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Abstract In standard (static) optimization problems, metaheuris-
tics converge near to an optimum, but this solution usually
Many real-world optimization problems are dynamic. loses its diversity in the intensification stage. Therefore,
These problems require from powerful methods to adapt tothese methods lack from an adaptation capability regarding
problem modifications over time. Most applied research on to problem domain changes [3]. Restarting the search pro-
metaheuristics has focused on static (hon-changing) opti- cedure after changes is the simplest way to deal with dy-
mization problems and these methods often lack from adap-namic environments. Nevertheless, subsequent events will
tation strategies. Particle filters are sequential Monte Carlo be processed as unrelated in this approach, thus rejecting
estimation methods which can be applied to Bayesian filte-useful information and increasing the computation time.
ring for nonlinear and non-Gaussian discrete-time dynamic  Assuming non-random changes, the new optimum loca-
models. In this paper, we propose a general method to hy-tion should be related with the solution of the previous pro-
bridize population-based metaheuristics (PBM) and parti- blem definition. Thus, the actual optimization process could
cle filters (PF). The aim of this method is to naturally de- use previous knowledge for a more efficient search in the
vise to effective hybrid algorithms to solve dynamic optimi- solution space. Population-based metaheuristics, for exam-
zation problems by exploiting the benefits of both approa- ple, perform this knowledge transfer by including some
ches. Derived algorithms cleverly combine PF and PBM individuals from the previous population in the new one
frameworks. As particular examples, two different effective [3]. Constructive methods allow to adjust solutions using
algorithms, named Path Relinking Particle Filter (PRPF) a deconstruction-reconstruction procedure [15].
and Scatter Search Particle Filter (SSPF) are respectively  On the other hand, many dynamic problems require the
derived from the proposed hybridization method. Finally, estimation of the system state that changes over time using
efficient applications of these instantiated algorithms to dif- a sequence of noisy measurements made on the system [1].
ferent dynamic problems are also presented. The filtering problem concerns about updating the present
state of knowledge and predicting about the future state of
the system [5]. In some dynamic problems, previous know-
1 Introduction ledge about the phenomenon is available, thus allowing to
develop models relating unknown quantities with the obser-
Dynamic optimization problems appear in many real- vations. As a result, the complete solution to the estimation
world applications [15][3]. Compared to the amount of problem is described by a probability density function (pdf)
research undertaken on static optimization, relatively little containing all available statistical information. Particle fil-
work has been devoted to dynamic problems [3]. In fact, ters are population-based sequential Monte Carlo estima-
dynamic problems often lack of well defined optimization tion algorithms where the pdf is approximated by simulated
functions, standard benchmarks or criteria for comparing random measures called particles [5]. Each particle repre-
solutions [15]. Dynamic optimization problems are charac- sents a weighted solution to the estimation problem.
terized by an initial problem definition and a collection of Dynamic optimization problems use optimization tech-
“events” over the time defining some changes on the pro-niques, but also require prediction techniques. The key as-
blem environment [15]. pect is how to efficiently use relevant information from pre-
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PZIX) Metaheuristics approximation algorithms combining ba-
sic heuristic methods in high level frameworks aimed

' at efficiently exploring a search space [2]. Metaheu-
: ristics have been successfully applied to optimization
l problems.Population-based metaheuristics (PBM) [2] are
algorithms that work with more than one solution at the
same time. These methods efficiently perform search tasks
\ ! =t oriented towards obtaining a set of high-quality solutions
© o in the search space. Evolutionary Computation (Genetic
and Memetic Algorithms), Scatter Search, Path Relinking
or Ant Colony Optimization are some of the most studied
population-based metaheuristics [2].
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Figure 1. Particle Filter scheme.

vious time steps to find high quality solutions in the sub- 4 Metaheuristic Particle Filter method
sequent stages. Classical metaheuristics are effective opti-
mization methods, that are oriented to static problems. By  The hybrid metaheuristic particle filter (MPF) is a met-
the other side, particle filters are specialized in sequentialhod for devising hybridized algorithms between PBM and
estimation problems, providing prediction strategies. Our pF, |t is necessary to difference the stage#itfalization
work aims to the natural combination of both approaches to and optimizationin the PBM, and the stages ufitializa-
devise more efficient hybrid algorithms for dynamic opti- tion, updateand predictionin the PF algorithm. Besides,
mization problems. each individual of the population represents a complete so-
lution to the considered problem.
2 Particle Filters
4.1 Hybridization Method

To make inference about a dynamic system, two different
models are required: (i) a measurement model requiring an Hybrid metaheuristics (HM) are a skilled combination
observation vectoZ; and a system state vectay, and (||) of elements belonging to different ones. This hybridiza-
a system model describing the evolution in time of the sys- tion provides a higher flexibility and a more efficient beha-
tem state [1][7]. vior than a single metaheuristic when solving complex real-

The objective of the Bayesian approach to dynamic stateworld problems. Talbi [16] presented a complete taxonomy
estimation is to construct the posterior pdf representing of hybnd metaheuristics as an attempt to prOVide classifica-
the state evolution. Usually, an estimate is required attion mechanisms and a common terminology. In our propo-
every time step. In the Sequential Bayesian Modelling fra- sal, a population-based metaheuristic is naturally embedded
mework, the posterior pdf is estimated in two stages: pre-into the general PF scheme, by means of a low-level hybri-
diction and update, respectively. dization, with the aim to improve the solution quality of the

Particle filters (PF) are a special class of sequential es-considered dynamic problem.
timation methods in which theoretical distributions on the =~ The MPF hybridization method, provides a smart and
state space are approximated by simulated random meastgffective way to combine both PF and PBM, as follows:
res called particles [5]. Each particle has a stgtand a
weightrs.

Figure 1 shows an outline of the PF approach. PF al-
gorithm starts by setting up an initial populatiofy of N
particles using a known pdf. The measurement veZiat
time stept, is obtained and particle weighil are compu-
ted using a fithess function. These weights are normalized
and a new particle seX; is selected. As particles with
larger weight values can be selected several times using a
Monte Carlo selector, a diffusion stage is applied to avoid 2. Include the selected PBM ininitialization and opti-
the loss of diversity inX;. Finally, the particle setX,; is mizationstages of the MPF template A population-
predicted using a motion model. Therefore, PF can be seen  based metaheuristic is selected. Then, the set of initia-
as algorithms handling the particles time evolution [5]. lization and optimization procedures are identified and

1. Include the selected PF algorithm in initializa-
tion, prediction and updatestages of the MPF tem-
plate: First, a PF algorithm is selected. Then, the
set of initialization procedures are identified and set
as a PFinitialize procedure. In the same way,
PFpredict and PFupdate represent the prediction
and updating tasks, respectively. This stages can be
easily identified in the PF-based algorithms.



MPF Template

t:=0;
[_SupportSet:=PFinitialize(N,);
While not (termination condition) Do Begin

I Stages:

[Particle Filter
Selection

[ Metaheuristic
Estimation

- Replacement

SupportSet:=PFupdate(SupportSet):
ImprovedSet:=Select(SupportSet.N.);

End;

Figure 2. Metaheuristic Particle Filter Tem-
plate

set asPBMinitialize and PBMupdate, respecti-
vely. These two stages were found in all studied PBM.

. Develop aselectionprocedure: The selection proce-
dure consists in choosing a subdetprovedSet of
N; solutions fromSupportSet of N, solutions. This
procedure is mainly dependent on the PBM employed.

. Develop anreplacementprocedure: Improved solu-
tions from ImprovedSet are inserted ilbupportSet
following some criteria. As for the sake of simpli-
city, Ny must remain constant during all the algorithm,
some existing solutions ilupportSet are replaced by
other solutions with higher fitness values.

. Select anestimation procedure: This procedure is

from SupportSet. Solutions inImprovedSet are
chosen and combined to obtain new better ones.

Hybrid MPF instances lead the search process to a region
of the solution space in which it is highly probable to find
new better solutions than the previously computed ones. PF
stage increases the performance of general PBM in dyna-
mic optimization problems by improving the quality of the
diverse initial solution setlfnprovedSet).

In order to obtain the initial diverse solution set
(SupportSet) in time stept+1, PF performs two tasks over
the SupportSet in time stept: 1) select the best solu-
tions and 2) predict new solutions from these best ones.
First, a selection procedure chooses solutions with larger
weights more likely than those with lower ones. In addi-
tion, a diffusion procedure is applied to the selected solu-
tions in theSupportSet to avoid the degeneracy problem.
This stage provides the required diversity SmpportSet
to adapt it to severe dynamic changes. Second, the PF per-
forms a prediction procedure over these best solutions to
obtain SupportSet in time t+1. In this way, PF tackles
with problem changes in time by predicting the best time
evolution of the solutions. As a resultmprovedSet so-
lutions int + 1 will be closer to the global optimum than
another randomly obtained ones.

Therefore, MFP hybrid algorithms adapt computational
load to problem constraints, by reducing the number of re-
quired evaluations of the weight function. In this way, solu-

oriented to provide a system state estimate at each timdions in I'mprovedSet will be selected from a better solu-

step.

. Arrange the different procedures using the MPF
template: The different elements are instantiated to
obtain a particular hybrid algorithm using the MPF
template shown in Figure 2

4.2 Main Features of Hybrid MPF Algorithms

The resulting algorithms are hybrid methods which can
be applied to a wide variety of dynamic optimization pro-
blems. They handle a set of solutions in two different sta-
ges:

e In the PF stage a solution set, calle§upportSet of

size N, is propagated and updated to obtain a new one

in every time step. This stage is focused on the tem-
poral evolution in time of the best solutions found in
previous time steps. The aim when using PF is both
tracking multiple hypotheses and using the knowledge
about the system dynamics.

In the PBM stage a new set calledmprovedSet is
created by selecting a fixed number &f solutions

tion set. This is the main reason why hybrid algorithms re-
duce the required number of evaluations by the fithess func-
tion, and hence the computational load.

PBM and PF are related in such a way that when the
PBM improves its results, the PF performance also impro-
ves, and vice versa. PF allows a system parameter tuning in
order to adjust the quality and the diversitySipportSet,
used as diverse solution set by PBM. On the other hand,
PBM improves the quality of the particle set allowing a bet-
ter estimation of the pdf, by includingnprovedSet solu-
tions in theSupportSet. These facts yield to general and
highly configurable algorithms suited to the particular dy-
namic problem being solved. Table 1 compares MPF, PB
and PBM algorithms with respect to the presentce or not of
different features.

5 Examples of Hybrid PBM Algorithms

Two different hybrid algorithms are presented in this sec-
tion: Scatter Search Particle Filter [11][12] and Path Relin-
king Particle Filter [13][14][12]. Both particular algorithms
are obtained by direct instantiation from the general MPF
method.



Table 1. PF, PBM and MPF main features
PF PBM MPF

Population-based method v v v
Competition mechanisms v v v
Collaboration mechanisms v v
Adaptive mechanisms v v
Exploration mechanisms v v
Multiple hypotheses handling v/ v

5.1 Scatter Search Patrticle Filter

The Scatter Search Particle Filter (SSPF) algorithm in-

tegrates both Scatter Search (SS) and Particle Filter (PF)

frameworks in two different stages. Figure 3 shows the hy-
bridization of SS and PF algorithms to obtain the SSPF al-
gorithm, using the template of figure 2:

1. The Condensation algorithm is selected as a particular

PF algorithm. Then, the set of initialization, prediction

(N; = b < N,) solutions fromSupportSet. This subset

is composed by thg/2 best solutions and the/2 most di-
verse ones of thBupportSet. New solutions are generated
and evaluated by combining all possible pairs of particles in
the RefSet. In order to increase the solution fitness, a im-
provement method is applied to every new solution. Worst
solutions in theRefSet are replaced by new better ones
when they are found. SS stage ends when new genera-
ted solutions inRefSetNew do not improve the quality

of the previousRke f Set. Once the SS stage is finished, the
“worst” solutions in theSupportSet X, are replaced by the
RefSet solutions. Then, a new population of solutioki$

is created by selecting solutions fraky with a probability
according to their weights. Finally, solutions are projected
nto the next time step by using the prediction stage. The
main considered SSPF algorithm parameters are:

e The number of solutionsN;) in the SupportSet.
These should be enough to avoid the loss of diversity.
The value ofN depends on the problem instance com-
plexity.

and updating tasks procedures are identified, as shown

in Figure 3.

of initialization and optimization procedures are iden-
tified.

. SS requires good quality and diverse solutions
in the reference setifnprovedSet). Thus, the
SelectWithDiversity method is used as selection
procedure. It consists in the selection of thg/2
best solutions and th&/; /2 most diverse ones from
the ImprovedSet.

. Once the SS stage is finished, tNg“worst” solutions
in SupportSet are replaced by th&; ImprovedSet
solutions

. The selection of the best solution found in the SS pro-

cedure is used as final solution estimate at each time 2

step.

rived hybrid algorithm according to the MPF template
of Figure 2

In the pseudocode of Figure 3, conventional termino-
logy of PF and SS methods is maintained. Algorithmically,
SSPF starts with an initial population size 8f (N, = N
in Figure 3) random solutions drawn from a known pdf.
Solution weights are computed using a weighting func-
tion. SS stage is later applied to improve the best obtai-
ned solutions inSupportSet (X; = SupportSet in Fi-
gure 3). AlImprovedSet (ImprovedSet = RefSet in
the SS framework) is created by selecting a subseV of

. The SS approach is considered as a PBM. Then, the set o

. The above components are organized to obtain the de-

e The number of solutiong\;) in the ImprovedSet.

The amplitudeA of the diffusion stage. The diffu-
sion stage is applied to avoid the loss of diversity in
SupportSet. It is performed by computing a random
or Gaussian displacement over the particles with ma-
ximum amplitude ofA.

5.2 Path Relinking Particle Filter

In a similar way, the Path Relinking Particle Filter
(PRPF) algorithm is obtained by hybridizing both Path Re-
linking (PR) and Particle Filter (PF) algorithms, using the
MPF method:

1. The Condensation algorithm is selected again as the

PF algorithm.

PR is considered in this algorithm as PBM. The set of
initialization and optimization procedures are identi-
fied.

3. PR requires good quality solutions in the reference set
(ImprovedSet). Thus theSelect Best method is used
as selection procedure. It consists on the selection of

the IV; best solutions from thémprovedSet.

. Once the PR stage is finished, tNe“worst” solutions
in SupportSet are replaced of thémprovedSet so-
lutions (replacement procedure).

5. The best found solutions in the PF procedure are selec-
ted as final system solution in each time step (estima-

tion procedure).



ik i Sipperisel HYBRID ALGORITHM et improvedset -
PF : N=N, Scatter Search Particle Filter (SSPF) : b=N, +
particle Filter | T Scatter Search
article Filter t:=0: ) e
—_n. e . = - [Solutions, M] := Initialize;
=0 PFInitialize [~] X:=Initialize(N.): | [NewRefSet, M,ed] := MakeRefSet(Solutions, T, b);
[x:=Initialize(N); = ile not (termination condition) Do Repeat
While t<=T_, Do Z,:= ObtainMeasures; RefSet, M. := [NewRefSet, I
Z,:= ObtainMeasures; | PFUpdate SupportSet := Evaluate(SupportSet, Z,); E\IewSut’)setR;]:; l\lllakeNewSu’bse‘;fb)'
M, = Evgluate(xt, Zt); [ ImEroved§et:=oelec1 ithDiversity(SupportSet,N); L. While (NewSubsets <> ) Do '
E, := Estimate(X, ); | .[Repeat PBMOptimize [NewSol,M,] := Combine(NewSubSets(1));
[X, 1] := Normalize(X, I); NewlmprSet := ImprovedSet; [NewSol,M,] := Improve(NewSol,M,);
X, := Select(X, M); PFPredict NevySubsets := MakeNewSubsets(N)); [NewRefSet, MM,] := Update(RefSet, M,, Path, I,);
X, := Diffuse(X,, A) While (Ne\_l!Subset's <>g) Do _ NewSubsets := Delete(NewSubsets, 1);
X... := Predict(X); NewSol = Combme(NewSu{)Setsﬂ)), End while;
U=, Neistl] = el o)y Until (NewRefSet=RefSet)
Endwhile: r[\‘Newslmbprstet] :=DL:p;ia(ﬁ(Neswlgnp;Se;,)NewSoI); |t
_— ewSubsets := Delete(NewSubsets, 1); : :
Endwhile: Estimation ESTIMATION METHOD
. lUntil (NewimprSet=ImprovedSety, | el ]
e sl || =~ - —
SelectWithDiversi REPLACEMENT METHOD
SupporSet = Nomnalize(SupporiSe) [RephoeTheWorst ]
SupportSet := Select(SupportSet);
SupportSet := Diffuse(SupportSet); Replacement
|, [ SupportSet := Predict(SupportSet);
ti=t+1;
Endwhile;

Figure 3. SSPF instantiation from Scatter Search and Particle Filter algorithms.

* 6.1 Dynamic Travelling Salesman Problem
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The Travelling Salesman Problem (TSP) consists of fin-
[ ding the shortest tour connecting a fixed number of loca-
| I | I I I Hl tions (cities), visiting each city exactly once [8]. This pro-
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blem can be represented by a grapk- {V, E, W}, where

a

1

V is a set of vertex representing the citiésis a set of edges
that models the paths connecting cities &¥ids a symme-
Figure 4. Path length obtained (left) and tric matrix of weights. We suppose that there is an edge con-
computational load (right) using two based necting every pairs of cities. Each edge weight € W
SS algorithms, GA and SSPF for the bench- represents the distance between two citigs€ V. The
mark problem BERLIN52 dynamic adapta- TSP can be described as the problem of finding a Hamilto-
tion. nian circuit with minimum length iz [17]. The Dynamic

TSP (DTSP) is a generalized version of the TSP wiiere
time-dependent. This problem has several practical appli-
cations such as traffic jam analysis [8] or fluctuating a set

6. Finally, the above components are organized to obtain Of active machines [3]. In this work, the considered DTSP

the derived hybrid algorithm using the MPF template @PProach maintains constant the number of cities, allowing
of Figure 2. some weight changes among them [8].

In [11] the SSPF algorithm was applied to the DTSP.
Experimental results have shown that SSPF appreciably in-

Algorithmically, SS and PR metaheuristics are very similar. . .
g Y y creases the performance of derived SS and EA methods in a

The main difference between SS and PR is the combination . ) L .
method to yield new better solutions [2]. The main PRPF challenging dynamic optimization problem, using standard

algorithm parameters are the same used in the SSPF algogralph benchmarks an<_j without I05|_ng_quallty in the _estlma-
fithm. tion procedure (see Figure 4). This improvement is more

significant as the size of the graph problem increases.
6 Applications 6.2 Articulated and Multiple Object Tracking

Most studies in human motion analysis are based on ar-

The proposed hybrid MPF algorithms are suited for ticulated models that properly describe the human body po-
many dynamic optimization problems. This sectioniillustra- sition. When articulated models for human body represen-
ted some of these applications for some different dynamictation are used, the main problem is the high dimensiona-
problems. lity of the state-space and the huge number of computations



blems, in particular, the Dynamic TSP, the Articulated Mo-

tion Tracking and Multiple Objects Tracking, respectively.

As future work, we propose the use of the MPF method to
obtain different hybrid algorithms to solve another practical
dynamic optimization problems (in particular, the Dynamic
Vehicle Routing Problem).
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