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1 INTRODUCTION

The metaheuristic optimization tool (MOT) is a generic python module for solving a real value,
multiobjective, multidimensional optimization problem. Users design their optimization problem by
de�ning search variables, simulations, evaluation metric functions, and constraints. Search variables and
constraints are straightforwardly added via python object methods, while simulations and metric functions
used for search variable set evaluation must be implemented as a python class. Final optimum result(s) are
provided in a tabular text �le, as well as search history if needed.

As a problem-independent method, metaheuristic optimization is reliable for solving challenging, high
dimensional, nonconvex, noncontinuous problems. MOT currently supports two metaheuristic
optimization methods: simulated annealing (SA) and adaptive particle swarm optimization (APSO). Except
for SA, methods that are currently and will continue to be supported by the MOT must be (1) robust or
converging to the same optimum result with any initialization, (2) problem independent or not sensitive to
any parameter tuning, and (3) simple.

Currently, the multiobjectivity of an optimization problem is solved via the weighted sum aggregation
approach and the Pareto nondominance sorting approach. The weighted sum aggregation approach yields a
single optimum aggregated response value corresponding to the speci�ed importance weight con�guration,
while the Pareto nondominance sorting approach yields a set of Pareto optimal values.

Constraints are categorized into 2 types: penalizing constraints and hard constraints. A penalizing
constraint penalizes the evaluation score according to the violation degree. A hard constraint becomes the
�rst priority in optimization; whenever a hard constraint is violated, the optimization problem is switched
to minimize the hard constraint's degree of violation.

The remainder of this report is organized as follows. In Section 2, related methodologies and procedures
are discussed, including basic concepts of multiobjective optimization, the selected metaheuristic methods,
and some speci�c treatments. In Section 3, a description is provided of MOT's building block and its
pythonic usage are presented. Some examples are provided in Section 4. Finally, plans for future
development are discussed in Section 5.
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2 METHODOLOGY AND PROCEDURE

A basic introduction to metaheuristic method is presented below; and simple, single objective optimization
is considered �rst. An analogy of an optimization scheme as particles moving in a search space is
discussed to illustrate how the metaheuristic method works. Then the more advanced metaheuristic
methods, and constraint treatments are discussed.

2.1 SINGLE OBJECTIVE OPTIMIZATION

In single objective optimization, the goal is to �nd a set of search variables (or design parameters),

x = [x1; x2; : : : ;xI ] ; (1)

within a certain search space
xi 2

h
xmin

i ; xmax
i

i
; i = 1;2; : : : ;I ; (2)

that gives maximum� value of a �tness function:

F(x): (3)

The �tness functionF(x) may be noncontinuous and may also be nonconvex, in which case there exist
several local maxima. Given the generality of the encountered �tness function, the problem-independent
metaheuristic methods are preferred over the more specialized methods such as gradient descent–based
methods.

It is interesting to analogize an optimization problem as a moving particle in a search space. To better
visualize this, consider the following single objective, two-dimensional optimization problem. With two
search variables,x = [x; y] the Beale function is taken as the �tness function:

F(x; y) = (1:5 � x + xy)2 + (2:25� x + xy2)2 + (2:625� x + xy3)2: (4)

The search space is bounded as
x; y 2 [� 4:5; 4:5]; (5)

and here a minimization problem is considered with the following solution:

F(3;0:5) = 0: (6)

The search space is shown in Figure 1. The initial conjecture (x0; y0) will be the particle's �rst location.
Guided by an optimization procedure, the particle moves (or jumps), generating new, hopefully better
solutions, and it converges into the actual global optimum solution. Figure 1 shows the particle track (blue
line) generated by the Newton gradient descent method as the optimizer, which essentially forces the
particle to roll down the hill. The considered �tness function here is very well de�ned and is continuous,
with a known gradient, which makes the gradient descent–based method the method of choice. Even so,
such a specialized method could still converge into a local minimum, as it depends on the initial conjecture:
for example, if the particle were initialized at the upper left corner instead (see Figure 1). Metaheuristic
optimization methods are discussed below.

� Minimization problem could be treated similarly by putting minus to the �tness/metric function.
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Figure 1. Minimization test problem Beale function solved with conjugate gradient method.The blue
contour indicates lower �tness or a better solution. The red star denotes the global minimum. The blue line
connected to the star represents the optimization track

2.2 SIMULATED ANNEALING

Simulated annealing (SA) does not include all three criteria mentioned in Section 1, as it relies mostly on
parameter tuning. However, due to its simplicity, it serves as a good tool for introducing the metaheuristic
method's basic features.

[Step 0]Beginning with a single initial conjecture or particle location,

x(0) =
h
x(0)

1 ; x(0)
2 ; : : : ;x(0)

I

i
: (7)

This could be a random point.

[Step 1]At each iterationn, the particle location is randomly perturbed, with a perturbation fractionr:

x(n+1)
i = x(n)

i + r (� � 0:5)
�
xmax

i � xmin
i

�
; i = 1;2; : : : ;I (8)

� = random[0;1]: (9)

Then the perturbed location is clamped to guarantee that it does not exceed the search space:

x(n+1)
i = min

h
xmax

i ; x(n+1)
i

i
(10)

x(n+1)
l;i = max

h
xmin

i ; x(n+1)
l;i

i
: (11)

[Step 2]The perturbed location is accepted if it yields better �tness:

F(x(n+1)) � F(x(n)): (12)

If the result is worse than the previous �tness, then the perturbed location is accepted with a probabilityp,
which depends on the current and previous �tness di� erence� E and the annealing temperatureT:

� E = F(x(n+1)) � F(x(n)) (13)
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p = exp
 
� E
T

!
: (14)

[Step 3]Then the annealing temperatureT is allowed to decay in each iteration:

T = T0� n; (15)

whereT0 � 0 and� 2 [0;1].

[Step 4]Return to[Step 1] for iteration.

Parameter tuning is important in SA. A large initial temperatureT0 and high-temperature cooling schedule
� allow for more exploration in the search space, avoiding possible premature convergence into local
optimum. However, making these factors too large results in the search slowly converging to any optimum.

It is also bene�cial to anneal the perturbation fraction:

r = r0� n: (16)

This helps in �ne-tuning the �nal solution, yet it gives another parameters to tune. Figure 2 illustrates how
SA works, showing that SA failed to �nd the global optimum with the given initial location and annealing
parameters.

Figure 2. SA applied to test problem Beale function.The gray line represents the search path. The
image is taken after 360 iterations. The red star denotes the global minimum. The yellow cross represents
the recorded best solution at this stage. The annealing parameters areT0 = 1:0, � = 0:95, r0 = 1:0, and
� = 0:99.

Another undesirable feature of SA is that it does not take advantage of the search history. It only compares
the last two search solutions. Thus, we consider SA as a trajectory approach. Another approach that takes
advantage of more (yet not all) search history is the populational approach, which employs several search
particles in parallel. It gathers information from the current particle population and uses that to improve the
particle population in the next generation. One of the more recently developed populational methods is the
particle swarm optimization (PSO).
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2.3 PARTICLE SWARM OPTIMIZATION

Particle swarm optimization (PSO) [1] is inspired by bird �ocking and �sh schooling. Imagine several
particles moving in the search space and communicating with each other, working together to search for
the best location. Each particlel carries the following information:

� the current location representing the search variable setx(n)
l ,

� the corresponding �tness value of the current location,

� a personal best locationx(pBest)
l ,

� the associated best �tness value, and

� velocity vl that directs the particle to the point to which it will jump in the next generation.

Furthermore, each particle knows the location of the current best particlex(gBest) which found the current
global best location.

[Step 0]First, the particle locations and velocities (which could be random points and zeros respectively)
are analyzed:

x(0)
l =

h
x(0)

l;1 ; x(0)
l;2 ; : : : ;x(0)

l;I

i
; l = 1;2; : : : ;L; (17)

vl =
�
vl;1; vl;2; : : : ;vl;I

�
: (18)

[Step 1]At each iterationn, the velocity of each particlel is updated:

vl;i = wvl;i + � l;i;1c1

h
x(pBest)

l;i � xl;i

i
+ � l;i;2c2

h
x(gBest)

i � xl;i

i
; i = 1;2; : : : ;I : (19)

[Step 2]Then the particle locations are updated accordingly:

x(n+1)
l;i = x(n)

l;i + vl;i : (20)

The new location is clamped to guarantee that it does not exceed the search space:

x(n+1)
l;i = min

h
xmax

i ; x(n+1)
l;i

i
(21)

x(n+1)
l;i = max

h
xmin

i ; x(n+1)
l;i

i
: (22)

[Step 3]Return to[Step 1] for iteration.

As with SA, PSO depends on tuning several parameters (w, c1, c2) emerging in the velocity update in
Equation 19. Considering the parameter in the �rst term, the particle inertia weightw, the inertia weight
determines how much the previous velocity impacts the current velocity. This also serves to suppress the
particle movement, leading to a more �ne-tuned search. Figure 3 illustrates how inertia weight a� ects the
particle search. With the other parameters set to zero, all particles continue moving forward following their
initial velocity while gradually being slowed down by inertia weight.

Now the second parameter,c1, is added, which is called thecognitive acceleration. Figure 4 illustrates how
c1 a� ects the particle search path. Here the particles are taught to learn their own success. They keep track
of their best location so far and then try to return to that location if they happen to move to a worse
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location. However, they may not return to that exact location, as randomness has been included in the
process. Here, a local search feature is added to each the particle. Given well-spread particles, this
parameter introduces an element of e� ective exploration into the method.

Now an attempt is made to turn o� the cognitive accelerationc1 and activate the social accelerationc2.
Figure 5 illustrates howc2 a� ects the particle search path. Social accelerationc2 di� ers from cognitive

Figure 3. PSO applied to test problem Beale function - weight inertiaw signi�cance. The four colors
of the circles and lines represent di� erent particles and their search paths. The image is taken after 90
iterations. The red star denotes the global minimum. The yellow cross represents the recorded best solution
so far. The search parameters arew = 0:9, c1 = 0, andc2 = 0.

Figure 4. PSO applied to test problem Beale function - cognitive accelerationc1 signi�cance.The four
colors of circles and lines represent di� erent particles and their search paths. The image is taken after 90
iterations. The red star denotes the global minimum. The yellow cross represents the recorded best solution
so far. The search parameters arew = 0:9, c1 = 1:0, andc2 = 0.
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