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Abstract:

This paper consider on multi-objective resource allocation problem (MORAP). To solve a hypothetical MORA problem, simulated annealing algorithm
was used. Results showed that simulated annealing is very efficient to solve this problem. At the end of paper we provide results of running the algorithm
in various size problems and we conclude simulated annealing can be an appropriate choice to solve a MORAP.
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1- Introduction

Recently, some researchers have adopted computational
optimization techniques, such as genetic algorithms and
simulated annealing to solve TCTP. Feng et al. and Chua
et al.proposed models using genetic algorithms and the

Pareto front approach to solve construction time-cost
trade-off problems. These models mainly focus on
deterministic ~ situations. However, during project
implementation, many uncertain variables dynamically
affect activity durations, and the costs could also change
accordingly. Examples of these variables are weather,
space congestion, productivity level, etc. To solve
problems of this kind, PERT has been developed to deal
with uncertainty in the project completion time. PERT
does not take into account the time-cost trade-off.
Therefore, combining the aforementioned concepts to
develop a time-cost trade-off model under uncertainty
would be beneficial to scheduling engineers in forecasting
a more realistic project completion time and cost. In this
paper, we develop a multi-objective model for the time-
cost trade-off problem in PERT networks, using a genetic
algorithm. It is assumed that the activity durations are
independent random variables with generalized Erlang
distributions. It is also assumed that the amount of resource
allocated to each activity is controllable, where the mean
duration of each activity is a non-increasing function of
this control variable. The direct cost of each activity is also
assumed to be a non-decreasing function of the amount of
resource allocated to it. The problem is formulated as a
multi-objective optimal control problem, where the
objective functions are the project direct cost (to be
minimized), the mean of the project completion time
(min), its variance (min) and the probability that the
project completion time does not exceed a given level
(max). Then, we apply the goal attainment technique,
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which is a variation of the goal programming technique, to
solve this multi-objective problem.

For the problem concerned in this paper, as a general
purpose solution method for non-linear programming
problems, in order to consider the nonlinearity of problems
and to cope with large-scale problems, we apply the
revised GENOCOP V, developed by Suzuki which is a
direct extension of the genetic algorithm for numerical
optimizations of constrained problems (GENOCOP),
proposed by Koziel and Michalewicz Three factorial
experiments are performed to identify appropriate genetic
algorithm parameters that produce the best results within a
given execution time in the three typical cases with
different configurations. Moreover, an experiment in
randomized block design is conducted to study the effects
of three different methods of solving this problem,
including the SA, on the objective function value and on
the computational time.

2- SA algorithm for numerical optimizations of

constrained problems

The simulated annealing algorithm is derived from the
field of statistical mechanics. It follows a slow cooling
process called ‘annealing’ to estimate the ground state
energy of a matter (Van Laarhoven and Aarts, 1987).
Metropolis and his colleagues developed an algorithm
based on annealing principle to simulate a solid to thermal
equilibrium (Luke, 2002). Krikpatrick, Gelatt, and Vecchi
(1983) and Cé&rney (1985) successfully illustrated the
application of this algorithm to optimize a combinatorial
problem. The state of the solid, its energy and temperature
were represented by the search space, the cost function and
the control parameter of a combinatorial problem
respectively. Simulated annealing performs better than any
local optimization method and yields a solution close to
global optimum (Fleischer, 1995). It is mainly attributed to
the occasional acceptance of the higher cost function,
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which enables to escape from being trapped at the local
minimum. The acceptance of deteriorated cost function is
probabilistically determined by the Metropolis Criterion
(P) as given by equation (1).

~(F-F)IT

p— €XP

where Fi is the cost function (energy) at current state
(configuration) i ; Fj is the cost function of the system at
new state j and T is the control parameter (temperature).
The probability of acceptance of higher cost function, Fj is
found by comparing the value of the Metropolis Criterion
(P) to the uniformly distributed random number (R)
between O and 1. If the value of P is greater than R, the
higher cost function Fj and new configuration j is accepted
otherwise it is rejected. This procedure has successfully
delivered acceptable and efficient solutions for a wide
range of combinatorial optimization problems such as the
traveling salesman problem, circuit design ( Krikpatrick,
Gelatt, and Vecchi, 1983), graph partitioning ( Johnson,
Aragon, McGeoch, and Schevon, 1989), job shop
scheduling (Van Laarhoven, Aarts, and Lenstra, 1992),
harvesting scheduling (Lockwood and Moore, 1992) and
the land allocation problem (Aerts , 2002). The
implementation of simulated annealing requires the
definition of the following parameters specific to a
problem; the search space, the new solution generation
mechanism, the cost function and a cooling schedule
including the initial control parameter or temperature, the
decrease rate, number of iterations per control parameter
stage and the stopping rule (Pirlot, 1996; Sunderman,
1996). In a MOLAA problem, the search space is the
initial solution generated by random allocation of land uses
satisfying the area requirement for each land use
alternative. The summation of the cost of each land unit
with respective land use at the initial solution i equal to the
cost function Fi and is subjected to minimization. A new
solution j is generated by random selection of two land
units and exchanging the land uses between them. The new
cost function Fj is compared with previous cost function
Fi. All new solutions with improvement in the cost
function (Fj < Fi ) are always accepted. In case of a
solution with higher cost function (Fj > Fi), the acceptance
is probabilistically determined by the Metropolis Criterion.
The algorithm starts at a high value of the initial control
parameter and is decreased by a specified rate after
completion of a stated number of swaps. The algorithm is
stopped at the point when all swaps are unable to reduce
the cost function throughout a control parameter stage. The
flowchart of simulated annealing for a MOLAA problem is
shown in figure 1.

Ghalehnovi & Zobeydi

M

Figure 1 Flow Chart of the
Simulated Annealing
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3. Computational experiments

To investigate the performance of the proposed SA
algorithm method (revised GENOCOP V) for the time-cost
trade-off problem in PERT networks, we consider 3 typical
small, medium and large cases with different configure
tions. Cases I-III are shown in Figs. 24, respectively.
Tables 2-4 show the characteristics of the activities in
Cases I—III, respectively. The structure of functions
(different linear and non-linear forms) and also the
distributions (generalized Erlang with different parameters)
are selected so as to represent a wide variety of problems
encountered in the time-cost trade-off problem in PERT
networks. In real cases, these functions can be estimated
using linearor non-linear regression. The given threshold
value (u) in Cases I, II and III is equal to 25, 3 and 8,
respectively. The cost unit is in thousand dollars and the
time is in months. The objective is to obtain the optimal
allocated resource quantities using the SA.

1 2
— 7
O L
e \/
3
Fig. 2. Case 1.
1 4 8 10
O OR0
5 7 9
6
¢ e

Fig. 3. Case II1.
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Table 2

Characteristics of the activities in Case I

a Distribution Parameters dd(xa) 8a(Xa) L, U,
1 Exponential A 3 +2 24 — 5x, 1 4
2 Exponential A 2+ 1 20—-3x, 1 6
3 Generalized Erlang (431,432) X3 15— 2x3 1 6

Table 3
Characteristics of the exponential activities in Case 11

A dolXa) Zal(Xa) L, Ua
1 2x; 0.7-0.1x; 1 5
2 3+ 1 1.5-0.2x, 1 6
3 x3+2 1-0.1x3 1 9
4 X4 1.5-0.3x4 1 4
5 3xs+4 0.9-0.1xs 1 5
6 x6+3 1.1-0.1x¢ 1 6
Table 4

Characteristics of the exponential activities in Case 111

a da(xq) 8a(Xa) L, Ua
1 2x; 0.7 — 0.1x, 1.5 3
2 3x+1 1.5—0.2x; L5 3
3 x3+2 1—0.1x; L5 3
4 X4 1.5 —0.3x4 1.5 3
5 3xs+4 1.3 —0.2xs L5 3
6 x6+3 1.1 —0.1xs 1.5 3
7 2x7+5 1.5—0.2x7 15 3
8 4xg+ 1 1—0.2xg L5 3
9 Sxo+2 0.9 — 0.1x9 L5 3
10 2x10+ 3 2 —0.4xy0 1.5 3

Since one month deviation from the mean project
completion time is considered to be as important as its
variance and also 20 and 5 times as important as one
thousand dollars deviation from the project direct cost, and
the probability that the project completion time does not
exceed the threshold, respectively, then the under-
attainment of the goals are considered as (c1 = 0.7407, c2
= 0.037, ¢c3 = 0.037, c4 = 0.1853) in all cases. The
following b vectors are also considered in the three
indicates cases: Case I: (bl =25, b2 =8, b3 =25,

b4 = 0.98), Case II: (bl =40, b2 = 1.5, b3 = 0.7, b4 =
0.95), and Case III:

(bl = 65, b2 =5, b3 = 3.5, b4 = 0.95). However, in this
stage the fixed values for b and c are considered in the
three cases, but in the next experiments we consider
different sets of b and c in each case.

4. Estimates of Activity Times

Activity time is the elapsed time required for an activity.
Estimating activity times is probably one of PERT’s most
critical features. Agribusiness firms are often so closely
linked with agricultural production that they become as
susceptible to seasonal fluctuations and market variations
as producers. Consequently, agribusiness managers are
reluctant to commit themselves to a rigid time schedule.
Weather conditions, alone, prompt uncertainties and make
it difficult for the manager to develop a single time
estimate. However, experience has shown that managers
are less reluctant if allowed three different estimates,
especially when they understand PERT and how the
concept of three time estimates is used. PERT, therefore,
calls for not one, but three estimates of every activity time
and allows the manager an opportunity to express his
uncertainty about the possible time range of an activity. All
three time estimates assume a static level of resource use.
The estimates should be as good as possible because PERT
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results depend directly on them. To obtain accurate
estimates is not easy. It will require research, collaboration
with planning team members, and homework. Simple
guesswork is inadequate. If some time estimates are mere
guesses, the manager will soon realize that they jeopardize
or needlessly extend the project schedule date. Once the
estimator realizes that his contributions are a small, but
vital component of the PERT system, he will try to steadily
improve his estimates. In short, guesswork will not replace
intelligently derived estimates.

The person most familiar with the operation and
requirements of each activity should submit the three time
estimates. These should meet the following criteria:

1) Optimistic Time -- the minimum time period in which
the activity can be accomplished, i.e., the time it would
take to complete it if everything proceeded better than
expected. (labeled a.)

2) Most Likely Time -- the best estimate of the time period
in which the activity can be accomplished, i.e., the estimate
submitted if one

(only) had been requested. (labeled m.)

3) Pessimistic Time -- the maximum time period it would
take to accomplish the activity, i.e., the time required if
everything went wrong, excluding major catastrophes.
(labeled b.) It is acceptable to state these estimates in days,
weeks, or months as long as the measure is used
consistently. Once made, activity time estimates are firm
and should not be changed without a change in the nature
and scope of the activity or in the level of resources
allocated to it. The following time relationships must be
adhered to: a. <m. < b.

Time Distribution: When an estimator makes three time
estimates for performing an activity, he implies the
existence of a distribution of possible activity times which
may approximate that shown in Figure 10, where a is the
optimistic time, m the most likely time, b the pessimistic
time, and te for each distribution, as shown below, the
statistical mean or average value of the three time
estimates. More simply, te is defined as the average time
an activity would require were it repeated many times.

Fo Py ——

Figure 4: Frequency Distribution of Possible Activity
Times

Estimator’s judgment and calculations. Once established,
their relative positions on the distribution affect the value
or the position of te. In fact, once the numerical values of
a, m, and b have been determined, an estimate of te is
relatively easy to determine. For use in the PERT
procedure, an estimate of te is 4

6
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a + m+ b , and forms our basis for estimating the expected
value of the activity performance time.

To further illustrate, let’s assume that a planning team
member is asked to provide time estimates (a, m, and b)
for performing three different activities (A, B, and C)
which normally fall within his functional area. The curves

below represent his best estimates, see Figure 5
mA B,C

Figure 5: Distribution of Activity Times

5. PERT Cost Limitations

The discussion so far might lead one to believe that PERT
Cost creates only benefits and no problems. Unfortunately
this is not the case. Despite all its attributes, it has some
basic problems which managers should recognize:

a) It may be difficult to adapt PERT Cost activity costs to
fiscal accounting practices.

b) It may become difficult to allocate project overhead
costs to the activities when several functional divisions are
concerned with simultaneous activities.

¢) Historical information for making activity cost
assignments may be lacking for non-repetitive projects.

d) Firm personnel may lack the sophistication in cost
analysis needed to optimize costs.

e) Since time and cost are directly related, and since
inexperienced planners tend to be pessimistic about
meeting time schedules, cost estimates are often artificially
padded to allow for a margin of safety.

f) Because PERT deals with so many uncertainties it is
difficult to extrapolate knowledge from previous
experience. Thus, the assumption that a particular decision
will result in a least-cost performance may be incorrect.

g) It is often too easy to subject cost estimates to precise
mathematical measurements; the results giving the user a
false sense of security. This does not imply that costs are
not predictable for discrete activities or that PERT Cost is
not a sound framework for cost control. Nevertheless, the
difficulty of obtaining reliable cost estimates certainly
limits the system’s overall effectiveness.

PERT Cost is not, after all, a complete departure from
earlier planning and control techniques. Its elements
existed before under other names and systems. Most PERT
Cost components, therefore, are evolutionary, i.e., concepts
of managerial planning and control have simply been
refined and linked within a more compatible and effective
system.

6. Conclusion

In this paper, we developed a new multi-objective model
for the time-cost trade-off problem in PERT networks with
generalized Erlang distributions of activity durations, using
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a genetic algorithm. It was assumed that the amount of
resource allocated to each activity is controllable, where
the mean duration of each activity is a non-increasing
function of this control variable. The direct cost of each
activity was also assumed to be a non-decreasing function
of the amount of resource allocated to it. To obtain the
optimal resources allocated to the activities, we developed
a goal attainment model with four conflicting objectives,
minimization of the project direct cost, minimization of the
mean of project completion time, minimization of the
variance of project completion time and also maximization
of the probability that the project completion time does not
exceed the given threshold.

The problem considered in this paper has continuous
decision variables and involves non-linearity. After the
reformulation of the problem, we applied a genetic
algorithm for numerical optimizations of constrained
problems (revised GENOCOP V) to solve the problem.
This work investigated appropriate levels for genetic
algorithm parameters in the three different typical cases
with different configurations. It was found that in all cases,
the minimum objective function value occurred with low
level of population size and high level of generations
within a given execution time, based upon regression
analysis. We also concluded that the genetic algorithm
produces z and the computational time that are
significantly lower than z and computational time obtained
from the discrete-time approximation method with two
different levels of K and Dt, in all cases. Finally, it is seen
that the proposed genetic algorithm method is an efficient
method for the time-cost tradeoff problem in PERT
networks.
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