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Abstract. When developing critical and complex systems,ahalysis and

the performance evaluation of the designed system thallenging task.
Wireless Sensor Network (WSN) are examples of sydtems. A WSN

consists of a large amount of distributed autonsmoodes which monitor
physical or environmental conditions. In this pgpee address the problem
of how WSNs must be designed to fulfil system regmients and to have
good performances in particular the packet loss.rdio do so, we use an
expressive kind of Petri Nets called Determini@tochastic Petri Nets. To
show the applicability of the proposed model, offierauting techniques

dedicated for WSNs is presented.

Keywords: WSNs, Deterministic Stochastic Petri Nets, Patkss.

1 Introduction

Since their appearance, the Wireless Sensor NesWtISNs) increasingly invade the
scientific and industrial communities. They aredus® a wide range of applications,
such as environmental monitoring, robotic explamtimilitary applications, medical
systems and so on.

A WSN consist of a set of miniature, autonomous mudtifunctional sensor nodes
which are distributed on a capture zone to measuteysical magnitude or monitor an
event. These nodes sense the information from #miironment and relay them to a
base station which is generally supposed powerfdlaavay from the coverage area [6,
10].

As sensor nodes are primarily powered by irreplaleeand limited batteries, they
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should work with a low energetic consumption. Shew designing such networks, the
main requirement is to maximize the network lifegirthat is overall influenced by

protocols chosen for the deployed WSN. Among tlpestocols, the hierarchical ones
attract the researchers’ attention as they ardfieteat in terms of energy.

A great number of research focuses on the energgtiints to the detriment of
other factors, such as the packet loss. The hostitere of WSNs environments
generates nevertheless a lot of errors during #ta gackets routing and therefore
these packets can be considerably lost over thaisinission. Accordingly, if we
manage to design a WSN with efficient power managgnwithout taking into
account the significant number of losses, the ntvean't be reliable especially in
critical applications (for example, security apptions). Thus, the packet loss factor is
essential when designing a WSN with good perforraanc

In order to prove that the designed network hasdgperformances and the
properties wanted by their designer, a phase df/sisaand performance evaluation is
necessary. The traditional approach is to evaliteetwork protocols by simulators.
However, a protocol can be considered as correicguse simulation, but many
incidents in the real world have proved that thosion of correctness is insufficient.
Indeed, such errors can result significant expenelit and jeopardize human beings
life. The cause, that the simulation doesn't délap@ssible cases of execution. In
addition, a simple fault that occurs in a protocah significantly reduce the WSN life
and increase greatly the packet loss rate. Theofidermal techniques becomes
unavoidable [2]. Different formalisms have receriben used to design and analyze
WSNSs, and to evaluate their performances. Amongethfermalisms, Petri Nets
(1962) [7] have many advantages; particularly, Deteistic and Stochastic Petri Nets
(DSPN) could be the most appropriate for our spepifoblem. In fact, they are very
expressive and they represent a widely used higtl-léormalism for modeling
discrete-event systems where events may occur eiftteout consuming time, after a
deterministic time, or after an exponentially distted time [9].

The aim of this work is to propose a WSN modelipgraach for the evaluation of
their performances, especially the packet lossteainss. It is necessary to consider
this metric in order to minimize the number of ldsta packets before implementing
the routing protocols in the real world. In the eaghere the packet loss rate is high,
the network designers must develop mechanisms namizie these losses. The paper
is organized as follows. Section 2 discusses tla¢et work. We give in section 3, the
formal definition of DSPNs, followed in Section % &n illustration of how to use it to
model and evaluate the packet loss in a WSN. Wseptealso some results for which
we perform simulations using the TimeNET tool [14]graphical tool that allows the
modeling, the analysis and the simulation of DSPNwe section 5 provides some
conclusions and possible improvements to the model.
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2 Reélated Work

In the existing work, the packet loss concept wadgeply treated, in particular in the
context of WSNs in which the major constraint ie ttnergy consumption. In [4], the
authors introduced the concepts of Non-Hierarch@abred Petri Nets. This is done
by means of a running example consisting of a sngadmmunication protocol, in
which a sender transfers a number of data packessreceiver. The protocol uses
sequence numbers, acknowledgements, and retraimmid® ensure that the data
packets are delivered once and in the correct olde¥WSNs, the retransmissions
aren't permitted, because the node energy canfisagmtly be decreased and nodes
will be quickly exhausted. This is the reason whg packet losses are tolerated in
WSNSs.

In [8], a framework based on Stochastic Petri Netsmodeling and analysis the
switching node QoS is proposed. The authors ussiinple package mana-gement
mechanism in WAN networks that rejects any packeviag at the node when the
queue is full. The aim is to anticipate the padkes to reduce the arrival flow in this
case. The lost packets are modeled by a drop ti@msind their number is evaluated
by the ring average number of this transition.

In [1], we quantified the energy consumption on Betri Net model assuming that
packet loss doesn't occur. In reality, there amagb packet losses. This depends on
several factors, such as the hostile environmeherevthe sensor nodes are deployed,
the distance between the nodes, the data flow|rethis paper, we aim to consider the
packet loss metric using the same case study inpoarious work [1], where we
modeled and evaluated the performances of a higraprotocol, based on the
clustering technique. In addition, such as sensat&ns can be immediate as they can
consume some time, it would be better to use adtism which take into account
these different kinds of operations, namely theeDainistic Stochastic Petri Nets.

3 Deterministic Stochastic Petri Nets

The Deterministic and Stochastic Petri nets (DSPMs$j)oduced by Ajmone Marsan
and Chiola in [5], are a stochastic modeling foismalwith graphical representation,
which include both exponentially distributed andedministic delays.

A DSPN s a 9-tuple (P, T, I, O, V, W, D, My) [3], where:
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— P is a finite set of places. P = {p1, we,in 15

— T is a finite set of transitions, disjoint from P, partitioned into three dis-
joint sets, TV, TE, and TP, of immediate, exponential, and deterministic
transitions respectively. T = {t1, ...t }i

— I is a set of the input arcs. 1 C (F x T);

— 0 is a set of the output arcs. O C (T = P);

— V is a set of the inhibitor arcs. V C (P = T), where VNI =@

— W defines the weights of all arcs;

— IT is the priority function assigning a priority to each transition. fT : T —
N,

— D defines the firing times. D : T — 0U BT U 12, where BT is the set of
positive real numbers and 1?2 = {A;...., Ay} is the set of random variables
with a given distribution;

— M, is the initial marking.

Graphically, the DSPNs have the same graphicaltinateof places and arcs in
traditional Petri nets. However, the immediate $ions drawn as thin bars fire
without delay, the exponential transitions drawn @sipty bars re after an
exponentially distributed delay, whereas the deit@istic transitions drawn as black
bars re after a constant delay.

Remark 1:

- The immediate transitions have a high firing ptiprielative to the timed ones.
The default priority is 1 and the higher numberamthe higher priorities.

- The random switches associate probability distiingt to subsets of conflicting
immediate transitions. So, for example, if the indage transitions; and { are the
only immediate transitions enabled, the probabitifyfiring the transition jtis
D(t)

D(t) +D(t))

- The delay of an exponential distribution is givgn b, Where/]i 0Q isthe rate

A

given by

parameter of the distribution.

4 Casestudy: clustering technique

In a WSN based on a hierarchical topology, the @em®des are organized into
clusters (see the figure 1). Each cluster is mahdgea single node called Cluster
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Head (CH). The remaining nodes are called memii@using a time interval called
round, each member picks up information from itgimment and sends them to its
CH. Used as gateway to reach the base station; @dcaggregates the received data
and sends the final result to the base stationwisi@assumed far from the coverage
area. This means that only CHs manage the clustgggegate the data and transmit
over long distances. The first technique used feranchical protocols is called static
clustering, where the roles of nodes are pre-détexin a member will not become a
CH and a CH will not become a member after deploymia addition, the clusters
have approximatively the same size and the serm@sare uniformly distributed. To
reduce the complexity of our model, we take an eptarof a cluster of three nodes.

-~

e
e T
ST s
= ® cH

@ Member

Fig. 1. An example of a hierarchical WSN.

As operations that the sensor nodes perform, cdreither a predefined time (like the
round which is fixed) or a random time (like emissreception operations), the use of
the Deterministic Stochastic Petri Nets is necgsdarfact, the predefined and random
times are modeled by deterministic and exponentiahnsitions respectively.
Furthermore, priorities can be assigned to eadfsitian. For example, a CH has to
aggregate data even if it doesn't receive a patkdact, the latter can be wasted, so,
the aggregation must have higher priority thanrgeeption of members’ data. Once
the DSPN model is implemented, the properties aimlgan be launched and the
performances measures can be evaluated.
The idea is to model the sent packets, by a pkaoe the received packets by another
place. These two places act as counters that aiflutate the number of the sent
packets and the number of the received packetscaMmilate later the Packet Loss
Ratio that is given by:

ReceivedPacketdNumber

PLR=1-
SentPacketsNumber

4.1 DSPN Mode for the static clustering
The figure 2 shows a DSPN model associated witluster of size 3, i.e., the cluster

consists of three sensor nodes; one CH and two erembhe definitions of places and
transitions are given in the tables 1 and 2 respagt
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Table 1. Definitions of the model places
Place Description
Init Initial state
MBR; The member i is ready to sense information
Ready$ The member i is ready to send information to His C
TransitD The data is being transmitted
Data The members' data have probably been recaingdre awaiting aggregation
aggrattempt| Aggregation clock; its reset causegiiaeof the aggregation
SentD Sent packets counter
AggrD Received packets counter
Table 2. Definitions of the model transitions.
Firing
Transition Description Distribution Delay Priority
StartRoun The members start their ta Immedlat_( 0 4
Sens; The member i senses the informa | EXPonentie | SenRat 1
The member 1 sends own data to It SRat¢ 1
SCH
RD; The CH receives data of memb _ RRate 1
Aggr The CH aggregates the received . | Deterministic | ADelay | 2
[The CH sends the final result to the I| Deterministic | SBSDela 3
S-BS statior
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Init

StartRound

W _TransitD1

RD1

W agorattempt

Fig. 2. The DSPN Model of a cluster with size 3.

The beginning of the round is determined byittigal statelnit. As the immediate
transitionStartRoundhas the higher priority, so it is enabled and wétthout wasting
time, because it doesn't last any time as the ragtierformed by the sensor node
doesn't admit any delay. The two members are rgaldge MBR) to sense data from
their environment. Then, they start sensing bydirthe transitiorSenseuntil a time

1 to send data. The transiti@CH is enabled and can be red according to its
SenRate
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associated rat8Rate We will put a token in the placEransitD and another in the
placeSentD The latter acts as a counter of messages sethtebtyvo members. So, it
will keep track of the number of sent packets ftbie members to their CH.

The RD transition can be fired as it can't be. It depeadsthe sent packets of
member i, if it hasn’t been lost in transit. Theref, the placdData may contain 2
tokens, as it can contain only one, and also, rit lma empty. To avoid the network
limit, the CH will not wait an infinite time. Sot ihas to launch the aggregating
operation after the time associated to transifiggr has passed. In addition, as it has a
higher priority than other exponential transitiotsyill be fired. TheAggr transition
firing occurs when there is at least one tokenhia placeData. The weight Pata
means that we will remove all the tokens of thecplRata. During aggregation
operation, the CH increases another couatgrD which calculates the number of the
received packets. If there is no token in the plBed¢a, when the transitio8-BSis
enabled, it should be red using an arc inhibitonfrthe placeData to this transition.
Finally, the nodes will be reset, and so, thishie €nd of the round. The same
algorithm will be repeated for each round.

4.2 Packet loss evaluation

As the two placeSentDandAggrD admit an infinite number of tokens, the model is
not bounded. Then, the steady state is not reacl@musequently, we can't launch the
numerical analysis of the stationary behavior. Tigteprovides a transient numerical
analysis for DSPNs by choosing an execution del®p@ seconds in our case). The
simulation component of TimeNET can perform thesiant as well as the stationary
evaluation of the Stochastic Petri Nets in contimutme, without the restriction of not
more than one enabled transition with non-expoa#wntdistributed ring time in each
marking (see the figure 3).

As is illustrated in the figure 3, there are tw@dyg of measures: definition
measures and performance ones [11].
The definitions measures can be created by usiadtttonDef, and they represent
any expression that may be as an input value thigering rates which are predefined.
For example, we create the definition mMeas& pelay= Seanat that should be
adjusted in order to get the best results evaloatio
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Fig. 3. DSPN Model of static clustering on Timenet.

Remark 2: The transition firing times are specified as deléyr all transition types.
The firing rates of the exponential transitions daw be transformed into delays into
delays by taking their reciprocal value:

Delay, = /]i

The performances measures define what is computddgdan analysis. A typical
value would be the average number of tokens inaaeplFor example, the average
number of the plac&entDdefines the sent packets number. We nB{gSentD} In
addition, the average number of the placgrD de nes the received packets number.
In this case, we not&{#AggrD}. Then, the Packet Loss Ratio is given by:

PLR=1
E{# SentD}
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Assuming that the length of a round is equal tedosd, the delay associated to the
transitionS-BSis equal to 1 second. In other words, after asgédms elapsed, the CH

should send the final result to the base statind,the nodes must return to the initial
state. This is why we associate a higher priordy this transition than other non-

immediate transitions.

We set the aggregation time to 0.5 second. We asstinat the time for each
elementary action (Sensé&ensg etc.) is 0.1 second. We launch a transient sitioma
with an interval of 1000 seconds. The results &edassociated graphs are given in 4
and 5. Both graphs show the increase of the nurobehe sent packets and the
received packets over the time. They also showttieahumber of the received packets
is less than the number of the sent packets.

The average of the packet loss rate is equal t018% It is insignificant. In our
example, it only depends on the choice of ringsrabat must be adjusted to improve
the performances. The chosen routing protocol, wtidased on the static clustering,
is also simple. So, we have to make our model ggjai for other kinds of protocols.
Furthermore, it would be better to consider othaectdrs such as, other kinds of
topology and different application domains. We maisb think about the factors that
increase the packet loss rate and included theheiproposed approach. For example,
the distances, the impact of the environment anghso
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Fig. 4. The sent packets during 1000 seconds.
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Fig. 5. The received packets during 1000 seconds.

5 Conclusion

Nowadays, Wireless Sensor Networks are a very ectgearch topic. Based on the
fact that the energy is the most important consty#e researchers are more interested
in the power consumption. However, it would be riesting to consider other
constraints such as the packet loss which was &éesnated by few studies.

In this work, we evaluated the packet loss usimgnfdisms based on the Petri
Nets. Our choice fell on the Deterministic Stocltagtetri Nets because they seem
more appropriate to our problematic.

In order to illustrate the behavior of the propof&PN model and evaluated the
packet loss, we modeled one of the commonly prapsséutions for WSN routing
namely the static clustering. The results showatlttiere are no high packet losses. In
fact, we didn't take into account the factors tielp to increase the packet loss.

In future work, we aim to find these factors thaflience the packet loss metric.
Important work remains to be done, to provide amfar framework for better
properties verification and performance evaluatibthe sensor network technology.
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Abstract. In social network, a group of elements sharing room interests is
called community. To know the structure of thesengwnities, many works
have been proposed with different techniques; we aite label propagation,
cligue percolation, local expansion, etc. This cttite is complex where com-
munities overlap every time. In this paper we uae dgorithm to discover
overlapping communities. Bat algorithm is a novetaheuristic which is cha-
racterized by the echolocation behavior of bate @lgorithm we propose in
this paper is based on the links of the networle @hjective function evaluates
the link density which is convenient for overlappicommunities. Experiment
on real networks show that the communities disdogewith our approach
have a higher density.

K eywor ds: overlapping community, link community, bat algonth

1 Introduction

A social network is a collection of social obje@tsdividuals, organizations) and rela-
tionship between these objects. The vision of @asstructure as a network facilitates
the understanding and analysis of this structureh ss the identification of local and
global characteristics [22]. Community detectiomi® of these characteristics which
appears when relationship between structure anctifumin networks has an impor-
tant role. To do so; individuals or objects arerespnted by nodes and interactions
among them are represented with edges, but inneddl objects often have diverse
roles and belong to multiple communities. In comitywmetection, these objects
should belong into multiple groups because theyehaultiple roles in the network,
which are known as overlapping nodes. The aim eflapping community detection
is to discover such overlapping nodes and comnasitince this problematic often
play important roles in network systems, many atgors have been developed to
solve it which can be roughly divided into two aiees: heuristic methods (e.g. GN
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[21]) and optimization based methods. In additimature has always been an inspira-
tion for researchers; new nature-inspired algorihimve been developed to solve
hard problems in optimization. In this paper, we asie of a nature-inspired algo-
rithms bat algorithm  to solve the problem of ovpdisng communities. The
algorithm starts by the decoding step where indizld are represented with links of
the network and optimized using partition densigter running the algorithm and
having the best solution, the decoding step cocistrcommunities and if two com-
munities share one node, then they overlap. Tharithgn is tested on real networks,
and the obtained results show that bat algorithie le higher density compared to
other link clustering methods.

The paper is organized as follow: the section 2yaea the state-of-art in overlap-
ping community detection, Section 3 defines the psepd algorithm and section 4
explains how to apply the algorithm on the problémsection 5 we define the objec-
tive function and in section 6 we show the expentakresults. To conclude we in-
troduce section 7.

2 Redated work

To uncover the overlapping structure of networkanynalgorithms have been pro-
posed; almost two classes can be cited: node-kalgedthms and link-based algo-
rithms. In the first class, nodes of network ardeotéd immediately; using their
structure of information. Many firmly algorithms gimate from this class, such algo-
rithms that utilize the local expansion by optimgia local benefit function:
iLCD[15] (Intrinsic Longitudinal Community Detecti ,IS [5], LFM [4], MONC
[6], CIS [8], OSLOM [9]. To detect overlapping stture with label propagation,
algorithms enable for each node several labeld) ascCOPRA [12] and SLPA [7].
Some fuzzy community detection algorithms calcufateall communities the chance
that they contains each node, such as the algoptioposed by Gregory [3], spectral
clustering framework based algorithm [10], etc...

The number of communities in fuzzy community detecalgorithms should

be specified in anticipation [3], as CPM and SCP@OPRA and SLPA can de-
termine the number of community automatically.

Furthermore, the clique percolation can also bel dse overlapping community
detection. This method is based on rolling k-cliqer the network through other
cligues with k-1 common nodes. Since one node caticppate in more than one
community, overlap naturally occurs, like CPM [DdeEAGLE [14].

To detect overlapping communities, a lot of aldoris have been adopted

As well as genetic algorithms. The algorithm GA-N§L9] proposed by Pizzuti is
based on nodes representation which detect ovémappmmunities without the
need to know in advance the exact number of groRgsently Ahn, Bagrow and
Lehmann (ABL) [20] proposed the link-based methddclv is applied by Ye et al.
for huge networks [13]. ABL converts the link commities into nodes communities
based on the incident relationship between edggsiades, after discovering the link
community partition. According to GaoCD[1], thistegory is more powerful than
node-based algorithm. For this reason we choosglize it in our approach.

101



AIDD’2015, USTHB — LRIA Imene Messaoudi, Nadjet Kamel

3 BAT ALGORITHM

Bat algorithm is one of bio-inspired algorithms fioked on swarm intelligence. The
algorithm was developed in 2010 by Xin-She Yand.[Bhts follow echolocation of
bats by using sonar echoes to detect and avoiégabst It is generally known that
sound pulses are transformed into frequency wredleats from obstacle. Yang [11]
used three generalized rules for bat algorithms:

1) All bats use echolocation to sense distancetlayalso guess thefflirence be-
tween food/prey and background barriers in someicabgay.

2) Bats fly randomly with velocity;at position ywith a fixed frequency.f,,

varying wavelength and loudnesgté\search for prey. They can automatically adjust
the wavelength (or frequency) of their emitted palsaind adjust the rate of pulse
emission r depending on the proximity of their &rg

3) Although the loudness can vary in many wayss @ssumed that the loudness va-
ries from a large (positive) AOto a minimum consteamue Amin. The body of algo-
rithm is as follow:

Bat Algorithm

Objective function f (x) , x =( x1,...,xd)T
Initialize the bat population; x(i = 1, 2,..., n) and ;v
Define pulse frequency fiat x

Initialize pulse ratesand the loudness ;A

while(t < Max number of iterations)

Generate new solutions by adjusting frequency,
and update velocities and locations/solutions

if (rand >p)

Select a solution among the best solutions
Generate a local solution around the selectedsodstion
end if

Generate a new solution by flying randomly

if (rand < Aiand f(3 < f(x.))

Accept the new solutions

Increase ;and reduce A

end if

Rank the bats and find the current best  x

end while

Post process results and visualization

Bat Algorithm is formulated for continuous constied optimization problems. [11]
From the formulation of the Bat Algorithm and itaglementation and comparison,
we can see that it is a very promising algorithinis Ipotentially more powerful than
particle swarm optimization and genetic algorithasswell as Harmony Search. The
primary reason is that BA uses a good combinatfanajor advantages of these algo-
rithms in some way. Moreover, PSO and harmony beare the special cases of the
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Bat Algorithm under appropriate simplifications. dddition, the fine adjustment of
the parametera andy can dfect the convergence rate of the bat algorithm. Ghou
the implementation is more complicate than manyemwtmetaheuristic algorithms;

however, it utilizes a balanced combination of étvantages of existing successful
algorithms with innovative feature based on theokmdation behavior of bats.

4 How toapply BAT ALGORITHM on community detection
problem?

First we start by generating the initial populataond then we apply bat algorithm to
optimize it.

4.1 Generation of initial population:

The encoding step is based on edges of the netwdrkre we consider as the
identifier of edges €[0, m — 1] and m as the length of bat. An indivatid  is
represented as I={I0, 11, . .. ,li, ..., Im}1

Where each lirandomly takes one of the adjacené®df edge i. Adjacent means
that a pair of links meets at a common vertex.

R P~
.
<

\@}é

10

—®

Fig. 1. Sample network.

Table 1 represents generation of bat accordingedigure 1.
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Table 1. Example of bat encoding.

Edge i 012 386 78 9 10 11
Adjacent edge to edge 120 6 3 43 97 10 8

According to the definition of bat, two edges argeent if they share a common
node. As a result we put it in the same partitibme process is repeated for all edge.
Finally, we get a set of connected components wivieltall communities. Communi-
ties overlap if they share one or several nodescdrstruct a community partition,
the genotype is transformed shown in table 2;

Table 2. Community partition.

1 2|3 456 78 9 10 11
2 0|16 3 4 3 97 10 11 8

0
1

Then we get three communities:
C1={0,1,2} C2={3,4,5,6} C3={7,8,9,10,11}
The three communities share a common node 2.

5 Objective function:

The objective function is sometimes called the €éosttion. The space formed by
this function is called the solution space. Theugabf objective function represents
the importance of individuals, and guides the randearch. Because we use links of
the network to evaluate communities, we adopt fi@ntdensity as objective function.
Ahn et al. [20] proposed the partition density Bfided as follow: For a network with
M links, we suppose P={P1,. .. ,Pc} as a partitibthe network links into C subsets.
mc= |Pc| is the number of links in subset c.
nc=|U e;;€EFAI, j}| represents the number of nodes incidentitds in subset c. Dc
refers to the link density of subset ¢, which ifirted as follows:

D, = me — (nc B 1) (1)

T ne(ne-1)

2eted (- 1)

The partition density D is the average of Dcovéicammunities, weighted by the
fraction of links present in each community. lt&fined as follows:

me—(nce—1)

ne(ne—1)

me _3 _
D= chDc - MDC - ReleD)_ (1)

(2)
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6 Experiments

The benchmark used to show ttfficacy of the method is the six muaisual real
networks [17, 18].

Karate: Social network of friendships between 34nipers of a karate cluba US
university in the 1970

lesmisCoappearance network of characters in the noveMissrables

adjnoun: Adjacency network «common adjectives and nouns in the novel d-
Copperfield by Charles Dickel

football: Network of American football games betweRivision 1A college during
regular season Fall 20(

dolphins: An undirectessocial network of frequent associations betwé2dolphins
in a community living o Doubtful Sound, New Zead:

polbooks: A network of books about US politics psibéd around the time ofthe 20
presidential election and sold by the online botdds@&mzon.cornr

Edges between books represent freqcopurchasing of books by the sarhayers.
First we test bat algorithm on the six real networkfter that we ma comparisor
between the partition density obtained by our megtttwad chers(ABL, GANET+ and
GaoCD).

In second time we show the partitiobtained after executing the algorithmon ka
network.

The experiments are carried out 2.50 GHZ and 4G Bamputer. We sett para-
meters of the algorithm as follo

[11]At iteration tthe bat has a locaticx;which is associated with a velity

v} and frequency,f, . We deiotex, as the best solutiom, =0 and f,,,=100

The following rules explain how to calculate th@seameter:

fi = fmin + {fma:r - fmin),a ,8 [ IO 1] (3}
of = of 7+ (of -2 (4)
Ti=a 4y (5)

To generate a new solution we use equation (6) where A; represents the loudness
" and € €]-1,1].
Thew = Told + €Ay (6)

Tneuw

- The loudness A; and the rate r; are varying as follow:

A = Al (7)

rt =191 -exp(yt)] a=7=0,9 and r?=0 (8)
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Define d: length of solution is set as the numbfeinks in each network. After that
we execute the algorithm instruction per instruttiand at each iteration we adjust
the parameters to choose the best individuals domprto the objective function.
After running the algorithm on the six networks get the results illustrated in the
table 3:

Table 3. Comparison of four link-based methods, accordinthéodensity D for each
real networks.

Network Karate polBooks Dolphins  football lesmis  jremlin
N° nodes 34 105 62 115 77 112
N° edges 78 441 159 613 254 425
DENSITY
Bat algorithm 0.7725 0.3120 0.5276 0.3130 0.9481 284
GaoCD 0.5167 0.3115 0.4183 0.5815 0.6317 0.1421
GA-Net 0.4624 0.1926 0.3308 0.1507 0.5881 0.2361
ABL 0.2848 0.2867 0.3203 0.5500 0.5821 0.1310

From this table we can see that Bat algorithm hagyher density comparing with
GaoCD, GA-Net and ABL for the most networks. Thisans that the communities
have a denser links. For example, with dolphinsvodt bat algorithm has 0.5276
Density where GaoCD have 0.4183 and 0.3 for ABL @AdNet.

Analyzing kar ate network

The network is data collected from the members eihaversity karate club by
Wayne Zachary in 1977. The ZACHE matrix represenéspresence or absence of
ties among the members of the club. After applytimg method on the network, we
get the following partitions:

Cl={2, 1,22}

C2={1, 2, 3, 4, 8, 14, 20, 31}

C3={1,2,3,4,5,6,7,9,10, 11, 12, 13, 14, 15,18, 19, 20, 21, 23, 24, 25, 26, 28,
29, 30, 31, 32, 33, 34}

C4={3, 1,8}

C5={33, 15, 34}

C6={30, 27, 34}

We can see that the network is portioned in sevaraimunities which overlap in
some nodes. For example, the node 1 is appearitiger different C1, C2, and C3
which make these communities overlap. Another nddlas shared by three other
communities C3, C5 and C6. We can see that the emitynC4 is included in C2.
And C5, C6 are included in the community C3 whichkes a hierarchy in the net-
work.
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7 Conclusion

The paper introduces a metaheuristic Bat Algorithihich showed more efficiency
than the genetic algorithm. In this method inditiuare represented by links of the
networks and optimized by the density like objextfunction. The echolocation be-
havior of bats and the setting of parameters maitealgorithm very efficient and
quickly converge to the best solution. The comparisf the density of resulting
communities with the results of other methods shthas our method produces dens-
er communities.
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Abstract. The objective of Linked Data with the emergencéhefWeb of Data
is to interlink semantically data together in orderbe reused and processed
automatically by the software agents. These daseriteed by instances are
heterogeneous and distributed. The Instance matdébia very necessary task
in Linked Data; it aims to identify the instancémtt describe the same real-
world objects. The enormous volume of data alremdhilable on the web and
its continuity to increase, requires techniques tuods capable to identify the
instances that describe the same real-world obgdtsmatically. In this paper,
we describe InsMT-W an improved version of our IAsMystem which
participated in OAEI 2014. This second version ¢sesto use WordNet in
order to enrich instances with terminological imfiation, extracted from
documents that are relevant of the two instancesligm. This method is
considered as another way to annotate instancesati#apt to send also this
second version to OAEI 2015 in order to be evallisge OAEI campaign and
get the official results.

Keywords: Semantic Annotation, Semantic Enrichment, Instaliching,
Semantic Annotation, Linked Data, Web of Data, Setmalnteroperability,
Semantic Web.

1 Introduction

The current Web, contains documents in various &snfPDF, Excel, HTML file)
connected by hypertext links, also known as the \WfeDocuments. In our case, we
call “document” if the content is unstructured arad exploitable, in opposite we call
“data” if the content is structured and exploitable

The inadequacy of the Web of Documents residesénfact that the content of
these documents is probably unstructured which m#aat it is not exploitable and
untreatable automatically in applications, eithgr the machine or by expressive
queries.

Faced with these problems, and especially for éhase and sharing of content,
the transition from the document to the data iy vecessary. This involves the use
of semantic web technologies in order to (a) phb$iBuctured data on the Web, (b)
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make possible, the links between data from one slattace to data within other data
sources. These two points are very important torensemantic interoperability.

These data should be expressed using the RDF lgegiResource Description
Framework [see section 2.1]) to achieve the twoompgints that we have mentioned
in order to enable the semantic interoperabilithiol led to the emergence of the
Web of Data.

The data structure in this form can be easily prigted by the computer and re-
used in applications and easily linked with othatad If the data are easily linked
the computer can work through relationships witheotdata and in this case the
interoperability will be ensured. Other advantagésinked Data among others are:
improving the data quality, less human interventiand processing and short
development cycles (quicker and save time).

With the effort of Linked Data Community to publigxisting open license
datasets as Linked Data on the Web and interlinkgth between different data
sources, the Web of Linked Data has seen remarkadyigase over the past years.

In terms of statistics, in 2007, over 500 milliBDF triples published on the web
with around 120,000 RDF links between data sourece2010, over the 28.5 billion
triples, in 2011 over 31.6 billion triples and 813 over 50 billion triples. According
to these statistics, the Linked Data seems to ¢creasing drastically [6].

Linked Data, by definition, links the instances ratiltiple sources. A common
way to link these instances to others is to useWlesameAs property.

The enormous volume of data already available envtbb and its continuity to
increase, requires techniques and tools capabtietdify the instances that describe
the same real-world objects automatically.

Otherwise, the OAEI evaluation campaign distingeshetween matching systems
that have participated in the category of ontologgtching and those that have
participated in the category of instance matching, order to evaluate their
performance.

We see that few systemn§lO] have participated to test their performante a
instance matching track of OAEI 2014, only our InsMystem and RiMOM-IM
succeed to finish all sub-tracks of instance matghiack of OAEI 2014.

In this paper we deal with two challenges namely:
1. The distributed and heterogeneous natures of dascribed with
instances and
2. The huge volume of data available on the web asdcdntinuous
increasing [14].

Indeed, the Solution to this problem consists tovigle techniques and tools
capable to identify the instances that describe #aene real-world objects
automatically.

In this paper, we describe InsMT-W the second wersif our InsSMT system in
order to resolve the problem of instance matchirgraatically.

1 The declaration of OAEI 2014 evaluation campaigaud instance matching systems “Again,
given the high number of publications on data lirtking, it is surprising to have so few
participants to the instance matching track, altfiothis number has increased”.
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In the first version of our InsMT system [8], wenatate instances with both
names and labels of concepts that contain thesentes and with the names and
labels of properties related to these concepts.

Contrariwise in InsMT-W (The second version of insMT system) we annotate
instances with terminological information extracfeam documents that are relevant
of the instances to align using WordRNein this way we enrich instances with
terminological information which is very useful esgally when the instances lack of
this information.

The official result3 obtained by running the first version of our syst@ instance
matching track are good in terms of recall compared to other esgst that
participated in OAE12014, however the results but are not good indeshprecision
and F-measure. With InsMT-W we attempt to improkiese results in terms of
precision, recall and F-measure.

The rest of the paper is organized as follows.tFipseliminaries on instance
matching are presented in section 2, the relatedk wo instance matching systems
that participated in Instance Matching Track of @&814 is presented in Section 3.
In the Section 4 we describe our system by givingtiled account of our approach.
The implementation is presented in Section 5. Theti@n 6 contains concluding
remarks and sets directions for future work.

2 Préliminaries

In this section, we present the basic notions stialmce Matching.

The Linked Data consist to relate data with typmdtd across the Web using
URIs, HTTP and RDF. The linked Data principles deéined by Tim Berners-Lee in
2007 [11]. These principles are as follow:

» Use URIs as names for things.

» Use HTTP URIs so that people can look up those same

* When someone looks up a URI, provide useful RDBrimftion.

* Include RDF statements that link to other URIstsat they can discover
related things.

2 http://wordnet.princeton.edu/

3 http:/fislab.di.unimi.it/im_oaei_2014/index.html

4 http://oaei.ontologymatching.org/2014/

5 OAEI (Ontology Alignment Evaluation Initiative) ganizes evaluation campaigns aiming at
evaluating ontology matching technologies. httaéicontologymatching.org/
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Fig. 1 Linked Data

Linked Data (fig. 1), by definition [12], links thestances of multiple sources. A
common way to link the instances in these sourcesthers, is the use of the

owl:sameAs property. Instance matching is requiceidterlink these data.

We give below the main notion related to linkedadat

21 RDF Language

These data should be expressed using the RDF lgag(Resource Description
Framework) to achieve the two major points thathage mentioned above in order

to enable the semantic interoperability.

RDF language is a graph model to formally descviteb resources and metadata,
in order to allow automatic processing of such dptons [13][1][2]. An RDF file
thus formed is a labeled directed multi-graph. Etigllet corresponds to a directed
arc whose label is the predicate, the source nodeei subject and the target node is

the object.

We give below an example that shows how to linkadedm DBpedia with other

data sources using the “owl:sameAs” property.

<http://dbpedia.org/resource/Berlin> owl:same#gtp://sws.geonames.org/2950159>

2.2 Instance Matching

ThelInstance Matchindfig.2) is a process that starts from collectiohslata as input
and produces a set of mappings (simple or completiveen entities of the

collections as output [5].
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Fig. 2. Instance Matching.

2.3  Entity Resolution Notion [5]

Let D; and D be represent two datasets, each one containsoé data individuals T
which are structured according to a schemaE@ch individualj € T; describes some
entity w.

Tw\(l)w individuals are said to be equivaler I, if they describe the same entity w
= w according to a chosen identity criterion. The gufathe entity resolution task is
to discover all pairs of individuals {{] 1)) | li € Ty, I € To} such that w; = wy;.

In the context of linked data, datasets &e represented by RDF graphs.
Individuals | € T; are identified by URIs and described using thesifecation schema
and properties defined in the corresponding oniplog

3 Redated Work

We present and discuss in this section the majoksuelevant to instance matching
that participated at OAEI 2014 evaluation campaign.

Only two systems succeed to finish all sub-trackinstance matching track of
OAEI 2014, namely RiIMOM-IM and our InsMT system.

We cite in exhaustive way only the instance maighsystems that have
participated in OAEI 2014 evaluation campaign anticWw are the object of
comparison with our system InsMT-W.

1) LogMap [7]: The LogMap family participated with four differemersions
namely LogMap, LogMap-Bio, LogMap-C and LogMapLiteOAEI 2014. Only two
versions (LogMap and LogMap-C) of them have pagdtéd at instance matching
track. The principle of LogMap-family system isdoeate an initial alignment using
lexical and structural indexing that operates oe tmtologies to align. Then, it
generates the final alignment by alternating iteedy the repair and discovery of new
semantic correspondences using DL-reasoner. Itpocates both repair capabilities
and discovery of semantic correspondences usirsgpnazg-based approach.

The LogMap and LogMap-C systems finish only thatfisub-track of instance
matching of OAEI 2014 which is Identity Recognition

2) RIMOM-IM [9] [3] [4]: is an acronym ofRisk Minimization based
Ontology M appingl nstanceM atching. The principle of RIMOM-IM is to construat
document from the dataset by extracting the ingtsrioformation. Then, it uses
cosine-similarity to compare documents. The versibrRiIMOM-IM system that
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participated in OAEI 2014 for instance matchingdesveloped based on ontology
matching system RiIMOM with some changes in objectivhe objective of RiMoM-
IM is to solve the challenges in large-scale instamatching by proposing a novel
blocking method.

3) InsMT [8]: is an acronym ofnstanceMatching atTerminological level.
InsMT has participated for the first time in OAH)Z4. The principle of InSMT is to
use String-based algorithms in order to calculatélarities between instances after
the annotation step. The similarities calculatecebgh matcher are aggregated using
the average aggregation strategy after a locatifilg). Finally InsMT system operates
a global filtering in order to identify the alignmte The InsMT system shows good
results in terms of recall on different sub-trackénstance matching of OAEI 2014.

The InsMT system finishes all sub-tracks of instamsatching of OAEI 2014
which is Identity Recognition and Similarity Recdtipn.

4) InsMTL [8]: is an acronym ofnstance M atching atTerminological and
Linguistic level. InsSMTL is our other system whichshparticipated for the first time
in OAEI 2014. The principle of InsMTL is to combirdifferent terminological
matchers with linguistic matcher (WordNet) by giyirthe priority to linguistic
matcher otherwise the average aggregation is abphkénally InsMTL system
operates a filtering in order to identify the aligent. The InsMTL system shows also
good results in terms of recall on different sudeks of instance matching of OAEI
2014. The InsMTL system finishes only the first d4tdrk of instance matching of
OAEI 2014 which is Identity Recognition.

5) Other Approaches:

There are several other instance matching apprediteeHM atch [18], FBEM
[17], SILK [16] and the works proposed in [15] which are not cegtidoy this paper
due to minor importance for our approach. Thestit® matching approaches have
not participated in instance matching track of ORBILL4 and they are not covered by
this paper due to minor importance for our approadfith respect to these
approaches, we did not take them in consideratiecalise we do not have their
official results for the experimental protocol oABI in 2014.

As we have mentioned before, the declaration of D&Rluation campaign about
instance matching systems with the high numberutflipations about interlinking
approaches is surprisin@nly RiMoM-IM and our InsMT system succeed to fis
all sub-tracks (ldentity Recognition and SimilariBecognition tasks) of instance
matching track of OAEI 2014.

* In order to improving our InsMT system [8] we lawsed another way of
annotation in our approach. We have annotated nbtances with terminological
information extracted from documents that are @hé\of the instances to align using
WordNet and then using different String-based mi#ghto calculate similarities
between these annotated instances. The advantage approach relative to others is
that we enrich instances with terminological infation obtained from the data that
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are relevant to instances to be aligned. Our agprigvery useful especially when
the instances lack of this information.

4 Our Instance Matching Approach

The approach proposed in this paper is situatefiemminological and Linguistic
based methods to resolve the problem of instance matching whestainces to align
lack form terminological information.

Onjglogy 0, Annotate Instances I with the
. Sring-based Methods:
Extraction of Instances I PName: a?d Ial;;]s Of% ald]d ch . .
—»| tomesch ConeeprCyof; [y (2Bt POPHESEEC OC: Annotated Tnstances Average Aggregation
¢ Strategy
Calculate Similarities between /
Set of Documents Annofation System Amnorated Instances Using L, | Wenification of
televantto 1 & I Usine WordNet String-based Algorithns with a the Alignment
Ontology 0; - Local Filtering
/ T Global Filtering on
»|  Extracton of nstances | Amnotate Instances I with the Local Fillring on cach i Combined Matrx
from each Concept C; 0f 0, | Names and Labels of C andP of Sinilriis Caloulated by
P, is set of propertes elated to C; thse Methods

Fig. 3. Our Instance-based Ontology Matching.

Our approach aims first to annotate instances thithnames extracted from the
documents that are relevant of the instances ¢o aising WordNet.

Then we use different string-based matchers in rotdecalculate similarities
between these annotated instances with a looalifig.

Finally, we select the similar instances usingraghold S. if the similarity value
is greater than the threshold, then the two ingtsiace considered similar.

We summarize the process of our approach in Fmg&avide a general idea of
the proposed solution. It consists in the followsugcessive phases:

41 Phase 1: Annotation of I nstances

In this phase, our system annotates the instanitbstlve names extracted from the
documents that are relevant to the instances go alsing WordNet i.e. extraction of
names from documents that are similar to instatceealign using WordNet. The

purpose of this annotation is to enrich the instgneith terminological information.

This step is very important especially when insésndo not contain terminological
information.
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4.2 Phase 2: Calculation of Similarities

In this phase, our system calculates the simiéeribetween instances, annotated in
previous phase, using various string-based matchiggrithms. The similarities
calculated by each string matching algorithm apeasented in matrix.

4.3 Phase 3: Local Filtering

In this phase, our system applies a local filtemgeach matrix i.e. we choose for
each string-based matching algorithm a thresholdetdize a filtering. We set the
similarities which are less than the threshold toOQrr intuition behind this local

filtering is that the similarities which are ledsah the threshold can influence the
strategy of the average aggregation.

4.4 Phase 4: |dentification of Alignment

In this phase, our system combines the similardfedifferent matrices (after we have
applied a local filtering) using the average aggtimgn method and the result of the
aggregation is represented in a matrix.

4.5 Phase5: Global Filtering and I dentification of Alignment

In this final phase, our system applies a secolérifig on the combined matrix
(result of the previous step) in order to seleet torrespondences found using the
maximum strategy with a threshold.

5 Conception and I mplementation

To implement our approach presented in the previeection, we propose the
following architecture as shown in Fig. 4.

Instances Extraction Instances Annotation Similarities Caleulation Alignment Identification
Set of Documents
relevant to D & D’ I Using Jena AP Using WordNet Using SimMetrics AP Using Commination, Filtering
/
\_Input_J \_ Process of Our Instance Matching System /) \ Output )

Fig. 4. Conception and Implementation of our Platform

) 2

The instances extraction phase was performed ukng Plug-in of the Protégé
platform. The instances annotation phase was aetligith WordNet. The tasks of
calculating similarities and alignment extractioere performed respectively using
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the different string-based methods namely: Levesisktistance, Jaro, and Slim-
Winkler with a local filtering, strategy of averagggregation and global filtering for
selection of instances that describe the sameotgaktt.

6 Conclusion

In this article, we have introduced a new instanwching approach in order to
identify the instances that describe the samewedd objects automatically. Our
approach is useful especially when the instanegsdaterminological information.

This is the second version of our InsMT system. iffygortant part of the second
version of InsMT system is the annotation of instm with terminological
information extracted from the documents that alevant of the instances to align
using WordNet. Also it combines the various strbagsed matching algorithms in
order to calculate similarities with average aggtem method. Finally we have
applied a filtering on the combined matrix for thedection of instances that describe
the same real-world objects.

The purpose of this annotation is to enrich thdammses with terminological
information.

The purpose of this new approach is that the fiession of our InsSMT system
provides good results only in terms of recall bot m terms of F-measure. We
attempt to participate with this new version of aystem at OAEI 2015 in order to
get better results than the first one.
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Abstract. In the recent years, association rules are b@isgle of the data mining techniques,
one of the most tools used to find relationshipsvben the different attributes of the datasets.
With the fast growth of stored data in our worldgditional algorithms become a big consumer of
time and memory. Nowadays, researchers deal with Ag3Mes as an optimization problem. In
this paper, we propose a modified bat algorithmnfigring association rules called BAT-ARM
which is based on bat inspired algorithm. The athgmof the bat algorithm is the combination
of population-based algorithm and the local sedrolever, it is more powerful in local search.
Our proposed algorithm is tested on several gendatasets with different number of
transactions and items. The results are compar&dP{Growth algorithm results on the same
datasets. BAT-ARM algorithm performs better than #R-Growth algorithm in term of
computation speed and memory usage.

Keywords: Association rules mining, ARM, Bat algorithm, optation,
FP-Growth algorithm, Support, Confidence

1 Introduction

Knowledge discovery in databases has attractedttbetion of researchers because of
the fast increasing of stored data. Great numbstucfies were dedicated to association
rule mining [1]. ARM allows the generation of cleand practical rules in large
databases. These rules show the correlations betwess and attributes in the
databases. Association rules are suited and ulefalumber of applications such as
marketing, medical diagnostic and telecommunicatié@ssociation Rule generation
was generally performed in two steps: the firgp stens to get the frequent item-sets or
frequent pattern in the database. The goal of #worsl step is to generate the
association rules using the frequent pattern etadain the first step . Mining the
frequent patterns is probably the most importantegpt in data mining. It is proven to
be an expensive process in term of time and spacause the huge number of
generated item-set .

Since 1993, when Agrawal, Imigiki and Swami. [1] Introduce the definition of
association rules and frequent pattern; severaite®gorithms were proposed to solve
this problem. Each algorithm has its method to ggeethe frequent pattern and
associations. Apriori [2] is the most popular alon. It generates the candidate
item-set with a pruning mechanism. However, its anajrawback resides in the
important number of scans of the whole databasiehmows down the response time.
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In [3], Han, Jiawei and Pei, Jian and Yiwen propaseew exact algorithm called
FP-growth. It mines frequent pattern and generdites association rule without
candidate generation. It needs just two databasgss&clat algorithm proposed in[4]
to use the vertical representation of databasedoae the counting of the support. The
main drawbacks of these conventional algorithms frgtly, they are tooresources
consuming especially with a huge number of tramsastin the datasets when there is
not enough of physical memory. Secondly, they ieednuch execution time when it
comes to sizable databases. Motivated by the ssioédsat algorithm in various fields
of data-mining, such as classification [5], clustg{6], combinatory optimization and
Image processing [7], we present in this paper \w medified bat algorithm for
association rule mining called BAT-ARM algorithm.uOapproach was tested on
several common datasets and compared to FP-grgaitithim results.

The remainder of this paper is organized as folldwthe next section we present a
general background about association rule and wallr¢he original of the bat
algorithm. In section 3 we present a brief reviewhe literature on ARM exaction
using evolutionary algorithms. In section 4, we ald® and discuss our proposed
algorithm. In section 5 we present our experimengallts. In the last section we
conclude this paper and we present our future work.

2 Prdiminaries

In this section we provide a brief description @saciation rules, including some
main definitions.

2.1 Déefinitions

Formally, the association rule problem is definsdadlow: Letl .,in} be a set

={i 1 i2,..
of literals called items, LdD be a set of database transaction where each ¢tarsa
contains a set of items. The problem of mining eisg@n rules aims to generate all
rules having support and confidence greater tharuier specified minimum support
(calledminsup)and minimum confidence (calledinconf)respectively.

Support :supp(X), it is the proportion of transactions of D thatntains X, the
support get its value in [0,1].

Confidence : conf(X—Y), its the proportion of the transaction that coveriXgnd
Y, Oconf(X—>Y)1 .

Association rules is a rule of the formA—X expressing the fact of if/then
statement, if A then X. An association rule has feots: an antecedent (if) and a
consequent (then).

Almost association rule mining algorithms use ttatistical analysis to determine
usefulness and correctness of the rules. Genetatlye exact methods use the support
and the confidence. Meta-heuristic approaches uferaht measures, Support,
Confidence,Gain and lift, and optimize them using fithess function to evaluate the
generated rule.
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2.2 Original Bat algorithm

Yang [8] proposed a new and interesting meta-hgueptimization technique called
Bat Algorithm. This technique was proposed to behas a band of bats tracking
prey/foods using their echolocation. To model glggorithm, few rules are defined and
presented in [8]. At the beginning, the bat popafats initialized withErreur ! for
each batbi at the timed. Let T be the number of iterations. As mentioned in i@ytion

of virtual bats is done by updating their frequenaiocity and position as follow

fi=fimin + (Fnin~ fna)f (1)
Vit = Vit_l+[Vit_l' X*]fi (2)
X' = x vy ®3)

Wherep€g[0,1] is a random generated number ahds the current best solution
which is located after comparing all the soluti@mong all the bats. For the local
search, Yang [8] uses a random walk to generagavesolution for each bd]i. First, a

solution is selected among the current best saistithen the random walk is applied
on the bats that have their rates smaller thanathéom rateate as follows:

Xnew = Xoldt QAI (4)

wheree€[-1,1] is a random number arAl is the average loudness of all the bats at the
timet. At each iteration of the algorithm, the Ioudnek?‘s's reduced and the rate is

increased. as follow:
Ati:aAit-l (5)

't = r[1-exp(+)] (6)

whereo andy are constants. At the initialization step of thgoathm, each bat has a
different random Ioudnes;»ek0 which isin [1,2] and random rate whichisin [0,1] as

mentioned in [8].

3 Rdated work

In the literature, we can find a large set of téghas based on evolutionary
algorithms proposed to extract association rulehSype of algorithms are known to
generate solutions using techniques inspired frataral behaviors such as Genetic
Algorithms (GA), Particle Swarm Optimization (PS@pd more other bio-inspired
algorithms. All of them use initially a populatiaf candidate solutions and evolve
them to obtain the best solution to the problem.

Association rule mining can be considered as arimigdtion problem. So
evolutionary algorithms are used to generate tis¢ tdes in dataset by selecting the
rules that maximize the fitness function. In thierkture, different works propose
genetic algorithms with different fitness and génefperation. Quantminer [9] is a
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genetic algorithm for mining quantitative assodaatirules. In this algorithm
individuals represent rules and the algorithm eeslto search for the best solution.
In[10], the authors propose to optimize associatiole mining using new fitness
function. This fitness function divides the rulesoi discrete and continuous ones. In
[11], Yan and Zhang. propose a genetic algorithmidentifying association rules
without specifying minimum support called ARMGA . .ettmain inconvenience with
this algorithm is the invalid chromosomes generatadithe production of many rules.

On the other hand, AR mining can be seen as a -wibjkictive optimization
problem, in which different measures are used énfifmess function to evaluate the
rules. In this area, several works are proposedl1®}, a multi-objective genetic
algorithm approach to mine association rules fanercal data was proposed, where
confidence, interestingness and comprehensibiliy ased to define the fitness
function. In[13], Qodmanan also propose a multeghbye association rule mining with
genetic algorithm without specifying minimum suppand minimum confidence. A
review on multi-objective rule mining is presentad14].

In addition to genetic algorithm, there are margeobio-inspired approaches which
are proposed to extract association rules. In [th&],authors propose a particle swarm
algorithm to detect association rules. The algarith defined through two main parts:
preprocessing and mining. The preprocessing partileées the fitness of the particle
swarm. In the mining part, PSO is used to mineules. A great review on Application
of Particle Swarm Optimization in Association RMéing was proposed in [16].The
authors of [17] developed a new algorithm calledOBSRM. This algorithm is
inspired from bees behavior and based on BSO #hgoriThe results show that
BSO-ARM performs better than all genetic algorithis extension to their work, the
authors present improvements to BSO-ARM in [18],ereh three strategies to
determinate the search area of each bee are pbfroselulo, next, syntactic). These
improvements give its fact on the quality of ruéedracted by BSO-ARM, but in the
same time the algorithm takes more CPU time. Thmesauthors present another
Hybrid approach called (HBSO-TS)in[19] for miningsaciation rules based on Bees
swarm algorithms and Tabu-search. The results shatvHBSO-TS extract useful
rules in reasonable time.

4 BAT-ARM Algorithm

In this section we define the solution encodinguse in our approach, the fitness
function and how bats ranks from position to ano{Bat motions).

4.1  Encoding

In the literature, several representation of tHe ta mine the ARM using genetic
algorithms or meta-heuristic algorithms can be tbun ARMGA algorithm [11], the
rule is represented as a chromosome of k+1 lemgtbre the first position is the cut
point that separates the antecedent and the casrstegfuthe rule. Positions 1 to k are
the index of the items, Let the ruleXY, X= {A,..., AjjlandY= {A1 ,...,A}. Another
representation is considered by [20] where all #are appeared in the chromosome.
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So, if we have n item then we get 2n length chrames In this representation, we
have four codes that can be assigned to each @8mif the referred item is in the
antecedent of the rul®l1 or 10: the referred item is not included in the rulg; if the
referred item is in the consequent of the rule. &or approach, we use the first
representation where each solution X represeniteaand contains k item. Therefore,
the solutionX contains k+1 positions. Assuma 4,1,,...,I} the set of all items in the
database. The rule-XY is encoded as follow:

i Al |

1] = i J+1 seas n

Where the j separates between the antecedent ambtisequent of the rule, Hqi
item in | is in the rule then the position k conti else the position contains 0 where
O<k<=n+1,;

4.2 Fitness function

As mentioned above, in association rule mining,rtiie is accepted if its support and
confidence satisfy user minsup and minconf. Eactkwa evolutionary algorithms for

mining association rule uses its fitness functirtiie individuals. Our fitness function
is described as follow:

a x conf(R) + B X supp(R)/(a + B)if accepted rule
—1lotherwise

F(R) = {

whereR=X=Y, and leto. andp be two empirical parameters.

4.3 Virtual Bat motion

In [8] the authors present a mathematical simutatibthe natural bat movement,
where the frequencg, the velocityvi and the position (solutionsq for each virtual

bat are described, and these values are genei@ded bn three equations presented in
1, 2, and 3. In our approach we propose a new igéiscr for bat motion related to
association rule mining. The same concepts arenetififrequency, velocity and
position.

e Frequency fi: presents how much this bat is strong to charggeasition. In

other words, it means how many items can be chaimgth@ actual rule, where
the maximum frequencymax is the number of attributes in the dataset and the

minimum frequencyfmin is 0.
* Velocity v,: presents where the changes will be started.

e Position X it is the new generated rule based on new fregyyerelocity and
the loudness .

The new generated rule at the iteration t is givgn
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fit = 1+(fma><)ﬁ (7)
Vit = fmax_ ﬁt _Vlt_l (8)

Algorithm 1 Generate new solution

Input: Rule x4, Frequency;f velocity v, loudness Ai
Output: new rule x
While (vi< Frequency;f do
If (rand > A) then
ltematy«< Itematy+1

Else
ltematy« Itematy-1
End if
If (Item at yless or equal to O or greater than number obattes)then
Itematy<— 0
End if

If The new rule contains duplicated itethen
Keep one randomly and delete the others.
End if
Increment y
End while

The new position (rule)(i is generated by applyirajgorithm 4.3, such that, if the

loudness is less than a random vated we increase the value of actual bit, else we
decrease this value. If the value is out of therirdl [1..N], the value is replaced by 0.
The new generated rule may contains duplicated(iés). In this case, we keep a
random bit from the duplicated and delete the athdere we never get an invalid rule.
This operation will be repeated starting from tlitealb current velocity to achieve the
actual frequency. The modified bat algorithm psecdde is presented ilgorithm
2.Erreur ! Source du renvoi introuvable.

Algorithm 2 BAT-ARM Algorithm

Objective function (fithess function)
Initialize the bat population;and y
Define pulse frequency &t %
Calculate the fitness of each initial positigat f
Initialize pulse rates and the loudness;A
While (t < Max number of iterationgjo
Generate new solutions by adjusting frequency f
and updating velocities and locations/solutionsifgipns 7, 8]
Generate a new solutionusing Algorithm 1 where inputs are¥;, A;
If (rand >f) then
Generate a local solution around the selecteddodstion by changing just one
item in the rule
End if
If (f(x;) > f(x*)) then
Accept the new solutions
X% = X
Increase;rand reduce Ai equation 5, 6
End if
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Rank the bats to the best solution
End while
Post-process results and visualization the besttist rules

44  Complexity of BAT-ARM

Association rule mining is one of the most atraztwoblem in NP-class [21]. For
the proposed algorithm at each iteration, eachi lmdtthe n bats generates a new
solution starting from rule that contains k bitefs), with the use of Algorithm 4.3. So
the number of modified bits is trfeequency—velocit){. In the worst case the frequency

will be equal toFmax and the velocity is 0, then the items will be dajeeh Here the
complexity isO(nxMaxiterations¢k) .

5  Experimentation and results

To evaluate our algorithm we tested it on a seveyathetic common standard
databases with different number of transactionsit@mals. The programs are written in
Java and run on intel core I5 machine with 4Go efimary running on linux ubuntu.
Results are described in the following section.

In our experiment, we change the two essentialrpatars in our algorithm: the
number of bat: and the number of iteratioris and we fixedo andp to 1. As
mentioned in [8]p andy in equation 5,6 area=y=0.9.

Table 1 presents the results of running our proposed gfgoron synthetic
common database of 1000 transactions and 40 itemesareated with the IBM dataset
generator[2]. The initial positions are generataadomly, and the minimum support
and the minimum confidence are fixed to 0.2 adr@spectively. The results show that
our algorithm yields a good performance in terntime and memory usage with max
time 19 seconds and 2.74 Megs of memory usagentimber of iterations is 200 and
the number of bats is 50. On the other hand, FRagatgorithm is more efficient in
term of time with 0.73 second with higher memorgges

Table 1: BAT-ARM results with common database (1000 transastiand 40 items)

Bats . . executior best Memory FP-growt Memory
iteration . ) usage :
number time (s) fitness (Megs) runtime(s)usage (Megs)

25 0.56 0.3795
50 1.06 0.4039

10 100 2.03 0.4087 1.31 0.73 16.97
150 29 0.4087
200 3 0.4118

25 25 1 0.3815 2.45 0.73 16.97
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50 2 0.4138
100 5 0.4137
150 7 0.4162
200 9 0.4087
25 2 0.4087
50 5 0.4087
50 100 10 0.4087 2.74 0.73 16.97
150 15 0.4118
200 19 0.4138

Table 2 shows the results of running our tests on CHES{a@&base that contains
3,196 transactions and 75 items. The results siatvdur algorithm gives a good
runtime with a good quality of rules generated s memory usage. Our algorithm
goes to maximize the fithess function till 0.969%veupport 0.92 and confidence 0.93
and maximum memory usage 48.63. For FP-growt dlgarithe runtime grows up
because of the number of transactions in the CHEz5Sset.

Table 2: BAT-ARM results with Chess database (3,196 transastimd 75 items)

executior best Memory FP-growt  Memory usage

Bats . .
number iteration time (s) fitness (l,:/ls:gg; runtime(s) (Megs)
25 2 0
50 9 0.7034
10 100 13 0.8044 4251 523 104.55
150 22 0.8209
200 28 0.8152
25 12 0
50 38 0.632
25 100 72 0.6464 45.95 523 104.55
150 60 0.8728
200 73 0.8152
25 34 0.5795
50 38 0.8837
50 100 67 0.8565 48.63 523 104.55

150 125 0.9044
200 141 0.9295

Table 3 shows the results of our tests on mushroom[2tudete that contains 8124
transactions and 119 items. Again, the resultsicarthe efficiency of our algorithm
with the growth of the number of transactions ateins in database in term of
execution time and memory storage. The maximumeusdgnemory was 170 Mo
when the parameters are 200 iterations and 50 Paisthe other hand, FP-growt
algorithm goes till 291 Megs of memory and runtiofie. 165 seconds.

Table 3: BAT-ARM results with Mushroom database(8124 tratisas and 119
items)

Bats iterationexecutior best Memory FP-growt Memory usage
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number time (s) fitness usage runtime(s) (Megs)
(Megs)
25 6 0
50 10 0.6063
10 100 26 0.6329 128.67 1165 291.1
150 41 0.6927
200 68 0.6927
25 18 0
50 37 0.5622
25 100 86 0.6329 156.69 1165 291.1

150 115 0.6927
200 199 0.7070

25 16 0.6758
50 61 0.6464
50 100 151 0.6927 170.29 1165 2911

150 253 0.7198
200 341 0.7376

Based on the conducted experiments, we observeothahlgorithm provides a
great performance in term of CPU-time and memoagasThanks to the echolocation
concept of the bat algorithm that can determinectvipart of the best rule have
changed to get a better position (rule) for theiadbat.

6 Conclusion

In this paper, we presented a new application ofabgorithm for association rule
mining. The proposed approach is inspired from haghavior and based on
echolocation concept to generate new positionsegjulCompared to FP-growt
algorithm, our proposal proved its efficiency imteof time, memory usage and quality
of generated rules with maximizing the fitness fioxt The main drawback in our
algorithm is the lack of communication between lilasésé can generate redundancies in
the positions while searching a new one. As futwm@k, we plan to propose a
cooperative bat algorithm for mining associatiolesu
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