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Abstract: With the growing adoption of web services on the Internet, service seldmtimomes an important issue of service-oriented

computing (SOC). Appropriate services selection algorithm is the fundi@nguarantee to compose complex services from single-
function components effectively. The quality of selected componemicss is crucial for the performance of the service composition.

Therefore, it has become a hot issue to select the best services fsetrof services with similar functionality. Recently, skyline has

been introduced to solve the problem by selecting skyline services asghednelidate services. In this paper, we focus on selecting
skyline services in dynamic environment, where new services mayagppé@inal services may invalidate and QoS of services may
change. We propose a skyline service model as well as a novel skytiogthm to maintain dynamic skyline services. An extensive

performance study is propoesed to verify the effectiveness amieeffy of our approach.

Keywords: Keywords-service selection, dynamic skyline, QoS

1 Introduction each of which hasnweb services and the number of QoS
parameters of each service s For simplicity, web
Service-oriented computing (SOC) is the computing Services 1IN the same repository have eq“."_’a'e_”‘
paradigm that uses web services as fundamental elemenﬁ ”F“O”?“W and the process of services composition I
to develop solutions. In this architecture, single-fuoicti f.egrﬁg llaneg[dz\;\/anfoerilgte?rcaocrtrlw%?ﬁéggntlgv?/z;hsazgcce%ztg ttr?e
applications are integrated to create new value-added anté?n o constra‘ﬁtps pfor real-time  exec t'gn (tryrf
large-grained services. Service composition has atttacte ! : ' xecutl

lots of researchers’ attention and was applied in manycg:?lgggtl?:i%ev}lgg :Est?ﬁggggigf fLrJ:Cit(ljtl)natlhieSqu?/gkl)legr’;
domains, e.g. finances, workflow management an g rapidly, P

e-Business. With the rapid growing number of web ecomes especially serious and challenging. The web

services providing the equivalent functionality but ﬁemg:rsofsezrtfzefngégeo Se?flfg?asf':?ﬁrer:ng?sd'nt:raetaégg
differing quite a lot in QoS parameters, the problem of u W Vi Vv Yy I

service composition is converted to the selection of besfexpon%nt;alrlytﬂﬁ]. Hrowever :cf Wle (f[?nn r?ﬁur??hthgrsearcr; f
appropriate candidate services in regard to QoS. space before the process ot selection, then the ime cost 0

Figure 1 presents an overview of the QoS—basedS election will decreases substantially.
service selection process. The service composition
contains several tasks and each task can be accomplished Recently, skyline approach has been introduced to
by a set of services whose functionality is equivalent.service composition as the preprocessing before service
QoS-based service selection is aimed to select bestelection P],[3],[4]. QoS-based skyline services
appropriate candidate services from each set to optimizgutperform other non-skyline services with regards to
overall QoS as far as possible subject to satisfyingnon-functional requirements. However, the service
end-to-end QoS requirements. environment in 2],[3],[4] is all static, which is not
However, it is inefficient to find the best combination practical in real application. Dynamic service
satisfying end-to-end QoS constraints in an exhaustiveenvironment, where new services may appear, original
search. For example, suppose there are four repositorieservices may invalidate or the QoS of services may
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use linear programming techniques to select the optimal
component services. In the work of Ardagna et &, [
extended linear programming methods are proposed.
However, with the number of services increasing, the
performance of linear programming becomes worse.
YehiaTaher et al.J] proposed an approach focusing on
minimizing impact on the ongoing in the process of the
web service substitution and obtain good perform.4p [
| Qos-based service selection _ | the authors propose TCP-nets to solve the problem of web
~+ service selection based on preferences over
O non-functional attributes. However, the computation of
—(— —>@— TCP-nets takes account in all the services in repository
> and the effectiveness of TCP-nets approach hasn’t been
proved by experiments. The work if][has considered
Fig. 1: Conceptual overview of QoS-based service service competitiveness, but the solution in this work is
selection just suitable for the situation where only one service
attribution is subject to change. Then some literatures
such as §],[9] applied heuristic algorithm to solve the
service selection problem. However, most of above
change, is more realistic and should be paid moremethods are inefficient, because the range of candidate
attention. services they consider is vary large.

In this paper, we investigate the selection of skyline : . -

- ' - . . - lementary to these existin

services under dynamic service environment. As serwcessoljii;yrl]'snel?pcpor&?fhbés Egg&p o decrgase the rance gf

are varying under dynamic environment, skyline services S : . ang
election, so that service selection process is more

are changing. It is preferred to maintain QoS-based’ . _ o . >
skyline ingste%d of reF():aIcuIating skyline ser\s?ces Onceeffectlve and efficient. Alrifai et al.1] first apply skyline

service varies. In order to record each change, we proposefﬁﬁ):ri:ﬁzh otfoth?sorrgz?r?g d V\|/-|e(?wes\/eerrwct:reli,s \?vr(])?k E;%V%nrhe
a skyline service model called Paper-Tape which Canaddress){he service selec.tion roblém when the re osit)(/)r
locate the varying service rapidly. In particular, we . P P y

propose a novel dynamic skyline algorithm which can 'S Static, and this algorithm is not suitable for dynamic
handle skyline services under dynamic service S€vice environment. In order to select services under
environment. This paper has three-fold contributions asdynamlc environment, we propose an innovative skylllne
follows. algorithm which performs well under dynamic service

environment.

-We address the problem of QoS-aware serviceé gyyline algorithm can also be used to address the
selection, selecting _skyllne services to reduce theuncertainty of service. In the previous work(], we
search space of service composition. , utilize probability-skyline to deal with uncertainty ineth

—We consider the calculation of skyline services underprocess of services selection. Through this method, we
dynamic service environment, and propose ancan calculate the dominance probability between two
innovative skyline approach which can maintain sepyices and set a threshold. We can put the services
dynamic skyline services. _ _ whose dominance probabilities exceeds the threshold in

-We evaluate our algorithm in an experiment on the probability skyline. In the work ofl[l], a p-R-Tree
synthetic dataset of services with QoS mformatlonindexing structure and a dual-pruning scheme are

based on WS-Ben. proposed to calculate the p-dominant skyline services

The rest of this paper is organized as follows. Sectionefficiently.
2 reviews the related work, and Section 3 introduces the  Skyline method, the fundamental approach we used to
preliminaries. Section 4 shows the skyline service modelsolve the problem of QoS-based services selection, is also
which is called Paper-Tape. Section 5 presents theeferred to as the Pareto curvk2] or a maximum vector
innovative skyline algorithm performing well under the [13]. The skyline query is also related to some other
dynamic services environment. Section 6 evaluates ouwell-known problems, such as nearest neighbor query
method and the results demonstrate the benefits of our4], top-N problem [5], the contour problem 1[6],
approach. Finally, Section 7 concludes the paper. convex hulls 17], and multidimensional indexing. Kung
et al. [13] first proposed skyline algorithm employing a
D&C approach. Kossmann et all{ utilizes a D&C
2 Related Work scheme for data indexed by an R-tree to gain the skyline
based on a nearest neighbor approach. Recently, the most
The problem of service selection has been widely studiegopular skyline algorithm is BBS (Branch and Bound
in lots of literatures during recent years. Zeng et 8]. [ Skyline) approach, which was proposed by Papadias et al.
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I~ s s e M any other point, i.e. there is no other hotel has lower price
and shorter distance than hotel A, so point A is in the
A NS Y A N — skyline. The same holds for points B, C, D and E, which
®A also belong to the skyline. However, the point F and G are
not in the skyline, because they are both dominated by
. point D. The result skyline provides is a set of trade-offs
oC i € among the parameters to be considered, which could be
Y i E i understood as a anti-correlated set. The blue region in

Distance

Yo Figure 2 is the only dominance region of point D, because

G the points in this blue region can only be dominated by

@ point B. However, the points in upper or right boundary

: L 3o of only dominance region could be dominated by other
Price skyline points.

Fig. 2: Example of skyline
3.2 QoS Constraints

in [19]. It utilizes an R-tree structure and has been provenlrg l;ﬁzlrn:r?tglIc(:)arflosrgrviL::Seer(sgoglllT[?:Vg orgeat(;:j rsneor:/?ce
to be very effective and efficient. q ) ggreg

should satisfy users QoS constraints. The QoS of
aggregated service, denoted @geral = {01,092, ---,0n}»
should satisfy users QoS constraints, denoted as
Cons = {c3,Cy,...,cn}. The value ofc; represents the
. constraint value of theth attribute of the service (i.e., as
3.1 Skyline for cost, constraint value stands for the maximum cost of
) o , service). As for satisfaction, each parameter of the
Given a set of points in-dimensional data space, poft  gggregated service should satisfy the corresponding

is said to be dominated by, if P is better or equal than  onsiraint. Service S satisfies its overall QoS constraints
Pj at all dimensions, and meanwhHgis better tharP; in - janoted as Cons(S) = True if

at Iea§t one dimensiorl?.]. In this n-dimensional Space, i ¢ [1,n],qsat(c) = True.
all points which are not dominated by other points
combined to a set named skyline. According to skyline
query, we can find the best data which users required
Skyline queries are widely applicable to multi-criteria
decision making applications. For sake of clarity, we ) )
formula the definitions of skyline and its dominance "€ composite QoS is the emergence of all component
relationship as follows. services QoS. There are about three kinds of merge: 1)
Definition 1.(Dominance Relationship & Skyline) Sum; 2).Mult|pllcat|on; 3) Minimum. The computation of
Given a set of points S in n-dimension data space, and composite cost be!ongs to Sum, as the cost of the
two points x,y € S x dominates point y, denoted as aggregated service is the sum of all components cost, i.e.
x<yifvie[Ln:x <yand3ie[Ln:x<y. Skyling,  Qoverall (¢) = 321 Qs (c) (m is the number of services).
denoted as K, is the set of points that are not dominated The computation of composite response time is the same
by any other pointsin S i.e. SK = {xe S By e Sty < x}. as the computatlon_o_f cost. In gddltlon, the computation
Definition 2.(Dominance Region & Only Dominance of throu.ghput is M|n|mur_n, which means the vallue of
Region) The Dominance region of a point x, denoted asxgr, composite throughput is the smallest one in all
isthe union of the point k which isthearbitrary pointinthe ~ components throughput, . L&
data space and is dominated by X, i.e. Xgr = {UK|x < k}. Qoverall (tp) = MiNi<i<mQs (tp). The computation of
The only dominance region of point x, denoted as Xod, IS reliability beI(r)nngs to the second kind, i.e.
the union of the point k which is only dominated by x, i.e. ~ Qoverall (re) =21 Qs (re).
Xod = {UK|x < K, Ap € SK: p# X, p < K}.
For example, consider the classical scenario as in
figure 2 where a user wants to find a hotel both near to4 Skyline Service Model
downtown and cheap in price among a set of hotels. In
figure 2, each hotel is described by two parametersBefore calculating skyline services, we should first prbjec
namely price and distance. Then, these hotels areservices into multi-dimension data space. Given a set of
projected into a 2-D space, and the coordinates of eackervicesS= {s;,s,...,Sn}, each service contains n non-
point are corresponding to the values of the above twdfunctional attributes, denoted 891,03, ...,0n}. In then-
parameters. It is obvious that point A is not dominated bydimension data space, each dimension corresponds to an

3 Background

3.3 QoS Computation
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Fig. 3: Example of dynamic skyline services Fig. 4: Example of Paper-Tape model

attribute of service and the coordinate of service in this In the pre-process stage, we rank the services in
. ; . . increasing order of services response time, and label each
dimension equals to the value of corresponding attribute

In this way, we change the QoS-based service SelectioService with its serial number, i.e. before adding new
. Y, v ge t . : |gervices, the response time gfis the third smallest one
into the traditional scenario of skyline computation.

i in skyline services, so the label sf in R-Tape is 3. In
Many researchers1p]|,[18],[19] have studied the particular, the two queues of services in C-Tape and

calculation of static skyline, and some efficient algori$hm services in R-Tape are the same, i.e. the labe$oin

are proposed, e.g. Branch and Bound Skyline algorithmc.Tape is 3 too. Therefore, the label of skyline service in

In our work, we concentrate on the calculation of R-Tape is the same to the one in C-Tape. According to the

dynamic skyline services in the realistic scenario. Indefinition of skyline, the values in C-Tape is in

dynamic service environment, varying services Wil descending order.

influence the skyline. For example, in the fig 3, we take  \when we first insert servics, into service registries
round dots as original services and rhombus dots agng the latest skyline services are
varying services. For sake of simplicity, those three (s s, 5554, 55,5,57}, as showed in fig 3, we can
Varying services are all new services added into theﬁnd Sy has its response time equa|s$@and its cost
dynamic service environment and the varying ordesiis  equals tosy. Thus we can get its paper-tape model as fig 4
first, s10 second andy third. Before varying services are ghows.

added, original skyline services ~ are  The labels of varying servicg in the two tapes are
{s1,%,%3,%4,%,%,57}. The addition ofsy; doesnt bring  denoted ag (i) andL¢ (i) respectively. For example, the
change to the skyline services ag is a dominated |ape| of servicess is Lr(9) = 3, Lc (9) = 5. In particular,
service. The addition af;o affects skyline services as no i the value ofs is between the value of (label=) ands;
services can dominate it. So the skyline services changgabe|:k+ 1) in R-Tape, theig (i) = k+0.5. In particular,

to be {s1,%,53,54,%5,%,57}. The addition ofsy also has it the value of new service is less than the smallest one
an effect on skyline services as dominates three jn R-Tape, then the label is 0.5. Also, if the value of new
original services{s;, s3,s4}. Therefore, the final skyline services is larger than the largest one in R-Tape, then the
services argsy, 1o, o, Ss, S6, 7} label isn+ 0.5.

It could be directly observed that whether the skyline ~ Theorem 1. Paper-Tape  Dominance. If
change depends on the location of the varying servicelLr(i) < Lc (i), this implies s dominates one or more
Through comparing the location of varying service with original skyline services and is a skyline service. If
each skyline service simply, we can get its influence onLgr (i) = Lc (i), this implies s doesnt dominate original
skyline. However, the cost of this method is too large onskyline service and is skyline service. If Lr(i) > Lc (i),
account of the times of pair-wise comparison. In order tothen s is a dominated service.
obtain the effect of varying service, we propose a  Proof: If Lr(i) < Lc (i), then there are one or more
approach named aPaper-Tape modelto locate the servicess; that Lr(j) > Lr(i) and Lc(j) < Lc(i).
coordinate of varying service rapidly. Because theBecause the value order in R-Tape is ascending, so
services information of each non-functional attribute isLr(j) > Lr(i) signifies the response time sf is longer
recorded in corresponding paper-tape, we can use athans. And Lc(j) < Lc (i) means the cost o is less
array to store a paper-tape. For simplicity‘s sake, we onlythans; because in C-Tape the value order is descending.
consider two attributes: response time and cost, and namBue to the cost and response timesoére both less than
them as R-Tape and C-Tape respectively. those ofsj, we can gets; is dominated bys.When
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Algorithm 2 DSCA-delete
Input: R-Tape,C-Taps; (qr,0dc)

Lr(i) = Lc(i), we can get there is no service that

dominates s. Therefore, 5 is skyline service. Output: R-Tape,C-Tape
Lr(i) = Lc(i), we can get these is a servieg that 1: Lg(i) + compareg, with values in R-Tape
dominatess. So 5 is a dominated service and has N0 2: | (i)« comparey with values in R-Tape
effect on original skyline. 3 if Lr(i) = Lc (i)
4: S<—compute the local skyline &fs only dominance
region
5 Dynamic Skyline Service Algorithm 5: Deletes (qr, 0c),insertsinto previous skyline
6: Update R-Tape, C-Tape
7. endif

There are about three kinds of service changes to be 8 i La(i) £ Lc (i)
considered: 1) new service appears; 2) old service 9; end if c
invalidates; 3) value of QoS changes. In particular, the
third case could be considered as the combination of the

second and the first one. Therefore, the proposed

algorithm DSCA contains two parts, DSCA-add is used 0 qginn  Therefore, the local-skyline which is computed
deal with the appearance of new services and the otheg,m services in ss only dominated region will be part of
one DSCA-delete is for the invalidation of original o skyline. we compute the local skyline, delete the

services. The following algorithm 1 is for the scenario jn qjidated service and add the local skyline to previous
that a new service appears. In particular, the initiation Ofskyline and then we get the full skyline. 2) the

R-Tape and C-Tape are considered as preprocessing.  jnajidated service is not skyline service. In this case,
nothing is needed to do.

In DSCA-delete algorithm, we first locate the
invalidated service through retrieving R-Tape and

Algorithm 1 DSCA-add

Input: R-Tape,C-Taps; (r, 0c) C-Tape(linel,2). ILr(i) = L¢ (i), according theory 4, the

Output: R-Tape,C-Tape invalidated service is skyline service. Therefore, we

1: LR(i) ¢ comparey with values in R-Tape compute the local skyline of the invalidated service,

2: Lc(i) < compareqe with values in R-Tape delete the invalidated service from skyline and update two

3 ifLr(i) <Lc(i) _ _ Tapes (line 3,4,5,6). IEr (i) # Lc (i), according theory 4,

g aif:tz ?:”’(‘f‘;s belong fbr (i) Le ()] the invalidated service is not skyline service. In this case
: r,Gc i i i

5 Update R-Tape and C-Tape nothing is needed to do (line 8,9).

7: endif

8: elseifLr(i) =Lc(i .

o: mse,(rt; (Qr7QE:)) 6 Experiment

10: Update R-Tape and C-Tape

11: end else if Weve implemented the algorithms described in Section 5

12: else in C++. The experiments were conducted on a PC with

13: endelse Intel Core Duo E7400 2.8GHz CPU and 2GB main

memory running Windows 7 operating system. The

dataset used for experiment s is generated by WS-Ben,
We first get the coordinate of added service in R-Tapewhich is a web services generator and produces scaled

and C-Tape through comparingy and g with WSDL documents with user-defined characteristics and

corresponding Tape (Line 1, 2); Itr(i) < Lc(i), sample queries to run a users proposal.

according to Theory 4, we can know this service

dominate some or more original skyline services. We

delete those dominated services in previous skyline ,ad@.1 Overall Composition Performance

new service to skyline and renew R-Tape, C-Tape(Line 5,

6); if Lr(i) = Lc (i), we can know the new service doesnt In this section, we evaluate the overall performance of

have dominance relationship with original skyline dynamic QoS-based service selection. The dataset used

services, thus we can simply add the service to skylinefor evaluation is generated by WS-Ben platform. WS-Ben

and update R-Tape, C-Tape (Line 9, 10)L.4f(i) > Lc (i), is a web service generator which produces scaled WSDL

we can get that the new service is dominated by somelocuments with user-defined characteristics and sample

original skyline services, thus we do nothing to the queries to run a users proposal. For the purpose of

skyline (Line 12, 13). evaluation, we consider a scenario, where a composite
As for the invalidation of service, two cases should beapplication concludes 10 different service classes and

considered: 1) the invalidated service s is a skylineeach class has 500 alternative functionally-equivalent

service. In this case, the services in ss only dominateservices. In particular, the service environment is

region are not dominated by any other services out of thislynamic, which means there will be new services appear
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Fig. 5: Overall performance

and old services invalidate. The selection ends until thehe one that varying service is invalidated service are
best optimal combination found. We use WS-Ben toequal.

generate these 5000 services and collect their QoS data We compare the efficiency of following approaches
for experiments. We compare the performance of thethat can calculate dynamic skyline.

following service composition method:

—LP (Linear Programming): this is the standard global
optimization method with all service candidates
represented in the linear programming model.

—-ACO (Ant Colony Optimization): A heuristic
algorithm used for optimization and has been applied
in the composition of services by some researchers.

—DSCA: This is the algorithm we proposed in this paper,
which could maintain skyline services under dynamic

—Repeat: A naive method which computes the skyline
while there is a change.

—LookOut: An efficient continuous skyline algorithm
proposed by D. McLain16]. It can adjusts dynamic
skyline through two sub-skyline.

—DSCA: A dynamic skyline algorithm proposed in this
paper. It estimates the influence of varying services and
adjusts skyline correspondingly.

The Repeat method includes two steps to maintain a

environment. . . .
dynamic skyline: (1) Compute the whole services to get

We measure the computation time required by each othe first skyline; (2) If there is a change, computing whole
the above methods for selecting the best combination foservices again to get the skylineookOut and DSCA
service composition. The results are presented in figure Gapproaches both maintain dynamic skyline through
In fig 5 (a), the number of non-functional attributes we adjusting skyline while these is a change. Therefore, we
consider is 2. We can get that the efficiency of DSCA hold that the performances bbokOut andDSCA should
method outperforms the other two methods drastically.be better than the one of Repeat. In particular, the
DSCA only select the best combination from dynamic processes dfookOut andDSCA are similar. However, we
skyline services while the other two methods take allbelieve the performance d@SCA should be better than
services into consideration. We consider 4 non-functionalthe one ofLookOut. Because in the process of measuring
attributes in fig 5(b) and 6 in fig 5(c). However when the the influence of varying service,LookOut uses
number of attributes that we consider increases, theenumeration approach whil®SCA locates it quickly
results are the same. through Paper-tape model.

The experiment results bear out our supposition. In
figure 6(a), we add 10 new services into the set of basis
services. The result shows that the performance of DSCA
is the best and the one of Repeat is the worst. In figure
In this section, we focus on evaluating the performance of6(b) the number of basis services is 10000, we change the
DSCA in computing dynamic skyline services. The number of new services. DSCA approach also
dataset used for evaluating is also generated by WS-Bemutperforms the Repeat and LookOut approaches. Figure
but the size of dataset increases to 10,000. We adopte@l(c) and (d) shows the results in the second scenario
three scenarios for evaluating the performances:(a) ¢ thiwhere varying services are all invalidated services. As
scenario, varying services are the whole new servicedike as the first scenario, the DSCA method performs
which are inserted into this service environment; (b) in better than Repeat method and Outlook method. In fig
this scenario, varying services are all invalidated sesjic  6(e) and (f), we get a view of the performance of these
(c) the probability that varying service is new service andthree methods in the third scenario. In some ways, the

6.2 DSCA Performance
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Fig. 6: Performance of three methods

performance in the third scenario is the aggregation ofservice number and computation time of DSCA. In order
performances of the first and second scenario. It isto get this relation, we vary the number of basis services
obvious that the performance of DSCA is still greater but fix the number of varying services. The result is
than the performances of Repeat and LookOut. presented in figure 8. As the increase rate of skyline

services is minor while the number of basis services

We also measured the average computation timgncreases, the amplification of cost is also minor too.
required by DSCA approach for computing dynamic

skyline, varying the number of attributes from 2 to 6. In

addition, the size of dataset is 10000. The result of this .

experiment is presented in Figure 7. It is obvious the/ Conclusion

computation cost increases with the increase of attributes

or the number of varying services. However, we could getln this paper, we apply an innovate method to deal with
that the amplification of computation time is acceptablethe problem of QoS-based dynamic service selection. We
while the number of attributes increase. The scalability oftake the advantage of skyline to decrease the range of
Paper-Tape in multi-dimension guarantees the scalabilitychoices effectively without pruning potential candidates
of DSCA. We also evaluate the relation between basidn order to deal with dynamic service environment, we
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