Chapter 13

Low-Level Hybridization of Scatter Search
and Particle Filter for Dynamic TSP Solving
Juan José Pantrigo and Abraham Duarte

Abstract. This work presents the application of the Scatter Search Particle Filter (SSPF) algorithm to solve the Dynamic Travelling Salesman Problem (DTSP).
SSPF combines sequential estimation and combinatorial optimization methods to
efficiently address dynamic optimization problems. SSPF obtains high quality solutions at each time step by taking advantage of the best solutions obtained in the
previous ones. To demonstrate the performance of the proposed algorithm, we conduct experiments using two different benchmarks. The first one was generated for
us and contains instances sized 25, 50, 75 and 100-cities and the second one are
dynamic versions of TSPLIB benchmarks. Experimental results have shown that
the performance of SSPF for the DTSP is significantly better than other population
based metaheuristics, such as Evolutionary Algorithms or Scatter Search. Our proposal appreciably reduces the execution time without affecting the quality of the
obtained results.

13.1 Introduction
Dynamic optimization problems are characterized by an initial problem definition
and a collection of ”events” over the time. These ”events” define changes on the data
of the problem [26]. Therefore, dynamic optimization methods arise from strategies
to adapt for non-stationary conditions. In dynamic optimization problems, a key
question is how to use information found in previous time steps to obtain high quality solutions in subsequent ones, without restarting the computation from scratch.
Dynamic optimization problems play an important role in industrial applications. Many real-life problems belong to this category, particularly in transportation, telecommunications and manufacturing areas [26]. Surprisingly, compared to
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the amount of research undertaken on stationary optimization problems, relatively
little work has been devoted to dynamic problems, despite the potential economic
advantages in doing so [8, 25]. Any advance in this field would translate to increased
company profits, lower consumer prices and improved services [26].
Unlike stationary problems, dynamic problems often lack well defined optimization functions, standard benchmarks or criteria for comparing solutions
[3, 8, 25, 26]. In the last decade, mainly used strategies have been specific heuristics [26] and manual procedures [2, 25]. More recently, has been proposed a metaheuristic approach. Metaheuristics are high-level general strategies for designing
heuristics procedures [4]. The relevance of metaheuristics is reflected in their application for solving many different real-world complex problems, mainly combinatorial [4, 11]. Since the initial proposal of Glover about Tabu Search in 1986, many
metaheuristics have emerged to design good general heuristics methods for solving different problems. The well known metaheuristics procedures are Genetic Programming, GRASP, Simulated Annealing or Ant Colony Optimization. The reader
can find a review of this methods in [4, 11].
In dynamic optimization problems, metaheuristic-based approaches usually
consider one of the two following strategies after events: (i) restart the search
method from scratch or (ii) start from the best solutions found before the last event.
In the first approach, the derived problem is processed as unrelated with respect to
its origin problem. Therefore, the useful information obtained in the previous time
steps is wasted, increasing the computation time. On the other hand, starting the
method from the best solutions found in the previous time step could implicate a
loss of diversity in the solution set. Moreover, the best solutions found in previous
time steps could be close to local optima in the current one. As a consequence, the
search algorithm could get stuck in a local optimum.
The filtering problem concerns about updating the present state of knowledge
and predicting with drawing inferences about the future state of the system [6].
Sequential Monte Carlo population-based algorithms (also called particle filters)
are a special class of filters in which theoretical distributions on the state space are
approximated by simulated random measures (also called particles) [6]. Assuming
relative small problem data changes, the new optimum location should be related to
the solution of the previous problem definition. Thus, the actual search process could
use previous knowledge for a more efficient search. A reasonable trade-off between
the analysis of the prior problem solution and actual problem computational effort
must be found. Diverse methods consisting of the low-level hybridization of Particle
Filters and metaheuristics have been successfully applied to dynamic optimization
problems [22–24]. The term low-level hybridization refers to the functional composition of a single optimization method. In this hybrid class of optimization methods,
a given function of a metaheuristic is replaced by another metaheuristic [28]. In
this work, we apply the Scatter Search Particle Filter (SSPF) for the Dynamic Travelling Salesman Problem. SSPF combines sequential estimation strategies (Particle
Filter) [1, 6] and metaheuristics methods (Scatter Search) [4] in two different stages.
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In the Particle Filter (PF) stage, a particle set is propagated and updated to obtain
new particle sets in every time step. In the Scatter Search (SS) stage, some solutions
from the particle set are selected and combined, in order to obtain better solutions.
SSPF was firstly presented in [23] and it was applied to multidimensional object
tracking (articulated and multiple object tracking). This work considers a dynamic
variant of the Travelling Salesman Problem [9] in which distances among cities vary
over the time. The problem instances used for this study have 25, 50, 75 and 100
cities placed on the Euclidean space, and a modification of approximately 15% of
the previous data graph is generated as successive events for the next problem instance. Also, dynamic versions of TSPLIB benchmark are used in order to compare
the performance of different approaches. Experimental results have shown that the
proposed algorithm has an acceptable performance when applied to the Dynamic
Travelling Salesman Problem (DTSP). Specifically, the CPU for the rest of the derived problem instances significantly decreases with respect to the initial graph problem. This reduction in the search time will not affect the quality of the solution of
derived graphs.

13.2 Dynamic Travelling Salesman Problem
The Travelling Salesman Problem (TSP) consists of finding the shortest tour connecting a fixed number of locations (cities), visiting each city exactly once [9]. The
instances of this problem can be represented as a graph G = {V, E,W }, where V is
a set of vertexes representing the cities, E is a set of edges which model the paths
connecting cities and W is a symmetric matrix of weights that store the distances
among cities. We suppose that there is an edge connecting every pair of cities. The
TSP can be described as the problem of finding a Hamiltonian circuit with minimum
length in the graph G [30].
The TSP has been one of the most considered problems in Combinatorial Optimization and Operations Research. This problem belongs to the NP-hard class, as
demonstrated in [17]. A relevant review of different approaches used to solve this
problem can be found in [12].
The Dynamic Travelling Salesman Problem (DTSP) is a generalization of the
TSP in which G is time-dependent. The DTSP is general enough to be a benchmark problem. Moreover, this problem has got several practical applications such
as modeling the traffic in cities along time [9] or fluctuating set of active machines
[15].
Two different DTSP varieties in the literature have been described. The first one
consists of inserting or deleting cities into a given problem instance [13, 14]. A
different approach has been taken in [9]. They keep a constant number of cities
but allow distance changing among them. The second model is applied to describe
traffic jams and motorways connecting cities. In this context, before the traffic jam
has occurred, good old solutions may not be optimal and the salesman needs to be
re-routed. In this work, we focus on this second approach.
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Ant Systems (AS) and Evolutionary Computation (EC) have been the most common metaheuristics employed for solving the DTSP. In [9, 14, 15, 26] different
AS implementations were applied to DTSP. The main reason for using AS to dynamic problems is based on the pheromone concept. Pheromone can be exploited as
positive and negative reinforcement and, therefore, as a way for transferring knowledge. When a change is detected in the problem instance, a partial decompositionreconstruction procedure is performed over old solutions [26]. This process determines which elements of ant’s solutions must be discarded in order to satisfy the
feasibility of the new conditions.
Evolutionary Computation has been successfully applied to several combinatorial problems, including TSP. There have many algorithms based on EC to solve
static TSP that can be directly applied to DTSP [30]. EC is considered to be one of
the best algorithms for solving DTSP, taking into account the characteristics such
that relative large population, statistical convergence, global optimization and considerable robustness [30, 31]. Generally, these implementations are based on the
Inver-Over operator [16], one of the fastest algorithms in solving TSP [16, 30].

13.3 Sequential Estimation Algorithm: Particle Filter
Many interesting problems in science and engineering require estimation of the state
of a system that changes over time using a sequence of noisy measurements made
on the system [1]. Tracking problems, which consist of the estimation of the position of one or multiple targets moving in a scenario along time [20], are important
examples of sequential estimation problems. The state-space modelling of these systems focuses on the state vector, which contains all relevant information required to
describe the system under investigation. In tracking problems, for example, this information describes kinematic characteristics of the target as position, orientation,
velocity, etc.
A particle filter (PF) is based on a large population of discrete representations
(called particles) of the probability density function (pdf ) which describes the evolution of a given system [6]. Particle Filters are algorithms in which theoretical
distributions in the state-space are approximated by simulated random measures
(also called particles) [6]. The state-space model consists of two processes: (i) an
observation process p(Z1:t |Xt ), where Xt denotes the system state vector and Zt is
the observation vector at time t, and (ii) a transition process p(Xt |Xt−1 ). Assuming
that observations {Z0 , Z1 , . . . , Zt } are sequentially measured in time, the goal is the
estimation of the new system state at each time step. In the framework of Sequential
Bayesian Modeling, the posterior pdf is estimated in two stages:
(a) Evaluation: the posterior pdf p(Xt |Z1:t ) is computed using the observation
vector Z1:t :
p(Zt |Xt )p(Xt |Z1:t−1 )
(13.1)
p(Xt |Z1:t ) =
p(Zt |Z1:t−1 )
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(b) Prediction: the posterior pdf p(Xt |Z1:t−1 ) is propagated at time step t using
the Chapman-Kolmogorov equation:
p(Xt |Z1:t−1 ) =

p(Xt |Xt−1 )p(Xt−1 |Z1:t−1 )dXt−1 .

(13.2)

The aim of the PF algorithm is to recursively estimate the posterior pdf p(Xt |Z1:t ).
This pdf is represented by a set of weighted particles {(xt0 , πt0 ), . . . , (xtN , πtN )},
where the weights πti ∝ p(Z1:t |Xt = xti ) are normalized.
t

Update
Observation process
p(Zt|Xt)

Evaluate

Select

Prediction

Diffuse

Transition process
p(Xt+1|Xt)
r
v

Predict
t+1

Fig. 13.1 Particle Filter scheme.

Figure 13.1 represents a schema for the PF algorithm. From an algorithmic point
of view, PF directs the temporal evolution of a particle set. Particles in PF evolve
according to the system model and they are selected or eliminated with a probability which depends on their weight, determined by the pdf [6]. In visual tracking
problems this pdf represents the probability of a target being in a given position in
the image. As a consequence, the utility of the particle filter algorithm for dynamic
opimization problems lies in the description of the temporal evolution of the system
state.
Therefore, Particle Filters can be seen as algorithms handling the particles time
evolution. Particles in PF move according to the state model and are multiplied or
died according to their weights or fitness values as determined by the likelihood
function [6].

13.4 Population Based Metaheuristic: Scatter Search
Scatter Search (SS) [11, 18] is a population-based metaheuristic that provides unifying principles for recombining solutions based on generalized path construction
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in Euclidean spaces. In other words, SS systematically (never randomly) generates
disperse set of points (solutions) from a chosen set of reference points throughout
weighted combinations. This concept is introduced as the main mechanism to generate new trial points on lines jointing reference points. SS metaheuristic has been
successfully applied to several hard combinatorial problems. A relevant review of
this method can be found in [18].
In Figure 13.2 an outline of the SS is shown. SS procedure starts by choosing a
subset (called Re f Set) from a solution set S of PopSize = |S| initial feasible ones.
The solutions in Re f Set are obtained by choosing the h best solutions and the r most
diverse ones in S. Then, new solutions are generated by making combinations of solution subsets (pairs typically) from Re f Set. The goal of the combination method
is to produce new better solutions using information from solutions in the Re f Set.
The resulting solutions, called trial solutions, can be infeasible. In that case, repairing methods are used to transform these solutions into feasible ones. In order
to improve the solution fitness, a local search from trial solutions is performed. SS
ends when the new generated solutions do not improve the Re f Set quality.

S

SCATTER SEARCH

MAKEREFSET

EVALUATE*

COMBINATION

S

S

S
Diverse
Solutions
Best
Solutions
RefSet

Weighted
solutions

Combined
solutions

IMPROVE*

UPDATE

S

S
NO
RefSetNew = RefSet?

YES
RefSetNew

Improved
solutions

Fig. 13.2 Scatter Search scheme.

13.5 Scatter Search Particle Filter
Dynamic optimization problems deals with optimization techniques, but also with
prediction tasks. This assumption is supported by the fact that the optimization
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method for changing conditions needs from adaptive strategies. Therefore, one key
aspect is how to efficiently use important information found in previous events in
order to find high quality solutions for new derived problem instances.
Usually in metaheuristics, two approaches can be used depending on the problem
change rate. If it is high, each problem is tackled as a different one, so the computation is restarted from scratch. If change rate is low, the last solution (trajectorial
metaheuristic) or a set of last solutions (population based metaheuristic) are used as
starting point in the new search. For instance, Genetic Algorithms use the previous
population as initial set in the next time step. On the other hand, use the previous
pheromone deposition in each node as initial pheromone distribution of subsequent
steps. The same idea can be extended to other metaheuristics. In Scatter Search, the
Re f Set obtained in the previous time step can be used as a new Re f Set for the next
one. In addition, the Re f Set could be improved with diverse solutions.
Making a decision of what information is propagated to the next time steps is
very important. This is because it is possible that the search algorithm get stuck
near local optimum. As a consequence, a reasonable trade-off between both restart
from scratch and restart from previous optimum must be found. Therefore, it could
not be appropriate to use optimization procedures in the prediction stage. Sequential
estimation algorithms, like particle filters, are well-suited in prediction stages, but
they are not good enough for solving dynamic optimization problems. Optimization
strategies performed with this kind of algorithms are usually very computationally
inefficient.
Then, from our viewpoint dynamic optimization problems needs from both optimization and prediction tasks. The key question is how to hybridize these two kinds
of algorithms to obtain a new one which combines both techniques. In order to ask
this question, a novel hybrid algorithm called Scatter Search Particle Filter (SSPF)
is proposed to solve the Dynamic TSP.

13.5.1 Scatter Search and Particle Filter Hybridization
SSPF hybridizes both Scatter Search (SS) and Particle Filter (PF) frameworks in
two different stages:
• In the Particle Filter stage, a particle (solution) set is propagated and updated
to obtain a new one. This stage is focused on the evolution in time of the best
solutions found in previous time steps. The aim for using PF is to avoid the loss
of diversity in the solution set.
• In the Scatter Search stage, a fixed number of solutions from the particle set are
selected and combined to obtain better ones. This stage is devoted to improve
the quality of a reference subset of good solutions in such a way that the final
solution is also improved.
Figure 13.3 shows the hybridization of SS and PF algorithms to obtain the SSPF algorithm. As stated in previous sections, PF algorithm can be factorized in prediction
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and update stages. SS optimization is performed between these two stages. PF connection with SS is achieved by means of the selection procedure. Solutions found
by SS are incorporated into the particle set of PF using the inclusion procedure.

PARTICLE FILTER

t:=0;
Xt:=Initialize(N);
While t<=Tend Do Begin
Zt := ObtainMeasures;
Ðt := Evaluate(Xt, Zt);
[Xt, Ðt] := Normalize(Xt, Ðt);
Et := Estimate(Xt, Ðt);
X*t := Select(Xt, Ðt);
X*t := Diffuse(X*t);
Xt+1 := Predict(X*t);
t := t+1;
End;

SELECTION METHOD
SelectWithDiversity

SCATTER SEARCH PARTICLE FILTER
t:=0;
Xt:=Initialize(Nd);
While not (term_cond) Do Begin
Zt := ObtainMeasures;
Ðt := Evaluate(Xt, Zt);
[Xt, Ðt] := Normalize(Xt, Ðt);
RefSet:=SelectWithDiversity(Xt,Ðt,b);
While (NewRefSet<>RefSet) Do Begin
NewRefSet := Combine(RefSet);
NewRefSet := Improve(NewRefSet);
End
Et:=EstimateTheBest(RefSet);
Xt:=ReplaceTheWorst(Xt,RefSet);
X*t := Select(Xt, Ðt);
X*t := Diffuse(X*t);
Xt+1 := Predict(X*t);
t := t+1;
End;

SCATTER SEARCH

[RefSet, Ð] := MakeRefSet(Solutions, Ð, b);
[RefSet, Ð] := Order(RefSet);
While (NewRefSet<>RefSet) Do Begin
NewRefSet := Combine(RefSet);
NewRefSet := Improve(NewRefSet);
end

ESTIMATION METHOD
EstimateTheBest

INCLUSION METHOD
ReplaceTheWorst

Fig. 13.3 SSPF construction starting from SS and PF.

Figure 13.4 depicts a graphical template of the SSPF algorithm. Dashed lines
separate the two main components in the SSPF scheme: PF and SS optimization, respectively. SSPF starts with an initial population of N particles drawn from a known
pdf (Figure 13.4: INITIALIZE stage). Each particle represents a possible solution
of the problem. Particle weights are computed using a weighting function (Figure
13.4: EVALUATE stage). SS stage is later applied to improve the best obtained solutions of the particle filter stage. A Reference Set (RefSet) is created selecting a
subset of b (b << N) particles from the particle set (Figure 13.4: MAKEREFSET
stage). This subset is composed by the b/2 best solutions and the b/2 most diverse
ones of the particle set. New solutions are generated and evaluated, by combining
all possible pairs of particles in the RefSet (Figure 13.4: COMBINE and EVALUATE stages). In order to improve the solution fitness, a local search from each new
solution is performed (Figure 13.4: IMPROVE stage). Worst solutions in the RefSet
are replaced when there are better ones (Figure 13.4: UPDATEREFSET stage). SS
stage ends when new generated solutions NewRefSet do not improve the quality of
the RefSet. Once the SS stage is finished, the ”worst” particles in the particle set
are replaced with the NewRefSet solutions (Figure 13.4: INCLUDE stage). Then,
a new population of particles is created by selecting the individuals from particle
set with probabilities according to their weights (Figure 13.4: SELECT and DIFFUSE stages). Finally, particles are projected into the next time step by following
the update rule (Figure 13.4: PREDICT stage).
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SCATTER SEARCH PARTICLE FILTER

M: input data sequence
N: number of particles
b: RefSet size
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Fig. 13.4 Scatter Search Particle Filter scheme. Weight computation is required during
EVALUATE and IMPROVE stages (*).
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13.5.2 Scatter Search Particle Filter Main Features
The aim of the SSPF is to lead the search process to a region of the search space
in which it is highly probable to find new better solutions than the initial computed
ones. PF increases the performance of general SS in dynamic optimization problems
by improving the quality of the diverse initial solution set S.
In order to obtain the solution set for the next event S(t + 1), PF performs two
tasks over the set S(t): select the best solutions in t and predict their most probable location in the event t + 1. Firstly, the selection procedure selects particles in a
weighted random procedure, in such a way that the larger the weight of a particle,
the larger the probability to select it. Secondly, PF performs a prediction procedure
over the selected solutions to obtain the set S(t + 1). As results, we expect that solutions in S(t + 1) will be closer to global optimum than other solutions obtained
randomly. As a complement, PF performs a diffusion procedure to the selected solutions to preserve the needed diversity in the set S(t + 1). In this way, solutions to
be included in the RefSet in the time t + 1 will be selected from a set of better solutions than a randomly obtained set. This is the main reason why SSPF reduces the
required number of evaluations for the fitness function, and hence the computational
load. PF allows parameter tuning in order to adjust the quality and the diversity of
the set S, used by SS. On the other hand, SS improves the quality of the particle set
allowing the better estimation of the pdf, by including Re f Set solutions in the set
S. This fact yields to an highly configurable algorithm. The main considered SSPF
algorithm parameters are:
• The size of the particle set N is the number of particles in the particle set. There
should be enough particles to support a set of diverse solutions, avoiding the loss
of diversity in the particle set. Therefore, N influences the performance of the SS
stage. The value of N depends on the problem instance complexity.
• The size of the reference set b is the number of solutions in the Re f Set. A typical
b used in the literature is b = 10 [5, 18].
• The diffusion stage is applied to avoid the loss of diversity in S. It is performed
by applying a random displacement with maximum amplitude A. This amplitude
A is a measure of the diversity produced in the new particle set. Therefore, A
influences the performance of the SS by tuning the diversity of the initial solution
set, and hence, the diversity of the Re f Set.
In this research field it is usual to perform a preliminary experimentation to achieve
the parameter setting.

13.6 Applying SSPF to Solve the DTSP
The main details of the SSPF implementation to solve the dynamic TSP are described in this section. The parameter setting as well as the combination and the
improvement methods are detailed.
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In our implementation of the SSPF, solutions (particles) are represented as paths
over cities. The number of particles N in the particle set S is chosen according to the
problem size. Specifically, N varies from 100 for the 25-cities problem instances to
1000 for the 100-cities problem instances. The Re f Set is created by selecting the
5 best solutions and the 5 most diverse ones in S, according to the scatter search
algorithm.
In order to find the most diverse solutions, the distance metric for R-permutation
problems was used [18]. DTSP is considered as an R-permutation problem [18].
In these problems, relative positioning of the elements is more important than absolute positioning. As a result, the distance between two permutations p and q for
R-permutation problems is defined as:
d(p, q) = number of times pi+1 doesn’t immediately follow pi in q
for i = 1, . . . , n − 1.
Voting method [18] has been used as the combination procedure over all pairs of
solutions in the Re f Set. In this procedure, each reference solution votes for its first
sector not included in the combined solution. The voting determines the element to
be assigned to the next free position in the combined solution. An example can be
seen in Figure 13.5.

p 1

5 4 2 3 6

RANDOM

comb 1

q 1 4 3 5 6 2
p 1
x 5 4 2 3 6

RANDOM

comb 1 4

q x
1 4 3 5 6 2
p 1
x 5 4x 2 3 6
q x
1 4
x 3 5 6 2

VOTING

comb 1 4 5

p 1
x x5 4x 2 3 6

VOTING

q x
1 4
x 3 x5 6 2
p 1
x x5 4x 2 x3 6

VOTING

q x
1 4
x x3 x5 6 2
p 1
x x5 4x x2 x3 6
q x
1 4
x x3 x5 6 x2

VOTING

comb 1 4 5 3

comb 1 4 5 3 2

comb 1 4 5 3 2 6

Fig. 13.5 Voting Method.

The 2-opt method [21, 29] is usually employed as improvement stage in the SS
scheme (Figure 13.4). Given a solution, consider all pairs of edges connecting four
different cities. Remove two edges from the solution tour. Then there is a unique way
of reconnecting the two remaining paths in such a way that a new tour is obtained.
If the new tour is shorter, then it replaces the old tour and the procedure is repeated
until no improvement is produced.

13.7 Experimental Results
Our experimental design considers the performance comparison of SSPF with respect to the methods Scatter Search and Evolutionary Algorithms. The computational
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experiments were conducted in an Intel Pentium architecture. All algorithms were
coded in MATLAB 6.1, without optimization and by the same programmer to have
comparable results. Different implementations are applied to several instances of
DTSP and results are compared. The following sections are devoted to describe the
considered problem instances, the implemented algorithms and the obtained results.

13.7.1 Problem Instances
Unfortunately, as far as the authors know, there are no benchmarks for the DTSP.
Thus, we generated two sets of instances, called as synthetic and standard-based
data. Synthetic data are composed by four different graph sequences. They were
created, using 25, 50, 75 and 100 cities. Each sequence is composed by 10 different derived graphs. In order to know the value of the optimum, cities are located in
the Euclidean space, along the diagonal as shown in figure 13.6. In the first frame,
cities are located in lexicographic order along the diagonal. Subsequent frames
are generated by performing exchanges of cities in groups of three as shown in
figure 13.6. The average probability of node exchange in the graph sequence is
pchange = 0.15.
Frame 1

y

Frame 2

y
10

10

9
7

2

10

7

8

4

6
4

Frame 3

y

7

8

4

6

5

9

3

2

1

5

2

3

6

1
x

8

...

9
5

3

1
x

x

Fig. 13.6 Graph sequence generation process for synthetic instances.

Standard-based data are built as dynamic version of benchmarks from the publicdomain library TSPLIB [27]. Specifically, these instances are dynamic modifications of BAYG29, BERLIN51 and ST70. These graphs belong to Euclidean symmetric class. We built each sequence starting from the original graph. Subsequent 4
graphs are obtained from the previous one introducing a perturbation in the actual
location of each city according to a Gaussian distribution. Figure 13.7 shows the
sequence derived from BERLIN51.
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...

Fig. 13.7 Graph sequence generation process for standard-based instances. The first frame
corresponds with the original TSPLIB instance

13.7.2 Implementation Details of the Considered Algorithms
We have implemented different versions of the Scatter Search and Evolutionary
Algorithms in order to compare their performance with respect to the SSPF. The
main details are described in this section. All procedures use as stopping criteria 10
million objective function evaluations or no improvement in the mean population
fitness. Solutions are coded as tours connecting cities.
13.7.2.1

Scatter Search Implementation

We have developed two different Scatter Search implementations. The first one,
called SS1, considers each graph in the sequence is totally decoupled one from the
others. Therefore, computation is restarted from scratch after events. In the second
implementation (called SS2) the problems are supposed to be quite related, so the
Re f Set obtained in the previous time step is used as a new Re f Set for the next one.
SS2 does not use auxiliary methods to add diversity in the Re f Set.
SS parameters PopSize and b for both implementations SS1 and SS2 were set to
100 and 10, respectively, as recommended in [5]. In order to obtain comparable results, we use the same Re f Set composition, combination and improvement methods
as in SSPF implementation.
13.7.2.2

Evolutionary Algorithm Implementation

The SSPF algorithm is also compared with an Evolutionary Algorithm (EA). EA
performs the main stages of a standard genetic algorithm, including an improvement
stage. The algorithm uses voting method as crossover operator and 2-opt method as
improvement method.
EA parameters were set to PopSize = 100, crossover probability pc = 0.25 and
mutation probability pm = 0.01 as recommended in [21]. Finally, improvement
probability was set to pi = 0.25.
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13.7.3 Computational Testing
Experimental results are divided in to two sections. In the first one, we test SSPF
over the synthetic instances to justify the convenience of the method. The second
one is devoted to the comparison of the performance of the SSPF with respect to SS
and EA.
13.7.3.1

SSPF in Synthetic Data

In this section, experimental results obtained by applying our proposal to synthetic
data are shown. In table 13.1, mean value of the execution time for the first graph
is compared to the mean value of the execution time for the rest of the graph sequence. The proposed strategy, based on particle filter and scatter search hybridization, seems to be more advantageous than the classical SS one, in which an execution from scratch is performed. In this table, the column Ratio represents the average
time SSPF improvement with respect to the corresponding time of the SS1 solution.
As it can be seen, ratio between execution times is always in favor of our algorithm.
Table 13.1 Average execution time values over 10 runs for each graph sequence
Number of Size of Average Time SS Average Time SSPF Ratio
Cities Particle Set
Solution
Solution
25
100
0.3 × 106
0.2 × 106
0.69
50
100
2.1 × 106
1.1 × 106
0.55
75
500
6.8 × 106
3.0 × 106
0.44
100
1000
14.7 × 106
6.6 × 106
0.44

Figure 13.8 shows the average execution time per frame over 10 runs of the same
graph sequence. Each sequence is composed by 10 similar graphs. In this figure, relative execution time is represented for each frame. As it can be observed, execution
time for the 2nd to 10th graphs (SSPF improvement) is significantly smaller than
the execution time for the first graph (SS approach) in all considered instances.
Results show that SSPF achieves the best solution in all instances. Moreover, it
is faster than SS1 implementation without loss of quality.
13.7.3.2

SSPF vs. SS & EA in Standard-Based Data

This section presents a comparison between SSPF and the implementations of SS
and EA. Results obtained by these algorithms (SS1, SS2, EA and SSPF) over all
standard-based data (BAYG29, BERLIN52 and ST70) are presented in figure 13.9.
Because initial conditions and initial procedures performed are the same in SS1,
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Fig. 13.8 Execution time per graph in (a) 25, (b) 50, (c) 75 and (d) 100-cities problem.

SS2 and SSPF, solutions found in the first graph are exactly the same one. As the EA
approach is different to the other ones, the solution and the time required to found
this solution in the first graph are also dissimilar.
Quality of estimation performed by SS1 and SSPF is similar in subsequent
graphs. However, execution time is significantly lower in the SSPF approach, as
explained in previous sections. In the SS2 implementation. the search procedure is
trapped in a local optimum (maybe in in the neighbourhood of the optimum found
in the previous time step). This yields SS2 that achieves the lowest execution time,
but with very poor quality. Finally, EA finds good quality solutions, but the time
required to obtain it is larger than using SSPF.
In table 13.2, a resume of main results obtained using different implementations
is shown. Average execution time and path lengths values demonstrate the better
performance of SSPF.
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(a)

1

(b)

(a)

2

(b)

(a)

3

(b)

Fig. 13.9 Voting Method.

Table 13.2 Average execution time and path lengths over all instances
SS1
SS2
EA
SSPF
Length
Time
Length
Time
Length
Time
Length
Time
BAY G29 0.86 × 106 0.91 × 104 0.25 × 106 1.09 × 104 1.02 × 106 0.89 × 104 0.59 × 106 0.91 × 104
BERLIN52 5.07 × 106 3.51 × 103 1.75 × 106 4.27 × 103 6.37 × 106 4.12 × 103 3.79 × 106 3.11 × 106
ST 70
9.65 × 106 302.97 2.84 × 106 427.58 3.9 × 106 331.15 5.72 × 106 272.15
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13.8 Conclusions
In this work we successfully applied the Scatter Search Particle Filter (SSPF) algorithm to the Dynamic Travelling Salesman Problem (DTSP). Experimental results
show that SSPF appreciably increases the performance of Scatter Search and Evolutionary Algorithm methods in a challenging dynamic optimization problem, without
losing quality in the estimation procedure. This improvement becomes even more
significant for large instances.
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