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ABSTRACT

In recent years, powerful modeling languages such as AMPL (A Mathematical
programming Language) have enabled Operational Research (OR) practitioners to
rapidly develop prototype tools capable of modeling complex managerial decisions such
as staff shift scheduling, or production & supply chain planning. However, such tools
have often required expensive commercial optimization solvers that are sometimes
beyond the financial reach of small companies and organizations, particularly in the low-
income and emerging economies. Fortunately, the world-wide scope of the internet has
put powerful free optimization tools within the reach of anyone with a modest PC and
even a slow internet connection. An effective example that the University of the West of
England uses in its postgraduate MSc in Statistics and Management Science is the NEOS
server. This freely-accessible tool permits the submission of large-scale managerial
optimization problems over the internet in a wide-variety of formats (for example,
AMPL), and sends the results back by email, often very quickly. The presentation will
present examples showing just how beneficial such an approach can be for resource-poor
organizations. It will also point to free (or nearly free) software tools capable of carrying
out managerial quantitative analyses, including the humble-but-powerful spreadsheet.

1. INTRODUCTION

The application of Operational Research
(OR), known as Operations Research in the
USA, has the potential to radically enhance
decision-making in organisations at the
strategic, tactical and operational levels.
This is particularly true when the decisions
are quantitative or combinatorial in nature
and involve the simultaneous consideration
of many variables and constraints.

To emphasize the importance of OR,
the North American Institute for Operations
Research and the Management Sciences
(INFORMS), the Association of European
OR Societies (EURO) and the British OR
Society have all been promoting OR to

business and the public sector through a
joint publicity campaign [1]. Its target
audience, however, is mainly executives in
nations with more developed economies,
and the campaign does not address the
context of countries with emerging
economies.

Emerging-economy countries differ
very much between themselves, from the
technologically advanced (e.g., Brazil,
Chile, India, China) to the relatively
deprived (e.g., West Africa). Brazil & Chile
have developed Information and
Computing Technology (ICT) sectors, a
strong OR presence with specialist
university researchers, sophisticated OR



projects in agro-business and industry [2,
3], and purchased access to state-of-the-art
OR software. In contrast, the poorer
emerging economies have less apparent
demand for OR, a smaller OR presence
with fewer university researchers, and
limited access to ICT. For such countries,
specialist OR software is often too
expensive to buy and there is usually little
or no local technical support in the country.

Thus the question to ask is: Are there
less costly (or even free) software tools for
OR that emerging economies can take
advantage of? The answer turns out to
“Yes”, to a surprising extent, as this paper
now shows.

In section 2 we look at the use of
spreadsheets in OR, and then proceed to
demonstrate a powerful example of free
specialist OR software in section 3. We
discuss the implications and conclude in
section 4.

2. OPERATIONAL RESEARCH AND
SPREADSHEETS

The use of spreadsheets such as Microsoft
Excel is an increasingly popular way of
applying OR approaches and techniques
[4]. Their advantages include the power and
breadth of their functions for quantitative
analysis, and their intuitive grid-like user
interface with which users are familiar and
comfortable. Spreadsheets are omnipresent,
being widely-used in many organisations
and schools, so that there is already a large
knowledge base upon which to draw. In
many organisations, the most well known
spreadsheet, Excel, is often already
available and installed on a personal
computer (PC), thus enhancing the
transportability of spreadsheet models and
lowering (or even zeroing) the costs of its
use. There are even free lesser-known
spreadsheets, such as OpenOffice’s Calc
(on both Windows and Linux) and
Gnumeric & K-Office (just on Linux).
Google recently introduced a web-based
spreadsheet [5] that can be simultaneously
edited in real time by multiple users in
different locations and stored online.

Specifically for OR, spreadsheets offer
a multitude of resources: dynamic
recalculation and chart updating, statistical
analysis, built-in optimisation algorithms
(such Excel Solver), programming language
(such as Excel’s VBA), database
connectivity, rapid application development
with  visual components, and the
widespread availability of specialist “add-
ins”.

Thus much OR analysis can potentially
be carried out with spreadsheets, such as
project scheduling, simulation, decision
trees, mixed integer linear programming,
non-linear optimisation, and multi-criteria
decision analysis. This capability has led to
the concept end-user modelling [6,7]
whereby the decision maker directly
constructs a model, without the help of an
OR specialist, in order to perform analysis
and obtain insight.

2.1 Decision Tree Example

The decision tree below illustrates the
possible decisions (square nodes) to be
made by a company prospecting for oil in
the face of uncertainty (circle nodes):

-£4r

£12r
-£2r

£14r

£(

A manual analysis shows that the best EMV
policy is to drill at 1st site, but if no oil is
found, not to drill at 2nd site. A spreadsheet
model of the decision tree and analysis can
constructed in a two-stage process:

1. working downwards, building up the
structure of the tree. If at a square
decision node, fill in as much as known
in the first four columns. If at a round
chance node, fill in as much as known in
the first six columns. Use the Excel
functions =sumM(..) for the Expected
Values (EV) or =Max(.. for the



Maximum EV in the 4" column, even
when some of the cells from which they
take their values are still empty.

2. working back upwards, filling in those
forgotten end-state payoffs or references
to cells where Expected Values have
been calculated. The answer will appear
as soon as you get back to the top.

The completed spreadsheet (showing the
underlying Excel formulae) might look like
this:

A I B I c I D [E T F [
1 0il reserves fin gallons] 16
2] Profit per gallon () |1
| 3| Cost of test dnill (Em) |2
[ 4|
5| Node MNode Tope Branch fhext node) Value (Em) probability Prob. X Value
|8 | 1 Decision Grill (2) =Fiz
| 7 | Do nat drill 0
| 8 | Maximom EV X (DEDT)
El
|10 2 Chance N all (3) =016 07 =BIELD
T brill at site 1 Qil =C1%C2-C3 =1-El0 =DI1*ELL
| 12| Expeeted value =SUINFID:FIT)
[13]
[ 14 | 3 Dezision orill (4) =Fz0
|15 | Mo oil at site 1 Bo not drill =3
|16 | Mencimum EV A (D14 D1R)
| 17|
18] 4 thance Mo ail --2%ca 05 -DIg*ELR
[ 19| orill ot site 2 Qil sClPce-g7C3 sLEI8 |=DITELY
| 20 | Expected value ~SUMFIB:F19)

Hiding the formulae, the calculated values

expected values and makes fresh decisions,
as follows:

A [ B [ C [ b [T E ] F |

1 Gil reserves (m gallons) 16
2] Profit per gallon (£) 150
3 Cost of test drill (Em) 2,00
4]
5| Mode  Mode Tvpe Branch (next node) Value (Em) | Probabil ty Prob. X Value
| 6 | Decision rill (2) 543

7 Bo ot drill 0.00
B Ihaximum BV 548
El
0] 2 Chance Mo oil (3] 160 0.70 L2
T Brill af site 1 ail z2z.00 0.30 6.60
12 Expected value 543
[13]
|14 3 Decision Grill (4) -1.60
| 18 | Mo ail at site | ba nat drill -2.00
|16 | Maximum BV 160
7]
|16 | 4 Chance: Mo il -4.00 0.90 -3.60
[19] il at site 2 ail 20.00 0.0 2.00
|20 Expected value 160

More complex questions can be answered
on the spreadsheet, either by trial and error
or by using Excel’s Goal Seek tool. For
example, we might wish to know the profit
figure at which the decision maker is
indifferent between drilling and not drilling
at first site. This figure can be found
algebraically, but Goal Seek can find it by
iteratively changing the value in cell C2
until the difference between cells D6 and
D7 is zero, i.e., until the expected payoff

AT B c o T E T F 7] a1y . .
1] Ol reserves m gallos) 16 from drilling is identical to that from not
2 | Profit per gallon (£) 100 L
3 | Cost of test deill (Em) |2.00 drllhng:
4
| 5|  Mode  Node Type Branch (nexct node] Value (Em] Prabability Prab. X Value
B 1 Decizion Drill (2) z.80 A [ B [ c [ D [ E [ F [
EB o nor gell] i 1 | Gil reserves (m gallans) |16
m e 2l 12 ] profit per gallon (£) 0417
o | : |3 | Cost of test drill (Em) |2.00
T 4
10 z Chance Mo il (3) -z.00 0,70 -140 |
S T e T & T o % anda !I;Jnda Tipe Iimﬂchz(ﬂzxf node) Value (;a;)ﬂ rohability Prob. X Value
12 Expected valu 280 = s = Ei I o
- o not dri .
13 s fomtdll | 000
|14 | 3 Decision il (4) -z40 % ihaxirmur B 0.00
18| Mo oil af sife 1 o rot drill 200 =N
6| ﬁ 1_U z Chance Mo ail (3) -z.00 070 -140
= s = 11| Grill af site 1 ail 467 0.30 140
13| 4 thance Mo ol -4.00 0.90 -3.60 12| Exposted value ooo
19| orill af =site 2 Qil 12.00 0.10 1.20 £
i - 0 T 14| 3 Tecision il (4] -3.33
=] EREEchets = 15 | Mo il af site 1 Do not drill -2.00
ﬂ shaximum EV -z.00
: 7
A well-structured spreadsheet model is i — e
. LR B . 19| Drill ot site 2 Qil 2.67 0.10 0.27
ideal for sensitivity analysis. Always try to B E—. —

be as flexible as possible. That means that
cost or payoff data should normally only be
typed in once, so that for ‘what-if” analyses
(such as “what if the cost of drilling were
raised to £3 million?”) you only need to
alter a single number in a single cell.

For example, the question “Would the
drill/don’t drill decisions change if the
profit per gallon rose to £1.50?” can be
answered by just changing the profit figure
in the spreadsheet (in cell C2) from £1 to
£1.50. The spreadsheet recalculates the

2.2 Shift Scheduling Example

Excel’s Solver tool can be wused for
optimisation to, for example, minimise the
number of staff required on each shift
pattern to provide cover on Monday-Friday
at a service centre. Employees work four
10-hour days per week in any of the
following shift patterns:

1. Monday, Wednesday, Thursday, Friday



2. Monday, Tuesday, Thursday, Friday
3. Monday, Tuesday, Wednesday, Friday

The following linear programme (LP)
determines the minimum number of
employees needed to have at least 10 on
duty on Mondays, 9 on Fridays and 7 from
Tuesday through to Thursday.

Decision variables:
x; = [integer] number of employees working
pattern i for i = 1,2,3.

minimise X1 tx+x3

[total staff required]
such that
X1 +tx+x3>10 [cover Monday]
X2 tx3>7 [Tuesday]
x1+x3>7 [Wednesday]
X1 +tx27 [Thursday]
X1 +tx+x329 [Friday]

and  xj, x2, x32 0 and integer

The Excel model has a very transparent
layout, clearly showing the matrix of the
underlying integer linear programme:

A [ BT cI o] E JF] 6 [ H

| 1 [Staff Scheduling Problem
| 2 | Shift pattern

3 x1 X2 x3
I Number of Staff required 4 3 4

5
z Objective Function (min) 1 1 1 (Total staff required)
7
| 8 | Provided Required Surplus
| 9 |Cover Monday 1 1 1 1 >= 10 1
| 10 |Cover Tuesday 1 1 7 >= 7 0
| 11 |Cover Wednesday 1 1 8 >= 7 1
| 12 |Cover Thursday 1 1 7 >= 7 0
13 [Cover Friday 1 1 1 11 >= 9 2

Implementing Excel’s Solver tool, shows
that four staff are needed in shift pattern 1,
three in pattern 2, and four in pattern 4,
totalling a minimum number of eleven staff.

2.3 Example: Supply Chain.

Spreadsheets can also hide underlying
formulas to give very concise and intuitive
layouts, as the following supply chain
transhipment example shows:

A [ B ] ¢ T D T E T F T 6 1] H

|_1_[Transhipment Problem - Concise Layout Infinite Cost = 999

2
z Data
[ 4 |Unit Costs From Factory
[ 5 [To Plant Ports DepotD DepotW DepotM Depot S Requirements
| 6 [DepotD 0.5 999
[ 7 |Depot W 0.5 0.3
[ '8 |Depot M 1.0 05
[ 9 [DepotsS 0.2 0.2
[ 10 |Customer 1 1.0 2.0 999 1.0 999 999 100
[ 11 [Customer 2 1.5 999 0.5 0.5 2.0 0.2 80
[ 12 [Customer 3 2.0 999 1.5 1.0 999 15 70
[ 13 [Customer 4 L) 999 999 0.5 0.5 0.5 120
| 14 |Customer 5 1.0 999 1.0 999 15 15 40
[ 15 [Max Supply 300 400 140 100 200 80

16
I Solution
[ 18 |Send From Factory
[ 19 [To Plant Ports DepotD DepotW DepotM DepotS Total received
[ 20 [Depot D 0 0 0
[21 |Depot W 0 100 100
[22]|Depot M 0 90 90
[ 23 [Depot S 80 0 80
| 24 |Customer 1 100 0 0 0 0 0 100
| 25 [Customer 2 0 0 0 0 0 80 80
| 26 [Customer 3 0 0 0 70 0 0 70
| 27 [Customer 4 0 0 0 30 90 0 120
| 28 |Customer 5 40 0 0 0 0 0 40
[ 29 | Total sent 220 190 0 100 20 80
30

31 [Total Cost=_£ 377

2.4 Use of VBA

Visual Basic for Applications (VBA) is the
programming language embedded in
Microsoft Office. It can be used very
simply, for example, to allow a user to
solve an optimisation problem by pressing a

saelP|  button as in the following
spreadsheet model:
A B C D E F

1 Fuel |Solvent
T Solve LP x1 2

3 |Production Quantities 25 20 |Values of Decision Variables

4

5 |Profitmargins(max) | £ 40| £ 30| £ 1,600

6

7 Requirements Availability
8 |Material 1 0.4 0.5 20 <= 20

9 |Material 2 0.6 0.3 21 <= 21

10 |Material 3 0 0.2 4 <= 5

VBA code is edited within Excel. For
example, the VBA code within the Sttel?
button is:

on.xls - [Modulel (Code)]
n m b HEYH R Ln7, Col1

Run  Tools Add-Ins  wWindow Help

I[G eneraly

_©Option Explicit
Sub SolwelLP ()
Range ("Decision_Variable Valuss") .C
SolverSolve UserFinish:=True
SolverFinish KeepFinali:i=1, Reportlr:
IEnd Suab

2.5 Limitation of spreadsheets for OR

The examples above give an idea of the
limitations of spreadsheets when applied to
OR analysis. It is easy and tempting to
quickly create obscure and unintelligible
models.  Spreadsheets cannot easily



represent OR models that are complex, or
change frequently.

They are also too slow to analyse or
optimise models with very large amounts of
data. Calculation time is usually (much)
slower than in specialist software and OR
functionality is more limited. For example,
Excel Solver can only handle relatively
small  optimisation = models  whose
coefficient matrix has already been
generated.

Moreover, spreadsheets are notoriously
prone to errors [8,9] which are frequently
not obvious and may not be obvious,
creating a dangerous over-confidence in
calculation results. Even if detected, errors
hidden in spreadsheet formulas can be
difficult to find.

VBA does permit the automation of
behind-the-worksheet ~ processing  and
allows intermediate calculations to be
hidden off-sheet enabling a clearer
spreadsheet. VBA code can replace long
formulas or many cells, resulting in fewer
errors. There is a VBA programme
development and debugging within Excel,
so that further development software is not
needed. In addition, VBA can automatically
integrate Excel with Word & Powerpoint.

However, VBA code is often neither
obvious to understand nor transparent. The
learning-curve is steep, slow, and easily
forgotten. Furthermore, certain mundane
tasks are difficult, for example, it is
complicated to read a text file word-by-
word rather than line-by-line as in VBA.

As a result it is often cumbersome,
limiting and time-consuming to build,
modify and maintain a large error-free
spreadsheet model. These quality and effort
concerns argue against the use of
spreadsheets in prototyping and
implementing  complex models. An
alternative that is faster, more flexible and
less error-prone for optimisation is to use a
modelling language, as explained in the
next section.

3. MODELLING LANGUAGES

A developer of an optimisation modelling
language and system [10], argues that “a
spreadsheet approach works well when:

e you do not need to specify a large
number of relationships,

o there are only a few procedures to be
written,

o the size of your data sets will remain
stable,

e the need to add or remove dimensions is
limited, and

e you will carry out all the maintenance
activities yourself.”

These conditions are indeed met for many
straightforward end-user modelling
application, but only in a minority of cases
when considering more complex systems.
For such systems, a modelling language can
be useful, because:

e specifying a large number of variables
and constraints is simple using indices,

e modifying the size of any index set is
natural, as there is a complete
separation between model and data,

e adding or removing dimensions takes
place in the language, abd

e adding and managing both internal and
external procedures is straightforward.

There are several such languages and
systems, including AIMMS [10], GAMS
[11], XPress-MP [12], OPL [13] and
AMPL [14]. This paper will focus on
AMPL (A Mathematical Programming
Language), used for both teaching [15] and
research [16,17,18] by the author at the
University of the West of England.

3.1 The AMPL modeling language

An effective way to teach a modelling
language is to use the following simple
example. Consider a company that
manufactures two products, Xingu and
Yoba, at its three plants in Andradas, Betim
and Cambui. The following data is
available:



Hours needed per Hours

batch available
Plant/ Product  Xingu Yoba
Andradas 1 0 4
Betim 0 2 12
Cambui 3 2 18

Profit/batch $3,000  $5,000

The problem of deciding how many Xingu
and Yoba to produce with the objective of
maximizing total profit can be formulated
as a linear programme (LP) as follows:

Decision Variables:

x1 = number of batches of Xingu produced
x, = number of batches of Yoba produced

Objective Function:

Maximize 3x; + 5x, [total profit in $000s]

Constraints:

X1 < 4 [Andradas capacity]
2x, £ 12 [Betim capacity]

3x; + 2xy < 18 [Cambui capacity]

x1, x2 20  [non-negativity constraints]

In AMPL (as in most modeling

languages), data is separated from the
model whereas they are missed together
in the formulation above. Thus the
AMPL model for the above formulation
1S generic:

set Plants;
set Products;

param Avail {Plants};
param UnitProfit {Products};
param Usage {Plants, Products};

var Amount {Products} >= 0;

maximize Profit:
sum {j in Products}
UnitProfit[j] * Amount([j];

subject to Capacity {i in Plants}:
sum {j in Products}

Usage[i,j] * Amount[j]
<= Availl[i];

The model above declares the necessary
indices (set), and then the indexed data
structures (param) and decision variables

(var). The LP’s objective function is
declared, called Profit and specified
accordingly. Take note of the sum function.
Finally, a set of indexed constraints is
declared, called Capacity is specified,
making use of the sum function.

Observe the complete absence of
instance data in the AMPL model — it
merely specifies the logical structure of the
LP formulation. The model is supplied in a
file on its own (named, for example,
product.mod). The data is supplied
separately in another file (named, for
example, product.dat):

data;

set Plants := Andradas Betim
Cambui;

set Products := Xingu Yoba;

param Avail :=
Andradas 4
Betim 12
Cambui 18;

param UnitProfit :=
Xingu 3
Yoba 5;

param Usage: Xingu Yoba :=

Andradas 1 0
Betim 0 2
Cambui 3 27

The AMPL solution run commands are
specified in a third file (called, for example,
product.run):

# load model file

model product.mod;

# load data file

data product.dat;

# use CPLEX to solve model
option solver cplex;
solve; # solve the model
# display solution values
display Amount, Profit;

Note that the run file loads model and data
files, specifies that the solver to use is
Cplex [19], issues an instruction to solve
the model, and finally displays the values of
the decision variables Amount, and the
resulting value of the objective function
Profit. Any text after a # symbol is a



comment (very useful for annotating a file)
and so ignored by the AMPL processor.

AMPL can interface with a variety of
optimization solvers for problems of the
following types: Linear (simplex, interior or
network), Quadratic (simplex or interior),
Nonlinear (various), and Mixed Integer-
Continuous (linear or nonlinear).

On Microsoft Windows, the run file is
executed within AMPL as follows:

1. Create a batch text file called
product .bat with the following single-
line content:
ampl product.run > product.out
2. Run the batch file product.bat by
double clicking on it.

3. Examine the output of the run by opening
the file product.out

The run output (in file product.out) for
the above example is

CPLEX 10.0.1:

optimal solution;

objective 36

0 dual simplex iterations (0 in
phase I)

Amount [*] :=

Xingu 2

Yoba 6;

Profit = 36

The output shows:

e that Cplex version 10.0.1 was used to
solve the LP/MIP

¢ that an optimal solution was obtained
with objective value $36,000

e that 0 dual simplex iterations were used
in finding the solution

e the solution results outputted using the
display command.

3.2 Increasing the instance size

Let us now solve a larger instance of the
same model with 5 plants and 6 products.
The same model file product .mod is used
unchanged, but the data file product.dat
must be edited to represent the new
problem instance:

data;

set Plants := Andradas Betim Cambuil
Diadema Embu;

set Products := Xingu Yoba Micos
Nada Pula Quenada;

param Avail :=
Andradas 4
Betim 12
Cambuil 18
Diadema 30
Embu 40;

param UnitProfit :=
Xingu 3
Yoba 5
Micos 2
Nada 1.
Pula 3
Quenada 2

o U N Wb

param Usage: Xingu Yoba Micos Nada
Pula Quenada :=

Andradas 1 0 0 1.5 0 1.5

Betim 0 2 0 1.6 2.1 0

Cambui 0 2.1 2 1.3 2 O

Diadema 0 2 2.1 0.8 2 O

Empu 1.1 0 2.2 0.7 1.9 0;

giving the following output:

CPLEX 10.0.1:
optimal solution;
objective 48.48

2 dual simplex iterations (1 in
phase 1I)

Amount [*] :=
Pula O

Nada O

Quenada O

Xingu 4

Micos 2.7

Yoba 6;

Profit = 48.48

This shows that

now 2 dual simplex iterations were
used in finding the solution

e Cplex obtained an optimal solution with
objective value $48,480

e but the number of Micos batches
produced is fractional at 2.7



3.3 Integer variables

To impose integer production values, edit
AMPL model file product .mod so that
the line

var Amount {Products} >= 0;

becomes

var Amount {Products} integer >= 0;

The output in file product.out is now:

CPLEX 10.0.1:

optimal integer solution; objective
46.8

2 MIP simplex iterations
0 branch-and-bound nodes
Amount [*] :=

Pula O

Nada O

Quenada O

Xingu 4

Micos 2

Yoba 6;

Profit = 46.8

which shows that

e that O branch-and-bound nodes were
used in finding the solution

e the number of batches of all products is
integer

e that Cplex obtained an optimal solution
with objective value $46,800 [less
profitable than the previous non-integer
solution].

3.4 A more complex example (Critical
Path in a Project)

Consider a project with 26 activities (A-Z).
To calculate the Earliest Start Times (ESTs)
of the activities and thus the project’s
shortest possible duration, a minimising LP
is solved. To calculate the Latest Start
Times (LSTs) of the activities, and thus
identify the project’s critical path, a
maximizing LP is solved, using as input the
project duration output by the first LP. In
AMPL, this is achieved as follows.
The model file EST-1LST.mod is:

var ActivityStartTime {i in
Activities} >= 0;

# (earliest/latest) start time of
activity i

minimize Minimize Start Times:
sum {1 in Activities}
ActivityStartTime[i];

maximize Maximize Start Times:
sum {1 in Activities}
ActivityStartTime[i];

subject to
Activity Precedence Constraints

{i in Activities,

j in Activities j in P[
ActivityStartTime[i] >
ActivityStartTime[j] +
dlil;

i]}:

subject to Fix Project Duration:
ActivityStartTime["End"]
= EST["End"];

Observe that two objective functions have
been declared and specified. Note also that
the set Activities has not (apparently)
been declared, nor has the parameter p. In
fact, both are declared in the run file:

option solver cplex;

option show stats 1;

option cplex options 'timing=1
mipdisplay=1";

# Set of project activities

set Activities;

# Duration of each activity
param d {Activities} >= 0 integer;
# Predecessor activities of each
activity

set P {Activities} within
Activities;

# Earliest and Latest Start Times
of each activity

param EST {Activities} >= 0;
param LST {Activities} >= 0;

model EST-LST.mod;
data Project.dat;

problem Find ESTs:
ActivityStartTime,
Minimize Start Times,

Activity Precedence Constraints;

problem Find LSTs:
ActivityStartTime,
Maximize Start Times,

Activity Precedence Constraints,
Fix Project Duration;



param NumberOfActivities integer >
0;

# Calculate the number of
activities
let NumberOfActivities := 0;
for {i in Activities i <> "End"
{

let NumberOfActivities

:= NumberOfActivities + 1;

}

problem Find ESTs;
solve;

let {i in Activities} EST[i]
:= ActivityStartTimel[i];

printf "\nProject duration = %d
days\n", EST["End"];

printf "\nEarliest Activity Start
Times ";
display EST;

problem Find LSTs;
solve;

let {i in Activities} LST[i] :=
ActivityStartTime[i];

printf "\nLatest Activity Start
Times ";

display LST;

This run file illustrates several powerful

features of AMPL. Note the

e show stats option with value 1;

e cplex timing and display options, both

with value 1;

e declaration and definition of two distinct
problems (with names Find ESTs and
Find LSTs) by specifying the objective
function and constraints associated with

each problem;

e procedure to calculate the number of

activities;

e the activation, solving and output of the

solution of problem Find ESTs;

e the activation and solving of problem
Find LST, using the wvalue of
EST["End"] output by the solution of

problem Find ESTs;

e the output of the solution of problem

Find LSTs.

The data file Project.dat is:
data;

set Activities :=
A
B
C

End;

param d :=
A 10
B 1
c 1

Zz 1;

set
set
set
set

' o d o

[A
[B
[C
[D

[

set P[End] := B J Z;

The solution output is:

27 variables, all linear

26 constraints, all linear; 52
nonzeros

1 linear objective; 27 nonzeros.

CPLEX 8.0.0: timing=1
varsel=0

mipdisplay=1
timelimit=60

Times (seconds):

Input = 2.934

Solve = 0.491

Output = 0.01

CPLEX 8.0.0: optimal solution;
objective 174

7 dual simplex iterations (0 in
phase 1I)

The project duration is 16 days

Earliest Activity Start Times EST
*] =

[

A 0 D 1 F 3 I 6 L 1
o 4 R 7 U 10 X 13 B 10
E 2 G 4 J 7 M 2 P 5
S 8 v 11 Y 14

c 0 End 16 H 5 K O N 3
Q 6 T 9 W 12 Z 15;

Presolve eliminates 19 constraints
and 17 variables.

Adjusted problem:

10 variables, all linear



8 constraints, all linear; 16
nonzeros

1 linear objective; 10 nonzeros.

CPLEX 8.0.0:
varsel=0

mipdisplay=1
timelimit=60

timing=1

Times (seconds):
Input = 0.01
Solve = 0
Output = 0
CPLEX 8.0.0:
objective 248
2 simplex iterations

optimal solution;
(0 in phase 1I)

Latest Activity Start Times LST [*]

A 5 D 9 F 11 I 14 L 1
o 4 R 7 U 10 X 13 B 15
E 10 G 12 J 15 M 2 P 5
S 8 v 11 Y 14

c 8 End 16 H 13 K 0 N 3
Q 6 T 9 W 12 Z 15;

The critical path can now be identified with
a few more lines of AMPL code (not shown
here).

3.5 How to do it legally for free

The free student version of AMPL
(available at www.ampl.com), can handle
up to 300 variables and 300 constraints.
Any attempt to run a model instance that
exceeds these limits will result in an error
message such as:

Sorry, the student edition is
limited to 300 variables

and 300 constraints and objectives
(after presolve).

You have 656 variables, 332
constraints, and 1 objective.

The full unlimited version of AMPL costs a
lot of money [although there are academic
discounts for research and teaching], but
there are free (legal) ways to get around
this, as shown in the next sections, and in a
recent review of non-commercial software
for Mixed-Integer Linear Programming
[20].
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3.4 GNU Linear Programming Kit

The GNU Linear Programming Kit (GLPK)
[21]1s

e free (and legal);

e contains the GNU MathProg language,
a subset of AMPL;

e provides the GLPSol solver, but which
is much slower than Cplex;

e is a set of routines organized into a
callable  library  within the C
programming language;

e but MathProg and GLPSol can be used
alone without using C;

3.5 The NEOS Server

The NEOS server [22,23,24,25] is open and
free to the public for the optimization of
large models within certain time or solver-
dependent iteration limits. A user submits
online a model specified in one of the input
formats accepted by a solver (such as
AMPL), a data set and a run file.

<:| - - %‘ @ || http:fineos. mes. anl.gov/neos/solvers/m

X EBC Mews @ BBC - What's On | | Radio Times B BEC - Bristol - Weath..,

Enter the location of the ampl model (local file)
Model File:

rarchiOF; in Dewveloping CountriestHanoiyproduct mod |

Enter the location of the arnpl data file (local file)
Data File:

earchhOR in Developing CountriesiHanolproduct dat

Enter the location of the ampl commands file (local file)
Cornands File:

rearchhOR in Developing Countries\Hanohproduct.run

The output appears on the screen
(eventually) and, more reliably, is also
emailed to you:

---- Begin Solver Output ----

You are using the solver mintoamp.
Executing AMPL.

processing data.

processing commands.

Presolve eliminates 1 constraint.
Adjusted problem:

6 variables, all integer

4 constraints, all linear;
nonzeros

1 linear objective;
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6 nonzeros.



MINTO, a Mixed INTeger Optimizer
Version 3.1.0 (LINUX/COIN-OSI)

amount [*] :=
Armchair
Chair
Desk
Door
Table
Window

AN DO OO

profit = 46.8

The NEOS server is very useful for
research, teaching, student coursework, and
prototyping if you work in an organization
that does not have access to the commercial
version of AMPL and its default (excellent)
solver Cplex. NEOS offers a huge variety
of solvers, but not all take input from
AMPL. One which does is Minto [26], as
used above.

3.6 COIN-OR

After prototyping an optimization model, a
free  operational version can  be
implemented that relies neither on

commercial software nor the NEOS server,
yet can easily take advantage of commercial
solvers (such as Cplex), if available. This is
achieved by using the open-source solver
CLP [27] through Open Solver Interface
(OSI) of the Computational Infrastructure
for Operations Research (COIN-OR)
project [28], an initiative to spur the
development of open-source software for
the OR community.

The development effort, in the C
programming language, can be substantial
as the model matrix has to be specified
element by element, a time-consuming task
requiring detailed attention. Thus COIN-
OR is not suitable for prototyping, but
rather for stable models.

4. CONCLUSION

This paper has shown that sophisticated
decision-making technology is available to
persons and organisations worldwide
without having to purchase expensive
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optimisation software. The use of such
technology often involves the judicious
combination of tools from disparate
sources, but usually not in the seamless
manner that a lay-user desires. It requires
competence, confidence and patience in the
use of the internet, command-line
programming tools, text file editing, and
spreadsheets, qualities possessed by the

typical quantitatively-minded and
technically  competent student or
organisational employee.
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