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Context-aware Dynamic Service Composition in
Ubiquitous Environment
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Abstract—The service composition aims to provide a variety of
high level services. Recent approaches cannot fully satisfy the
requirement raised by ubiquitous environment. In this paper, we
propose a layered design framework which aims at being flexible
and robust to failure service composition. It adopts an abstract
way of generating plan using rule-based techniques in order to
adapt to the changes occurring on the services and the context of
use. The approach optimizes the number of services and the
recomposition time in large-scale environment by removing the
phase of rediscovery. The framework for service composition and
monitoring includes learning mechanism for the service selection,
based on an estimation of the reputation for abstract services and
the quality (QoS) for concrete services. The proposed approach is
tested, under USARSim simulator, on a set of ubiquitous services
for assisting elderly or dependant person in a residential
environment. The obtained results show the feasibility and the
scalability of the approach and a better reactivity to the dynamic
and uncertain nature of the ubiquitous environment.
Index Terms— Dynamic service composition, QoS-Based
Learning
mechanism,
Context
awareness,
ubiquitous
environment
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I. INTRODUCTION

ith the fast emergence of ambient intelligence,
ubiquitous computing, sensor networks and wireless
technologies, service composition is becoming an active
research domain of pervasive computing. The ubiquitous
environment is closely related to the long term vision of an
intelligent service system in which technologies are able to
automate a platform embedding the required devices for
providing context aware, personalized, adaptive and
anticipatory services.
Many works have been conducted in our laboratory [1] to
deal with ubiquity issues. The purpose of our research is to
integrate seamlessly smart objects located in a ubiquitous
space (mobiles handsets, sensors/actuators, robots, etc.). Smart
objects interfaces are implemented using OWL-S standard
language [2]. In this context, Chibani et al. [1] have proposed
a Context-Aware Middleware for supplying intelligent
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services to users. The work presented in this paper is in the
continuity of these works.
In ubiquitous ambient environment, simple and complex
services are provided to users, according to their contexts, at
anytime, anywhere, and using any available device. On the
other hand, the dynamic and uncertain nature of this
environment is due to the frequent changes that occur in it.
These changes occur in different situations: a new device
offering services with better quality is detected, a service in
use fails or its quality declines, changes in user needs, loss of
services due to the mobility of the user or the devices, etc. In
this sense, ubiquitous environment requires composite services
able to adapt dynamically to these frequent changes. In order
to support this, the management system needs to adapt
dynamically the composite services, even during their
execution, by selecting appropriate services according to a
composition plan, to ensure an automatic and optimal
execution of the services.
In [3], the authors studied and compared dynamic service
composition approaches for ubiquitous environment. These
approaches cannot fully satisfy the requirement raised by
ubiquitous environment. Hence, this paper is focused on the
dynamic service composition in the ubiquitous environment.
The service composition consists of creating complex
services by combining existing atomic services in order to take
into account user and context of environment. For this
purpose, the service composer defines an appropriate action
plan to perform a composition task and then determines the
most appropriate service for each action of the plan.
On the basis of our previous work [1] and in order to
address these concerns, we have opted to change the way of
composing services. Indeed, for a better recomposition in case
of failure, we have removed the phase of rediscovery to save
time. This phase is particularly time-consuming in large-scale
environment. In this paper, we proposed a layered design
architecture for flexible and failure-tolerant service
composition. Thus, we presented the planning algorithms and
monitoring mechanism for dynamic service composition. This
framework includes a learning mechanism for selecting
services. It allows dealing more efficiently with the dynamic
and uncertain nature of the environment.
The remainder of the paper is organized as follows. Section
II describes the proposed architecture for dynamic service
composition. Section III describes a use case with a detailed
scenario for assisting an elderly person. Section IV explains
the implementation and tests results. Section V gives some
related work. Finally, section VI gives the conclusion and
future work.
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II. DYNAMIC SERVICE COMPOSITION
ARCHITECTURE
In this paper, we distinguish two types of services, as it is
generally considered in the literature [5], abstract and
concrete services. Such an approach has the advantage of decoupling higher level service descriptions from concrete
message specifications and consequently allows to layer more
easily on top of industry adopted standards. According to the
standard specification of a service profile – advertises the
service to external entities (Owl-S profile description [2]) –
and the specification adopted in our previous works [1], we
define a concrete service i, noted csi, as a service that performs
some functionality by acting on input data (csiin) in order to
produce output data (csiout). It is described by the following
set: (csiin, csiout, Prec, Eff, Q-value). Where The conditions on
the inputs are called preconditions (Prec), the values of the
outputs
are
called
effects
(Eff)
and
Q-value
{QoS1,QoS2,…,QoSk} are defined as a set of Qualities of
Service (QoS) (set of quality requirements of a service). We
extended also the definition of an abstract service, given in
[1]. An abstract service, noted ASi, is a task that can be
achieved by several concrete services that offer the same
functionality and possess the same input parameters and
subset of output parameters represented as the output
parameters of ASi. It is described by the following set: (ASiin,
ASiout, R, ASiCS) such as: ASiCS = {csi,1,csi,2,…,csi,n}, R
represents the reputation of the ASi and (∀ csi,j, csi,k ∈ ASiCS /
(ASiin = csi,jin ∩ csi,kin)∧ (ASiout = csi,jout ∩ csi,kout).
We assume the hypotheses in [1], and the following
hypothesis: Each user has its own profile, which is composed
of: user status, user personal information, user preferences,
user security preferences and mainly the minimum threshold
QT of the global quality of a service that the user can accept in
addition to the weight of each quality of service according to
its importance for the user.
We consider three types of composition plan: the template
plan and the optimal plan which are abstract plans, and the
execution plan which is a concrete plan instantiated from the
optimal plan.

in the second layer, on the one hand for the generation of an
optimal abstract composition plan and on the other hand, for
the regeneration of a new optimal plan in case of failure
(Fig.2). The optimal plan is selected according to the
reputation of the abstract services and complementarity of
their output parameters. After the generation of the optimal
plan, the concrete service with the best quality is selected for
each abstract service instantiating an execution plan. In order
to take into account the dynamic and the uncertain nature of
the ubiquitous environment, a learning mechanism is
implemented to update the QoS of each invoked concrete
service as well as the reputation of the corresponding abstract
service. In the proposed approach, we distinguish two types of
quality the QoS and the QoE. From the learning model, QoS
attributes are updated according to the performance of each
concrete service. The QoE (Quality of user Experience) is a
metric representing the overall quality of service as it is finally
perceived by the end-user with respect its needs and
preferences.
The third layer consists of monitoring the execution plan
and the automatic adaptation of the latter in case of decrease
of the quality of a concrete service, or failure of the latter. The
adaptation of the plan allows the replacement of this concrete
service by another one (best quality) belonging to the same
abstract service class. In certain situations, this replacement
may become inoperant because no concrete service has a
sufficient quality. The optimal plan is then locally updated
using the template plan to replace the corresponding abstract
service. Unlike in [1], this local recomposition avoids
additional treatments: rediscovery of services and regeneration
of a new composition plan. In case of successful execution of
composition plan, the composite service is published for
further use within in the concrete services directory (CSD).
In the remainder of the paper, we present the different
concepts and approaches used in this algorithm.

Fig. 2. Composition and Monitoring of services.
Fig. 1. Dynamic Service Composition Architecture

Our service composition approach CDSC (Context-aware
Dynamic Service Composition) is a layered design approach
for flexible and failure-tolerant service composition [6] (Fig1).
More precisely, the architecture we used includes three
communicating layers. The first layer consists in the automatic
generation of a template plan, using rule-based techniques.
The plan contains all possible abstract services that could
contribute to compose the requested service. This plan is used,

A. Composition Plan Generation
As in [4], in the proposed approach, a composition plan is
expressed as a graph that contains all services that compose
the request T from the goal Tout (requested output parameters)
to retrieve the Tin (input parameters). The generation of
composition plan becomes then a planning graph problem.
This graph represents an inverse service composition plan.
This graph G is a pair (V, E) of sets V and E, where V is a set
of vertices (sets of required parameters) in the graph, and E is
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a set of edges represented by a set of quadruples (RPi, RPj,
ASj, Rj), where RPi, RPj ∈ V.

- ArgMax: return the concrete service for which the value of
the QoE attains its maximum value.

A.1. Template

B.1. QoS and QoE Estimation

Plan Generation

The generation of a template plan consists of the automatic
construction of an abstract composition plan, using rule-based
techniques. The plan contains all possible abstract services
that could compose the required service. Initially, the graph G
= (V,E)=({RP0}, φ ). For each requested parameters RPi,
abstract services are selected from the abstract services
directory (ASD). These selected abstract services, called
Abstract Services Candidates, have at least one output
parameter belonging to RPi. If all the data provided by these
abstract services candidates include the requested parameters
RPi, then all the requested input parameters of the abstract
services candidates are added to V and all the corresponding
edges (RPi,RPk,ASk,Rk) are added to E; otherwise, the RPi is
deleted from the graph because no solution exists. The
generation of the graph G stops when all the requested
parameters are identified or when the composition is
impossible.
A.2. Optimal Plan Generation
Once the template plan is obtained, an optimal abstract
composition plan is selected according to the reputation and
the complementarity of the parameters provided by the
abstract services candidates. This selection avoids the
invocation of services that provide the same parameters.
Therefore, the generated optimal plan has the lowest number
of services and parameters that can appear in the composition.
This automatic selection – done from the top of the graph to
its end-vertices using the Level-order Tree Traversal Method
[7] – allows us to avoid also the rediscovery phase in case of
failure by reselecting locally the new optimal plan. The
optimal plan generation is based on rules and ranking
techniques. As seen before, the graph is an inverse plan of
service composition plan. Then once the optimal plan is
derived, its execution is done by traversing a graph from its
end-vertices to its top. All the abstract services located in the
end-vertices of the graph start at the same time and are
executed in parallel.
B. Ranking-based Service Selection
After the generation of the optimal plan, a concrete service
is selected for each abstract service generating then the
execution plan. The concrete services selected have the best
quality of Experience (QoE) superior than then the threshold
specified by the user. This selection is expressed as follows:

For each OASi:
For each ASj ∈ OASi: Replace ASj by CSk /
CS k = ArgMax (QoE t ( x)) x∈AS CS
j ∧ CS k > QT
CS

Where: - AS j : represents the set of concrete services
belonging to the abstract service class ASj.
- QoEt (x ) : represents quality of a concrete service x at time t.
- QT: represents the minimum threshold of QoE that the user
can accept.

The quality of concrete services (QoS) depends on the
quality of their smart objects (applications, sensors/actuators,
robots, devices, etc.) located in a ubiquitous space. Therefore,
the quality parameters of a service – such as the response time,
the availability, reliability, lifetime (energy, expiration date),
scalability, confidentiality, security, cost, etc. – are objectively
measured. On the other hand, we work on services at
application layer taking into account the user and environment
contexts (elderly or dependant person needs, night, gasleakage, fire, etc.). Therefore, we use the Quality of
Experience (QoE) [8], known as "Quality of User
Experience", which is a subjective measure of user's
experience with corresponding service. This definition
includes the user and the environment in the assessment, and
demands an appropriate weighting of objective quality
parameters (QoS). Therefore, the context processor associates
a weight to each QoS parameter according to the desired user
preferences (specified in the user profile), and the user and
environment contexts. The user expresses her/his special
needs and requirements in the preferences of her/his profile
through the weights of QoS parameters. For example, to select
the fastest services on detection of a gas leak (environment’s
context) or a malaise of an elderly person (user context), the
weight of response time parameter should be important.
QoEt (s ) : Quality of User Experience obtained when
achieving the service s. It is estimated using the following
formula:
NbQ

QoEt ( s ) =

∑ (Wki × QoSti (s ))
i =1

Wki =

(WUP + WUC
i
k

i
k

N

+ WECki

)

Where: - QoS ti (s ) : quality i of the concrete service s at the
time t.
-NbQ: number of quality parameters of service.
- Wki : weight of the quality i for the user k.
- WUPki : weight of the quality i for the user k according to its
preferences (specified in the user profile).
- WUCki : weight of the quality i for the user k according to its
context.
- WECki : weight of the quality i for the user k according to the
environment context.
-N: number of collected information ( WUPki , WUCki , WECki ).

B.2. Reputation Estimation
The reputation of an abstract service depends on the
quality of its concrete services. More precisely, it depends on
the success or not of the abstract service when it is selected. It
is estimated by the following formula:
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Rt (a) =

Nbsuccess
Nbselection

Where: Rt (a ) : represents the reputation of the abstract service
a at the time t.
If the selection of the abstract service a is successful then its
reputation increases. Otherwise, if the abstract service does
not find a valid concrete service or the CS selected is not
successful, then its reputation decreases.
C. Monitoring and QoS-based Learning Mechanism
C.1. Monitoring
Once the optimal plan is generated and the concrete
services are selected, the monitoring of the execution plan is
done to guarantee an automatic adaptation and a failuretolerant. To avoid re-invocation of concrete services belonging
to the same abstract service, the following rule must be
respected at each set of Optimal Abstract Services (OASi):
out

If (( AS i

∩ RPi ) ⊆ APt ) then switch to the next ASi. End If;

Where: APt: represents all the parameters available at time t
(the input parameters of the request T (Tin) and the parameters
obtained during the execution of the execution plan).
C.2. QoS-based Learning Mechanism
Due to the mobility of users and services, the
nondeterministic behavior of the latters and the uncertain
nature of ubiquitous environments, the composition plan must
be flexible and failure-tolerant. For this purpose, the proposed
approach integrates a learning mechanism on the QoS of
concrete service and on the Reputation of abstract service. All
quality parameters of all concrete services and all reputation of
all abstract service are equally initialized.
∀i ∈ NbQ, ∀s ∈ CSD : QoS 0i (s ) = Q and ∀a ∈ ASD : R0 (a ) = R .

According to the ending of invoked service, the learning
mechanism rewards (positively or negatively) the concrete
service by calculating its new quality parameters and estimates
the new reputation of its abstract service.
C.2.1. QoS Monitoring
The proposed architecture uses Q-learning as
reinforcement-learning technique because it provides good
experimental results in terms of learning speed [9]. The
reinforcement-learning module can be quite reactive to decide
which next action to take. However, the learning speed
depends on the complexity of the task. In our case, the task
consists of analyzing the responses obtained after the
invocation of concrete services to update their quality
parameters.
The problem model consists of an agent, states AS and a
number of actions (CSi) per state (ASj). By performing an
action CSi, where CS i ∈ AS CS
, the agent can move from state
j
to state. Each state provides the agent a reward or punishment
(a negative reward). More precisely, for each situation (ASi),
the learning module determines the action (CSi) that
maximizes the expected Q-value {QoSj1,…, QoSjk}. The

quality parameters [10] of the concrete service s (Fig. 2) are
updated in the following manner:
TABLE I: TABLE OF QUALITIES OF CONCRETE SERVICES
Quality
Quality of Concrete
Weight user i
service (QoS)
Wi1
Response
1

Time (RT)

Availability
(A)

TR
Nb Available
Nb Requested

Wi2

Wi3

(Re)

Nb DataReceived
Nb DataPromised

Security (S)

Security level

Wi4

Reliability

According to the characteristics of the ubiquitous
environment (seen in II.C.2), we take into consideration the
following quality parameters for concrete services: Response
Time, Availability and Reliability. In our learning model,
more the interval of time (Δt ) between two invocations of a
concrete service s is large, more importance is given to the last
quality estimation (the reverse is also true). Also, If a concrete
service is not available or it has missing output data
(reliability) then the reinforcement is negative (Fig.3.(8)) else
the reinforcement is positive.
• Response Time: represents the quality of the time required
for a concrete service s to respond to a given input.
RTt +1 =

t * RTt + Δt ∗ RT A
t +1

• Reliability: quantifies the reliability of s in terms of received
data.
Re t +1 =

t * Re t + Δt * Re A
t +1

• Availability: quantifies the availability of s.
At +1 =

Nb Availablet +1
NbRe questedt +1

Where: - Δt = ⎡(t + 1) − t ⎤ : represents the interval of time
between the two last invocations of a concrete service s.
- TR: represents the response time in second, calculated from
the invocation of the concrete service.
- RTt, RTt+1, RTA : represent respectively the old, the future and
the current quality of the response time. Response time is
inversely proportional to its quality (Table. I).
- Ret, Ret+1, ReA : represent respectively the old, the future and
the current quality of the reliability (Table. I).
In the proposed approach, we took into account the three
previous quality parameters by default. For every quality, a
specific learning rule is applied. Thus, for each new added
quality, a rule must be defined.
III. USE CASE
The proposed approach is tested on a set of ubiquitous
services which provide comfort, monitoring and assistance for
elderly or dependant person in residential environment. The
scenario we have studied and simulated under USARSim
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environment is described as follows: an external supervisor,
such as doctor or family member, needs to check the state of
his patient located in a residential environment, broadcast him
alert or information and make sure that the patient received the
information.
A. ENVIRONMENT DESCRIPTION
The test scenario is implemented in Java and integrated in the
USARSim environment (Fig. 3). The latter is a high fidelity
simulation of urban search and rescue robots and
environments intended as a research tool for the study of
human-robot interaction (HRI) and multi-robot coordination
[11]. The robot used in this scenario is a P2AT. It is equipped
with a PTZ camera, INU (Inertial Navigation Unit) Sensor,
odometry sensor, RFID Sensor (1 RFID Reader on the P2AT
robot, 1 RFID Tag on the person), touch screen, Human
Motion Sensor, Sound Sensor and 16 Sonar sensors equally
distributed around it, enabling the robot to sense obstacles in
all directions [1]. The test scenario implies also a wheelchair,
a set of smart display devices (touch screen, tv) with a
VoIp/VideoIp systems.
TABLE II: TABLE OF ABSTRACT SERVICES
Abstract Services Description
Input
Robot_State (AS1)
a
Human_Motion_Analysis (AS2)
d
Human_Sound_Analysis (AS3)
e
b, f, g
Trajectory_Computing(AS4)
h, i, j
Human_State_Analysis (AS5)
Robot_Control(AS6)
k
n
StartSmartDisplay (AS7)
c
LocateSmartDisplay (AS8)
g
InfoPerson (AS9)
c
Sensor_Person_Location (AS10)
k
Wheelchair_Control (AS11)
q
Wheelchair_State(AS12)

Output
f
h
i, j
k
m
n
n
g
P
G
N
f, n

B. SCENARIO DESCRIPTION
The service composition system receives all the data (a, b,
c, d, e, q) collected from the external supervisor and from the
corresponding sensors (Table II). The goal of the system is to
locate and check on the status of the patient in the first place
and transmit then external information or alerts adequately
according to the context of use. For example, if the patient has
an inability to move then the system uses the wheelchair to
approach him to the nearest smart display device. In case of,
the system brings to him the robot with a smart display device.

Fig.4. Template plan
To process the request T, such as: Tin={a, b, c, d, e, q} and
T ={g, m, p, n}, the service composition system generates
the template plan (Fig.4). The optimal plan (Fig.5) is
generated according to the context of use. In our case, the
patient has an inability to move then the system uses the
wheelchair to approach him to the nearest smart display
device.
out

Fig.5. Optimal plan

Fig.6. Execution plan

For each abstract service (Fig.6), a concrete one, with the
best QoS, is selected. In case of failure of a concrete service
(CS19), the system replaces it locally by the best concrete
service belonging to the same AS7 (CS20). In case of failure of
an abstract service AS11 (Wheelchair_Control), the system
regenerates a new optimal plan. It brings to the user, the robot
(AS6) with smart display device.
This use case shows the feasibility of our approach in
simulated ubiquitous environment.
IV. IMPLEMENTATION AND TESTS

Fig.3. P2AT the robot moves to assist the person in
USARSim environment.
C. SERVICE COMPOSITION AND MONITORING

We have measured the evolution of planning time of our
currently proposed algorithm as a function of number of
services. Then we have compared the performance of our
algorithm with our previously proposed algorithm FCoSC[1]
and HTN-DL algorithm[12]. All experiments were performed
on a PC with the Pentium 4 with 256Mo RAM, running
Windows XP at 1.6GHz. Firstly, we have fixed the number of
tasks to 5 and 10 and varied the number of tasks from 100 to
1000 (Fig. 7.a). Secondly, we have fixed the number of
services to 1000 and varied the number of tasks from 1 to 10
(Fig. 7.b).

This full text paper was peer reviewed at the direction of IEEE Communications Society subject matter experts for publication in the IEEE ICC 2010 proceedings

(a)

(b)

Fig. 7. Planning time vs. the number of services/tasks.
Our proposed algorithm CDSC is more time-efficient as
compared to FCoSC and HTN-DL (Fig. 7). The results show a
better scalability and reactivity to the dynamic and uncertain
nature of the ubiquitous environment of the proposed
approach. This better performance is achieved by i) generating
abstract plan instead of concrete plan in HTN-DL, ii) removing
the phase of rediscovery by using template plan and iii)
generating the plan from the requested data instead of initial
input [1].

also learning mechanism for the service selection, based, on
one hand, on estimation of the reputation of abstract services,
and on the other hand, on the quality (QoS) of concrete
services. The QoE estimation allowed us to take in
consideration the user’s preference and the environment
context in the service selection. The obtained results show the
feasibility and the scalability of the proposed approach and a
better reactivity to the dynamic and uncertain nature of the
ubiquitous environment. In future works, we shall introduce
on the one hand semantic technology to manage the context
and on the other hand policies to deal with security issues.
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