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ABSTRACT

We investigate the performance of the recently proposed
Unified Particle Swarm Optimization algorithm on two cat-
egories of operations research problems, namely minimax
and integer programming problems. Different variants of
the algorithm are employed and compared with established
variants of the Particle Swarm Optimization algorithm. Sta-
tistical hypothesis testing is performed to justify the signif-
icance of the results. Conclusions regarding the ability of
the Unified Particle Swarm Optimization method to tackle
operations research problems as well as on the performance
of each variant are derived and discussed.

1. INTRODUCTION

Two of the most interesting categories of problems in opera-
tions research are minimax and integer programming prob-
lems [1]. Such problems are encountered in numerous engi-
neering and scientific applications, including optimal con-
trol, engineering design, game theory, molecular biology,
high energy physics, capital budgeting and portfolio analy-
sis [2, 3].
In general, the minimax problem can be defined as

mzinF(a:), (D)

where,

F(z) = max fi(z), @)

i=1,...,m
with fi(z) : S C R® - R, i = 1,...,m. Moreover, a
nonlinear programming problem with inequality constraints
of the form
min F(x),

subjectto g;(z) >0, i=2,...,m, 3)
can be transformed into the minimax problem

min max f;(z),
T )

i=1,...,m

where,
filz) = F(a),
filx) = F(z)— aigi(x), “)
a; > 0,
fori = 2,...,m. It has been proved that for sufficiently

large «;, the optimum point of the minimax problem coin-
cides with the optimum point of the nonlinear programming
problem [4]. Minimax problems have proved to be difficult
to be tackled through traditional gradient—based algorithms,
since, at points where f;(z) = F(z) for two or more values
of j € {1,...,m}, the first partial derivatives of F'(x) are
discontinuous, even if all the functions f;(z),7=1,...,m,
have continuous first partial derivatives.
The unconstrained integer programming problem is de-
fined as
min f(z), z€SCL", )

where Z is the set of integers, and S is a not necessarily
bounded set, which is considered as the feasible region. In
this first investigation we focus to all-integer programming
problems, where all variables are integers. Mixed—integer
programming problems, where some of the variables are
real, will be considered in future works.

Particle Swarm Optimization (PSO) has proved to be
very efficient algorithm for addressing minimax and integer
programming problems [5, 6]. The performance of popu-
lation—based algorithms is heavily dependent on the trade—
off between their exploration and exploitation capabilities.
To this end, Unified Particle Swarm Optimization (UPSO)
was recently introduced as a unified PSO scheme that com-
bines the exploration and exploitation properties of differ-
ent PSO variants [7]. Preliminary results on static as well as
dynamic optimization problems indicate the superiority of
UPSO against the standard PSO variants [7, 8].

We investigate the performance of UPSO on minimax
and integer programming problems and compare it with the



performance of the local and global PSO variant on well—
known benchmark functions. Statistical hypothesis testing
is conducted to justify the significance of the results. The
rest of the paper is organized as follows. PSO and UPSO
are briefly described in Section 2 and experimental results
are reported and discussed in Section 3. The paper closes
with conclusions in Section 4.

2. UNIFIED PARTICLE SWARM OPTIMIZATION

PSO is the most common swarm intelligence algorithm for
numerical optimization tasks. It was introduced in 1995 by
Eberhart and Kennedy [9, 10], drawing inspiration from the
emergent behavior in socially organized colonies [11]. PSO
is a population—based algorithm, i.e., it employs a popula-
tion, called a swarm, of search points,

)T

xi:(xily'xﬂ;-":min ) Z:17"'7N7

called particles, to probe the search space, S. Each particle
moves in S with an adaptable velocity,
v; = (Vi1, Viz, - - - ,Uz'n)T

7

and stores the best position,

pi = (pil;pi27 ... apin)T S S:

it has ever visited in the search space. Also, each particle is
considered to have a neighborhood that consists of a number
of other particles and its movement is influenced by their
experience (i.e., best positions).

The neighborhoods can be defined in different ways.
Different topologies have been proposed and applied with
promising results [12, 13]. The most common neighbor-
hood topology is the ring topology, where the immediate
neighbors of the particle x; are the particles ;_1, x;41, and
z is considered to be the particle that follows immediately
after zy. Thus, a neighborhood of radius M of x; consists
of the particles z;_as,...,Z;i,...,Z;+m. The established
ring topology is the scheme that we adopted in the current
study. There are two main variants of PSO with respect to
the number of particles that comprise the neighborhood of
a particle. In the global variant, the whole swarm is con-
sidered as the neighborhood of each particle, while, in the
local variant, smaller neighborhoods are used.

Let g; be the index of the best particle in the neighbor-
hood of z;, i.e., the index of the particle that attained the
best position among all the particles of the neighborhood.
Then, the swarm is updated according to the equations [14],

o = 3 o+ (6~ 2P) 440 (5 2] 6)

1
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where i = 1,...,N; k is the iteration counter; x is a pa-
rameter called constriction coefficient that controls the ve-
locity’s magnitude; ;3 = ci171 and w2 = cara, where ¢;

and ¢y are positive acceleration parameters, called cognitive
and social parameter, respectively, and 71, ro are random
vectors that consist of random values uniformly distributed
in [0,1]. All vector operations in Eqs. (6) and (7) are per-
formed componentwise. A stability analysis of PSO, as well
as recommendations regarding the selection of its parame-
ters are provided in [14, 15].

The dependence of an algorithm’s performance on the
balance between its exploration and exploitation ability, i.e.,
its ability to perform global search of the search space and
converge faster to the most promising regions, respectively,
triggered the development of UPSO. More specifically, in
the global variant of PSO, all particles are attracted by the
same best position, converging faster towards specific po-
ints. Thus, it has better exploitation abilities in contrast to
the local variant, where the information of the best position
of each neighborhood is communicated slowly to the other
particles of the swarm through their neighbors in the ring
topology, thereby promoting exploration.

UPSO harnesses the two PSO variants in a unified sche-
me that combines their exploration and exploitation capabil-
ities [7]. Let Qz(kﬂ) denote the velocity update of the par-

ticle x; in the global PSO variant and let EEHI) denote the
corresponding velocity update for the local variant. Then,
according to Eq. (6),

G177 = X[+ (4 =o1%) 2 (59 -1 )

80 = x ol 4 6 (0 — ) 0 (0 V)]0

where k denotes the iteration number; g is the index of the
best particle of the whole swarm (global variant); and g;
is the index of the best particle in the neighborhood of z;
(local variant). These two search directions are combined in
a single equation, resulting in the main UPSO scheme [7],

ui(k—l-l) g(k-{-l) +( )C(k+l)’ (10)
aF D = g gD (11)

where u € [0, 1] is called the unification factor and it deter-
mines the influence of the global and local search direction
in Eq. (10). The standard local and global PSO variant is
obtained for v = 0 and u = 1, respectively, while, for all
intermediate values u € (0,1), we obtain composite vari-
ants of PSO that combine the exploration and exploitation
characteristics of the global and local variant.

UPSO can be further enhanced by incorporating a sto-
chastic parameter in Eq. (10). This parameter imitates mu-
tation in evolutionary algorithms, although, it is directed to-
wards a direction that is consistent with the PSO dynamic.
Thus, Eq. (10) can be written either as

U =ryu gD 4 (1 —w) Y, (2
which is mostly based on the local variant or, alternatively,

u(k+1) g(k+1)+r (1 _u)£§k+1)7 (13)



which is mostly based on the global variant, where rz ~
N (M,X) is a normally distributed parameter with mean
vector M and variance matrix . Based on the analysis of
Matyas [16] for stochastic optimization algorithms, conver-
gence in probability was proved for the schemes of Egs. (12)
and (13) [7].

3. RESULTS

UPSO was applied on 10 minimax and 7 integer program-
ming benchmark problems on which PSO was recently tes-
ted [5, 6]. These problems are defined as follows [17, 18,
19, 20, 21, 22].

MINIMAX PROBLEMS

Test Problem 1 [17]. This is a 2-dimensional problem and
it consists of 3 functions,

mzin F(z),
Fi(z) = max{fi(z)}, i=1,2,3,
h@) = ai+a), (14)
flz) = 2-z1)?+(2—-1x2)%
fa(x) = 2exp(—z1 + z2).

Test Problem 2 [17]. This is a 2—dimensional problem and
it consists of 3 functions,

mmin Fy(z),
Fy(x) max{fi(z)}, i =1,2,3,
fil@) = @i +a3, (15)
@) = 2=z +@2-12)?
f3(x) = 2exp(—z1 + z2).

Test Problem 3 [17]. This is a 4-dimensional nonlinear
programming problem and it is transformed to an equivalent
minimax problem according to Eq. (4),

F3(z) = 2 + 2% + 223 + 23 — 521 — 5z — 21x3 + T4,
@) = 22 —22 23 —22 —x1 4+ 22 —23+24+8 (16)
g3(z) = —x2 — 222 — 22 — 222 + 1 + x4 + 10,

ga(z) = —z%—z%—z§—2$1+zg+m4+5.

Test Problem 4 [17]. This is a 5—dimensional nonlinear
programming problem and it is transformed to an equivalent
minimax problem according to Eq. (4),

Fa(z) = (x1 — 10)2 4 5(z2 — 12)% + 3(za — 11)2 + 23 +
+10wg + 7:/5623 + x‘% — 4dxex7 — 10x6 — 827,

() = —222 — 323 — x3 — 422 — 55 + 127,

g3(x) = —Tx1 —3x2 — 1022 — x4 + x5 + 282, (17)

(r) = —23z; — x5 — 622 + 8z7 + 196,

(r) = —4x? — x2 + 3x120 — 225 — 5z + 117,

Test Problem S [18]. This is a 2—dimensional problem and
it consists of 2 functions,

min F5(z),
Fs(z) = max{fi(z)},i=1,2,
file) = | +222 -7, (18)
f2(x) = [2@1 4+ 29— 5]

Test Problem 6 [18]. This is a 10—dimensional problem and
it consists of 10 functions,

mminFﬁ(a:),
Fs(z) = max{fi(z)}, (19)
filx) = |z, i=1,...,10.

Test Problem 7 [19]. This is a 2—dimensional problem and
it consists of 2 functions,

min F7(x),
T

Fr(z) = max{fi(z)},
fi(@) = (z1 — beosb)” +0.005 (22 +23), (20)
f2(x) = (2 — bsin b)2 + 0.005 (m% + wg) ,

were b = \/z7 + 3.

Test Problem 8 [19]. This is a 4-dimensional problem and
it consists of 4 functions,

mwin Fs(m)a
Fg(z) = max{fi(z)}, i=1,...,4,
fi(z) = (561 — (e + 1)4)2 + <z2 - (xl —(za+ 1)4)4> +
2w§ —|—:c421 — 5(w1 —(za + 1)4) — 5(582 — (wl —

1) 4
(x4 +1) ) —21z3 + Tx4,

fa(z) = fi(z) + 10

(o1~ @+ 1)) + (wg (=1 -

ot 0t) ) et et (- G0 -

(wz — (21— (@a+ 1)4)4) + 23 — 04— 8:| . e
fa@) = fi(z) + m[(zl ~ @t 1Y)’ +2($2 (-

(24 + 1)“)4)2 ol + 203 = (o1 — (oa + 1) -

$4—10:|,



o) = e +10 (- @ )"+ (o2 (-
(za + 1)4)4>2 +a2+ Q(zl —(za+ 1)4) _

(wz - (:m (x4t 1)4)4> - 5] .

Test Problem 9 [19]. This is a 7—dimensional problem and
it consists of 5 functions,

min Fy(x),
T

Fy(z) = max{fi(z)}, i=1,...,5,
fi(x) = (z1 —10)2 + 5(x2 — 12)% + 235 + 3(zq — 11)% + 1028 +
737% + zL% — 4xgxy — 10z — 8x7

fa(z) = f1(x)+ 1022 + 325 + 23 + 422 + 525 — 127), (22
fa(x) = fi(x)+10(7z1 + 3z + 1023 + x4 — x5 — 282),

fa(z) = f1(z) + 10(23z1 + 3 + 622 — 8x7 — 196),

fs(x) = fi(x)+ 10(4x? + 23 — 32129 + 223 + 56 — 1127).

Test Problem 10 [19]. This is a 4-dimensional problem and
it consists of 21 functions,

Inzin F10($)7
Fio(x) = max{|fi(z)|},

1
filx) = xy exp(wst;) + x2 exp(wat;) — ——,(23)
1+¢;
i—1

20 °

i=1,...,21,

ti = —0.5+

For all minimax problems, the search space was [—50, 50]™,
where n is the dimension of the problem, and the desired
accuracy for detecting the global minimizer was 10, The
swarm size was equal to 20 for Test Problems (TP) 1, 2, 3
and 5, and equal to 50 for the other problems [5]. In the
cases where the transformation of Eq. (4) was employed,
the value o; = 10 was used for all ¢ [5].

INTEGER PROGRAMMING PROBLEMS
Test Problem 1 [20]. This problem is defined as
Fi(z) = llzlly = |z1] + - + |2al, (24)

where n is the dimension. The solution is z* = (0,...,0) T
with F (z*) = 0. We considered this problem for n = 30.

Test Problem 2 [20]. This problem is defined as
I

BEi=z'z=(z1 - zn )| : |, @9

Tn

where n is the dimension. The solution is z* = (0,...,0) "
with Fo(z*) = 0.

Test Problem 3 [21]. This problem is 5—dimensional and it
is defined as

Fs(z) = —( 15 27 36 18 12 )a+

35 —20 —10 32 —10
—20 40 —6 -31 32

z'| —-10 -6 11 —6 —10 |z. (26)
32 -31 -6 38 —20
~-10 32 —-10 —20 31

The best known solutions are z* = (0,11,22,16,6) " and
z* = (0,12,23,17,6) T, with F3(z*) = —737.

Test Problem 4 [21]. This problem is 2—dimensional and it
is defined as

Fy(x) = (923 + 223 — 11)® + 3z, + 423 —7)%. (27)
Its solution is z* = (1,1) T with Fy(z*) = 0.

Test Problem 5 [21]. This problem is 4-dimensional and it
is defined as
Fy(z) = (x1+1022)% +5(x3 —24) +

(.’L’2 — 2(1,'3)4 + 10(.’L’1 — .7[34)4. (28)
Its solution is z* = (0,0,0,0) T with F5(z*) = 0.

Test Problem 6 [22]. This problem is 2—dimensional and it
is defined as

Fs(z) = 2:1:% + 3:6% +4z129 — 621 — 3To. (29)
Its solution is z* = (2, —1) T with Fs(z*) = —6.

Test Problem 7 [21]. This problem is 2—dimensional and it
is defined as

Fr(z) = —3803.84 — 138.0871 — 232.9225 +
123.082% + 203.64z3 + 182.252125. (30)

Its solution is z* = (0,1) T with Fy(z*) = —3833.12.

For all integer programming problems, the search space was
[—100, 100]™, where n is the dimension of the problem, and
the desired accuracy for detecting the global minimizer was
10~*. The swarm size was problem dependent and it was
equal to 100 for TP 1, equal to 10 for TP 2 and 6, equal to
70 for TP 3, and equal to 20 for the rest of the problems [6].

In order to avoid deterioration of the algorithms’ dynam-
ics, we let the particles assume real values and rounded their
components to the nearest integer only for the evaluation of
the objective function.

In all cases, the default PSO parameters, y = 0.729,
c1 = co = 2.05, were used [14]. Three UPSO variants
were investigated, namely, the main UPSO scheme with
u = 0.2and u = 0.5, as well as the scheme with mutation of



Table 1. Results for the minimax problems.
TP PSOg PSO1 UPSO1 UPSO2  UPSOm
Suc. 100 100 100 100 100
1 Mean 2538.20 2831.60 2187.20 2132.00 1993.80
St.D. 1134.02 1076.22 512.78 917.50 853.65
Suc. 100 100 100 100 100
2  Mean 2140.40 2628.60 2225.60 2153.40 1775.60
StD. 267.89 367.83 292.95 276.52 241.94
Suc. 100 100 100 100 100
3  Mean 1585.40 2359.40 1618.40 1476.60 1670.40
StD. 302.15 551.84 314.39 268.31 530.56
Suc. 100 100 100 100 100
4 Mean 7073.50 17027.50 7307.50 6484.00 12801.50
StD. 1672.71 4028.42 2098.91 1679.98 5072.11
Suc. 100 100 100 100 100
5 Mean 2003.20 2482.80 2040.60 1991.60 1701.60
StD.  230.23 323.75 253.60 241.78 184.92
Suc. 100 100 100 100 100
6 Mean 13370.00 36597.50 11081.00 9845.50 18294.50
St.D. 853.72 3458.00 660.11 497.93 2389.35
Suc. 100 100 100 100 100
7 Mean 2191.00 4292.50 3152.00 2687.50 3435.50
StD. 568.20 1872.03 1239.48 631.39 1487.60
Suc. 100 100 100 100 100
8 Mean 5825.50 8852.00 5063.00 4315.00 6618.50
St.D. 3486.59 2546.99 1012.11 859.57 2597.54
Suc. 100 100 100 100 100
9 Mean 1666.00 3373.00 2099.50 1679.50 2128.50
St.D. 427.58 1298.03 660.79 474.72 597.40
Suc. 79 99 98 93 100
10 Mean 5400.63 4336.87 3820.92 5057.53 3332.50
StD. 6765.86 2376.97 1817.98 7539.99 1775.41

Eq. (12) withu = 0.1, 73 ~ N(M, %), M = (0,...,0)T,
¥ = 021, 0 = 0.01, and I being the identity matrix. These
variants were selected due to their good performance in un-
constrained and dynamic optimization problems [7, 8]. We
will denote these variants as UPSO1, UPSO2, and UPSOm,
respectively.

UPSO’s performance was compared with the performa-
nce of the standard local and global PSO variant, which are
denoted as PSOI and PSOg, respectively. For the determi-
nation of the search direction £; of UPSO, as well as for the
local PSO variant, a ring neighborhood topology was used
with neighborhood radius equal to 1, in order to take full
advantage of its exploration properties.

For each test problem and algorithm, 100 experiments
were conducted, recording the success rate of each algo-
rithm, i.e., the number of experiments at which it detected
the solution with the desired accuracy, as well as the mean
and the standard deviation of the required function evalu-
ations. Moreover, a non—parametric Wilcoxon ranked sum
test was performed for each pair of algorithms in order to
investigate the statistical significance between their perfor-
mances in significance level 99%.

In Table 1, the results for the minimax problems are re-
ported with the best value per row being boldfaced, while in

Table 2. Wilcoxon ranked sum tests for the minimax prob-
lems.

PSOg PSOl UPSOl UPSO2 UPSOm

PSOg + — +
PSOI +

1 UPSOl1 -
UPSO2
UPSOm
PSOg
PSOI
2 UPSOl1
UPSO2
UPSOm
PSOg
PSOI
3 UPSOl
UPSO2
UPSOm
PSOg
PSOI1
4 UPSOl
UPSO2
UPSOm
PSOg
PSOI1
5 UPSOl1
UPSO2
UPSOm
PSOg
PSOI1
6 UPSOl
UPSO2
UPSOm
PSOg
PSOI
7 UPSOI1
UPSO2
UPSOm
PSOg
PSOI
8 UPSOI1
UPSO2
UPSOm
PSOg
PSOI
9 UPSOl1
UPSO2
UPSOm
PSOg
PSOI1
10 UPSO1 -
UPSO2
UPSOm +

+

I

+ o+
L+ 1|+
++++ ++++

4+ 1+ |+
I+ 4+ |+

o+ 4
L4+ |+

L4+ |+

L4+ |+

N o o T S B e N A e S
I e o | B S L o R e e R P e

H+++ ++++ +H|+++ +H|+++ H+++ HF++ HFE+ |+ A+
L+ |+ 4

LA 0|+ 4+ 1+ A+ R

|+ + +

+ 4
+
|

Table 2 the statistical hypothesis tests are given, with “4”
denoting statistically significant difference between the per-
formances of two algorithms. In all test problems, with the
exception of TP 10, all algorithms had a success rate of
100%. In TP 1, 2 and 5, UPSOm (UPSO with mutation)
outperformed the other algorithms, having also a statisti-
cally significant difference. In TP 3, 4, 6 and 8, UPSO2
(UPSO with v = 0.5) had the best performance, followed



Table 3. Results for the integer programming problems.

TP PSOg PSO1 UPSO1 UPSO2 UPSOm
Suc. 75 100 100 100 100

1 Mean 20440.00 39128.00 13152.00 11766.00 15923.00
StD. 6863.24 5128.45 1705.28 3804.07 2317.43
Suc. 100 99 100 100 98

2  Mean 696.10 864.95 677.30 683.20 618.06
StD. 728.96 189.23 133.91 864.77 255.07
Suc. 97 100 100 96 100

3  Mean 5159.07 20201.30 5818.40 4996.98 15556.10
StD. 1498.75 6826.75 1657.47 1818.31  6929.07
Suc. 100 100 100 100 100

4 Mean 353.60 401.20 390.40 370.20 309.80
StD. 119.59 130.85 108.11 117.71 89.56
Suc. 86 100 100 100 100

5 Mean 1652.09 3043.20 1658.00 1503.20 1933.20
StD.  793.17 783.74 419.85 372.56 522.24
Suc. 100 100 100 100 100

6 Mean 205.10 241.20 221.50 205.10 171.50
St.D. 61.72 91.72 67.10 66.93 50.26
Suc. 100 100 100 100 100

7 Mean 425.00 477.40 418.80 404.80 384.00
StD. 141.12 170.74 137.92 130.80 87.57

by UPSO1 (UPSO with u = 0.2), having statistically sig-
nificant difference between its performance and the perfor-
mance of the other algorithms. The global variant of the
standard PSO (PSOg) proved to be more efficient in TP 7
and 9, although, in the latter, there was no statistically sig-
nificant difference between its performance and the perfor-
mance of UPSO2. TP 10 proved to be the most difficult
for all algorithms, perhaps due to the large number of func-
tions. The success rate was reduced for all algorithms ex-
cept UPSOm, which had the best performance. Also, TP 10
was the only case where the standard local PSO (PSOI) out-
performed the global variant (PSOg) underlining the differ-
ence between their exploration ability, which is crucial in
such difficult problems. Summarizing the results for the
minimax problems, UPSOm and UPSO2 proved to be the
most promising schemes overall, in accordance with results
reported for different optimization problems [7, 8]. PSOg
proved to be competitive in a few problems, without always
having statistically significant difference from UPSO. Fi-
nally, in difficult test problems, UPSOm proved to be the
most efficient algorithm.

In Tables 3 and 4 the corresponding results and sta-
tistical hypothesis tests for the integer programming prob-
lems are reported. The rounding of the particles’ compo-
nents to the nearest integer for the evaluation of the ob-
jective function seems to introduce a peculiarity in the al-
gorithms’ dynamics. Two different real components that
are close can be rounded to the same integer, assigning to
different particles the same objective function. Obviously,
exploitation—based schemes can be affected by this proce-
dure, since they are more prone to move the particles faster
towards the best positions detected by the swarm. Thus,

Table 4. Wilcoxon ranked sum tests for the integer program-
ming problems.

PSOg PSOl UPSO1 UPSO2 UPSOm
PSOg +
PSO1
1 UPSOl1
UPSO2
UPSOm
PSOg
PSOI1
2 UPSO1
UPSO2
UPSOm —
PSOg
PSOI1
3 UPSOl1
UPSO2
UPSOm
PSOg
PSOI1
4 UPSOI1
UPSO2
UPSOm
PSOg
PSO1
5 UPSO1
UPSO2
UPSOm
PSOg
PSO1
6 UPSOI1
UPSO2
UPSOm
PSOg - -
PSO1 — -
7 UPSO1 — -
UPSO2 - + -
UPSOm — + -

++ 4+

| ++ |[++++
U A+
|+ 4 1

+H+++ H+H++ |+
L+ + ++H++ ]+
L+

I

+H+++ [+
U4+ 4 0|+
L+ 4+ |+

I e e

I ok s B o o o I S S

+
+
+

I+ 1|+
+

schemes that promote exploration were expected to have
better performance. This is indeed reflected in the results
reported in Table 3. PSOI (local PSO variant) had better
success rates than PSOg (global variant) in all but the last
test problem. Also, UPSO1 (u = 0.2), which promotes ex-
ploration rather than exploitation, was more competitive to
the “balanced” UPSO2 scheme (u = 0.5) than in the min-
imax problems, having the best performance in TP 2 and
3, while UPSO2 performed better in TP 1 and 5. UPSOm
had the best performance in the other problems, although
it did not have statistically significant difference in the last
test problem.

In general, both in minimax and integer programming
problems, the standard UPSO variants seemed to follow the
performance pattern of PSO, i.e., in problems where PSOI
has a good performance, UPSO schemes that promote ex-
ploration are more efficient, while in the other cases more
balanced schemes, such as UPSO2, proved to have better
performance. The overall good performance of UPSO with



mutation indicates that properly perturbed exploration—ba-
sed schemes of UPSO retain a good balance between explo-
ration and exploitation. This behavior is in accordance with
previously reported results in different static and dynamic
optimization problems [7, 8], thereby rendering UPSOm a
good default choice.

4. CONCLUSIONS

We investigated the performance of Unified Particle Swarm
Optimization on minimax and integer programming prob-
lems. Different variants of the algorithm were investigated
and compared with the standard Particle Swarm Optimiza-
tion algorithm. The results indicate that UPSO can tackle
efficiently problems of both types, outperforming in most
cases the standard PSO. Useful conclusions were also de-
rived regarding the performance of different UPSO variants,
as well as on the effect of rounding on the algorithms’ per-
formance in integer programming problems.
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