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Abstract Particle swarm optimization is a heuristic and 
stochastic technique inspiredby the flock of birds when look-
ing for food. It is currently being used to solve continuous 
and discrete optimization problems. This paper proposes a 
hybrid, genetic inspired algorithm that uses random muta-
tion/crossover operations and adds penalty functions to solve 
a particular case: the multidimensional knapsack problem. 
The algorithm implementation uses particle swarm for binary 
variables with a genetic operator. The particles update is 
performed in the following way: flrst using the iterative pro-
cess (standard algorithm) described in the PSO algorithm 
and then using the best particle position (local) and the best 
global position to perform a random crossover/mutation with 
the original particle. The mutation and crossover operations 
speciflcally apply to personal and global best individuáis. The 
obtained results are promising compared to those obtained 
by using the probability binary particle swarm optimization 
algorithm. 

Keywords Binary particle swarm optimization • 
Combinatory optimization • Multidimensional knapsack 
problem • Genetic operations 

1 Introduction 

Combinatory optimization research deals with problems that 
have a flnite number of outcomes (Korte and Vygen 2007). 
As part of the optimization process, the paper focuses on the 
solution that maximizes or minimizes speciflc fltness func
tions according to the following: 

min/max f(x), x e S (1) 

where S is a flnite set of possible solutions. 
The cost function (fltness function) / is an application 

from S into Oí 

/ : S -* Oí (2) 

When the problem is minimization (or maximization), the 
solution consists of flnding a valué s* that fulfllls: 

f(s*) = min f(st) or f(s*) = max/ fe ) (3) 
s¡eS s¡eS 

where s* is a global minimum. 
In computational theory, a decisión problem is a question 

in some formal system with a yes-or-no answer, depending 
on the valúes of some input parameters. Decisión problems 
are typically deflned in mathematical theory and computa
tional complexity as decidable or non-decidable problems, 
that is to say, It is possible to flnd a method that determines 
the existence of set containing an instance of the problem; 



some of the most important problems in mathematics are 
undecidable yet. 

The easiest solution for this kind of decisión problems is to 
choose between two alternatives: either 0 or 1. In this case, 
binary variables are used x e {0, 1} to design the process 
resolution. However, some issues emerge when using a high 
numbers of binary variables as this kind of decisión prob
lems are more difflcult to deal with. In the simplest versión 
of a linear decisión model, the evaluation of decisión pro
cess is basically to flnd a linear combination of the decisions 
assigned valúes (Kellerer et al. 2004). 

For example, this occurs in the Boolean Satisflability prob
lem (Zhang and Malik 2002), commonly referred as SAT. 
The solution to SAT is to flnd an interpretation that satisfles a 
given Boolean formula. More in deep, the problem requires 
to determine whether the variables of a given boolean for
mula can be consistently replaced by the valúes true or false. 
By doing so, the formula evaluates to true. If this is the case, 
the formula is called satisflable. On the other hand, if no 
such valúes assignment is found, the function expressed by 
the formula is false and unsatisflable. 

The 0-1 Knapsack problem (KP) is another example that 
falls into this category (Martello and Toth 1985). This con-
sists of placing a flnite number of objects in a knapsack, in 
which each object has an associated valué and volume; the 
solution not only should not exceed the capacity of the con
tainer but must also obtain the highest possible beneflt. 

This paper propose a hybrid algorithm, based on the meta-
heuristic particle swarm optimization (Kennedy and Eberhart 
1995), that addresses problems in discrete models, such as 
the multidimensional and the multi restricted Knapsack prob
lem. To show the robustness of the proposed algorithm in 
handling other problem types, in the further research, the 
algorithm must be tested and evaluated over other binary test 
problems. Moreover, statistical tests such as Friedman test 
must be employed to conflrm the performance of the pro
posed methods statistically. Finally, testing against existing 
non-PSO state-of-the-art methods is helpful in establishing 
the algorithms for general purposes. 

2 Knapsack problem 

Knapsack problem (KP) is a combinatorial optimization 
problem. Given a set of items with weight and valué, the prob
lem consists of flnding the number of items to be included 
in a knapsack so the total weight is less fhan or equal to 
a given threshold (knapsack capacity) and the total valué 
(worth) is as large as possible. This is a common problem 
that a traveler faces when traveling with a flxed-size knapsack 
that must host the most valuable items. This kind of known 
problems often appear in flelds such as combinatorics, com-

puter science, complexity theory, cryptography and applied 
mathematics (Martello and Toth 1990). 

The way to model it is as follows: 
Every decisión, i, is equal to 0 or 1 and the beneflt valué 

Pi > 0. WÍ represents the weight of the object. A set of 
decisions is feasible if the sum of all of them is not greater 
fhan the capacity C. This restriction can be checked in Eq. (4). 

n 

J2wixi < c (4) 
1 = 1 

The binary Knapsack problem solution consists of flnding 
the XÍ valúes obtain the maximal beneflt; see Eq. (5) (Kellerer 
et al. 2004). 

n 

max^piXi (5) 
¿=i 

where YTi=\ WÍXÍ ^ C w m i xi e (0> 1}, i = 1 , . . . , n. 
There are many other problems that are modeled in a sim

ilar way to the binary knapsack problem such as the flnancial 
portfolio optimization, dynamic job programming, employ-
ees hiring, logistic operations. 

There are also different variations of KP such as the mul
tidimensional knapsack problem (MKP), which has several 
restrictions and is more complicated to solve. This problem 
is currently classifled as NP-hard, see Labed et al. (2011), 
Wan and Nolle (2009) and it is formulated as follows: 

n 

max^piXi (6) 
¿=i 

where YA=IWÍJXÍ ^ Cj>j = l,---,m with x¿ e 
¡0,1},/ = l , . . . , n and C;- > 0, w¡;- > 0, pt > 0, 
wij < cj ^ E"=i u)ij,Vi,j-

Both kinds of problems have been approached by using 
linear programming and stochastic algorithms. According to 
Wan and Nolle (2009), stochastic algorithms have used less 
computational resources than linear programming obtain-
ing similar results. Furthermore, particle swarm optimization 
technique has been deployed in several optimization prob
lems such as combinatory optimization, travel salesman 
problem (TSP) and flow shop problems, see Parsopoulos and 
Vrahatis (2002b). 

2.1 Multidimensional KP and PSO 

The 0-1 multidimensional knapsack problem (MKP) is cat-
egorized as a difflcult NP-hard combinatorial optimization 
problem. Some population search algorithms try to solve 
these problems. Speciflcally, the particle swarm optimiza-



tion (PSO) model and its variants have proved to be a fairly 
good technique to deal with the MKP. 

The essential particle swarm optimization queen (EPSOq) 
is one of the recent discrete PSO versions that further simpli-
fies the PSO principies and improves its optimization ability. 
Hybridization is a principie in combining two (or more) 
approaches. By doing so, the resulting algorithm includes 
positive features of both (or all) the algorithms. Ktari and 
Chabchoub (2013) propose a new heuristic approach that is 
inspired from the Tabú Search and incorporated in the EPSOq 
algorithm in order to obtain an enhanced discrete PSO ver
sión. Experimentally, this approach is able to optimally 
choose a large-scale of strongly correlated binary valúes 
representing multidimensional knapsack problem (MKP) 
instances. Computational results show that TEPSOq has 
outperforms not only the EPSOq, but also other existing PSO-
based approaches and some other meta-heuristics in solving 
the 0-1 MKP. Furthermore, this algorithm is able to flnd 
extremely closed solutions and even to reach the best known 
results available in the literature. 

A more recent research (Haddar et al. 2016a) proposes a 
new hybrid heuristic approach that combines the quantum 
particle swarm optimization technique (Haddar et al. 2016b) 
with a local search method to solve the multidimensional 
knapsack problem. This approach also incorporates a heuris
tic repair operator that uses problem-speciflc knowledge 
instead of the standardpemlty function technique commonly 
used for constrained problems. Experimental results obtained 
on a wide set of benchmark problems clearly demónstrate 
the competitiveness of the proposed method compared to the 
state-of-the-art heuristic methods. 

Chin-Jung Lin proposes a novel PSO algorithm, the binary 
PSO based on surrogate information with proportional accel-
eration coefflcients (BPSOSIPAC) (Lin et al. 2016). The 
particles movement of BPSOSIPAC just reuses the propor
tional acceleration coefflcients from the traditional PSOs 
and incorpórate cognition and social learning factors, which 
reduces the possibilities of influencing the particles move
ment and the time of computing the velocity of the particles at 
each iteration. Simultaneously, it stably drives the quality of 
the MKPs benchmark problems toward the optimal direction 
in every experiment. The simulation and evaluation results 
showed that BPSOSIPAC is superior to the other methods 
in any case for low-dimensional or high-dimensional knap-
sackproblems. Thus, BPSOSIPAC is deflnitively apromising 
algorithm in solving multidimensional knapsack problems. 

3 Particle swarm optimization 

Particle swarm optimization (PSO) is a heuristic optimiza
tion technique introduced by Kennedy and Eberhart (1995). 
It is based on the evolution of an initial random set of points 

in a multidimensional space. This set is addressed as popu
lation. The population is moving over a searching space by 
an algorithm that looks for a solution. A particle is an ele-
ment of the population and represents a candidate solution to 
the problem. Kennedy and Eberhart (1997) introduced a new 
algorithm with binary and discrete variables. This approach 
is inspired by flocks of birds when moving to obtain food. The 
initial population and the evolutionary process are generated 
in the same stochastic way as the one in evolutionary algo
rithms; every single individual of the population is a particle 
with a speed and location (multidimensional coordinates). 

Particles are evolutionary solutions that move based on the 
combination of their best personal solution (pbest—personal 
best) and the best solution reached by their neighbor's parti
cles (Ibest—local best). When the neighborhood is designed 
following the standards of a star topology, the Ibest term is 
referred as gbest (global best) since all particles are neighbors 
(see Fig. 2). Furthermore, the performance (fltness function) 
of every particle is computed in every evolutionary step. 

In the binary problem, the particles are strings with 0's 
and l's so they can be used in a similar way than genetic 
algorithm individuáis. 

Initially, particles are randomly distributed in the problem 
domain, and they move along the searching space by using 
speciflc rules for each evolutionary step. The goal consists of 
obtaining the best solution (max or min fltness valué) moving 
(evolving) every particle closer to the neighbor that has the 
best fltness so far; in that way, it influences the other particles 
too; in that way, the algorithm updates the swarm of parti
cles in every evolutionary step by updating the position and 
velocity of every particle. 

3.1 Standard PSO model 

Let us define the following symbols to represent properties 
of a particle: 

- xi is the current position of particle i 
- vi is the current velocity of particle i 
- PBest is the personal best position of the particle 
- gBest is the global best particle 
- c\ e R is the personal influence (acceleration coefflcient) 
- C2 e R is the global influence (acceleration coefflcient) 
- r i and r2 are random numbers distributed using a uniform 

pattern on interval [0, 1]. 

With these notations, the formula to calcúlate a particle's 
velocity at time í + 1 (time is simulated using iteration num-
ber) is: 

Vi (t + 1) = Vi it) + C\ * n * Q?Best - Xi) 

+ C2*r2*(gBest-*í) (7) 



Fig. 1 Particle swarm 
optimization model: position 
update using a star topology 
(gBest) and an inertia w term 
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Fig. 2 Particle swarm 
topology: gBest (star) topology 
and ¿Best (ring) topology (from 
left to right) 

where, r\ and r2 are randomly generated for every veloc
ity update and 0 < ri, r2 < 1. Such parameters should 
be set with a different valué in each iteration. And c\, c2 

are user-deflned valúes called acceleration coefficients where 
0 < c\,C2 < 2. Their valué depends on the problem to be 
optimized. 

New particle position at time í + 1 just adds the newly 
calculated velocity to its current position at time t. In other 
words, the position now is the previous one adding its veloc
ity, see Fig. 1. 

Xi(t + V) = Xi(f) + Vi(t + 1) (8) 

Note that gBest refers to a star topology, see Fig. 2. 

Algorithm 1 Standard particle swarm optimization algo
rithm: update process. 
1: for Each time step t do 
2: for Each particle i in the swarm do 
3: update position x¡ (í + 1) using equations (7, 8) 
4: calcúlate particle fitness f(x¡ (t + 1)) 
5: update pBest and gBest 

6: end for 
7: end for 

3.1.1 Swarm topology 

gBest is used because the particles reside in a star topology 
neighborhood. This means that all particles are connected 
to each other, see Fig. 2. Another topology, the ¿Best swarm 
model, often referred to as a local topology, see Fig. 2 (right), 
constitutes perhaps the most signiflcant variation in the orig
inal PSO algorithm, and was in fact proposed in one of the 
very flrst PSO publications (Eberhart and Kennedy 1995). 
For one reason or another, this topology has not been widely 
used in the community up to this point. Original investi-
gations into this model using the original PSO algorithm 
showed inferior performance when compared to the global 
gBest model, or global topology, shown in Fig. 2 (left), but 
more recent research has revealed that ¿Best swarms return 
improved results across many standard problem sets when 
used in conjunction with other improvements to the algo
rithm (Kennedy and Mendes 2006). It is important to note 
that the local topology only affects Eq. (7), where: 

Vi (t + 1) = Vi {t) + C\ * n * (PBest - Xi) 

+ C 2 * r 2 * ( / B e s t - * i ) (9) 



Much of the PSO literature uses the term local topology to 
describe not just a single swarm model, but applies it to any 
swarm model without global communication. A number of 
different limited communication topologies have been tested 
with varying results; the ¿Best model shown is perhaps the 
simplest form of a local topology, what is known as the ring 
model, shown in Fig. 2 (right). The ¿Best ring model connects 
each particle to only two other particles in the swarm, in 
contrast to the gBest model where every particle is able to 
obtain information from the very best particle in the entire 
swarm population. 

The advantage of the ¿Best model appears to lie in its slower 
convergence rate relative to the gBest model. Having con
vergence take place when the swarm has found the global 
optimum is obviously beneflcial, but when the converged-
upon location is suboptimal, it is referred to as premature 
and is undesirable as it prevents the algorithm from escaping 
from an inferior local optimum. 

Ironically, it is the slower rate of convergence of the ¿Best 
model that is most responsible for the general disregard of it 
as an alternative up to this point. The much faster convergence 
of the gBest model seems to indicate that it produces superior 
performance, but this is misleading. While results for the 
gBest model are indeed superior for many problems relatively 
early in the optimization process, the best found fltness for 
the ¿Best model quite often surpasses that of the gBest after 
some number of function evaluations have been performed, 
particularly on multimodal problems. 

Despite the advantages of a local topology, it is important 
to note that it should not always be considered to be the 
optimal choice in all situations. The faster convergence rate of 
a global topology will usually result in better performance on 
simple unimodal problems than that of any local topology due 
to the lack of any danger of convergence on a suboptimal local 
minima. Even on some very complex multimodal problems, a 
gBest model swarm can deliver performance competitive with 
the ¿Best model, given proper circumstances. For thorough, 
rigorous results, tests should be run using both topologies, but 
in the interest of having a single standard PSO algorithm, the 
superior performance of the ¿Best model over the majority of 
benchmarks qualifles it as the better choice for cases where a 
straightforward means of comparison is desired. In any case, 
modern research performed using only swarms with a global 
topology is incomplete at best (Eberhart and Kennedy 1995; 
Kennedy and Mendes 2006). 

The inclusión of the local ring topology as part of a 
standard algorithm for particle swarm optimization comes 
with a caveat, however. Given the slower convergence of the 
¿Best model, more function evaluations are required for the 
improved performance to be seen. This is especially impor
tant on unimodal functions, where the fast convergence of the 
gBest model combined with a single minima in the feasible 

search space results in quicker performance than that of the 
gBest swarm with its limited communication. 

3.2 Binary PSO model 

Kennedy and Eberhart (1997) proposed a discrete binary ver
sión of PSO for binary problems. In their model, a particle 
will decide on yes or no, also this binary valúes can be a rep-
resentation of a real valué in binary search space. The binary 
model is based on the probability of making decisions. Mak-
ing a decisión is modeled as 1 (yes) or 0 (no). In the end, 
a particle can decide yes or no (1 or 0) based on its fltness 
valué and some probability rules. 

The probability P of getting a 1 in particle / in dimensión 
d at time t (represented by x¿d(í)) depends on: 

P(xid(t + 1) = 1) = fiXidit), vid{t), pid, pgd) (10) 

where: 

- Xid(t) is the status of the particle / in the position d 

- vid{t) is the velocity of the individual 
- pid is the best position of the particle /, found in the 

dimensión d 
- pgd is the best position of all its neighbors, with dimen

sión d 

In the binary PSO, the particles personal best and global 
best is updated as in continuous versión. The major differ-
ence between binary PSO with continuous versión is that 
velocities of the particles are rather deflned in terms of prob-
abilities that a bit will change to one. Using this deflnition a 
velocity must be restricted within the range [0, 1]. So a map 
is introduced to map all real-valued numbers of velocity to 
the range [0, 1]. New velocity v'id is computed as: 

1 
vid(t) = sigmoid(vid(t)) = - —-j- (11) 

1 + e ,j{ ' 

In order to update Vi¡¡(t), the following formula is used: 

Vid(t + 1) = Vid(t) 

+ (P\C\{Pid -Xid(t)) 

+ <P2(2(Pgd -Xid(t)) (12) 

where q>\ y cp2 represent cognitive and social factors fulfllling 
<Pi + <P2 = 4 and (ei, Q ) are independent random uniform 
numbers within (0, 1). 

The following equation updates the particle's position: 



where p¿ is an array of random numbers and s is a function 
that returns valúes within [0,1], which makes the function act 
as a threshold [similar to the sigmoid function, see Eq. (11)], 
which is widely used in neural networks. 

3.3 Model variante 

Regarding the PSO algorithm, different variants have been 
developed, aimed at speeding up the convergence of it. In 
addition to the unconstrained optimization problem in dis-
crete or continuous variable, the multitarget problem and the 
constrained problem have been addressed. The new guide-
lines are aimed at avoiding PSO stagnation of the local 
optimal solutions. 

Shi and Eberhart (1998) proposed adjustments to the 
velocities of the particles by using a factor w called iner
tial weight. This factor utilizes the inertia of the particles in 
the process of friction when they are moving. This modifl-
cation in the algorithm is done to control the search space. 
In order to do that, it must change (14). The large inertia 
weight makes the global search easier; however, small iner
tia weight does not improve local search. That is why was 
the initial valué is greater than 1.0 to promote global explo
ration and then gradually decreases to obtain more reflned 
solutions. The algorithm decreases linearly at each iteration. 
Moreover, the use of inertial weight removes the restriction 
Vmax on the velocity. 

«?> = wvf + c^ipf - x?) + c2e2 (g? - xf) (14) 

In each iteration, inertia weight decrease linearly through 
the following expression: 

g 
w = wmax - (wmax - wmin)— (15) 

Lr 

g is the index of the generation, G is the máximum number of 
iterations previously determined, wmax is a valué greater than 
1, and wmin a valué under 0.5. This variation of the method 
has proven to accelerate convergence. 

Term velocity clamping has not been previ ously included, 
but it is necessary to restrain velocity updates. Without doing 
so, particles would move too far from the search space, ignor-
ing the current solution. If the search space has a range 
[—*max, *max], then the velocity should also have a range 
[-Umax, Umax]. Our proposal for vmax isk*xmax ,k being the 
clamping factor between 0.1 and 1. The máximum veloc
ity works as a constraint to control the global exploration 
of a swarm. If the valué is too high, particles might bypass 
good solution and the exploration would be poor. On the 
other hand, slow particles might only be searching locally 
which would be good for local solutions but not for flnding 
a global one; this means that the exploiting process becomes 

poor too. Balancing between exploration and exploitation 
considerably improves PSO. Introducing an inertia weight, 
for example, would sort that out. 

Clerc and Kennedy (2002) obtain another variation in the 
speed calculation. A constriction factor / is introduced with 
that purpose, This factor depends on the constants that are 
used when calculating speed. This factor affects the formula 
(14). The aim is to avoid the explosión of velocity: 

»? = x[v<¡) + ciei(pV-xJP)+c2e2(gV-xy)\ 

(16) 

X is: 

2 
X = 1 „ (p = a + c2 = 4.1 

| 2 - ^ - V ^ 2 - 4 ^ | 

The results are: x = 0.729 and c\ = c2 =2.05. These 
parameters were obtained performing several tests. 

X factor is similar to the inertial weight. This means that 
controlling the velocity with V(max) is not required when x 
is used. Bratton and Kennedy (2007), analyzed the stability 
of this algorithm by using these valúes and by following a 
comparative study of bofh PSO algorithms (inertial weight 
and x factor). Bofh of fhem are mathematically equivalent, in 
particular the algorithm with constriction factor is a special 
case of the inertial weight. Moreover, Parsopoulos and Vra-
hatis (2002a) combined both for problems with constraints 
and they obtained equally good results in several tests. 

We observe that the convergence always becomes slower 
when problem size increase, so when it comes to high-
dimensional problems, a larger number of iterations occurs. 
Korenaga et al. (2007) developed a PSO model, where veloc
ity valúes are updated, by considering the rotation of the 
coordinate system. This model is aimed at problems of high 
dimensionality and it showed good results when applied to 
all functions of Potter and Jong (1994). 

4 Adapting PSO to the MKP 

One of the constraints The MKP problem (6) has is that 
variables can only be equal to either 0 or 1. When running 
PSO, every particle p are set to either 0 or 1. According to 
Wang et al. (2008), there are different ways to solve the con
straint problem such as the use of penalty functions method, 
the greedy algorithm or the Surrogate Duality method (Li 
and Sun 2006). When working with constraints {gj (x)}, the 
penalty functions <p are the most commonly used. These func
tions return some degree of solution unfeasibility when the 
violation of a constraint occurs. 



P = £max(0,g ;-CE)) (17) 
7 = 1 

where the fitness function of a given particle p¿ is: 

fltness(pi) = f(xY +<P
i (18) 

If there is no constraint violation, then <pl is equal to zero. 
Michalewicz and Schoenauer (1996) show several types of 
penalty-based algorithms such as static ones, dynamic ones 
and adaptative ones. Each one of fhem has advantages and 
disadvantages. 

As this problem involves linear restrictions and binary 
variables, the most simple method is proposed in this paper 
which is the one that uses the penalty function (17). The 
functions output is multiplied by a big constant number— 
KMAX, and then, the result is evaluated as shown in (18). 

In order to solve MKP with PSO this work has been 
inspired by Hembecker et al. (2007) who used PSO with-
out optimized parameters to deal with the multirestriction 
problem with a penalty method. Tests were carried out for a 
sample of data: (Shizuo Senju 1968; Weingartner and Ness 
1967; Shih 1979), and the results were fairly closed to the 
optimal ones. Furthermore, Wan andNolle (2009) introduced 
a hybrid algorithm which used a known operator based on 
heritage (random bits of the "parent" particle gbest y Ibest 
were copied over to the "children" particles). On top of this, 
fhey used a mutation operator which updated a bit randomly 
by using a flx mutation rate equal to 0.33. The particles then 
were forced to fulflll all the constraint by deploying a repair-
ing operator. With all theseupdates, they also reached optimal 
results for high-dimensional types (Chu and Beasley 1998). 
A different approach was tried by Wang et al. (2008), who 
presented a new strategy to update the particle position by 
using alinear function L(x), with parameters ,Rmin and /?max-
Wang also used random numbers generation processes to 
transform a vector of real numbers into a vector of binary 
valúes. 

4.1 Proposed algorithm (HPSOGO) 

the current solution (note that M is the dimensión of a 
given particle). 

(c) Another random number rand.2 within (1, M) is cre-
ated; this valué is the number of components to be 
replaced by the optimal ones (best particle among the 
whole swarm) in the current solution. 

The update process in item (a) is what is normally 
used in PSO. Updates items (b) and (c) are similar to the 
crossover/mutation operations which are commonly used in 
genetic algorithms. Figure 3 shows operations (b) and (c). 

Algorithm 2 Hybrid particle swarm optimization algorithm 
using binary variables. 

1 
2 
3 
4 
5 
6 
7 

9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 

Init population {x'} in the domain interval 
for Each particle i in the swarm do 

if ( / (*) > f(p)) then 
for (d = 1 until D) do 

Vid = *id 
end for 

end if 

g = i 
for j e J do 

if (/(/>;) > / 0 > g ) ) then 

(g = j) 
end if 

end for 
for d = 1 until D do 

Vid(t) = vid(t - 1) +C\£\(pid -xid(t • 
+C2¿2(gd ~ *id(t ~ 1)) 

ií(Pid < s (vid (t))) then 
*id = 1 
if not x¡d = 0 

end if 
end for 
nmut = rand(\, M) 
for j = 1 until nmut do 

fe = rand{\, M) 

*ik = Pik 
end for 
nmut = rand(\, M) 
for j = 1 until nmut do 

fe = rand{\, M) 

*ik = gk 
end for 

end for 

D)+ 

The proposed implementation, see Algorithm 2, uses PSO for 
binary variables, although the particles update is performed 
in three different ways: 

(a) An iterative process that uses (12) y (13) to upgrade 
all the components of the particles. The vector compo
nents pi are random numbers which are generated in the 
program. 

(b) A random number rand\ within the interval (1, M) is 
generated; this valué is the number of components to be 
replaced by the optimal ones (best personal particle) in 

5 Experiment and results using ORLib 
benchmarks 

Benchmark data samples were obtained from known prob-
lems (Shizuo Senju 1968; Weingartner andNess 1967; Shih 
1979). This section attempts to apply benchmark data sets 
to model evaluation. Proposed algorithm (HPSOGO) was 
tested using several groups of MKP benchmarks selected 
from OR-Library (Beasley 1990). The flrst group contains 10 



Fig. 3 Genetic mutation over a 
current particle: 2 random bits 
from pBest and 1 random bit 
from gBest are copied to the 
current particle 

pBest particle 

1 0 1 0 1 0 1 1 

modified current particle 

gBest particle 

0 1 1 1 0 0 1 1 

Table 1 Results after applying the algorithm to the Weing data set Table 3 Results after applying the algorithm to the Weish data set 

Prob. weing n m Optimal It Best obtained gap Prob. weish n m Optimal It Best obtained gap 

28 

28 

28 

28 

28 

28 

105 

105 

141.278 

130.883 

95.677 

119.337 

98.796 

130.623 

1095.445 

624.319 

360 

360 

2.000 

2.000 

539 

539 

7.000 

7.000 

141.278 

130.883 

95.677 

119.337 

98.796 

130.623 

1094.192 

615.927 

0 

0 

0 

0 

0 

0 

0.11 

1.34 

Table 2 Results after applying the al jorithm to the Sentó data set 

Prob. sentó n m Optimal It Best obtained gap 

1 60 

2 60 

30 

30 

7.772 

8.722 

3.605 

5.000 

7.772 0 

8.722 0 

benchmark problems and corresponds to "SENTÓ" (Shizuo 
Senju 1968) and "WEING" (Weingartner and Ness 1967). 
The second group contains 30 benchmark problems and cor
responds to "WEISH" (Shih 1979). 

The algorithm was built-in wxDev-C++ and executed 20 
times. The swarms had 15 particles. Results are described 
in Tables 1, 2 and 3. It also shows the number of variables 
(«), number of constraints (m), the optimal known valué, the 
average number of iterations (it), the optimal valué obtained 
after 20 executions and the gap. Indeed, for the set of the 
instances tested in this paper the optimal valué is already 
known. This last valué is used to measure the error (opti
mal valué known, optimal valué found) and it is calculated 
according to the following expression. 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

30 

30 5 4.554 1.000 4.554 

30 5 4.536 1.000 4.536 

30 5 4.115 1.000 4.115 

30 5 4.561 1.000 4.561 

30 5 4.514 500 4.514 

40 5 5.557 1.000 5.557 

40 5 5.567 500 5.567 

40 5 5.605 1.000 5.605 

40 5 5.246 500 5.246 

50 5 6.339 1.000 6.339 

50 5 5.643 2.000 5.643 

50 5 6.339 1.000 6.339 

50 5 6.159 1.000 6.159 

60 5 6.954 1.500 6.954 

60 5 7.486 1.500 7.486 

60 5 7.289 2.000 7.289 

60 5 8.633 2.000 8.633 

70 5 9.580 1.500 9.580 

70 5 7.698 2.000 7.698 

70 5 9.450 4.000 9.450 

70 5 9.074 7.000 9.074 

80 5 8.947 5.400 8.947 

80 5 8.344 5.850 8.344 

80 5 10.220 7.000 10.220 

80 5 9.939 7.000 9.939 

80 5 9.584 8.094 9.563 

90 5 9.819 7.197 9.819 

90 5 9.492 7.197 9.398 

90 5 11.191 7.000 11.191 

0 

o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 
o 

0.21 

o 
0.99 

0 

gap 
optimal valué - best found 

optimal valué 
(19) 

If the valué is 0, the optimal solution is found. Note that 
weing7 and weingS did not obtain the best solution after 20 
executions of their algorithm. However in different times, 
the algorithm was able to flnd the optimal solutions after 



Table 4 Results after applying 
the proposed algorithm 
(HPSOGO) to four problems, in 
comparison with PBPSO 

Prob. Optimal Algorithm Best 
obtained 

Success rate (%) Average fitness Average execution time 

Sentó 1 7.772 PBPSO 7.772 5 7.6959 3.158 

n = 60 HPSOGO 7.772 25 7.7339 3.605 

m = 3 0 

Sento2 8.722 PBPSO 8.772 5 8.651 2.221 

n = 60 HPSOGO 8.722 10 8.6893 5.000 

m = 3 0 

Weishl2 6.339 PBPSO 6.339 45 6.33175 1.436 

« = 50 HPSOGO 6.339 35 6.30505 1.000 

m = 5 

Weish20 9.450 PBPSO 9.450 5 9.36205 3.652 

« = 50 HPSOGO 9.450 10 9.39835 4.000 

m = 5 

Bold valúes represent best obtained result 

20 executions. This occurred due to the inherent stochastic 
nature of the technique. 

Table 4 shows results using HPSOGO with benchmark 
problems sentol, sento2, weishl2 and weish20, so it is pos-
sible to compare them with the ones obtained by Wang 
et al. (2008) after executing the probability binary particle 
swarm optimization algorithm (PBPSO). The entries are: 
problem's ñame, optimal known valué, applied algorithm, 
optimal obtained solution, success rate after 20 independent 
executions, optimal valúes average after 20 executions and 
average number of iterations after 20 executions. 

After applying the proposed algorithm (HPSOGO) in all 
the cases, the optimal valué was returned (same as with 
PBPSO). It is noticeable a good performance in the proposed 
algorithm, although the number of iterations get higher than 
the ones of PBPSO (mainly because this worked with a 60 
particles population). If each particle is evaluated for every 
iterativestep, 2.221 iterations of PBPSO make 133.260 func
tions be evaluated; when 5.000 iterations of the proposed 
algorithm with 15 particles are evaluated, 75.000 functions 
are checked. Furthermore, it showed a better performance 
than Kennedy and Eberhart algorithms Kennedy and Eber-
hart (1997), Shen et al. (2004) and Hembecker et al. (2007), 
for the same particular problems. 

5.1 Comparison with recent research 

These benchmark instances were likewise solved using other 
existing PSO algorithms: BPSOTVAC (Chih et al. 2014), 
CBPSOTVAC (Chih et al. 2014), BPSOSIPAC (Lin et al. 
2016) and PBPSO (Wang et al. 2008). Previous methods 
have considered 0-1 MKP benchmark instances where the 
optimal solution is known. In order to fairly compare the pro
posed algorithm with that in the previous studies, we mainly 
followed the measures and parameter settings which are the 

same as the different existing algorithms used in their original 
works. Thus, the comparison among these PSO algorithms 
was performed based on flve performance measures used in 
Chih et al. (2014): success rate (SR)—the valué enclosed 
in parentheses is the quality measure (standard error) of the 
corresponding estímate—, mean absolute percentage error 
(MAPE), least error (LE) and standard deviation (SD). SR is 
the number of runs out of all of the executions that produce 
the optimum solution within the termination criterion. MAD 
is the average of the absolute difference between the simula-
tion data and the given optimal solution. MAPE is obtained 
by dividing MAD by the corresponding optimal solution and 
usually expresses the accuracy as a percentage. LE is the 
least error obtained by the minimum of absolute difference 
between the optimum solution and final solution. SD is the 
standard deviation of final solutions over runs. 

Based on the results of Table 5, the average 85.9% SR 
of HPSOGO is superior to the average below 64.8% SR of 
MBPSO, CBPSOl, BPSOTVAC and CBPSOTVAC for the 
sentó and weish. Based on the results, the average 0.4% SR of 
HPSO is superior to the average 0% SR of BPSOTVAC and 
CBPSOTVAC. In addition, HPSOGO is superior to MBPSO, 
CBPSOl, BPSOTVAC and CBPSOTVAC on the measure of 
MAD, MAPE, LE and SD. Therefore, BPSOSIPAC outper
forms the other four PSOs in terms of the four criteria. 

HPSOGO was compared with the PSO algorithms for the 
weing problems. Simulation results are shown in Table 5. 
Based on the results, the average 100% SR of HPSOGO is 
superior to the average below 74.8 SR of BPSO, SCPSO and 
CBPSOTVAC. In addition, HPSOGO is superior to BPSO, 
SCPSO and CBPSOTVAC on the measure of SR, MAPE, LE 
and SD. Therefore, HPSOGO outperforms the other PSOs in 
terms of the four criteria. 

HPSOGO and BPSOSIPAC have a similar performance. 



Table 5 Comparing proposed 
algorithm with the MBPSO, 
CBPSOl, BPSOTVAC, 
CBPSOTVAC and BPSOSIPAC 
algorithms proposed in Chih 
et al. (2014) 

Problem #Knapsacks #Items Algorithm SR MAPE LE 

Sentó 1 30 

Sento2 30 

Weingl 

Weing2 

Weing3 

Weing4 

Weing5 

Weing6 

60 

60 

28 

28 

28 

28 

28 

28 

SD 

MBPSO 0.16(0.04) 0.0058 (0.0006) 229 43.23 

CBPSOl 0(0) 0.026 (0.001) 302 49.92 

BPSOTVAC 0.57 (0.05) 0.0011 (0.0001) 34 11.52 

CBPSOTVAC 0.39 (0.05) 0.021 (0.007) 3146 357.78 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 0.25 (0.01) 0(0) 35 9.21 

MBPSO 0.03 (0.02) 0.0029 (0.0002) 81 18.8 

CBPSOl 0(0) 0.012 (0.0003) 150 25.78 

BPSOTVAC 0.27 (0.04) 0.001 (0.0001) 38 7.04 

CBPSOTVAC 0.2 (0.04) 0.0063 (0.0012) 633 101.03 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 0.1 (0.02) 0(0) 52 8.01 

MBPSO 0.82 (0.04) 0.0008 (0.0002) 801 250.43 

CBPSOl 1(0) 0(0) 0 0 

BPSOTVAC 1(0) 0(0) 0 0 

CBPSOTVAC 0.92 (0.03) 0.0004 (0.0002) 1961 281.98 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.65 (0.05) 0.0009 (0.0002) 1700 314.08 

CBPSOl 1(0) 0(0) 0 0 

BPSOTVAC 1(0) 0(0) 0 0 

CBPSOTVAC 0.88 (0.03) 0.0009 (0.0004) 3341 545.5 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.11(0.03) 0.0112(0.0009) 3500 876.78 

CBPSOl 1(0) 0(0) 0 0 

BPSOTVAC 0.92 (0.03) 0.00007 (0.00003) 160 25.53 

CBPSOTVAC 0.75 (0.04) 0.0019 (0.0007) 3789 672.42 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.76 (0.04) 0.0049(0.0011) 4001 1270.8 

CBPSOl 1(0) 0(0) 0 0 

BPSOTVAC 1(0) 0(0) 0 0 

CBPSOTVAC 0.97 (0.02) 0.0004 (0.0003) 3774 378.58 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.52 (0.05) 0.017 (0.002) 4778 1923.5 

CBPSOl 1(0) 0(0) 0 0 

BPSOTVAC 1(0) 0(0) 0 0 

CBPSOTVAC 0.94 (0.02) 0.0009 (0.0006) 4728 572.82 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.36 (0.05) 0.0023 (0.0002) 1340 322.4 

CBPSOl 1(0) 0(0) 0 0 

BPSOTVAC 0.97 (0.02) 0.00009 (0.00005) 390 66.86 

CBPSOTVAC 0.87 (0.03) 0.0007 (0.0003) 2460 343.45 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 



Table 5 continued 
Problem #Knapsacks #Items Algorithm SR MAPE LE 

Weing7 

Weing8 

Weishl 

Weish2 

Weish3 

Weish4 

Weish5 

Weish6 

105 

105 

30 

30 

30 

30 

30 

40 

SD 

MBPSO 0.02 (0.01) 0.0006 (0.0001) 6111 1130.6 

CBPSOl 0(0) 0.0308 (0.0005) 42,425 5002 

BPSOTVAC 0(0) 0.00026 (0.00004) 2069 383.74 

CBPSOTVAC 0(0) 0.011 (0.003) 154,486 30,020 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0.11 (0.3) 0 0 

MBPSO 0.03 (0.02) 0.0095 (0.0008) 44,731 4704.3 

CBPSOl 0(0) 0.234 (0.004) 160,402 15,988 

BPSOTVAC 0.35 (0.05) 0.0030 (0.0003) 6463 2000.9 

CBPSOTVAC 0.20 (0.04) 13.7 (13.6) 623,862 75,169 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 1.34 (1.36) 0 0 

MBPSO 0.82 (0.04) 0.0024 (0.0006) 114 26.34 

CBPSOl 1(0) 0(0) 0 0 

BPSOTVAC 1(0) 0(0) 0 0 

CBPSOTVAC 0.94 (0.02) 0.0012 (0.0008) 248 32.81 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.55 (0.05) 0.0018 (0.0004) 123 18.01 

CBPSOl 0.79 (0.04) 0.00023 (0.00005) 5 2.04 

BPSOTVAC 0.64 (0.05) 0.00040 (0.00005) 5 2.41 

CBPSOTVAC 0.66 (0.05) 0.0009 (0.0005) 231 23.12 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.63 (0.05) 0.0051 (0.0009) 141 34.98 

CBPSOl 1(0) 0(0) 0 0 

BPSOTVAC 0.99 (0.01) 0.00015 (0.00015) 63 6.3 

CBPSOTVAC 0.95 (0.02) 0.0024 (0.0014) 394 52.69 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.96 (0.02) 0.0004 (0.0002) 56 8.99 

CBPSOl 1(0) 0(0) 0 0 

BPSOTVAC 1(0) 0(0) 0 0 

CBPSOTVAC 0.99 (0.01) 0.0023 (0.0023) 859 85.9 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.99 (0.01) 0.00012 (0.00012) 54 5.4 

CBPSOl 1(0) 0(0) 0 0 

BPSOTVAC 1(0) 0(0) 0 0 

CBPSOTVAC 0.98 (0.01) 0.0021 (0.0019) 742 74.45 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.32 (0.05) 0.0028 (0.0003) 56 14.39 

CBPSOl 0.65 (0.05) 0.00098 (0.00014) 34 7.92 

BPSOTVAC 0.59 (0.05) 0.00121 (0.00015) 18 8.19 

CBPSOTVAC 0.53 (0.05) 0.0044 (0.0016) 518 79.28 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 



Table 5 continued 
Problem #Knapsacks #Items Algorithm SR MAPE LE 

Weish7 

Weish8 

Weish9 

WeishlO 

Weishll 

Weishl2 

Weishl3 

Weishl4 

40 

40 

40 

50 

50 

50 

50 

60 

SD 

MBPSO 0.64 (0.05) 0.0018 (0.0003) 122 18.92 

CBPSOl 0.83 (0.04) 0.0006 (0.0001) 25 7.79 

BPSOTVAC 0.96 (0.02) 0.00013 (0.00006) 18 3.45 

CBPSOTVAC 0.78 (0.04) 0.0036 (0.0014) 511 71.95 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.44 (0.05) 0.0013 (0.0002) 72 13.07 

CBPSOl 0.64 (0.05) 0.00013 (0.00002) 2 0.96 

BPSOTVAC 0.79 (0.04) 0.00008 (0.00001) 2 0.82 

CBPSOTVAC 0.68 (0.05) 0.0016 (0.0008) 418 42.81 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.78 (0.04) 0.0021 (0.0005) 200 25.65 

CBPSOl 0.96 (0.02) 0.0003 (0.0001) 34 6.69 

BPSOTVAC 1(0) 0(0) 0 0 

CBPSOTVAC 0.85 (0.04) 0.0027 (0.0014) 641 65.7 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.56 (0.05) 0.0017 (0.0004) 83 22.17 

CBPSOl 0.07 (0.03) 0.0068 (0.0005) 141 33.65 

BPSOTVAC 0.91 (0.03) 0.0002 (0.0002) 68 9.56 

CBPSOTVAC 0.67 (0.05) 0.0102 (0.0037) 1394 188.63 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.4 (0.05) 0.0053 (0.0008) 167 43.95 

CBPSOl 0.05 (0.02) 0.0144 (0.0008) 191 47.06 

BPSOTVAC 0.88 (0.03) 0.0013 (0.0005) 113 25.72 

CBPSOTVAC 0.62 (0.05) 0.028(0.011) 2245 403.03 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.65 (0.05) 0.0026 (0.0006) 226 35.68 

CBPSOl 0.09 (0.03) 0.0092 (0.0007) 191 42.35 

BPSOTVAC 0.89 (0.03) 0.00005 (0.00003) 19 1.91 

CBPSOTVAC 0.71 (0.04) 0.020 (0.006) 1497 304.43 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 0.35 (0.01) 0(0) 34 3.83 

MBPSO 0.87 (0.03) 0.0014 (0.0004) 155 25.19 

CBPSOl 0.15 (0.04) 0.0098 (0.0007) 159 40.97 

BPSOTVAC 1(0) 0(0) 0 0 

CBPSOTVAC 0.85 (0.04) 0.0075 (0.0039) 1725 180.04 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.66 (0.05) 0.0023 (0.0004) 100 25.95 

CBPSOl 0(0) 0.031 (0.001) 347 66.79 

BPSOTVAC 0.98 (0.01) 0.00089 (0.00006) 31 4.36 

CBPSOTVAC 0.79 (0.04) 0.021 (0.007) 2127 364.66 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 



Table 5 continued 
Problem #Knapsacks #Items Algorithm SR MAPE LE 

Weishl5 

Weishl6 

Weishl7 

Weishl8 

Weishl9 

Weish20 

Weish21 

Weish22 

60 

60 

60 

70 

70 

70 

70 

SD 

MBPSO 0.72 (0.05) 0.0014 (0.0002) 70 18.64 

CBPSOl 0(0) 0.0266 (0.0008) 359 59.99 

BPSOTVAC 1(0) 0(0) 0 0 

CBPSOTVAC 0.8 (0.04) 0.030(0.011) 2978 554.35 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.44 (0.05) 0.0011 (0.0002) 87 17.49 

CBPSOl 0(0) 0.0195 (0.0007) 259 47.07 

BPSOTVAC 0.54 (0.05) 0.00016 (0.00002) 8 1.71 

CBPSOTVAC 0.43 (0.05) 0.023 (0.006) 1931 367.29 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.56 (0.05) 0.0007 (0.0001) 41 7.38 

CBPSOl 0(0) 0.0107 (0.0004) 170 32.79 

BPSOTVAC 1(0) 0(0) 0 0 

CBPSOTVAC 0.72 (0.05) 0.011 (0.003) 1035 227.16 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.38 (0.05) 0.0015 (0.0002) 94 18.4 

CBPSOl 0(0) 0.0278 (0.0006) 367 54.01 

BPSOTVAC 0.75 (0.04) 0.00029 (0.00005) 15 5.25 

CBPSOTVAC 0.53 (0.05) 0.011 (0.003) 1595 275.53 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.55 (0.05) 0.0027 (0.0004) 149 33.67 

CBPSOl 0(0) 0.059 (0.001) 615 83.65 

BPSOTVAC 0.65 (0.05) 0.0006 (0.0001) 35 7.13 

CBPSOTVAC 0.62 (0.05) 0.028 (0.009) 3060 489.37 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.53 (0.05) 0.0011 (0.0002) 69 15.99 

CBPSOl 0(0) 0.037 (0.001) 528 89.41 

BPSOTVAC 0.78 (0.04) 0.0004 (0.00008) 20 7.53 

CBPSOTVAC 0.69 (0.05) 0.015 (0.005) 2482 410.74 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 0.1 (0.01) 0(0) 52 15.01 

MBPSO 0.61 (0.05) 0.0019 (0.0003) 88 24.97 

CBPSOl 0(0) 0.039 (0.001) 499 84.42 

BPSOTVAC 0.74 (0.04) 0.0007 (0.0001) 24 10.41 

CBPSOTVAC 0.67 (0.05) 0.016 (0.005) 2574 378.38 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.33 (0.05) 0.0033 (0.0004) 112 31.55 

CBPSOl 0(0) 0.082 (0.001) 935 94.69 

BPSOTVAC 0.16 (0.04) 0.00169 (0.00007) 18 6.63 

CBPSOTVAC 0.17 (0.04) 0.024 (0.007) 3063 486.71 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 



Table 5 continued 
Problem #Knapsacks #Items Algorithm SR MAPE LE 

Weish23 

Weish24 

Weish25 

Weish26 

Weish27 

Weish28 

Weish30 

90 

90 

90 

90 

SD 

MBPSO 0.24 (0.04) 0.0036 (0.0004) 126 35.43 

CBPSOl 0(0) 0.087 (0.002) 902 119.64 

BPSOTVAC 0.85 (0.04) 0.00013 (0.00006) 36 5.11 

CBPSOTVAC 0.58 (0.05) 0.026 (0.007) 3114 437.23 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.27 (0.04) 0.0017 (0.0002) 70 18.09 

CBPSOl 0(0) 0.0373 (0.0006) 499 56.96 

BPSOTVAC 0.7 (0.05) 0.00029 (0.00006) 31 6.44 

CBPSOTVAC 0.55 (0.05) 0.012 (0.003) 1841 295.79 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.29 (0.05) 0.0015 (0.0001) 61 13.39 

CBPSOl 0(0) 0.0475 (0.0009) 648 86.21 

BPSOTVAC 0.49 (0.05) 0.00045 (0.00007) 24 7.09 

CBPSOTVAC 0.32 (0.05) 0.013 (0.004) 2321 361.88 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.31 (0.05) 0.0028 (0.0002) 114 24.27 

CBPSOl 0(0) 0.103 (0.001) 1122 126.39 

BPSOTVAC 0.36 (0.05) 0.0012 (0.0001) 47 12.81 

CBPSOTVAC 0.28 (0.04) 0.04 (0.01) 4084 710.77 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0.21 (0.0005) 0 0 

MBPSO 0.65 (0.05) 0.0024 (0.0005) 203 48.62 

CBPSOl 0(0) 0.109(0.001) 1205 120.34 

BPSOTVAC 0.99 (0.01) 0.00004 (0.00004) 39 3.9 

CBPSOTVAC 0.83 (0.04) 0.028 (0.009) 3915 640.43 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

MBPSO 0.64 (0.05) 0.0016 (0.0003) 144 26.72 

CBPSOl 0(0) 0.115(0.002) 1266 122.32 

BPSOTVAC 0.87 (0.03) 0.00031 (0.00008) 23 7.77 

CBPSOTVAC 0.62 (0.05) 0.06 (0.02) 4387 887.33 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0.99 (0.43) 0 0 

MBPSO 0.38 (0.05) 0.001 (0.0001) 57 14.48 

CBPSOl 0(0) 0.0516 (0.0009) 760 87.58 

BPSOTVAC 0.87 (0.03) 0.00005 (0.00001) 4 1.35 

CBPSOTVAC 0.63 (0.05) 0.021 (0.005) 2836 491.81 

BPSOSIPAC 1(0) 0(0) 0 0 

HPSOGO 1(0) 0(0) 0 0 

Bold valúes represent best obtained result 



6 Conclusión 

This paper proposes a new binary algorithm, HPSOGO, to 
solve the multidimensional knapsack problem. This algo
rithm has proven to be effective in terms of performance in 
comparison with other PSO-based algorithms. The proposed 
algorithm flnds the optimal solution by evaluating the func-
tions a smaller number of times. All benchmarks are based 
on multidimensional constraints. Furthermore, it a very man-
ageable algorithm, easy to implement, adaptable to discrete 
structures and it does not require parameters' adjustment. 

In this study, a novel PSO algorithm, named HPSOGO , 
has been used to solve the MKPs. Several benchmark prob-
lems (Sentó, Weing, Weish) firom OR-Library were tested, 
and the results were compared with other existing PSO algo
rithms. Benchmarks used in HPSOGO are based on the 
multidimensional constraints. 

The major conclusión is that this binary algorithm has 
proven to be effective in terms of performance in compari
son with the other PSO-based algorithms. Our proposal flnds 
the optimal solution by evaluating the functions a fairly small 
number of times. Furthermore, it is a very manageable algo
rithm, easy to implement, adaptable to discrete structures and 
it does not require parameters' adjustment. 

Although the proposed algorithm works very well for 
MKP, further research needs to be conducted when dealing 
with other problems not MKP related before speaking about 
universality and robustness, the proposal must be tested and 
evaluated in other binary problems. In addition, the algorithm 
should increase the success rate in high-dimensional knap
sack problems. Finally, comparing with theexisting non-PSO 
state-of-the-art methods is helpful in establishing the algo
rithm for general purposes. 
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