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Scope and Purpose-Simulated annealing (SA) algorithms have been successfully applied to various difficult 
combinatorial optimization problems. To apply an SA algorithm to a specific problem, one must design the 
algorithm by determining methods to represent solutions, to generate neighborhood solutions and to reduce 
temperature, etc., and then selecting values of parameters used in the algorithm. Since the performance of an SA 
algorithm generally depends on values of the parameters, it is important to select the most appropriate parameter 
values. In previous research, parameter values are often selected using experimental designs such as full factorial 
designs, which require excessive computation time and efforts and frequent human decisions during the design 
process. In this paper, we suggest a systematic procedure to find appropriate values for parameters quickly 
without much human intervention by using a nonlinear optimization method. 

Abstract-Values of parameters used in simulated annealing (SA) algorithms must be carefully selected since 
parameter values may have a significant influence on the performance of the algorithm. However, it is not easy 
to find good parameter values because values of a wide range have to be considered for each parameter and some 
parameters may be correlated with each other. In this paper, we suggest a procedure which gives good parameter 
values quickly without much human intervention by using the simplex method for nonlinear programming. To 
show the performance of the procedure, computational tests are done on a graph partitioning problem, a 
permutation flowshop scheduling problem and a short-term production scheduling problem. We select values for 
parameters needed in SA algorithms for the problems using the suggested procedure. The SA algorithms 
designed with this procedure are compared with existing SA algorithms in which parameter values were selected 
after extensive experiments. 0 1998 Elsevier Science Ltd. All rights reserved 

I. INTRODUCTION 

Simulated annealing (SA), which was proposed by Kirkpatrick et al. [9] and independently by Cemy [2], 
has been successfully applied to various difficult combinatorial optimization problems. SA can be viewed 
as a process which, given a neighborhood structure, attempts to move from the current solution to one 
of its neighbors. Starting from an initial solution, SA generates a new solution S’ in the neighborhood of 
the current solution S. Then, the change in the objective function value, d=C(S’) - C(S), is calculated, 
where C(.) denotes the objective function value of solution 1. In minimization problems, if d<O, 
transition to the new solution is accepted (this transition is called a downhill move). If d?O, then 
transition to the new solution is accepted with a specified probability usually obtained by the function 
exp( - A/T), where T is a control parameter called the temperahue. By allowing uphill moves (transitions 
that increase objective function values) like this, SA can escape from a local minimum in its search for 
the global minimum. SA repeats this process L times at a temperature, where L is a control parameter 
called the epoch length. The parameter T is gradually decreased by a cooling function as SA progresses, 
until a given stopping condition is satisfied. A typical procedure of SA is given below. 

Step 1. Generate an initial solution S. 
Step 2. Select a value for the initial temperature, T, >O. 

Set the epoch count k= 1. 
Srep 3. Repeat the following L times (L is called the epoch length). 

(1) Generate a neighborhood solution S’ of S. 
(2) Let d=C(S’) - C(S). 

t To whom all correspondence should be addressed. E-mail: ydkim@convex.kaist.ac.kr. 
$ Moon-Won Park is a Ph.D. student at the Department of Industrial Engineering, Korea Advanced Institute of Science and 

Technology (KAIST). He received a BS degree from Korea University and an MS degree from KAIST, both in industrial 
engineering. His current research focuses on the area of planning and scheduling for assembly systems. 

5 Yeong-Dae Kim is an associate professor at the Department of Industrial Engineering, Korea Advanced Institute of Science and 
Technology (KAIST). He received a BS degree from Seoul National University and an MS degree from KAIST, both in 
Industrial Engineering. He received a Ph.D. degree in Industrial an Operations Engineering from the University of Michigan. 

207 



208 Moon-Won Park and Yeong-Dae Kim 

(3) If d<O, let S be S’ (downhill move). 
(4) If A10, let S be S’ with probability, exp( - d/T,) (uphill move). 

Srep 4. If a given stopping condition is satisfied, stop. Otherwise, let T,+ 1 =F(T,) and k=k+ 1, and go to 
step 3. (Tk and F denote the temperature at the kth epoch and the cooling function, respectively.) 

To apply an SA algorithm to a specific problem, a number of decisions have to be made. For example, 
one must determine schemes for encoding a solution and for generating an initial solution, and clearly 
define neighborhood of a solution. These decisions may differ if problems are different, that is, these 
decisions are problem specific. On the other hand, for any implementation of SA, we have to make 
decisions to constitute an annealing schedule or cooling schedule. Such a schedule is often characterized 
by the initial temperature (T,), cooling function (F(a)), epoch length (L), and stopping condition. In 
addition, several parameters called the annealing parameters are needed to specify an annealing 
schedule. For example, if an SA algorithm uses a stopping condition of terminating the procedure when 
the epoch count reaches a predetermined maximum count, M, a specific value of the parameter M is 
needed for the stopping condition. A more detailed description of the annealing schedule and the 
annealing parameters is given in the next section. 

An experimental design such as a factorial design has often been used for selecting parameter values 
in previous research. However, extensive experiments arc required to find values that maximize 
performance of an SA algorithm, since values of a wide range have to be considered for each parameter. 
Moreover, when parameters are correlated with each other, additional experiments may be needed. 
Examples of such correlation can be found in studies of Johnson et al. [6] and Kim et al. [8]. Since 
selecting parameter values using such an experimental design or other arbitrary methods may require a 
significant amount of time and efforts, a quick and simple procedure is needed for an efficient design of 
SA algorithms. In this research, we suggest a systematic procedure, based on the simplex method for 
nonlinear programming, to determine parameter values by searching a relatively small number of 
candidate sets of parameter values. 

Of course, various non-quantitative parameters or methods have a significant impact on the 
performance of SA algorithms. For example, Cheh et al. [3] show that the performance is significantly 
affected by the neighborhood structure. However, even if a good neighborhood structure is used, 
appropriate values for various parameters have to be determined. Also, if a sufficiently long time is 
allowed for an SA run, selecting appropriate parameter values may not be an important issue, since an 
SA algorithm with a high initial temperature and a slow cooling scheme performs well as shown in the 
work of Anily and Federgruen [l]. However, a good solution has to be found by an SA algorithm in a 
short time in many circumstances. For example, computation time cannot be ignored when an SA 
algorithm is used to solve daily production scheduling problems on a personal computer or an SA 
algorithm is embedded in another algorithm as a subroutine which is called many times to solve a 
problem. In these cases, values of parameters must be carefully selected even if an SA algorithm is well- 
defined and suitable for the feature of a problem, since these values have a significant impact on the 
performance of the SA algorithm. 

2. ANNEALING SCHEDULE 

In this research, a procedure is suggested for finding the most appropriate values of annealing 
parameters for an annealing schedule defined by a given scheme. In other words, what is to be determined 
here is not a scheme for defining the annealing schedule but values of annealing parameters. However, 
description of such schemes may be needed to show how the suggested procedure works. In the 
following, we briefly describe some of schemes and annealing parameters commonly used to specify 
annealing schedules. See Eglese [5], Koulamas et al. [lo] and Rose et al. [16] for other schemes for 
defining annealing schedules. 

2.1. Initial temperature (T,) 
In Kirkpatrick et al. [9], the value of T, is set large enough to make the initial probability of accepting 

transitions be close to 1. However, it is known that too high initial temperature may cause a long 
computation time or a bad performance. They suggest that the initial temperature be chosen in such a way 
that the fraction of accepted uphill transitions in a trial run of annealing process is equal to a given 
parameter, P,, called the initial acceptance probability. In this scheme, a number of transitions are made 
and the average increase in the objective function values 1 is calculated with uphill transitions only. 
Then, the value of T, is calculated from the equation T, =&ln P,. 



A systematic procedure for setting parameters in simulated annealing algorithms 209 

2.2. Cooling function (F(T,)) 

In much research, temperature is reduced with a so-called proportional coolingfinction, which was 
originally suggested by Kirkpatrick et al. [9]. In methods that use this function, the temperature at the kth 
epoch is determined with T,= CUT, - 1, where (Y (Oca< 1) is a parameter called the cooling ratio. If this 
cooling function is used, a value for (Y should be determined in advance. Potts and Van Wassenhove [ 151 
suggest a method to obtain a value of (Y using the initial temperature (T,), the total number of epochs (M), 
and the temperature at the final epoch (TM), that is, (Y is determined with cu=(T,,,/T,) “(“-I). Values of these 
parameters (T,, M and T,,,) should also be determined in advance for this scheme. Lundy and Mees [ 1 l] 
propose another cooling function, which is T,=T,_ ,/(1+/3T,_ ,), /?>O. This gives slower cooling than the 
proportional cooling function at a later stage of SA algorithms. In Connolly [4], the value of p is 
determined with P=(T, - TM)/{ (M- l)T,T,J. On the other hand, different values for p are used at 
different epochs in Van Laarhoven et al. [18]. That is, the value at the kth epoch is given by 
P=ln( 1+ 6)30,, where Us is the standard deviation of objective function values of neighborhood solutions 
generated at the kth epoch and 6 is a parameter, called the distance parameter. 

2.3. Epoch length (L; the number of trials allowed at each temperature level) 

The value of L can be set to be proportional to the size of the problem instance. For example, in cases 
of a single machine sequencing problem, L can be set to the product of the number of jobs and a 
predetermined parameter. As another alternative, L can be set to be proportional to the number of 
neighborhood solutions of a given solution. On the other hand, if the total number of trials (total number 
of neighborhood solutions generated) is fixed, L can be set to be proportional to the total number of 
trials. 

2.4. Stopping condition 

SA can be terminated when the epoch count reaches a predetermined maximum count, M or the total 
number of trials made so far reaches a predetermined limit, K. Another commonly used stopping rule is 
to restrict CPU time with a limit (T,-& In a method suggested by Van Laarhoven er al. [18], SA is 
stopped when temperature drops down to a pre-selected final temperature (T,). On the other hand, in a 
method suggested by Johnson et al. 161, a counter is incremented by one when an epoch is completed with 
the fraction (or percentage) of accepted moves less than a predetermined limit (FMIN) and the counter is 
reset to 0 when a new incumbent solution is found. In the method, SA is terminated when the counter 
reaches a predetermined limit I,+,. This method will be denoted as the Johnson S stopping rule throughout 
this paper. 

It is difficult to select an annealing schedule that gives the best performance of an SA algorithm since 
various schemes for defining the schedule should be selected and values of parameters included in the 
schemes should be determined at the same time. Moreover, some of these parameter values must be 
determined simultaneously because of correlation among them. 

3. SIMPLEX METHOD 

This section presents a method for determining values of parameters in SA algorithms. This method 
can be effectively used to find the most appropriate parameter values for a given scheme for defining an 
annealing schedule. For example, if an annealing schedule is defined by a scheme in which the initial 
temperature is selected with the initial acceptance probability P,, the temperature is reduced with the 
proportional cooling function, the epoch length is defined as the product of the neighborhood size and a 
parameter s,.,, and a fixed maximum trial count K is given as the stopping condition, the method suggested 
here can be used to find appropriate values for P,, a, and So 

In previous research, parameter values are often selected using experimental designs that require 
extensive experiments such as the full factorial design. Therefore, only a small number of candidates for 
schemes that define annealing schedules are considered and most of time and efforts are spent to 
determine parameter values for these given candidates. As a result, the best annealing schedule may not 
be obtained in many cases. In the following, we suggest a systematic procedure for determining 
parameter values so that more candidates can be considered and hence a better annealing schedule can 
be obtained with less time and efforts. The procedure is based on the simplex method (for nonlinear 
programming). 
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The simplex method, which was originally suggested by Spendley er al. [17], can be applied to 
problems of minimizingflx), x E R”, wherefis a function of decision variables, x=(x’,x*,. . .,x*)~ that are 
not constrained. In this method, a number of (different) solutions that form a simplex are maintained and 
used to generate a new and better solution, which will replace one of the current solutions in a new 
simplex at the next iteration. A simplex is a convex hull of n+ 1 points, x,,x2....,xn+,, in R” such that 
IX*-X,rX3-X,,...,X,+, - xl } is a linearly independent set (for example, a line segment in R ‘, a triangle 
in R*). Consider a case where there are N parameters to be set. Let x,.x2,. . .,xN+, be points in RN that form 
the current simplex. The main idea of the method is to replace the worst point x, (having the maximum 
function value) among the N+ 1 points with a new and better point. The replacement of the point involves 
three types of operations: reflection, expansion, and contraction. These operations use a reflection 
coefficient &O, an expansion coefficient & I, and a contraction coefficient I,+> 1, which must be selected 
before the simplex method is executed. A typical procedure of the method is given below. 

Step 1. Choose initial points x,,x,,. . ..xN,,+, to form a simplex in RN. 
Srep 2. If a given stopping condition is satisfied, stop. Otherwise, find xB,xW, E (x, ,x2,. . .,x,,,+ , } such that 

AxB)=Tnin,=j=,+,Axj),Axw)=max,~j~N+IAxj). Let f= j& x/N- 

Step 3. Let. x,=E+E(Z -x,). If max,,j51v+,(j(xj :j*#W)+(xa), then replace xw with xa (rejection) 
to form a new simplex and go to step 4. Otherwise, go to step 5. 

step 4. tit xr- - 5i + J(xa - %). If Axa) >flx,) and fix,) >flxr), replace xa (which was xv, before reflection 
at step 3) with x, (expansion) to form a new simplex. Go to step 2. 

Step 5. Let x’ be defined by j(x’)=min~x&‘ow)) and let xc=E+tJ(x’ -Z). If &)=fTx’), then 
replace x, with xc (conrrucrion) to form a new simplex. Otherwise, replace xi with 
xj+(x, - xi)/2 forj= 1,2 ,..., N+ 1. Go to step 2. 

The procedure is terminated (at step 2) if the points forming the current simplex converge to a point 
(lx: -x@eL, for all i, j and k, where and x: are XT the ti elements of points xi and xi in the current 
simplex, and each element of vector E has a given small positive value), or the total number of points 
generated reaches a predetermined number. In the simplex method used in this research, l/3,2.0, and 1.5 
are used for 6, 5 and @, respectively, which were obtained after a series of preliminary tests. Since 
appropriate values for these three coefficients usually depend on the orders of magnitudes of the decision 
variables, the above values can be applied to search for parameter values of SA algorithms for other 
problems. In fact, the simplex method using these coefficient values performed well when selecting 
parameter values for an SA algorithm for a parallel machine scheduling problem, although it is not 
reported here. 

In the above procedure, x andAx) correspond to parameters and the performance of an SA algorithm, 
respectively. Note that transitions of solutions in SA algorithms are stochastic, and hence different final 
solutions may be obtained even when the same set of parameter values is used in an SA algorithm for 
the same problem instance. Because of such stochastic nature, several replications of SA runs on a set 
of parameter values may be necessary. Therefore, on a point, x, the SA algorithm is run several times with 
the same parameter values associated with x, then the average of the final solution values can be used as 
the function valueflx). Although other measures, i.e., other functions of the solution values, can be used 
to define Ax), such as the variance of the solution values and a weighted sum of the average and the 
variance of the solution values, the one used here is a rather simple but most common one, the average 
value. 

If an SA algorithm should be used for a variety of problem instances with different sizes and/or data, 
a more sophisticated method may be needed to evaluate the function value. As an alternative for such a 
case, the following method may be used. For each simplex, a number of problem instances are generated 
in such a way that the resulting problems well represent the problems for which an SA algorithm will be 
used. These generated problems are solved using the SA algorithms with candidate sets of parameter 
values, i.e., xj, j= 1,2,. . .,N+ 1. Then, performances of the sets are evaluated from the solutions using a 
relative performance measure such as performance ratios or ranks of the solutions for each of the 
problems. Here, a relative performance measure is preferred to an absolute one, i.e. a solution value itself, 
since data in different problems may differ and so may the magnitudes of the solutions. (If the absolute 
measure is used, variance in the solutions may become too large to evaluate the points correctly.) The 
average values of the relative performance measures over the problems can be used as the function value 
Ax). 

While the original simplex method was developed for problems with unconstrained variables, some 
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parameters in an SA algorithm may be bounded. Because of such bounds, the simplex method is slightly 
modified as follows. Whenever an element of a point generated by the simplex method exceeds a bound 
on the value of the corresponding parameter, the bound is used as the value for the element. There are 
theoretical bounds for certain parameters, but tighter bounds can be given in practice for some of these 
parameters. For example, in the proportional cooling function, theoretically the parameter (Y has a value 
between 0 and 1, while Eglese 151 reports that values of (Y that can be used in practice lie between 0.8 
and 0.99. In such cases, tighter bounds are used instead of rather loose theoretical bounds in the simplex 
method. 

4. COMPUTATIONAL EXPERIENCE 

To show the performance of the suggested procedure, computational tests are done on a graph 
partitioning problem, a permutation flowshop scheduling problem and a short-term production 
scheduling problem. 

4.1. Graph partitioning problem 

The graph partitioning problem is the problem of partitioning vertices of a given graph into equal-sized 
sets with the objective of minimizing the cut size. Here, the size of a set denotes the number of vertices 
in the set and the cut size denotes the number of edges that have end-points in different sets. Johnson et 
al. [6] suggest an SA algorithm for the problem. In their research, values of parameters needed for the 
SA algorithm are selected through extensive computational experiments and analysis of the effects of 
changes in parameter values. In this paper, we determine values of parameters needed in the SA 
algorithm using the suggested simplex method, and then compare the performance of the resulting SA 
algorithm with that of Johnson et al. [6]. 

First, we briefly describe the SA algorithm suggested by Johnson et al. (denoted by SAJ hereafter) in 
the following. A solution is defined as a partition (V,,V,) of a given vertex set V (the two sets, V, and V,, 
may be of different sizes), while two partitions are defined as neighbors if one can be obtained from the 
other by moving a single vertex from one set to the other (rather than by exchanging two vertices in 
different sets). In the SA algorithm, the objective function is modified to c(V,,V,) = I { u,v} E E : u E V,, 
VE V2)l+ p(IV,I - IVZl)2, where I4 is the cardinality (number of elements) of set * and r is a non-negative 
parameter called the imbalance factor. In this function, an infeasible partition, of which the two 
partitioned sets are of different sizes, is penalized according to the square of the difference. An initial 
solution is obtained by generating a random partition, that is, each vertex is randomly assigned to V, or 
V, with equal probability. Note that infeasible solutions are generated and treated as if they were feasible 
during the search process. If the algorithm generates a feasible solution that is better than the current 
incumbent solution, the solution is saved as a new incumbent. If the best solution obtained is infeasible 
when SAJ terminates, a greedy heuristic is used to make the best solution feasible. The greedy heuristic 
selects a vertex in the larger set that can be moved to the other set with the least increase in the cut size, 
and moves it. The method repeats such movements until the two sets are of the same size. The resulting 
feasible solution is then compared with the incumbent solution for the final solution. 

In SAJ, the initial temperature is selected with a commonly used scheme, i.e., one with the initial 
acceptance probability P,, while temperature is reduced with the proportional cooling function with 
cooling ratio, cy. The epoch length is defined as the product of the neighborhood size and a parameter s, 
called the size factor. SAJ uses as the termination criterion the Johnson’s stopping rule with two 
parameters FMIN and I,,,, which was described in Section 2. To select values of the parameters and to test 
SAJ, Johnson et al. generated problem instances (random graphs) using two parameters, the number (n) 
of vertices and the probability @) of connectivity of each pair of vertices. They generate one random 
graph with p=O.Ol and n=500 to select parameter values. After extensive experiments to find the most 
appropriate parameter values for the random graph, they finally select 0.4, 0.95, 0.02, 5, 16 and 0.05 for 
the annealing parameters, P,, cu, FMIN, ZM, s,, and r, respectively. 

Since the suggested procedure devised for selecting appropriate parameter values, we use the same 
schemes for our SA algorithm (denoted as SANE,,,, hereafter) as those for SAJ to define an annealing 
schedule, except for the stopping rule. SA NEWl is terminated when CPU time reaches a predetermined 
time limit Tcpu or temperature falls below T,. For a value of Tcpu, we randomly generated 10 test 
problems, ran SAJ five times for each problem, and obtained the average of computation times of these 
fifty runs. This average CPU time was used as Tcpu for the stopping rule in SA,r,, so that the two SA 
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algorithms can be given approximately the same CPU time. This is because there is a strong correlation 
(although it may not be a linear one) between solution quality and computation time in SA algorithms. 
When the Johnson’s stopping rule is used with smaller values of FMIN and larger values of Zm in an SA 
algorithm, better (or at least, equally good) solutions can be obtained, since an SA algorithm with such 
values runs for a longer CPU time and in general, SA algorithms give better solutions if they run longer. 
Therefore, if values of the parameters are to be selected with the simplex method, values that will be 
obtained are those that give better solutions although they require a very long CPU time. 

In most cases, it is not necessary to run an SA algorithm any longer when temperature is very low, 
since moves to neighborhood solutions are rarely accepted. Therefore, SA,,,, was terminated when 
temperature dropped down to 0.1 even though CPU time did not reach the CPU time limit, Tcpu. (At the 
temperature of 0.1, the probability that an uphill transition with A = 1 is accepted becomes approximately 
0.) This additional stopping condition is used to save computation time for the simplex method, since at 
earlier stages of the method it is likely that the method generates and evaluates bad (inappropriate) 
parameter values. 

As mentioned in the previous section, bounds on parameter values are used in the suggested procedure. 
Considering results of previous research on SA algorithms, we used (0.2,0.8), (0.8,0.99), (4.0,32.0), and 
(0.02, 0.5) for the ranges (lower and upper bounds) of P,, (Y, s,, and 7, respectively. The simplex method 
was terminated if points forming the current simplex converged to a point, that is, differences in elements 
of any two points in the current simplex were less than 0.01,0.005,0.2, and 0.005 for the four parameters, 
respectively, or the total number of points generated reached a predetermined limit, 1,,,=70. The 
suggested procedure and SA algorithms were coded in Pascal and all the tests were done on a personal 
computer with a Pentium processor. 

First, to determine parameter values using the suggested procedure, we generated a random graph with 
n=500 and p=O.Ol. (Note that Johnson et al. also used only one problem instance to select parameter 
values needed for SAJ.) In the simplex method, the function value, j(x), of a point x was calculated as 
follows. For each point in the simplex, SA was run three times with a set of parameter values 
corresponding to the point, and the average of the solutions from these runs was used asfix). The simplex 
method generated 47 different points (it was stopped since the points forming the simplex converged to 
a point). Values of the parameters, P,, (Y, sN, and 7, obtained from this method are given with those of SAJ 
in Table 1. 

Next, we randomly generated 15 new test problems with n=500 and p=O.Ol for a comparison of the 
performance of SAJ and SANEW, and ran both SA algorithms ten times for each problem. The results are 
summarized in Table 2, which shows solution qualities of the two algorithms and CPU times of SAJ 
(CPU time of SA,,,, was fixed at 1800 s). To compare solution qualities of the two algorithms, analysis 
of variance is done and the result is given in Table 3. As can be seen from the ANOVA table, there is 
statistically no difference in the solution qualities. Although SA,,,, did not outperform SAJ, a smaller 
number of alternative sets were evaluated in the simplex method as compared with the experiments done 
by Johnson et al. [6] for SAJ. A total of 141 SA runs was executed (47 points X 3 runs per point) in the 
simplex method, while it is estimated that parameter values of SAJ were obtained after more than 1600 
runs (200 runs for selecting the value of T, more than 180 runs for P,, and 1280 runs for (Y and So). 
Moreover, the simplex method could determine parameter values automatically. 

4.2, Permutation jlowshop scheduling problem 

In the permutation flowshop scheduling problem considered here, n jobs are to be processed on 
machines 1 , . . ,m in that order. The processing times @$ of job i on machine j, for i= 1,2,. . .,n, and 
j= 1,2 , . . . ,m, are given. At any time, each machine can process at most one job, and preemption is not 
allowed. In the problem, only permutation schedules, in which sequence of the jobs on all the machines 
are the same, are considered, and the objective is to minimize the makespan, i.e., the maximum 
completion time C,,,. For this problem, Osman and Potts [14] and Ogbu and Smith [ 121 give SA 
algorithms, and Ogbu and Smith [ 131 compare performance of the two SA algorithms. Since it is reported 

Table I. Parameter values obtained by the two procedures 

Parameter PI a SN 7 

Simplex method 0.627 0.908 14.49 I 0.0315 
SAJ 0.4 0.95 16.0 0.05 
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Table 2. Performance of SAJ and SA,,, 

Problem SAJ SAWI 

Final solution CPU seconds Final solution 

I 

2 

3 

4 

5 

6 

7 

8 

9 

10 

II 

12 

13 

14 

15 

258.3 
(5.93) 
254.1 
(5.28) 
244.1 

(10.06) 
252. I 
(5.34) 
251.3 
(3.89) 
262. I 
(9.09) 
242.1 
(6.38) 
263.4 
(5.36) 
250.0 
(4.14) 
252.2 
(5.73) 
248.2 
(7.45) 
213.5 
(5.46) 
244.6 
(7.97) 
259.9 

(10.31) 
249.4 
(8.17) 

1674.6 
(281.4) 
1826.8 
(397.9) 
1743.9 
(28 I .9) 
1699. I 
(214.4) 
1866.4 
(267.8) 
1845.3 
(374.7) 
1708.9 
(274.8) 
1732.2 
(345.6) 
1715.7 
(240.6) 
1842.4 

(324. I) 
1773.5 
(185.3) 
1678.8 
(226.5) 
1655.6 
(271.3) 
1799.7 
(375.7) 
1693.1 
(229.8) 

262.8 
(6.80) 
259.5 
(6.93) 
235.6 
(9.22) 
256.0 
(6.13) 
255.9 
(5.61) 
268.4 
(6.12) 
226.2 
(5.77) 
261.2 
(6.48) 
254.4 
(8.38) 
258.2 
(5.07) 
269.4 
(2.27) 
217.1 
(7.31) 
232.3 
(5.83) 
257.7 
(7.94) 
229.1 
(8.23) 

Average and standard deviation (in parentheses) are given. 
CPU time of SANaW, for each problem is 1800 seconds. 

that the SA algorithm suggested by Osman and Potts is slightly better than that of Ogbu and Smith [ 121, 
the former SA algorithm is used in the test for the simplex method suggested here. In other words, the 
simplex method is used to find the most appropriate values of parameters needed in the SA algorithm, 
and then the SA algorithm with these parameter values are compared with the SA algorithm of Osman 
and Potts. 

Now, we briefly describe the SA algorithm suggested by Osman and Potts (denoted by SAO hereafter) 
in the following. In the algorithm, starting from a randomly generated initial sequence, a neighborhood 
sequence of a given sequence is obtained by removing a job placed at the ith position in the given 
sequence and inserting it at the jth position for randomly selected i and j. As the stopping condition, the 
total number of neighborhood solutions generated (the total number of trials) is fixed at 
K=max{3300 In n+7500 In m - 18250, 2flOOOj. This number K is determined by Osman and Potts 
through a regression analysis with observations on the number of iterations during which a significant 
improvement in the objective value occurs for various values of mS20 and II~ 100. 

In SAO, a single trial (for transition) is performed at each temperature (i.e., L= 1) in order to reduce 
the number of parameters to be set. Osman and Potts argue that there would not be much difference in 
the performance of SA algorithms that perform several trials at the same temperature and that perform 
these trials at slightly different temperatures, and they set the total number of epochs, M, to be equal to 
the total number of trials. Temperatures, TJ,,. . ., TM, are obtained from the function Tk+, =T,/( 1 +pT,) 
which was suggested by Lundy and Mees [ 1 I]. A value for p can be obtained by ,8=(T, - TM)/ 
{(M- l)T,T,} if the total number of epochs (M), the initial temperature (T,) and the final temperature 
(TM) are fixed. Since M is fixed in SAO, only two parameters, T, and TM need to be determined. Osman 
and Potts select T,ZiX&(5mn) and TM= 1 through a series of experiments. 

Table 3. ANOVA table for the comparison of SAJ and SA,,,, 

Source Degree of freedom Sum of squares Mean square F-value (FO) p-value (Pr7F,) 

Algorithms I 1.08 I .08 0.02 0.90 
Problems 14 51.163.49 3654.53 50.89 O.wOl 

ElTor 284 20.395.62 71.82 
Total 299 71,560.19 
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To test the simplex method suggested in this paper, we implement a new SA algorithm of which the 
schemes (including the annealing schedule) are the same as those for SAO. Like in SAO, the initial 
temperature in the new SA algorithm is also obtained from the function, T,‘C&pi~(q~mn) where qT is a 
parameter. Values of the two parameters, qT and TM, are selected using the suggested simplex method for 
the new SA algorithm. In this test, 0.5 and 10 are used for the lower and upper bounds on the value of 
qr respectively, and 0.1 and 10.0 are used for those of T,. Note that when qT is equal to 0.5 (or lO.O), 
the initial acceptance probability (fraction of accepted uphill transitions) is approximately 80% (or 2%). 
Also, if T,=O.l, the probability of accepting an uphill move of which the increase in the objective 
function value is 1 is less than 0.005%, which is sufficiently small. On the other hand, if TM= 10.0, the 
probability of accepting such an uphill move is greater than 90%. The simplex method is terminated if 
the points forming the current simplex converge to a point, that is, differences in the values of the two 
elements, qT and T,,,, of any two points in the current simplex are both less than 0.05, or the total number 
of points generated reaches a predetermined limit, IMAX = 70. 

To find a (single) best set of parameter values for the scheduling problems with up to 100 jobs and up 
to 20 machines, 12 problems were randomly generated with rr~ {20, 50, 100) and m E (4, 7, 10, 20) 
whenever a new iteration was started (whenever a new simplex was formed) in the simplex method. 
Processing times of operations were generated from a discrete uniform distribution with a range, [ 1, 1001. 
For each point, SA was run 12 times (single run per each problem) with a set of parameter values 
corresponding to the point, and 12 solutions for the problems were obtained at each point. However, as 
mentioned in the previous section, it is not desirable to use the objective function values as the function 
value f(x) of a point x. To evaluate a point (a set of parameter values) in the simplex method, ranks of 
the objective function values of all points in the current simplex were obtained for each of 12 problems, 
and then the sum of the ranks of a point is used for evaluation of the point. (Therefore, a point with a 
smaller rank sum is better.) 

The simplex method generated 46 different points (it was stopped since points forming the final 
simplex converged to a point). Values of the parameters, qT and TM, obtained from this procedure were 
9.063 and 1.612, respectively. A total of 552 SA runs was executed (46 points X 12 runs per point) in the 
suggested procedure and it took less than 4 hours to select the parameter values for the new SA algorithm 
on a personal computer with a Pentium processor. (We cannot estimate how many SA runs were 
performed to select the values of parameters for SAO, since the process for selecting the values is not 
reported in Osman and Potts [ 141.) 

Next, 120 new test problems were generated randomly (ten test problems were generated for each of 
12 combinations of values for n and m shown in Table 4) for a comparison of the performance of SAO 
and the new SA algorithm (denoted by SA,aw2 hereafter). These algorithms were run five times for each 
problem. The results are summarized in Table 4, which shows (relative) performance of SANEWZ, which 
is obtained by dividing the average objective function value of SA,,,, by that of SAO for each test 
problem. Differences in the performances of the two SA algorithms were less than 1%. To compare the 
solution qualities of the two algorithms, analysis of variance was done and the result is given in Table 
5. As can be seen from the ANOVA table, statistically there is no difference between the performance of 
the two SA algorithms. Although the simplex method did not give a better SA algorithm (performance 

I 2 3 4 5 6 7 8 9 10 

2014 I.001 
20/7 1.001 

20/10 0.998 
20/20 0.998 

5014 I.000 
5017 1.003 

50/10 1.003 
50/20 0.998 
10014 I.001 
lOO/7 0.999 

lOO/IO I .MO 
loo/20 I.000 

OVWdl 

I.004 0.997 
0.999 I.002 
0.998 I .003 
0.998 0.999 
I.000 1.001 
1.000 I .002 
0.993 I.000 
I a05 l.OOil 
I.OOI I.001 
I.002 I.000 
0.993 1.001 
0.998 1.002 

A relative petfom~ance ratio is the ratio of a solution value of SANEwI to that of SAO. 

1.ooo 
0.999 
1.001 
I .002 
1.000 
I.002 
1.003 
1.000 
0.999 
1 .mo 
I Ml3 
0.999 

1.ooo 
l.ooo 
l.ooo 
1.001 
I.000 
1.001 
0.998 
I .009 
1.001 
0.999 
0.996 
1.001 

0.999 1.000 0.996 1.000 
1.004 0.999 1.000 0.996 
0.993 0.992 1.003 0.996 
1.002 I.002 1.002 1.004 
1.000 I .I00 0.997 1.004 
0.996 0.994 0.999 I .OQ2 
1.005 0.997 1.002 1.001 
I.006 I.003 I .003 I a03 
0.999 1.000 1.000 1.000 
1.000 1.000 1.001 0.996 
0.994 0.999 1.002 0.994 
1.001 1.003 1.007 0.997 

1.ooil 
l.M)l 
I.002 
1.001 
1.000 
l.OQO 
0.998 
0.997 
l.OQO 
0.998 
1.000 
I .I05 
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Table 5. ANOVA table for the comparison of SAO and SA,,,, 

SOWX 

Algorithms 
Problems 

ElTor 
Total 

Degree of freedom Sum of squares Mean square F-value (FO) p-value (PDF,) 

1 92 92 0.29 0.5935 
119 3.910,679,136 329862.850 99.99999 o.ooo I 

1079 349,715 315 
1199 3.9 I 1,029,003 

of f%wv, was not better than that of SAO), it found good parameter values automatically 
quickly without much human intervention. 

4.3. Short-term production scheduling problem 

and very 

In the short-term product scheduling problem considered here, final products are composed of 
subassemblies and components, and each subassembly is also made of lower-level subassemblies and/or 
components. Operations are aggregated into two basic ones, machining for components and assembly for 
subassemblies and final products. Also, processing units for the operations are aggregated into a 
machining shop and an assembly shop. Due dates are given for final products, and therefore components 
and subassemblies must be completed when they are needed for final products. If a product is completed 
later (earlier) than its due date, a certain amount of tardiness (earliness) penalty is incurred. The objective 
of the problem is to minimize the weighted sum of earliness and tardiness penalties for the final products 
and earliness penalties for the subassemblies and components. 

Kim and Kim [7] study this problem and suggest an SA algorithm (denoted by SAK hereafter). In 
SAK, a solution is encoded to a string of numbers representing priorities of the items. The encoded string 
has one number for each item. Positions of the numbers in the string correspond to the indexes of the 
items, while their values denote the priorities of their corresponding items. Since items are classified into 
two categories, the strings are logically divided into two substrings, one for components and the other for 
subassemblies and final products. A feasible schedule can be generated from a solution (i.e., a string of 
numbers) as follows. First, final products are scheduled to be processed on their due periods. Among 
available items of which the parent item has been scheduled, an item with the lowest priority is selected 
and scheduled. If an item cannot be processed in a period because of overload, it is scheduled to be 
processed one (or several) period earlier. If a feasible schedule cannot be obtained, one of the final 
products is selected randomly and its processing is delayed by one period and then a new schedule is 
generated using the above procedure. This schedule revision is repeated until a feasible schedule is 
obtained. 

In SAK, starting from a randomly generated initial solution, a neighborhood solution of a given 
solution is obtained by the one-position random change method, in which a number in the string of 
numbers is selected and its value is altered randomly. The initial temperature is selected with the same 
scheme as that for SAJ. Recall that the initial acceptance probability, P,, is included in this scheme. The 
temperature at the kth epoch is determined with the proportional cooling function, i.e., T,= aT,_ ,. The 
epoch length is set to be equal to the product of the number of items and a size factor, s,. SAK uses as 
the termination criterion the Johnson5 stopping rule with two parameters FMIN and 1,. In SAK, values 
for these parameters, FMIN and Z,,,, are (arbitrarily) set to 0.005 and 5, respectively. The other annealing 
parameters, P,, cy and s,, are set to 0.3,0.85 and 3.0, respectively, after a series of experiments. 

To test the simplex method suggested in this paper, the same methods as those for SAK to define an 
annealing schedule are used in our SA algorithm (denoted as SANEW3 hereafter) except for the stopping 
rule. SA,,, is terminated when CPU time reaches a predetermined time limit TCpU. For a value of TCpU, 
10 test problems were randomly generated for each of three levels for the problem size (n), i.e., the 
number of components (100, 120 and 140), and SAK was run ten times for each problem. The average 
of computation times for each problem size was used as Z’cr,, for the stopping rule in SAN,,, so that the 
two SA algorithms can be given approximately the same CPU time. (The average CPU times were 242 
s, 372 s and 543 s when n= 100, 120 and 140, respectively.) 

What needs to be determined in the simplex method are values of P,, (Y and sW Note that parameters, 
FMIN and I,,, that define a stopping condition are not needed in SA,rW3 since SA,,,, is terminated when 
CPU time reaches T,,,. Ranges (lower and upper bounds) of parameter values examined in the suggested 
procedure are (0.2, 0.8), (0.8, 0.99>, and (0.1, 16.0) for P,, cy, and s,, respectively. The simplex method 
was terminated if differences in elements of any two points in the current simplex were less than 0.01, 
0.005 and 0.2 for the three parameters, respectively, or the total number of points generated reached a 
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Table 6. Average relative performance ratios 

Size(n) Test problems Average 

I 2 3 4 5 6 7 8 9 IO 

100 1.003 1.000 I.009 1.000 0.998 1.001 0.990 1.003 I .005 0.999 l.cnl 
120 0.995 0.997 1.000 0.990 0.998 1.001 0.994 0.992 1.001 1.001 0.997 
140 1.000 0.994 1.002 1.000 0.996 I mo 0.987 0.999 0.999 0.990 0.997 

Overall 0.998 

A relative performance ratio is the ratio of a solution value of SANEWx to that of SAK. 

predetermined limit, IMAX =70. 
In the simplex method, the function value, Ax), of a point x was calculated from solutions of three 

problems with n= 100, 120 and 140 as follows. For each point, SA was run 3 times (one run for each 
problem size) with a set of parameter values corresponding to the point. Ranks of the objective function 
values of the points in the current simplex were obtained for each of the three problems, and then the sum 
of the ranks of a point is used for evaluation of the point. The simplex method generated 38 different 
points (it was stopped since the points forming the simplex converged to a point). Values of P,, cr and 
s, obtained from this method were 0.334,0.920 and 2.211, respectively. 

Next, to compare the performance of SAK and SA,,,,, 30 new test problems were randomly 
generated, 10 problems for each of the three problem sizes, n= 100, 120 and 140, and both SA algorithms 
were run ten times for each problem instance. The results are summarized in Table 6, which shows 
(relative) performance of SANEW3, the ratio of the average objective function value of SANE,3 to that of 
SAK for each test problem. Differences in the performances of the two SA algorithms were less than 1%. 
To compare solution qualities of the two algorithms, analysis of variance was done and the result is given 
in Table 7. As can be seen from the ANOVA table, there is no significant difference in the solution 
qualities. Although SANE,, did not outperform SAK, less effort was made to select values of parameters 
in the simplex method than in the experiments for SAK. Moreover, the simplex method automatically 
gives the parameter values without human intervention. A total of 114 SA runs was executed (38 
points X 3 runs per point) in the simplex method, while it is reported that values for P,, (Y and sN in SAK 
were obtained after 180 runs. Although results of only 180 runs were reported in Kim and Kim [7], much 
more test runs were made to obtain such results. (Note that one of the authors of this paper was involved 
in the research, and this research was motivated by such a cumbersome, trial-and-error like procedure for 
tuning the SA algorithm.) 

5. CONCLUDING REMARKS 

In this paper, a procedure was suggested for determining appropriate values for parameters needed in 
SA algorithms. The procedure uses the simplex method for nonlinear programming. To show the 
performance of the suggested procedure, values of parameters were determined with the procedure for 
SA algorithms for three combinatorial optimization problems and the resulting SA algorithms were 
compared with existing SA algorithms in which parameter values were selected through extensive 
experiments. The results showed that there was no statistical difference in the performance of two SA 
algorithms for each of the three problems. The suggested procedure could find good parameter values by 
evaluating a smaller number of candidate sets of parameter values. Moreover, those parameter values 
could be obtained without much human intervention. 

The suggested procedure may be effective especially when a specific stopping criterion is given. 
However, the procedure can be used even for cases in which one wants to find parameter values that give 
relatively good solutions within a reasonable amount of time. In these cases, one can run the suggested 
procedure with different values for the parameter Tcpu and select the most appropriate values for other 
parameters that give best solutions on the average. Then, more sophisticated stopping conditions such as 

Table 7. ANOVA table for the comparison of SAK and SA,,,, 

Source Degree of freedom Sum of squnres Mean square F-value (FO) p-value (PC-F,) 

Algorithms 1 57.641.6 57.641.6 0.08 0.7833 
Size (n) 2 360.7 15.252.0 180.357.626.0 236.98 O.OOal 

Problems 9 122,973,302.3 13.663.700.3 17.95 O.OOQl 
ElTor 587 446.755.436.3 761,082.5 
Total 599 930.50 1.632.2 
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the Johnson’s stopping rule can be applied to the SA algorithm with parameter values that are selected 
by the suggested procedure except for TcPu. 

In this paper, we used two methods to compare points (sets of parameter values) in a simplex. As 
discussed in Section 3, however, other methods may be used for computing the function values fix) of 
the points. It is assumed in this study that the expected value of the final solutions is considered to be the 
measure of performance of SA algorithms. If one considers SA algorithms and the parameter values are 
better when they give lower variances in the solution values over different runs, variance of the final 
solution values can be used to compute Ax). Also, more replications may be needed to identify 
statistically meaningful (in)difference among performance of SA algorithms with different sets of 
parameter values although longer computation time is needed. 
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