 High Shift   Low Shift

    CT = Unconstrained

Layout Cost Cost

Mixed     60350 58402

Random 63263 62581

CT = 90%

      Mixed 60817 59636

Random 63806 62600

CT = 50%

Mixed 61628 60982

Random 63806 62999

Twenty Department Problem

Table 10
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 High Shift   Low Shift

    CT = Unconstrained

Layout Cost Cost

Mixed      49480 47326

Random 50212 48824

CT = 90%

      Mixed 49619 47942

Random 50435 48938

CT = 50%

Mixed 49656 48769

Random 50435 49461

Fifteen Department Problem

Table 11
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 High Shift   Low Shift

    CT = Unconstrained

Layout Cost Cost

Mixed      55179 53398

Random 56163 55062

CT = 90%

      Mixed 55974 53989

Random 56256 55242

CT = 50%

Mixed 56409 55150

Random 56832 55850

Twelve Department Problem

Table 12
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CHAPTER 6

SUMMARY, LIMITATIONS, EXTENSIONS

6.1 SUMMARY

The analysis indicates some important conclusions. First, when

the DPLP in extended to include a constraint on the layout

rearrangement, DP is no longer the preferred solution

procedure. The (CSP) approach performs considerably better

than DP in most of the situations tested. In fact, for a 40000

arc problem, the maximum time taken by the CSP is only 11 CPU

seconds. 

The conditions under which the DP algorithm is comparable to

the CSP can be identified from the interactions. One is when

the problem size (number of included layouts) is  very small,

and when the constraints are tight or the shift cost ratio is

high. In practice, we are more likely to encounter large

problems and so the CSP would be a more practical tool. 

The DP might also be better than the CSP under conditions

where the constraint is very tight or the shift to material

flow cost ratio is very high. But the data also suggests that

in such cases, one could apriori decide not to move any

departments at all. Such a decision would save computation

costs and since it is likely (from analyzing the results) that
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the optimal solution itself would be to make no shifts, there

is a high probability that the apriori decision is optimal.

Another important conclusion that can be drawn from the

experiment is that selecting the sample of layouts by choosing

some of the random layouts along with the best layouts is

statistically indistinguishable from choosing just the good

ones alone. So the mixed method of layout selection is a good

alternative to the best method. One significant result of the

mixed layout method is that because of the random layouts

included, there is a chance that the combination of some of

the best layouts and the random ones will surpass the best

layout only method in solution quality. An examination of the

results reveals that this did indeed happen. In most of the

replications, the mixed layout method produced solutions very

close in quality to the best layout method and in some cases

produced better solutions. This suggests that using the mixed

method is an option with a low penalty but with the

possibility of obtaining better solutions.

The CDPLP procedure can also be used to justify a request for

additional layout rearrangement funds ie., request the

management of the company to increase the budget limit on the

layout rearrangement funds. In analyzing the results of the

experiment, it is seen that in some of the instances when the

problem goes from a tightly constrained setting to a loosely
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constrained setting, the increase in the budget limit and the

resulting increase in the layout rearrangement cost is more

than offset by the savings in the material flow cost. So this

procedure can be used to quantify the savings due to increased

layout rearrangement.

6.2 LIMITATIONS AND EXTENSIONS

This study was conducted under two simplifying assumptions:

1) The material handling flows between departments are known

with certainty, 2) the planning horizon is short enough that

the material handling flow costs and the shifting costs need

not be discounted.

The time periods used in our horizon can be quite short.

According to Nicol and Hollier (1983), the average life of a

layout is three years. With manufacturing and service

industries focusing on flexibility all the more today in order

to remain competitive, it is possible that the average life

has decreased. In any case, even with the three year average

life there will be some layouts which have lives of only a few

months. In such cases, the assumption of material handling

flow certainty and the lack of discounting is justified. 

A  great many of the problems will fall under the category

where the time horizon is too long for the forecasts to be
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accurate. For long horizons, discounting of the cash flows

will also be necessary. Including discounting does not involve

any major changes to our model but it can change our solution.

The earlier periods will have a greater weight. In tests it

was found that discounting did indeed change some of the

solutions. A mathematical programming formulation of the

discounted CDPLP can be seen in Appendix 4.

The sensitivity of this model to forecast errors is another

important consideration. Extensions of this study could be

made in order to determine how much forecast error or errors

in the estimation of department shifting costs or material

handling flow costs is required in order for the solution to

change. If for a problem the solution is very sensitive, ie.

small errors in the forecasts or cost estimation result in

decision changes, then the benefit of more accurate methods of

estimation need to be investigated and the costs of using

these more accurate methods need to be added to the problem.

 

This model can also be used for non-budgetary constraints eg.

a constraint on the number of hours spent on layout

rearrangement. This is important because shifting a machine or

department results in it being unproductive. Naturally,

management would  like to minimize this lost capacity

especially if the normal capacity utilization is high. This

model could be used to arrive at the best layout plan given
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the limit on the maximum number of unproductive hours that

management will allow. We assume that a cost can be attributed

to each hour of lost production. Also as in the budgetary

constraint case, the model can be used to justify a request

for additional time for layout rearrangement if it is seen

that this extra down time cost can be offset by savings in the

material handling cost.

Finally, it may be too restrictive to have only one constraint

for the CDPLP. In practice management may want it to be solved

under more than one constraint eg. a budget constraint as well

as another constraint on the down time. This would be an

extension to this study. The problem that we would encounter

with such an extension is that of "the curse of

dimensionality" due to the addition of state variables to the

DP procedure. This is true even with the CSP procedure. Adding

one constraint to the unconstrained shortest path problem does

not create any major problem, but any more than one constraint

makes it extremely difficult to solve.
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APPENDIX 1

Generating Experimental Problems

The  problem set is computer generated. The two costs involved

here are the material handling flow cost and the department

shifting costs. The procedure used to generate the eight

problems (one for each replication) is explained below. All

the flow costs are generated using uniform distributions

denoted by U(a,b).

Step 0 - Initialize parameters

Let
   t Denotes a period
   D Number of departments in the layout
 i,j Denotes a department

   F Total material handling flow in the layout
(constant in each period to prevent dominance by
any one period)

j ja , b Lower and upper limits of the shifting costs for 
department j for U(a,b)

j jm , n  Lower and upper limits of the total flow into
department j for U(a,b)

 
ij ijr , s Lower and upper limits of the individual  flow

between departments i and j for U(a,b)

jtl Flow level of department j in period t (Average
flow level is 1. A level 5 would indicate a
total departmental inflow of 5 times the flow
into a department with average level of flow).
This is set apriori and the level for a
department changes each period (dynamic flow)
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Step 1

We generate the total flow for each department in the layout

for each period from a uniform distribution and raise the

flows for some of the departments in each period. This ensures

flow dominance for a few departments in each period. These

departments are designated apriori and change from period to

period so that there is a dynamic aspect to the flow. This

ensures that the optimal static layout changes from period to

period. 

Step 2

In this step, the generated flows from Step 1 are adjusted so

that the sum of the flows in the layout during a period stays

at a constant value (F) during the entire horizon. This is to

prevent any one period from dominating the others. The

adjustment also ensures that the flows are still uniformly

distributed.
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Step 3

We now generate the individual flows from each department i to

every other department j (excluding itself which is considered

to be 0 flow).
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Step 4

Since the sum of the individual flows into each department

must equal the adjusted total flow calculated in Step 3, an

adjustment is made to ensure this. The adjusted individual

flows will still be uniformly distributed.

Step 5

We generate the shifting costs for each department and ensure

that the average of these costs is equal to the desired

average shifting costs calculated from the generated material

flow costs as shown in Table 7.
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In designing the problems, we have to ensure that the budget

constraint will always be binding and feasible. To ensure that

the constraint is binding, we could solve the unconstrained

problem and then set the right hand side such that the

unconstrained solution is no longer possible. The problem will

always be feasible because, the coefficients of the left hand

side of the budget constraints are the shift costs. These

coefficients will be zero on the path where there are no

shifts. So the constraint can be satisfied even if the

budgeted amount is zero. So if the constraint is too tight the

solution will be one where the same layout is used throughout

the planning horizon. 

The average material flow costs and shift costs generated for

each problem are shown in Table 13. The average material flow

costs per department is found by dividing the total material

flow in the layout in each period (constant across periods) by



105

the total number of inflows and outflows, which in our case is

6  or 36. The average shift costs per department is determined2

by multiplying the departmental material flow costs by 15% or

10%.
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Prob-
lem

 Total    
 Material
 Flow in  
 Layout   
 for each 
 Period
    A     

Avg.
Material
Flow for
each
Department

A/36

Avg.
Depart-
ment
Shifting
Cost 
(High- 15%)
(A/36)*0.15 
  

Avg.
Depart-
ment
Shifting
Cost
(Low - 10%)
(A/36)*0.10

1     46604      1295       194.3       129.5

2     99908      2775       416.3       277.5

3    149920      4164       624.6       416.4

4     49910      1386       207.9       138.5

5    249911      6942      1041.3       694.2

6    449916     12498      1874.7      1249.8

7    149913      4164       624.6       416.4

8     44912      1248      187.13       124.8

Average Shift and Material Flow Costs

Table 13
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APPENDIX 2

Shift and Material Flow Costs used in the Experiments

The costs have been presented in a format similar to that in

Figure 2
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APPENDIX 3

FORTRAN code for the Constrained Dynamic Programming

Algorithm    
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(1)

(2)

(3)

(4)

APPENDIX 4

THE DISCOUNTED CDPLP MODEL

   

   

1)  requires every department to be assigned, 2) requires
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every location to have a department assigned to it, 3)

constrains Y to have a value of 1 only if a department has

been relocated in the period and, 4) limits the discounted

value of the funds that can be spent on rearrangement to B.

The discount rate r is assumed to be in effect from period two

up to the last period. The formulation is based on the

assumption that all material handling flows and department

shifting takes place at the beginning of the period.
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