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Abstract

The rapid growth of the Internet of Things (IoT) has led to the proliferation of ser-
vices, making Quality of Service (QoS)-aware service composition a critical challenge. This
thesis addresses this issue through three complementary contributions. The first contribu-
tion presents a systematic literature review of QoS-aware service composition approaches,
introducing a two-layered taxonomy that distinguishes between plan-based and autonomous
approaches. This review identifies key limitations in the state-of-the-art, such as the lack of
semantic matching consideration, the assumption of a prior existence of an abstract compo-
sition plan, limited scalability, and the use of fixed population sizes. These findings highlight
the need for more efficient and adaptive approaches. To overcome these issues, the second
contribution proposes the parallel differential evolution-based approach with population size
reduction for QoS-aware services composition (PDE-QSC). By evolving two parallel sub-
populations with distinct strategies and adaptively reducing population size, the PDE-QSC
approach improves the composition quality and computation time compared to five baseline
approaches. However, this approach still relies on the existence of an abstract plan and does
not account for the semantic matching aspect. The third contribution addresses these remain-
ing limitations by introducing two database concepts-driven approaches for autonomous QoS-
aware semantic service composition (HCFDSSC and ESFDSSC). The proposed approaches
leverage functional dependency theory to ensure semantic feasibility, reduce the search space,
achieve fault tolerance in the case of service failures, and generate high-quality compositions.
This thesis advances QoS-aware service composition in IoT by linking plan-based optimiza-
tion and autonomous semantic approaches, opening new perspectives for scalable, adaptive,
and resilient service systems.

Keywords: Quality of Service (QoS), Service selection, Quality of Semantic Matching
(QoSM), Autonomous service composition, Multi-population Differential Evolution, Popula-
tion size reduction, Functional dependencies, Semantic services composition.
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Chapter 1

Context and motivation

Contents

1.1 Problem statement . . . . . . ... ... 1
1.2 Motivations . . . . . . . . . 7
1.3 Objectives and contributions . . . . . . . . .. .. ... ... ... 10
1.4 Organization of the thesis . . . . . . . .. ... ... ... ... ... .. 13

1.1 Problem statement

The Internet of Things (IoT) is a network of interconnected smart devices with sensing,
processing, and communication capabilities, offering diverse services in a wide range of appli-
cation domains (e.g., smart homes, healthcare, smart cities, and industrial automation) [1,
2]. The continuous and rapid growth of the number of IoT devices results in a large number
of IoT services. The latter are self-descriptive, open-access, reusable, and fully independent
elements that represent the functionalities of IoT devices [3]. In this context, the Object as a
Service (OaaS) paradigm is raised, where IoT devices (objects) are abstracted as on-demand
and modular services. Practically, IoT services can be accessed, invoked, and seamlessly
composed within the OaaS paradigm to create more sophisticated functionalities [4]. Fig-
ure 1.1 shows the architecture of an OaaS [5]. In the object layer, physical ToT devices or
software components deliver data using their functionalities such as sensing, actuating, and
computing (e.g., a smart bulb device). In the abstraction layer, each object is represented
as a service, and standardized interfaces are provided, enabling interaction with the objects
(e.g., a smart bulb service). In the service layer, the functionality of the needed service is
described. This service can discover and interact with objects via the abstraction layer (e.g.,
energy monitoring service). In the user layer, the user accesses the needed service through

the user’s interfaces (e.g., a mobile application).

1



User layer

Description and interaction with
the needed service

!

Service Layer

Description of the functionality of
the service

Abstraction Layer

Encapsulation of the service as an
object

Objet Layer

Representation of the physical or
virtual objects

Figure 1.1: Architecture of an Object as a Service (OaaS)

A service is characterized by functional properties linked to semantic features and non-
functional properties related generally to quality of service (QoS). The functional properties
describe what a service can actually do, which consist of input data required to perform
the service functionality and output data resulting from the service execution [6]. Figure
1.2 illustrates the functional properties of a smart thermostat service in an innovative office
ecosystem [7]. This service receives the employee’s office number, favorite temperature set-
tings, and scheduled times as inputs to provide the number of air conditioners to switch on,

along with their respective temperature settings as outputs.

d ™
Employee's office number —=—» . - .
‘ Smart thermostat —  Number of air conditioners to switch on
Employee's preferences —_ .
. service —>  Temperature of air conditioner
Scheduled times —_— p,

Figure 1.2: Functional properties of a smart thermostat service.

The QoS aspect can be seen as the ability of a service to match specific user’s constraints
and can be used to differentiate services offering similar functionalities. Table 1.1 defines the
most commonly used QoS properties in the literature, including availability, price, response
time, reliability, throughput, and reputation [8]. The QoS properties are either published

by service providers (e.g., price), collected from historical service performance (e.g., response



time), or captured from user’s feedback (e.g., reputation) [9]. A QoS property can be positive
or negative. A positive property (e.g., availability) has a positive impact on QoS, i.e., the
more the value of the property increases, the more the QoS increases. Conversely, a negative
property has a negative influence on QoS, i.e., the more the value of the property increases,
the more QoS decreases [10]. The value of a positive QoS property needs to be maximized,
whereas the value of a negative QoS property needs to be minimized [11]. In most practical
cases, a service providing a basic functionality, known as a basic service, may not meet the
user’s functional requirements. It is then necessary to combine several services to create a
composite service with an added-value functionality [12]. For instance, humidity and temper-

ature sensing services can be combined to create a weather monitoring composite service [13].

Table 1.1: The most commonly used QoS properties in the literature.

QoS property Definition

Availability The probability of a service being accessible, calculated as the ratio of successful
invocations over the total number of invocations

Price The amount that the user must pay to a service provider for the execution of its
offering service

Response time The estimated elapsed time between submitting a request and the delivery of results,
in seconds or milliseconds

Reliability The probability that a service performs its intended functionality effectively without
failure within the specified response time

Throughput The total number of completed invocations of a service over a given period of time

Reputation The collective users’ feedback on service credibility and performance

This thesis deals with the QoS-aware service composition issue. The nature of this prob-
lem depends on how the user’s functional requirements are specified, leading to two main
approaches: plan-based QoS-aware service composition and autonomous QoS-aware service
composition. The user’s functional requirements can be represented as an abstract compo-
sition plan where a set of functionalities called service classes (also known as tasks [14] or
abstract services [15]) are orchestrated to fulfill the user’s requirements. This abstract com-
position plan can be constructed either manually or automatically, and each service class
within the plan can be performed by multiple functionally equivalent concrete services with
different QoS property values. Consequently, selecting the most appropriate concrete ser-
vice for each service class of the abstract composition plan, to create a composite service
satisfying the user’s requirements and optimizing multi-conflicting QoS properties, is a core
research topic known as plan-based QQoS-aware service composition. To assess the overall QoS
of a composite service, the QoS properties of its constituent concrete services are aggregated

based on the composition’s structure. A composite service can be designed according to four



composition structures: sequential, loop, conditional, and parallel (see Figure 1.3) [16].

OG- GOOG

© ©
Py
-
4 '
\1/
Parallel Conditional

Figure 1.3: Typical composition structures.

In a sequential structure, a succession of services {51, ..., S, } are executed one after an-
other in a predefined order. In a loop structure, a single service S; is executed k times. In a
parallel structure, several services {51, ..., 5,} are executed simultaneously. In a conditional
structure, only one service S; (1 < i < q) is selected for execution with probability p; among
a set of ¢ services. According to the composition structure and the nature of the QoS prop-
erty, the aggregation function applied to compute the overall QoS of the composite service
could be summation Y, product [], minimum min, maximum maz or average avg (see Table
1.2) [8, 17, 16]. Note that m is the number of concrete services belonging to the compo-
sition, whereas qosa, qosp, qosg:, qosg, qosty and qosg, represents the QoS values for the

availability, price, response time, reliability, throughput and reputation criteria, respectively.

A service composition must not only optimize the overall QoS but also comply with the
user’s global QoS constraints that define the upper and lower bounds for the acceptable
overall QoS values of the composition. The service composition problem is an NP-hard
challenge since the computation time required to obtain the optimal composition in terms of
QoS increases exponentially with the number of services, especially in large-scale IoT service
environments [18]. More precisely, the optimal composition in terms of QoS that satisfies the
user’s global QoS requirements can be determined by evaluating all possible combinations of
concrete services. Unfortunately, the composition search space grows exponentially with the

number of services, resulting in an excessive computation time. Figure 1.4 illustrates this
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Table 1.2: The aggregation functions of QoS properties.

Aggregation function

QoS property Sequential Loop Parallel Conditional
Availability [T, gosa(S:) [T~ gosa(S:) mazl™,qosa(Si) Yot (qosa(S:)*pi)
Price S qosp(S;) K« qosp(S;) S qosp(S;) S (qosp(S;)*pi)
Response time Yot qosre(Si) K3 qospi(S;)  maxl™iqosr(Si) Dot (qosre(S;) =
pi)

Reliability [T, gosr(S:) [T%, gosr(S:) maz,qosg(S:)  Yoiei(qosr(Si)*p;)
Throughput min*, qostp(S;)  min*, qosrp(S;) min, qostr(S;)  qosrn(S;)
Reputation avg™1qosrp(S;) avg™1qosrp(Si) avg™ 1 qosrp(S;i) Yot (qosr(S:)*pi)

problem using an abstract composition plan of m service classes, each one is performed by
n concrete services. Solving this problem consists of determining the composite service with
the highest QoS among all the n" possible compositions. Thus, a practical and promising
approach is to find suboptimal compositions in terms of QoS, while taking a reasonable

composition time by reducing the composition search space.

Abstract composition plan E — A5; —_———
| I
v

v

€D Ep
n™ possible compositions @ @ F %
(&) €D

= — — P ) P —

:l qos, aggregation = QoS; | . . . | qosj, aggregation = QoS |

The aggregated QoS satisfies the user’s QoS constraints Optimal composition

and the composition quality is maximized
p quanty QoS,, ., QoS,

Figure 1.4: QoS-aware service composition problem.

Due to the high increase in the number of IoT concrete services, the manual design of
an abstract composition plan has become complex and practically infeasible in several sce-
narios. Unlike the plan-based QoS-aware service composition problem where a predefined

abstract composition plan is provided [19, 20, 21, 22], the user’s functional requirements in



autonomous QoS-aware service composition are specified as a set of provided inputs and de-
sired outputs. The composition process ensures functional correctness by connecting concrete
services within a composition through the matching of their input and output parameters,
even when these parameters do not match perfectly at the syntactic level [23]. To ad-
dress such mismatches, an ontology-based semantic description is used to perform semantic
matching between the input and output parameters of the concrete services belonging to
the composition [24]. An ontology consists of a shared vocabulary that describes the input
and output concepts of services and defines a relationship that could links these concepts.
The Web Ontology Language for Services (OWL-S) [25], and Semantic Annotations for Web
Services Description Language (SAWSDL) [26] are among the most widely adopted standard
description languages. To ensure functional correctness in service composition, the semantic
matching is usually assessed using the quality of semantic matching (QoSM) metric [27].
This raises the autonomous QoS-aware service composition issue, where the aim is to satisfy
the user’s requirements by finding the suboptimal composition that optimizes the QoSM and
the QoS simultaneously [28]. The autonomous QoS-aware service composition involves the
automatic selection and orchestration of a sequence of concrete services from a service repos-
itory such that the inputs of each service semantically match the outputs of the preceding
one. The resulting service composition is expected to produce the output set required by the
user’s request from the input set while optimizing QoS criteria and providing a high level
QoSM [29]. A service repository that hosts a wide variety of concrete services, each offering
a specific functionality, plays a central role in this process and is described by a set of QoS

properties, which can be combined to deliver more sophisticated functionalities.

A wide range of research work [29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42, 43,
44, 45, 46, 47, 48, 49, 50, 51, 52, 53, 54, 55, 56, 57, 58, 59, 60, 61, 62, 63, 64, 65, 66, 67,
68, 69, 70] have been conducted in the literature to deal with the NP-hardness of the service
composition problem by searching for the composition that best meet the user’s constraints
in terms of QoS. Moreover, these works integrate the semantic into the process of finding
the suboptimal composition that optimizes both QoS and QoSM metrics. Based on their
reliance on an existing abstract composition plan, research work on QoS-aware service com-
position can be classified into two main categories: plan-based approaches and autonomous
approaches. Plan-based QoS-aware service composition approaches assume assume that a
predefined abstract composition plan is available to guide the selection of concrete services.
However, this assumption often fails to reflect the real-world service composition scenarios
especially in dynamic and large-scale IoT environments where the manual construction of
such a plan is highly complex and impractical given the substantial number of concrete ser-
vices. Furthermore, this assumption overlooks the consideration of semantic information that

plays a crucial role in describing, understanding, and composing services which can not be



achieved through a syntactic matching. In contrast, the autonomous QoS-aware service com-
position approaches do not rely on any predefined abstract composition plan, which makes
the service composition problem significantly more complex to solve but more adaptable in
real-world service composition scenarios. Additionally, according to their exploration method
of the search space, the plan-based QoS-aware service composition approaches can be classi-
fied into: sequential exploration-based approaches and parallel exploration-based approaches.
Similarly, based on the methodology used to identify semantically correct compositions, the
autonomous QoS-aware service composition approaches are divided into: all matching-based

approaches and random matching-based approaches.

1.2 Motivations

In this thesis, we focus on addressing the plan-based and autonomous QoS-aware ser-
vice composition problems in IoT environments by proposing two approaches that belong to
different categories. The first approach belongs to the plan-based QoS-aware service compo-
sition category, whereas the second one falls under the category of autonomous QoS-aware
service composition. The objective is to find effective methods to address the plan-based
and autonomous QoS-aware service composition issues. In the plan-based QoS-aware service
composition category, the existence of functionally equivalent concrete services with different
QoS properties raises the issue of selecting the most appropriate services to build the subop-
timal composition that best satisfies the user’s global QoS constraints, while minimizing the
composition time. In the autonomous QoS-aware service composition category, the challenge
lies in finding the optimal combination of concrete services that best aligns with the user’s
functional requirements when no predefined abstract service is provided while minimizing
QoS and QoSM. The research conducted in the context of this thesis was driven by the three

motivations given hereafter.

The QoS-aware service composition has been widely studied in the literature. Most ex-
isting surveys on QoS-aware service composition [8, 71, 72, 73, 74, 75, 76, 77, 78] focus exclu-
sively on one category, either plan-based or autonomous approaches, rather than providing
a holistic view of both categories. In contrast, the works that review both categories [79, 80,
81] emphasize specific technical aspects, such as composition representations or QoS utility
functions, without offering an integrated perspective that captures the broader methodolog-
ical and semantic challenges involved in QoS-aware service composition. For example, the
literature review in [73] proposed a classification of plan-based QoS-aware service composition
approaches accounting for the method employed to address the QoS uncertainty. A survey

on autonomous QoS-aware service composition approaches is introduced in [79] where the



studied approaches are categorized according to research concerns, including service descrip-
tion and service matching. A survey on the computational intelligence-based optimization
methods used in plan-based and autonomous QoS-aware service composition approaches is
proposed in [81]. The reviewed approaches are compared considering technical aspects of the
used computational intelligence-based optimization methods such as the composition repre-
sentation, the used utility function, and the employed operators. In [80], the plan-based and
autonomous QoS-aware service composition approaches were analyzed according to technical
aspects such as functional correctness, the solving algorithm, and target platforms. Unlike
existing literature reviews, it is essential to conduct a comprehensive and systematic review
of the most relevant plan-based and autonomous QoS-aware service composition approaches
proposed in the last decade from various critical perspectives. Such a review not only bridges
the knowledge gap in understanding these approaches but also serves as a foundation for re-

searchers to develop robust and more efficient QoS-aware service composition approaches.

The rapid growth of IoT devices offering functionally equivalent services with different
QoS levels has made the QoS-aware service composition issue one of the major challenges in
the service computing area. This issue involves finding the optimal composition that best
meets the user’s functional requirements while optimizing multiple conflicting QoS prop-
erties. This challenge is NP-hard and requires exponential time complexity for an exact
resolution [18]. Computational intelligence-based methods have been extensively utilized to
solve the plan-based QoS-aware service composition problem since they allow finding a sub-
optimal composition in a reasonable computation time. Depending on the strategy used to
explore the composition search space, computational intelligence-based service composition
approaches can be classified into two categories: sequential exploration-based approaches [30,
31, 32, 33, 34, 35, 36, 37, 38, 40, 41, 42, 43, 44, 45, 46, 47] and parallel exploration-based
approaches [48, 49, 50, 51, 52, 53, 54, 55]. In the first category, a single composition pop-
ulation with a fixed size is used to explore the search space through a sequential evolution
process, resulting in (i) a low convergence speed that increases the composition time and/or
(7i) a local optimum resulting in a low or non-optimal composition quality. The composition
time represents the duration required to find the suboptimal composition, whereas the com-
position quality represents the QoS utility value of the composition. In the second category,
the search space is explored using a parallel evolution process by dividing a composition pop-
ulation of fixed size into multiple composition sub-populations. Parallel exploration-based
approaches are employed to preserve population diversity, enhance convergence speed (i.e.,
reduce composition time) and/or avoid local optima (i.e., achieve high composition quality)
of sequential exploration-based approaches. However, some parallel approaches [52] lack the
interaction between the composition sub-populations, which can lead to a decrease in the

composition quality. Despite the high efficiency of parallel exploration-based optimization



methods in dealing with high-dimensional problems, their use in service composition is still
in early stage and should be deeply investigated to improve the QoS-aware composition pro-
cess. Furthermore, the performance of computational intelligence-based service composition
approaches [30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42, 43, 44, 45, 46, 47, 48, 49, 50,
51, 52, 53, 54, 55] in terms of composition time and/or composition quality may decrease
when exploring a population of fixed size. The population size has a crucial impact on the
performance of these optimization methods in terms of computation time and solution qual-
ity [82, 83]. A small population size accelerates the convergence to the suboptimal solution
and therefore reduces the computation time but limits the search space exploration, which
may decrease the solution quality. Conversely, a large population size allows for a deep
exploration of the search space and thus improves the quality of the solution, but may in-
crease at the same time the computation time due to the exploration of many unpromising
search sub-spaces. From this perspective, several population resizing strategies have been
proposed in the literature to determine the appropriate population size for computational
intelligence-based optimization methods, with the objective of achieving a good trade-off
between computation time and solution quality [84, 85, 86, 87, 88, 89, 90, 91]. Computa-
tional intelligence-based methods with a population resizing strategy have been proven to
be efficient in finding a suboptimal solution in a reasonable computation time. However, to
the best of our knowledge, these methods have not been employed in the context of service
composition and should be investigated more and more to address the QoS-aware service
composition issue. To address the challenges of high composition time and/or low compo-
sition quality, it is essential to design a scalable and a parallel exploration-based service
composition algorithms capable to deliver a suboptimal composition with high QoS while

significantly reducing the time required for the composition process.

To address the limitations of plan-based QoS-aware service composition approaches, in
particular their lack of semantic consideration, it is essential to overcome the assumption
that an abstract composition plan must already exist. Removing this assumption enables
the composition process to better reflect real-world scenarios, where the user’s request must
be handled despite the diversity of concrete services and the dynamic nature of IoT environ-
ments. In particular, this allows the creation of compositions that ensure semantic matching
among the selected concrete services while simultaneously optimizing QoS and QoSM met-
rics. As a result, the service composition approach aligns more accurately with the user’s
requirements. Several works have been devoted to address the autonomous QoS-aware ser-
vice composition issue using two categories of approaches: all matching-based approaches and
random matching-based ones. To find any functionally executable composition, all matching-
based approaches generate all possible matching of concrete services belonging to the service

repository [29, 56, 57, 58, 59]. An exact method is then employed to find the optimal compo-



sition considering QoS properties. However, these approaches often deal with only one QoS
criterion, and generating all possible matching of services increases the composition time ex-
ponentially. Random matching-based approaches solve the autonomous QoS-aware service
composition using computational intelligence-based algorithms where the initial population
and the evolution process are based on randomness [60, 61, 62, 63, 64, 65, 66, 67, 68, 69,
70]. This category of approaches repeatedly uses a decoding algorithm [62] to ensure the
semantic feasibility of compositions, which may increase the composition time and decrease
the composition quality. In addition, most of these computational intelligence-based algo-
rithms do not optimize QoS and QoSM metrics simultaneously [29, 56, 57, 58, 59, 60, 61,
62, 64, 66, 67, 68, 69, 70]. Furthermore, the stochastic nature of red IoT environments can
make the compositions obtained with the two classes of approaches no longer executable,
requiring a re-composition process to find new suboptimal composition in the case of service
failure. Therefore, it is important to design an autonomous service composition approach
that overcomes these shortcomings and returns a feasible composition with optimized QoS

and QoSM metrics in a reasonable composition time.

1.3 Objectives and contributions

The objective of this thesis is to develop novel and efficient approaches to solve the QoS-
aware service composition problem involving two main aspects. In the context of plan-based
QoS-aware service composition, the aim is to select the most appropriate concrete service
in each abstract service so as to find the best composition in terms of QoS that satisfies
the user’s global QoS constraints. In the case of autonomous QoS-aware service composition
problem, the objective is to find the suboptimal combination of concrete services from a
service repository that satisfies the user’s functional requirement while simultaneously opti-
mizing the QoS and QoSM criteria. The proposed approaches are designed to overcome the

specific limitations highlighted in section 1.2.

The first objective of this thesis is to understand the problem of QoS-aware service com-
position by critically analyzing existing studies in this field. The goal is to guide researchers
towards innovative resolution methods that focus on strengths and overcome the limitations
identified in previous work. Unlike existing surveys on service composition [8, 71, 72, 73,
79, 80, 81, 74, 75, 76, 77, 78] that focus either on plan-based or autonomous QoS-aware
service composition approaches, or on specific technical aspects such as service composition
representations and QoS utility functions, the first contribution of this thesis [92] is to con-
duct a comprehensive review that covers both categories, with a particular emphasis on their
resolution strategies and validation methodologies. To guide this review, the following five

research questions (RQ) are addressed: RQ1— What are the primary classification criteria
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for QoS-aware service composition approaches? RE@2— Can secondary criteria refine the
initial classification categories? R@3— What methods are usually employed to solve the
QoS-aware service composition problem? RQ4— What performance metrics are commonly
used to evaluate these approaches? R@Q5— What datasets are used to evaluate the perfor-
mance of the investigated approaches? The main objectives of this contribution are outlined
as follows: (7) a two-layered taxonomy is proposed to classify existing QoS-aware service
composition approaches, taking into account the assumption of a prior existence of a com-
position plan, the search space exploration strategy, and the methodology used to identify
functionally feasible compositions; (i7) a comparative analysis of the reviewed approaches
is introduced by considering the most relevant criteria in service composition area, such as
solving method, population size reduction, degree of scalability, utility value combining the
QoS and QoSM properties, failure recovery, and automatic generation of an abstract com-
position plan; (777) an analysis of the resolution and validation methodologies employed by
the studied approaches is conducted to answer the five above mentioned research questions;
(7v) a discussion of the studied approaches is given to identify potential research gaps and
future directions in the context of QoS-aware service composition. This review provides the
research community with a deeper understanding and pragmatic insights on existing studies
in service composition. It identifies key challenges and research directions, particularly the
investigation of parallel search methods for solving the plan-based QoS-aware service com-
position problem, improving the service failure handling, and considering QoS and QoSM

metrics in dealing with the autonomous QoS-aware service composition issue.

The second objective of this thesis is to solve the plan-based QoS-aware service compo-
sition problem using parallel-exploration based method. The importance of addressing such
a problem lies in ensuring scalable, efficient and high QoS user-centered approach that can
meet complex user’s requirements and faces the dynamic nature of IoT environments. In
the second contribution of this thesis, we propose a Parallel Differential Evolution-based ap-
proach with population size reduction for QoS-aware service composition (PDE-QSC) [93].
Most of existing plan-based QoS-aware service composition approaches [30, 31, 32, 33, 34,
35, 36, 37, 38, 40, 41, 42, 43, 44, 45, 46, 47] rely on a sequential exploration of the com-
position search space using a population with a fixed size, resulting in a high composition
time and/or a limited composition quality. To address these limitations, the proposed PDE-
QSC approach uses a parallel exploration strategy of the composition search space where the
composition population is divided into two composition sub-populations with smaller size.
Compared to existing approaches based on sequential exploration, this parallel exploration-
based strategy reduces the composition time while ensuring a high composition quality. The
composition sub-populations are then combined to form a single population enabling in-

teraction between sub-populations and, thus increasing the population diversity, resulting
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in a much higher composition quality than evolutionary-based approaches. In addition, a
population size reduction strategy is introduced to continuously decrease the size of the com-
position population by removing unpromising compositions in terms of QoS. Unlike existing
computational intelligence-based approaches [30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41,
42, 43, 44, 45, 46, 47, 48, 49, 50, 51, 52, 53, 54, 55| that use a fixed population size, the
second contribution of this thesis allows decreasing the composition time and improving the
composition quality. Several simulation scenarios are considered to evaluate the performance
of the PDE-QSC approach and show its superiority over five baseline approaches in terms of

composition quality and composition time.

The third objective of this thesis is to develop an approach that overcomes the limita-
tions of the first contribution, specifically by eliminating the assumption of prior-existence
of an abstract composition plan composition plan and by incorporating semantic informa-
tion within the service composition process. The third contribution of this thesis consists
of two functional dependencies-based failure recovery approaches for autonomous QoS-aware
service composition (HCFDSSC and ESFDSSC) [94]. A key innovation of these algorithms
lies in using functional dependencies, a foundational concept from relational database the-
ory that to the best of our knowledge has not been exploited in this context. While some
semantic service composition approaches [95, 96] have superficially drawn on the concept of
functional dependencies to model input-output relations of ontology concepts to perform ser-
vice discovery or minimize the number of services in a composition plan, our work explicitly
adopts functional dependencies in the database-theoretic sense to model services themselves,
capture intrinsic semantic constraints, and ensure semantic correctness of the composition.
More precisely, our algorithms do so while simultaneously integrating QoS considerations,
allowing us to generate abstract service composition plans that are semantically valid and
optimized concerning non-functional requirements. This dual focus on semantic consistency
and QoS optimization, grounded in formal database principles, introduces a novel paradigm
that clearly distinguishes our work from all existing methods. The two proposed approaches
belong to the class of all matching-based approaches. Unlike the existing approaches [29, 56,
57, 58, 59, 60, 61, 62, 63, 64, 65, 69, 70] that operate on the overall service repository, the
HCFDSSC and ESFDSSC approaches reduce the problem’s complexity by scaling down the
service repository to finer levels by grouping the concrete services having the same inputs
and outputs to form a set of abstract services. After that, the potential matching between
the resulting abstract services is generated using the attribute closure algorithm [97, 98]. The
latter ensures the semantic matching by finding a set of feasible (i.e., functionally correct) ab-
stract composition plans such that the execution of each plan can produce the set of outputs
specified by the user’s request. Finally, two different methods are employed to perform the

parallel service selection and composition process. The first method uses a parallel improved
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hill climbing (HC) algorithm [99], while the second employs a parallel exhaustive search (ES)
algorithm [100], resulting in the two proposed approaches: HCFDSSC and ESFDSSC. These
methods are carried out on the resulting feasible abstract composition plans to find multi-
ple suboptimal compositions that are compared to obtain the best composition in terms of
QoS and QoSM. In contrast to most matching-based approaches [29, 56, 58, 59] and random
matching-based approaches [60, 61, 62, 63, 64, 69, 70] that do not deal with the composition
failure issue, the parallel service selection and composition methods used in HCFDSSC and
ESFDSSC approaches allow addressing the service failure problem through replacing the un-

successful composition by one of the alternative suboptimal compositions.

1.4 Organization of the thesis

The remainder of this thesis is organized as follows:

Chapter 2 develops the first contribution, a comprehensive review of the literature on
QoS-aware service composition approaches. First, a novel taxonomy that offers a granu-
lar classification of the last decade QoS-aware service composition approaches is introduced
based on their reliance on a predefined abstract composition plan. Then, a comparison of the
reviewed approaches is provided considering the most relevant criteria in service composi-
tion. Finally, an analysis and discussion is conducted based on the resolution and validation

methodologies used in the investigated approaches.

Chapter 3 presents the second contribution, the PDE-QSC approach that overcomes
the limitations of existing plan-based QoS-aware service composition approaches. The service
composition model and the problem statement are defined in the first part of this chapter.
The proposed PDE-QSC approach that relies on a parallel exploration method and popula-
tion resizing strategy is presented in the next part of the chapter. Finally, the performance of
the PDE-QSC approach in terms of composition quality and composition time are evaluated
and compared with those of five baseline approaches by considering three different scenarios.

Furthermore, a statistical analysis is conducted to demonstrate the efficiency of the proposed
PDE-QSC approach.

Chapter j details the third contribution, the HCFDSSC and ESFDSSC approaches that
are proposed to deal with the shortcomings of the existing autonomous QoS-aware service
composition approaches. First, the most important concepts related to the autonomous QoS-
aware service composition issue are defined. Then, the steps of the HCFDSSC and ESFDSSC
approaches are detailed, where each one performs in three phases: the pre-processing, the

construction of feasible abstract plans and the service selection and composition. Finally, a
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set of experiments is conducted to evaluate the HCFDSSC and ESFDSSC approaches and
compare their performance with existing baseline approaches in terms of computational time,

QoSM, QoS, and utility value combining both metrics.

Chapter 5 summarizes the findings of this thesis and outlines future research perspec-
tives. We first provide a synthesis of the contributions. Then, we discuss key challenges
in service composition, including concurrent QoS-aware service composition, autonomous
microservice composition for next-generation systems, blockchain-assisted approaches for re-
liable IoT environments, and handling uncertain data. To address these challenges, we sug-
gest exploiting multi-request optimization methods, natural language processing, artificial

intelligence methods, blockchain technology, and machine learning techniques.
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Chapter 2

Literature review

Contents

2.1 Imtroduction . . . . . . . . L 15
2.2 Background . . . ... 16
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2.4 Taxonomy of QoS-aware service composition . . . . . . . ... .. ... L. 20
2.5 Comparative Analysis . . . . . . . . ... 36
2.6 Analysis and discussion . . . . . . ... 39
2.7 Conclusion. . . . . . . .. 46

2.1 Introduction

The QoS-aware service composition has been the subject of several studies in the lit-
erature based on various scenarios. In this chapter, we present a literature review of the
most significant QoS-aware service composition approaches [92]. The first part describes
the research methodology employed to conduct this literature review. The second part pro-
poses a novel two-layered taxonomy that classifies existing QoS-aware service composition
approaches based on three key aspects: the assumption of a predefined composition plan,
the resolution strategy used to explore the search space, and the methodology for identifying
functionally feasible compositions. The third part conducts a comparison of the reviewed
approaches considering the most relevant criteria in the service composition area such as
solving method, search space exploration strategy, population size reduction, degree of scal-
ability, methodology used to ensure semantic correctness of the composition, utility value
combining QoS and QoSM criteria, failure recovery and automatic generation of an abstract

composition plan. After that, an analysis of the QoS-aware service composition approaches
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is performed based on the employed resolution technique and validation methodology. Fi-
nally, a critical discussion of the studied approaches is given to illustrate their limitations

and highlight the motivations of the approaches proposed in this thesis.

2.2 Background

A concrete service is a software component characterized by a set of input and output
concepts that define its functional properties, as well as a vector of QoS attributes that specify
its non-functional properties [101]. Several services can be combined to provide an added-
value functionality resulting in a composite service. A huge number of concrete services,
offering similar functionalities but different QoS attributes, are deployed in IoT environments.
The challenge in service composition lies in identifying the optimal combination of services
to best fulfill the user’s requirements. The latter can be expressed in distinct forms resulting
in two formulations of the QoS-aware service composition problem: plan-based QoS-aware

service composition and autonomous QoS-aware service composition.

2.2.1 Plan-based QoS-aware service composition problem

In plan-based QoS-aware service composition, the user’s functional requirements are for-
malized as an abstract composition plan that orchestrates a set of functionalities known as
abstract services. The user’s non-functional requirements are expressed as global QoS con-
straints that specify upper and lower bounds on the aggregated QoS values of the resulting
composition. Each functionality of the abstract composition plan can be executed by a set of
concrete services sharing the same input and output concepts. In this case, the composition
process involves selecting a concrete service from each abstract service to ensure that the
aggregated QoS values of the resulting composition meet the global constraints and the com-
position quality is maximized (see Figure 2.1). The aggregation of the QoS values depends
on the nature of the QoS attributes and the structure of the abstract composition plan (see
[17] for more details).

2.2.2 Autonomous QoS-aware service composition problem

In autonomous QoS-aware service composition, the user’s functional requirements are
specified as a set of given inputs and desired outputs, which constitute the basis for the con-
struction of the abstract composition plan. Consequently, the QoS-aware service composition
issue becomes more challenging, requiring the identification of the most optimized combi-
nation of concrete services from a service repository. This selection must not only ensure a
high QoS level but also check the semantic matching between the inputs and outputs of the

constituent services, i.e., providing functionally correct composition (see Figure 2.2). The
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Figure 2.1: Plan-based QoS-aware service composition.

semantic matching of concrete services and composite services is evaluated using the QoSM
metric, which is determined by the degree of semantic similarity between input and output
concepts based on a given ontology that describes the semantic relationships between these

concepts [65].
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Figure 2.2: Autonomous QoS-aware service composition.
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2.3 Research methodology

The first contribution of this thesis seeks to review the QoS-aware service composition
approaches that have appeared in the last decade [92]. The initial stage involves formu-
lating research questions to outline the scope and objectives of this review. Subsequently, a
search query is constructed, incorporating rigorous inclusion and exclusion criteria to identify

relevant papers for the analysis.

2.3.1 Research questions

To address the problem of QoS-aware service composition, we answer the five underlying

research questions:

e« RQ1: What are the primary classification criteria for (QoS-aware service composition
approaches?
At a primary level, QoS-aware service composition approaches can be categorized based
on the assumption of a pre-existing abstract composition plan. These approaches are di-
vided into two main categories: plan-based QoS-aware service composition approaches

and autonomous QoS-aware service composition approaches.

e RQ@2: Can secondary criteria refine the initial classification categories?
The approaches within each of the above-mentioned categories can be further catego-
rized at a secondary level based on the strategy used to explore the composition search

space and the techniques applied to ensure the semantic correctness of compositions.

o RQ3: What methods are commonly employed to solve the QoS-aware service compo-
sition problem?
This thesis explores plan-based QoS-aware service composition approaches, with a fo-
cus on computational intelligence-based optimization methods, and investigates au-
tonomous QoS-aware service composition approaches that employ computational intel-

ligence optimization algorithms or exact methods.

o R@4: What performance metrics are commonly used to evaluate these approaches?
Frequently employed metrics for assessing QoS-aware service composition approaches
include composition time, QoS utility, and utility value combining QoS and QoSM

metrics.

o RQ5: What datasets are used to evaluate the performance of the investigated ap-
proaches?
The performance assessment of QoS-aware service composition approaches typically

relies on experimental datasets and real-world datasets.
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2.3.2 Search query

2.3.2.1 Research selection

To carry out the literature search, we have used keywords specific to the QoS-aware ser-
vice composition problem, including Internet of Things/Web services, workflow/ plan-based
service composition, semantic/automated /fully automated service composition, QoS, QoSM,
service computing, service selection, semantic similarity, and ontology. This study investi-
gates 42 recent papers selected from leading editorial journals and prominent international
conferences, accessed through major digital libraries and publishing platforms, including
IEEE Xplore, ACM Digital Library, ScienceDirect, and SpringerLink (see Figure 2.3).

2.3.2.2 Selection criteria

The inclusion criteria that were considered for choosing papers to be analyzed are sum-

marized as follows:

o Papers that solve the plan-based QoS-aware service composition problem using com-

putational intelligence-based optimization algorithms.

o Papers that deal with the QoS-aware service composition in a fully automated way and

without a predefined abstract composition plan.

o Papers addressing the QoS-aware service composition problem while considering other
relevant challenges such as QoS fluctuation, mobility-aware, data-intensive services,

etc.
» Papers published online from 2015 to 2024.

The exclusion criteria that were used to discard papers from this study are presented as

follows:

o Papers that deal with the plan-based QoS-aware service composition problem using

exact methods, graph-based algorithms, and decomposition-based methods.

o Papers related to the service discovery problem that consists of finding the concrete

services having the best semantic matching of input and output concepts.

» Papers dealing only with semantic service composition issue, while neglecting the QoS

aspect.

The publication type of the different sub-categories of QoS-aware service composition

approaches is presented in Figure 2.4.
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2.4 Taxonomy of QoS-aware service composition

Figure 2.5 shows the two-layered taxonomy proposed in this thesis where QoS-aware ser-

vice composition approaches are categorized based on their reliance on an abstract composi-
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Figure 2.4: QoS-aware service composition approaches versus publication type.

tion plan into: 1) plan-based QoS-aware service composition approaches and 2) autonomous
QoS-aware service composition approaches. Plan-based approaches are further divided into
two sub-categories according to their composition search strategy: (7) sequential exploration-
based approaches and (i) parallel exploration-based approaches. Autonomous QoS-aware
approaches are divided based on the methodology for identifying the semantic correctness
of compositions into two sub-categories: (7) all matching-based approaches and (i) random

matching-based approaches.

2.4.1 Plan-based QoS-aware service composition approaches

The plan-based QoS-aware service composition approaches assume the existence of an
abstract composition plan that aligns with the user’s functional request. The primary ob-
jective is to maximize the overall QoS utility by selecting the most suitable concrete service
from a set of functionally equivalent services for each abstract service, ensuring that the
resulting composition best meets the user’s global QoS constraints. The two sub-categories
of plan-based QoS-aware service composition approaches are described hereafter based on

their employed resolution method.

2.4.1.1 Sequential exploration-based approaches

This sub-category of approaches uses mainly computational intelligence-based optimiza-

tion methods that begin with a randomly generated population of compositions that are
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Figure 2.5: Taxonomy of existing QoS-aware service composition approaches.

iteratively improved to achieve a suboptimal composition. Sequential exploration-based ap-
proaches include: evolutionary optimization methods, swarm intelligence-based optimization
methods, human-inspired optimization methods, hybrid optimization methods, and other
computational intelligence-based optimization methods (see Figure 2.6).

Evolutionary optimization methods are population-based methods that mimic biological
evolution for solving optimization problems [102]. They evolve based on the theory of nat-
ural selection and survival of the fittest [103]. To improve individuals for a given objective,
several operators can be applied including selection, mutation, and crossover. Evolutionary
optimization methods have been widely used by this sub-category of approaches [36, 39,
47]. For instance, the multi-objective QoS-aware service composition problem is first defined
considering the weighted Tchebycheff distance function instead of the weighted sum utility
function to enable the evaluation of composition quality [39]. The weighted Tchebycheff dis-
tance function is one of the most common scalarization methods employed in multi-objective
optimization problems [104], where a smaller value indicates better quality. Subsequently, a
fuzzy preference model is introduced, incorporating fuzzy linguistic terms to specify the user’s
preferences regarding different QoS properties. A new method is then presented to transform
the fuzzy preference terms into numeric weights. Finally, two evolutionary algorithms are
proposed to solve the QoS-aware service composition problem: a single evolutionary algo-

rithm and a hybrid evolutionary algorithm. In the single evolutionary algorithm, a population
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Figure 2.6: Taxonomy of sequential exploration-based service composition approaches.

of randomly generated compositions is maintained as well as their corresponding QoS vec-
tors. Three types of operators are used on the current composition population to produce the
next generation of compositions. The compositions having better QoS values based on both
weighted Tchebycheff distance and the constraint violation degree are retained for the next
iteration. This evolution process is repeated until reaching a predefined number of iterations.
In the hybrid evolution algorithm, the same operators used in the single evolution algorithm
are used on the current population of compositions to generate the evolved composition pop-
ulation. The current and evolved composition populations are then combined and a Pareto
ranking process, called non-dominated sorting strategy [105] is used to preserve the better
composition for the next population until reaching the predefined number of iterations.

Although both proposed algorithms are effective in finding high quality compositions, the use
of the Pareto ranking strategy increases the composition time as the problem search space in-

creases, making these algorithms not adaptive for the large-scale service composition problem.

Swarm intelligence-based optimization methods are nature-inspired algorithms that im-
itate the collaborative social behavior exhibited by animals or insects (fish, wolves, bees,
etc.) to solve optimization problems [106]. These methods have been largely employed to
address the QoS-aware service composition issue [32, 33, 35, 40, 42, 44, 45, 46]. For exam-
ple, a fuzzy multi-objective artificial bee colony approach for QoS-aware service composition
(FMOQWSCP) is proposed in [32]. This approach addresses the uncertainty of concrete ser-
vices” QoS properties by representing them using a fuzzy model. The FMOQWSCP is carried
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out in five phases: 1) initialization, 2) employed bees foraging, 3) onlooker bees foraging, 4)
scout bees foraging , and 5) external archive update. In the initialization phase, the popu-
lation of compositions is randomly generated where each composition, representing a food
source, is initialized as a vector of concrete service indices that are randomly selected from
their respective abstract services. Afterwards, the aggregated fuzzy QoS values of each com-
position are calculated and its corresponding fuzzy QoS utility value is computed according
to the defined fuzzy model. An external archive is also initialized with fuzzy non-dominated
compositions. The following phases are repeated until the stopping criterion is satisfied. In
the employed bees foraging phase, a new composition is generated for each existing composi-
tion using a defined neighborhood process. A fuzzy non-dominated sorting procedure is then
applied to determine whether the new composition replaces the old one based on fuzzy domi-
nance. In the onlooker bees foraging phase, the binary tournament selection operator [105] is
used to choose the compositions to update using the neighborhood search, and they replace
the old ones if they are fuzzy dominant. In the scout bees foraging phase, compositions
that have not improved after a predefined number of iterations are replaced by new ones,
and their aggregated QoS vectors are recalculated. In the external archive update phase, a
fuzzy non-dominated sorting procedure is applied to the merged compositions of the current
population and the external archive. The Pareto-dominant compositions are then identified
and the external archive is updated with respect to its size. The optimal composition is then
selected in the external archive using a fuzzy multi-criteria decision-making method.

The FMOQWSCP approach deals with the uncertainty QoS properties by representing them
as trapezoidal fuzzy numbers instead of fixed values. However, the composition time ex-
ponentially increases with both the number of concrete services and the number of QoS

properties making this approach not suitable for large-scale environments.

Human-inspired optimization methods are population-based methods that mimic the
learning process of humans in a social context, where their knowledge are enhanced based
on experience or observation. Human-inspired optimization methods have been applied by
sequential exploration-based approaches [31, 34, 38]. For instance, an improved teaching
learning-based QoS-aware service composition approach (ITLQCA) is proposed in [31] where
the service composition is formulated as a teaching and learning process. The ITLQCA
approach is performed in four phases: 1) initialization, 2) teaching, 3) learning, and 4)
self-learning. In the initialization phase, the algorithm parameters are chosen such as the
population size and the maximum number of iterations. The initial population of composi-
tions is then randomly generated and the QoS utility value of each composition is computed.
The teaching phase aims at improving each composition by using the best and the mean
compositions in terms of QoS in the population. In the learning phase, each composition is

improved according to its neighboring compositions or randomly selected compositions from
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the whole population. In the self-learning phase, each composition is improved according to
its historical information. The QoS utility value of each modified composition in each phase
is compared to the QoS utility value of the earlier composition and the composition having
the highest utility value is kept for the next evolution. These three phases are repeated for
a given number of iterations to find the near-to-optimal composition in terms of QoS.

The ITLQCA approach is characterized by a few tuning parameters and a high exploration
capability of the search space. This allows to find a very close to the optimal composition

while keeping a reasonable computation time.

Hybrid optimization methods combine several computational intelligence-based methods
to exploit their respective strengths to build stronger methods [107]. Hybrid optimization
methods have been used to solve the QoS-aware service composition problem [30, 43]. For
instance, a hybrid eagle strategy with a whale optimization approach (ESWOA) is proposed
in [30] to address the QoS-aware service composition problem. The ESWOA approach oper-
ates in three phases: 1) initialization, 2) exploration, and 3) ezploitation. In the initialization
phase, the population of whales is randomly generated where each whale represents a fea-
sible composition. The compositions are modeled as an m-dimensional vector containing
the indices of their corresponding concrete services. The QoS utility values of compositions
are calculated, and the composition having the highest utility value is designed as the best
composition (i.e., the leader whale). During the exploration phase, each composition evolves
by modifying the indices of its concrete services according to a defined probability. The
utility value of the new composition is then calculated and compared to that of the old one
to determine whether the new composition can replace the old one. The best composition is
also updated if its utility value is lower than that of the new composition. The exploitation
phase is performed if a random number R, generated within the range [0, 1] is greater than
a fixed parameter F,. The compositions are evolved according to two different exploitation
mechanisms: the shrinking encircling mechanism and spiral updating mechanism. A random
number is used to decide which exploitation mechanism will be used for each composition. In
the shrinking encircling mechanism, each composition is updated according to the best com-
position in the population, whereas in the spiral updating mechanism, each composition is
updated following the best composition in an helix shaped path. The QoS utility value of the
modified composition is then calculated. The old composition as well as the best composition
are updated if the utility value of the new composition is higher than their respective utility
values. The exploration and exploitation phases are repeated until a maximum number of
iterations is reached. Finally, the best composition in terms of QoS is returned.

This method achieves a good balance between exploration and exploitation of the search
space, preventing thus premature convergence. However, the proposed algorithm demon-

strated only moderate scalability, which may mean that its performances may decrease in a
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large-scale search space.

Other computational intelligence-based optimization methods have been used in the con-
text of service composition [37, 41]. For example, an invasive weed-based approach is pro-
posed in [37]. This approach is carried out in tree main phases: 1) pre-processing, 2) opti-
mization, and 3) heuristic search. In the pre-processing phase, the QoS properties of each
concrete service in each abstract service are ranked according to their normalized values.
Then, local utility values for these concrete services are computed based on the mean, stan-
dard deviation and skewness [108] of the ranks of the QoS properties. These utility values
serve as a fundamental indicator to prune concrete services and keep the services having the
highest utility values. In the optimization phase, the improved invasive weed algorithm is
applied to find the best composition. This algorithm operates in four steps. In the first
step, the initial population of compositions is randomly generated. In the second step, each
composition is evolved in accordance to the best and worst compositions in the population.
In the third step, the compositions resulting from the second step are evolved based on their
standard deviations and those of the initial compositions. In the heuristic search phase, the
utility values of compositions are calculated based on the mean, standard deviation, and
skewness of their associability scores. More specifically, the associability score of a composi-
tion represents the number of connections formed between its concrete services delivered by
the same provider. The composition having the highest utility value is returned as the best
composition. This procedure is repeated until the maximum number of iterations is reached.
The filtering process used by this approach guarantees a promising search space of concrete
services with high utility in terms of QoS. This contributes to the generation of a suboptimal
composition satisfying the user’s global constraints. However, the heavy calculations used
in the filtering and optimization processes increase the composition time, which limits the

scalability of this approach.

2.4.1.2 Parallel exploration-based approaches

The parallel exploration-based approaches decrease the composition time through the
simultaneous evolution of composition sub-populations. More precisely, a population of ran-
domly generated compositions is divided into sub-populations, that are iteratively improved
in parallel to find the suboptimal composition. As a result, the exploration of a composi-
tion population becomes faster since the required time approximates the composition time of
sequential exploration-based approaches divided by the number of sub-populations (see Fig-
ure 2.7). Parallel exploration-based approaches include: evolutionary optimization methods,
swarm intelligence optimization methods, and hybrid optimization methods (see Figure 2.8).

Evolutionary optimization methods have been applied by parallel exploration-based ap-

proaches [49, 52, 54]. For example, a multi-population genetic algorithm is introduced in [52]
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Figure 2.7: Sequential exploration-based approach versus parallel exploration-based ap-
proach.
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Figure 2.8: Taxonomy of parallel exploration-based servie composition approaches.

to deal with the plan-based QoS-aware service composition problem. In the beginning, the
initial parameters of the algorithm are initialized such as the population size, the number of
sub-populations, the size of each sub-population, the mutation and crossover probabilities,
along with the maximum number of iterations. Then, the initial population of compositions
is randomly generated, where chromosomes are used to represent compositions, each one is
defined as an array of integers whose size is equal to the number of abstract services in the

composition plan. The integers in this array refer to the indices of the randomly selected
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concrete services in their corresponding abstract services. The utility values of the initial
compositions are calculated based on their global aggregated QoS values and the user’s pref-
erences associated with QoS properties. After that, the initial composition population is then
divided into distinct sub-populations by randomly assigning compositions according to their
specified sizes. The roulette wheel selection strategy [109] is employed to select compositions
for evolution based on their utility values, giving higher selection probability to compositions
with greater utility. The roulette wheel selection associates a probability for each compo-
sition based on the ratio of its utility value and the total utility values of the remaining
compositions in the population. The selected compositions are modified using a crossover
operator according to the crossover probability, and then updated by a mutation operator
based on the mutation probability. The evolved compositions replace the old ones when
their utility values are better than those of the old compositions. This process is repeated in
parallel for each sub-population until reaching the maximum number of iterations to return
the best composition in terms of QoS.

The parallel evolution of multiple sub-populations in the proposed multi-population genetic
algorithm allows for a considerable decrease in the composition time. However, the lack of
interaction between the composition sub-populations reduces the population diversity, lead-

ing to a low composition quality.

Swarm intelligence-based optimization methods have been used in the sub-category of
parallel exploration-based approaches to address the service composition problem [51, 53,
55]. In [51], a clustering-based shuffled frog leaping algorithm (SFLA) is proposed to solve
the QoS-aware service composition issue in a large-scale environment. The SFLA algorithm
performs in two main phases: (i) concrete service filtering and (i) service composition. The
objective of the concrete service filtering phase is to reduce the overall composition time by
discarding low quality concrete services in each abstract service. To do so, the problem of
QoS-aware service composition is modeled as an automatic partitioning problem and solved
using the k-means clustering method [110, 111] where a data point represents a concrete
service described by a vector of QoS properties. In this context, the k-means method is used
to create multiple clusters, each one groups concrete services with similar QoS properties.
Subsequently, only the cluster with the highest QoS level, within each abstract service, is
retrieved to perform the service composition phase. The latter is carried out in four steps:
1) initialization, 2) partitioning, 3) local exploration, and 4) shuffling. In the initialization
step, the algorithm settings are initialized and the QoS-aware service composition is modeled
as a shuffled frog leaping optimization problem where a frog represents a service composi-
tion. More precisely, the population of compositions is randomly generated based on the
high quality concrete services resulting from the concrete services filtering phase. The upper

limit of global iteration, the upper limit of local iteration, and the number of sub-populations
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(nbMemeplex) are also initialized. The weighted sum utility function is used to compute the
global quality of each composition based on the QoS property values of its included concrete
services and the user’s preferences. In the partitioning step, the composition population
is divided into nbMemeplex sub-populations and the compositions are assigned to the sub-
populations according to their utility values. More specifically, the best composition in terms
of QoS is assigned to the first sub-population, the second best composition to the second sub-
population, the nbMemeplex! best composition to the nbMemeplex!” sub-population, and
the process continues in a round-robin manner (assigning the (nbMemeplex + 1) back to
the first sub-population, and so on). In the local exploration phase, the compositions of
each sub-population are improved based on the best and worst composition in their related
sub-population, as well as the best composition in the population. This process continues
iteratively until reaching the upper limit of local iterations. The updated compositions re-
place the old ones when their utility values are better. In the shuffling step, the resulting
compositions of the sub-populations are grouped and sorted in ascending order of their utility
values. The partitioning, local exploration, and shuffling steps are repeated until the upper
limit of global iteration is reached. The composition with the best utility value in terms of
QoS and that satisfies the global QoS constraint is returned as the suboptimal composition.
The SFLA algorithm achieves promising results in terms of composition time and global util-
ity thanks to the combination of the clustering method and the parallelism process. However,
the random choice of the number of sub-populations and the upper limit of local iterations

can have a negative impact on the performance of the algorithm.

Hybrid optimization methods have been utilized to deal with the plan-based QoS-aware
service composition problem [48, 50]. For example, a hybrid multi-population artificial bee
colony algorithm (HMABC) integrated with various differential evolution operator strate-
gies is proposed in [48]. The HMABC operates in five phases: (i) initialization, (i) sub-
populations performance, (iii) adaptive parameter setting, (iv) sub-populations size adjust-
ment, and (v) sub-populations recombination. In the initialization phase, a food source rep-
resents a service composition, and a population of compositions is randomly generated. The
total number of iterations, the parameters of the mutation strategies, the number of sub-
populations, and their respective sizes are also initialized. In sub-populations performance
phase, the composition population is divided into four sub-populations each one is embedded
with a specific differential evolution strategy. These sub-populations evolve in parallel by
performing the artificial bee colony algorithm steps including employed bees, onlookers, and
scouts’ steps. In the employed bee step, a specific differential evolution strategy is used to
improve the current compositions in each sub-population. The new compositions replace
the old ones if they have higher utility values in terms of QoS. In the onlooker bee step,

the compositions of each sub-population resulting from the previous step are further evolved
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using a specific differential evolution strategy to refine their quality. In the scouts step, the
compositions that have not been improved over a defined number of iterations are modified
to avoid local optima and improve the exploration capability of the algorithm. In the adap-
tive parameter setting phase, the parameters related to each differential evolution strategy
are self-adapted to find the most appropriate values to further enhance the performance of
each sub-population. In the sub-populations size adjustment phase, the sizes of the sub-
populations are redefined based on the performance of their associated evolution strategy
in the latest iterations. More precisely, a large size is attributed to the sub-populations
that had better performance to better exploit the promising regions. In the sub-populations
recombination phase, the sub-populations are grouped to form a single population that is
divided again and the composition process is repeated until achieving the maximum number
of iterations and the suboptimal composition is returned.

The parallel evolution of multiple sub-populations, combined with the distinct evolution
strategies employed by the HMABC algorithm, ensures a good balance between exploration
and exploitation, providing high QoS composition. In addition, the adaptive sub-population
size adjustment allows to reduce the composition time by focusing only on promising regions.
However, the algorithm’s performance and its scalability are strongly related to the choice

of the number of sub-populations as well as their initial size.

2.4.2 Autonomous QoS-aware service composition approaches

The autonomous QoS-aware service composition approaches find the suboptimal com-
position without relying on a predefined abstract composition plan. They automatically
compose concrete services by matching their input and output parameters to find the sub-
optimal composition that simultaneously optimizes the QoSM and the QoS metrics. The
two sub-categories of autonomous QoS-aware service composition approaches (all matching-
based and random matching-based approaches) are presented in the following based on their

employed resolution method.

2.4.2.1 All matching-based approaches

This sub-category of approaches find semantically correct compositions that could be
generated in the service repository. This is done by computing all possible matching between
the inputs and outputs of services while accounting for a given semantic model. An exact
method is then usually used to determine the most appropriate composition in terms of QoS.
The all matching-based approaches include: graph-based methods, database search methods,
and Pareto front-based methods (see Figure 2.9).

Graph-based methods use graph theory to model and solve problems. These methods
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Figure 2.9: Taxonomy of all matching-based service composition approaches.

express and analyze the relationship between data using a graphical structure composed of
nodes and connecting edges. Graph-based methods have been widely exploited by a sub-
category of all matching-based approaches [29, 56, 58]. For example, a directed graph model
is used in [29] to formulate the autonomous QoS-aware service composition as a scheduling
problem with AND/OR constraints. A directed graph is first constructed based on the con-
crete services available in the service repository, where the vertices represent both services
and data (i.e., input and output concepts) and edges express two types of connections. An
edge from a concrete service to a data node implies that this data is an output of this service,
whereas an edge form a data node to a concrete service means that this data is required as
input for the service’s execution. To maintain the graph, fictitious start and end vertices are
added. The QoS values of concrete services are presented as weights on their corresponding
vertices. To fulfill the user’s request defined by a set of provided inputs and desired outputs,
the constructed graph is interpreted as a scheduling problem with AND/OR constraints,
where AND-constrained jobs represent concrete services and OR-constrained jobs represent
input and output concepts. Indeed, AND-constrained jobs can only be executed when all
their preceding jobs are completed, meaning that concrete services can be executed only
when their required inputs are available. In contrast, OR-constraints jobs can be activated
as soon as at least one of their preceding jobs has been completed. This corresponds to input
and output concepts because they become available when they are produced by any concrete
service. A Dijkstra algorithm is finally used to solve the service composition issue defined as
a job scheduling problem in a polynomial time providing an optimized global execution time
or throughput.

The proposed algorithm modeled and solved the autonomous QoS-aware service composition
issue as a simple path problem. However, only the execution time and throughput properties

are considered. The study also showed that the proposed algorithm cannot be extended to
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other QoS properties, either in a single-objective or multi-objective context.

Database search methods have been employed in the context of autonomous QoS-aware
service composition. In [57], a relational database approach is introduced to provide the top
K compositions for the autonomous QoS-aware service composition according to two main
phases: (i) compositions’ generation and (it) composition query. In compositions’ generation
phase, all semantically feasible compositions that could be obtained from the concrete ser-
vices in the repository are generated and stored in a relational database. To generate these
compositions four rules are applied. First, when an output of a concrete service cs; serves as
the input of a concrete service csy, the concrete service c¢s; is considered as an input service
of the concrete service csy and there is a composition connecting them. Second, the insertion
of a concrete service to a composition that already includes that concrete service is avoided.
Third, the inputs of a concrete service in a newly constructed composition can be provided
either by the inputs of this composition or by the outputs of concrete services preceding
this service. Fourth, the outputs of the concrete services belonging to a composition make
up the outputs of this composition. This process ends when no more composition can be
generated. Subsequently, the weighted sum utility function is used to calculate the global
QoS of each composition. In the composition query phase, all compositions generated from
the aforementioned phase and their utility values in terms of QoS are stored in the relational
database. An SQL query is then constructed to express the user’s requirements and search
in the database for the composition that fulfills these requirements. The latter includes a set
of required inputs, a set of desired outputs, and global QoS constraints. The SQL query is
processed in three steps. Semantically feasible compositions that meet the user’s input and
output requirements are first identified from the relational database. Then, based on their
utility values in terms of QoS, the returned compositions are ranked and filtered according
to the specified global QoS constraints. Finally, the top K compositions that satisfy these
constraints are returned.

With the dynamic nature of IoT environments, new concrete services may be added, while
others may fail or disappear. The proposed approach returns the top K compositions that
provide backup solutions for users in the case of service disappearance or failure. However,
to find the optimal compositions that meet the user’s requirement, all possible compositions

have to be generated, resulting in an exponential composition time and low scalability.

Pareto front-based methods have been used to address the autonomous QoS-aware ser-
vice composition problem. The multi-objective autonomous QoS-aware service composition
problem is addressed in [59] by proposing an optimal algorithm that find the Pareto optimal
composition satisfying global QoS constraints. The proposed algorithm performs in three

main phases: (7) pre-processing, (ii) dependency graph construction, and (ii¢) Pareto front
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construction. The pre-processing aims to reduce the overall composition time by decreasing
the size of the search space. To achieve this, a clustering algorithm [112] is first used to
group functionally equivalent concrete services into clusters that refer to abstract services.
For each abstract service, a skyline set is constructed by keeping only non-dominated concrete
services based on their QoS property values. Subsequently, each abstract service is modeled
by one representative service associated with multiple QoS tuples, corresponding to the QoS
vectors of the concrete services in its skyline service set. In the graph construction phase, a
directed graph is built [113], starting from fictitious node including the user’s request inputs.
Each node in the graph corresponds to a representative service, whereas edge between two
consecutive nodes means that the outputs of the preceding service serve as inputs for the
succeeding service. A fictitious end node is also added to collect the final outputs of the
graph. In the Pareto front construction phase, the dependency graph is transformed into
a layered graph based on the matching between the inputs and outputs of the nodes. The
Pareto optimal compositions are identified by traversing the dependency graph in a back-
ward direction. The last layer contains the final abstract services in the dependency graph.
The second last layer includes the abstract services whose outputs fully satisfy the input
requirements of the abstract services in the last layer. The preceding layers are constructed
iteratively using the same process until processing all the abstract services in the depen-
dency graph. To find the Pareto optimal compositions, the non-dominated concrete services
are first identified in each abstract service of the last layer. Each of these services is then
combined with the non-dominated concrete services of the corresponding abstract services
in the preceding layer, and the cumulative QoS property values are calculated accordingly.
Dominated sub-compositions are discarded whereas non-dominated ones are retained. This
process is repeated iteratively until reaching the starting node that contains the user’s inputs
and the set of non-dominated compositions is returned. Note that the layered graph and
the Pareto optimal compositions are constructed simultaneously to ensure the satisfaction of
both functional and non-functional requirements.

The proposed approach guarantees the generation of Pareto optimal compositions. However,
this method can have exponential time complexity when applied to large-scale environments,

despite avoiding the evaluation of all possible compositions.

2.4.2.2 Random matching-based approaches

This sub-category of approaches randomly selects a population of compositions from the
service repository. The semantic correctness of each composition is then checked using a
decoding algorithm to ensure that the generated compositions meet the user’s functional
requirements. Finally, the compositions that satisfy the user’s functional requirements are
employed as the initial population, and a computational intelligence-based algorithm is ap-

plied to identify the suboptimal composition. Random matching-based approaches include:
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evolutionary and hybrid optimization methods (see Figure 2.10).

Evolutionary optimization methods
[60, 62, 65, 70]

Figure 2.10: Taxonomy of random matching-based service composition approaches.

Hybrid optimisation methods
[61, 63, 64, 66, 67, 68, 69]

Evolutionary optimization methods have been widely applied in this sub-category [60, 62,
65, 70]. For example, a two stages genetic algorithm (2StageGA) is introduced in [65] to solve
the autonomous QoS-aware service compositions issue with stochastic service failure. This
algorithm performs in two phases: (i) design and (i) ezecution. In the design phase, the
algorithm takes as inputs the user’s request expressed as a set of input and output concepts,
a service repository containing concrete services, and an ontology describing the functional
features of the concrete services. Subsequently, a population of compositions is generated by
randomly selecting concrete services from the service repository. The semantic feasibility of
each composition is checked using a decoding algorithm [62] that determines an execution
order for the concrete services belonging to the composition and retains only the sequence or
the sub-sequence that satisfies the user’s functional requirements. The utility value of each
feasible composition is then calculated by jointly taking into account QoS and QoSM metrics.
An order crossover operator [114] and a one-point swap mutation are employed to further
improve the quality of the current population. In the order crossover operator, two offspring
compositions are generated from a pair of parent compositions. Each offspring composition
preserves a sub-sequence of concrete services from one parent, while another parent fulfills
the remaining services. In the mutation operator, a single offspring is produced by swapping
two concrete services within a parent composition. An offspring composition replaces the old
one when its utility value in terms of QoS and QoSM is better. An adaptive number of iter-
ations is calculated to determine the starting time of the execution phase. In this phase, the
same genetic operators are employed to further improve the compositions. The robustness of
these compositions is then evaluated using a utility approximation function that calculates
the expected quality of the compositions in the case of a stochastic service failure by consid-
ering different service failure scenarios. More precisely, the robustness of each composition is
calculated based on the best repaired solution for each composition with respect to QoS and
QoSM metrics. After that, according to the population size, the most robust compositions
are kept to perform a new evolution in the next iteration. The 2StageGA algorithm repeats

these phases until reaching a maximum number of iterations.
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The 2StageGA algorithm can find robust compositions that handle the stochastic service
failure which is a challenging issue in the field of service composition. However, to determine
whether the user’s functional requirements have been met, the decoding algorithm is used

each time a composition is generated resulting in a relatively high composition time.

Hybrid optimization methods have been used in the context of autonomous QoS-aware
service composition issue [61, 63, 64, 66, 67, 68, 69]. For example, a QoS-aware service
composition approach using the data-intensive service composition concept is proposed in
[67]. This approach not only considers QoS but also addresses the data distributed across
different locations, which need to be transferred and manipulated between concrete services.
Subsequently, a hybrid algorithm based on the non-dominated sorting genetic algorithm
(NSGA-II) and a local search is proposed to find the Pareto optimal composition for the dis-
tributed data-intensive autonomous QoS-aware service composition problem. The proposed
algorithm starts by randomly selecting concrete services from the service repository to gener-
ate the initial population of compositions, where the feasibility of the compositions is ensured
by employing a decoding algorithm. The general idea of this decoding algorithm is to trace
all inputs that have not yet been fulfilled, by traversing the composition backward from the
last concrete services to the first, until all required inputs are satisfied. As a result, each com-
position is reduced to contain only the concrete services that have matching links between
their inputs and outputs. The utility values of these compositions are then calculated based
on their QoS property values, the expected communication time, and the cost of transferring
and accessing data between their concrete services. Subsequently, the composition popula-
tion is divided into different non-dominated groups, such as the first group contains all the
non-dominated compositions, the second includes the compositions dominated only by those
in the first group, the third contains the compositions dominated only by those in the second
group, and so on. Thereafter, offspring compositions are generated using the distance guided
crossover operator [61] between pairs of compositions. This crossover incorporates service
locations by preserving the longest sequence of concrete services that appears in both par-
ent compositions. Afterwards, a mutation operator is applied to randomly select and swap
two concrete services in each offspring composition. The resulting offspring compositions are
then merged with the current population, and the non-dominating groups are recalculated.
After that, a subset of compositions is selected for improvement using a local search method
based on the concept of the communication link dominance. The latter defines a new dom-
inance rule based on the cost and execution time of data transfer between concrete services
to identify neighborhood compositions. Finally, compositions are compared based on their
non-dominated groups to select the better one for the new evolution cycle. This process is
repeated until a maximum number of iterations is reached.

The proposed hybrid NSGA-II with a local search method deals with many challenges in the
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context of multi-objective QoS-aware service composition issue and finds the Pareto optimal
compositions. However, in large-scale scenarios, the use of the Pareto dominance concept to

find the suboptimal composition becomes computationally expensive.

2.5 Comparative Analysis

An analytical review of the two categories of QoS-aware service composition approaches
is given in the following.

Tables 2.1 and 2.2 present a comparison of sequential exploitation-based approaches
and parallel exploration-based approaches, respectively, considering three criteria: solving
method, population size reduction, and scalability degree. The solving method is the compu-
tational intelligence-based optimization algorithm used to find the suboptimal composition
in the context of QoS-aware service composition problem. The population size reduction
indicates whether or not a method is used to reduce the size of the composition population
through the iterations. The scalability measures the effectiveness of the service composition
approach in terms of composition time and/or composition quality when the number of con-
crete and abstract services increases. Three scalability degrees are considered in this thesis:
a low number of concrete services and abstract services means a low scalability degree, a low
number of concrete services and a high number of abstract services, or vice versa, results in
a medium scalability degree, and a high number of concrete services and abstract services
refers to a high scalability degree.

Table 2.1 shows that swarm optimization methods are the most widely used computational
intelligence-based techniques within sequential exploration-based approaches. Additionally,
these approaches do not employ a population size reduction strategy, and some studies [39,
45] have a low scalability degree.

Table 2.2 shows that parallel exploration-based approaches exhibit a balanced use of
various computational intelligence-based solving methods and none of these approaches in-
corporates a population size reduction strategy. Furthermore, parallel exploration-based
approaches generally have a medium to high scalability degree.

Tables 2.1 and 2.2 show that, within the plan-based QoS-aware service composition cate-
gory, parallel exploration-based approaches have been less explored than sequential ones. In
addition, most sequential exploration-based approaches are moderately scalable, whereas par-
allel approaches achieve higher scalability, making them more suitable for large-scale service
composition scenarios. However, neither approach type employs a population size reduction
method, which constitutes a promising direction for further investigation.

Tables 2.3 and 2.4 give a comparison of all matching-based approaches and random

matching-based approaches, respectively, with respect to the following criteria: (C'1) solving
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Table 2.1: Sequential exploration-based QoS-aware service composition approaches.

Comparison criterion

Approach  Solving method Population size reduction Scalability

[30] Eagle strategy with whale optimization algorithm X Medium

[31] Improved teaching learning-based algorithm X High

[32] Fuzzy multi-objective artificial bee colony X Medium

[33] Krill herd algorithm X Medium

[34] Improved gale shapley algorithm X Medium

[35] Modified cuckoo search algorithm X Medium

[36] Improved genetic algorithm X Medium

[37] Improved invasive weed algorithm X High

[38] Improved social learning algorithm X Medium

[39] Fuzzy linguistic-based algorithm X Low

[40] Improved multi-objective grey wolf optimizer X Medium

[41] Multi-verse algorithm X High

[42] Hidden markov-based artificial bee colony X High

[43] Hybrid eagle strategy X High

[44] Improved harris hawks algorithm X High

[45] Improved particle swarm algorithm X low

[46] Improved bat algorithm X Medium

[47] Genetic algorithm X High
Table 2.2: Parallel exploration-based QoS-aware service composition approaches.

Comparison criterion

Approach  Solving method Population size reduction Scalability

[48] Improved artificial bee colony X High

[49] Hybrid genetic algorithm X Not mentioned

[50] Improved artificial bee colony X Medium

[51] Shuffled frog-leaping algorithm X Medium

[52] Improved genetic algorithm X Not mentioned

[53] Hybrid shuffled frog-leaping algorithm X Medium

[54] Improved genetic algorithm X High

[55] Hybrid monarch butterfly X High

method, (C2) utility combining QoS and QoSM metrics, (C3) failure recovery, and (C4)

automatic building of abstract composition plan. The solving method refers to the algorithm
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employed by the approach to find the composition that satisfies the user’s requirements. The
utility combining QoS and QoSM indicates whether the composition approach takes into ac-
count QoS and QoSM metrics in the calculation of the overall quality of a composition. The
failure recovery specifies whether the approach addresses the problem of service failure or not.
Automatic building of an abstract composition plan specifies if the approach automatically

generates an abstract composition plan during the composition process.

Table 2.3: All matching-based QoS-aware service composition approaches.

Comparison criterion

Approach  (C1) (C2) (C3) (C4)
[29] An extension of the Dijkstra algorithm X X X
[56] Dijkstra-based label-setting algorithm X X X
[57] SQL query in relational database X v X
[58] The shortest bidirectional breadth-first and Dijkstra algorithms X X X
[59] Pareto front-based method X X X

Table 2.4: Random matching-based QoS-aware service composition approaches.

Comparison criterion

Approach  (C1) (C2) (C3) (C4)
[60] Improved NSGA- 1I algorithm X X X
[61] Hybrid genetic algorithm X X X
[62] Improved genetic algorithm X X X
[63] Memetic estimation of the distribution-based algorithm 4 X X
[64] Memetic algorithm X X X
[65] Two-stage genetic algorithm v v X
[66] Genetic algorithm X X X
[67] Hybrid non-dominated sorting genetic algorithm X X X
[68] Memetic algorithms X X X
[69] Hybrid non-dominated sorting genetic algorithm X X X
[70] Evolutionary algorithm X X X

Table 2.3 shows that all matching-based approaches are infrequently used in the context
of autonomous QoS-aware service composition. This is because of the significant computa-
tion time they require to ensure that all possible matches between concrete service input

and output concepts are explored to identify the suboptimal composition. In addition, these
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approaches do not simultaneously take into account QoS and QoS metrics when calculating
the overall utility, which limits their efficiency. Furthermore, these approaches do not au-
tomatically generate an abstract composition plan as part of the composition process, and
most of them [29, 56, 58, 59] do not address the service failure issue.

Table 2.4 highlights that random matching-based approaches are the most frequently used
methods for addressing the autonomous QoS-aware service composition problem. This is due
to the efficiency of random matching-based approaches in finding a good trad-off between
composition quality and composition time. In addition, most of random matching-based
approaches [61, 62, 64, 66, 67, 68, 69, 70] calculate the overall quality of composition by
considering only QoS, while neglecting the QoSM metric. Moreover, only a few approaches
[65] address the service failure problem and none of these approaches automatically generate
abstract composition while performing the composition process.

Table 2.3 and 2.4 show that random matching-based approaches are more employed than
all matching-based approaches for addressing the autonomous QoS-aware service composition
problem. More precisely, all matching-based approaches outperform random matching-based
approaches in terms of composition quality when exploring small search spaces, as they pro-
vide suboptimal composition within a reasonable composition time. However, in large-scale
[oT environments, random matching-based approaches perform better despite a slight reduc-
tion in composition quality, offering a compromise between computation time and compo-
sition quality. In addition, most autonomous QoS-aware service composition approaches do
not address service failure and do not simultaneously consider QoS and QoSM to calculate
the overall quality of compositions although the fact that QoSM is a fundamental property
in the expression of semantic. This analysis illustrates that investigating a hybrid method
that combines the advantages of all matching-based approaches and random matching-based

approaches is an interesting direction for future research.

2.6 Analysis and discussion

This section analyzes and discusses the QoS-aware service composition approaches inves-

tigated in this chapter.

2.6.1 Analysis

The studied QoS-aware service composition approaches are analyzed with respect to the

five research questions outlined in subsection 2.3.1, which are presented as follows:

e RQ1: What are the primary classification criteria for (QoS-aware service composition

approaches?
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Figure 2.11 provides a comparison of the studied QoS-aware service composition ap-
proaches according to the first layer taxonomy proposed in this thesis. We observe
that 62% of the reviewed approaches represent plan-based QoS-aware service compo-
sition approaches, whereas the autonomous QoS-aware composition approaches cover
only 38% of approaches. This demonstrates that the majority of existing approaches
assume the existence of a predefined abstract composition plan representing the user’s
functional requirements. This assumption facilitates the resolution of the QoS-aware
service composition problem. More precisely, unlike the autonomous QoS-aware service
composition approaches that search to simultaneously satisfy the user’s functional and
non-functional needs, the plan-based approaches focus only on finding the composition

that best matches the user’s requirements in terms of QoS.

® Plan-based Qo5-aware services composition approaches

m Autonomous QoS-aware services composition approaches

Figure 2.11: Ratio of QoS-aware service composition approaches with respect to RQ1

e RQ@2: Can secondary criteria refine the initial classification categories?
Figure 2.12 shows that 69% of the studied plan-based QoS-aware service composition
approaches employ sequential exploration-based search methods, whereas only 31%
of approaches use parallel exploration-based methods. For autonomous approaches,
69% rely on random matching-based strategies and 31% use all matching-based ones.
These results indicate that sequential exploration-based search methods are the most
widely used to solve the plan-based QoS-aware service composition problem, whereas
the autonomous service composition is more frequently solved using random matching-

based strategies.
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QoS-aware Plan-based QoS- Autonomous

service aware QoS-aware
composition approaches approaches
approaches
Random matches-based approaches 11 0 11
 All matches-based approaches 5 0 5
M Parallel exploration-based approaches 8 8 0
B Sequential exploration-based 18 18 0

approaches

B Sequential exploration-based approaches B Parallel exploration-based approaches

B All matches-based approaches Random matches-based approaches

Figure 2.12: Ratio of QoS-aware service composition approaches regarding R(Q)2.

o R@3: What methods are commonly employed to solve the QoS-aware service compo-
sition problem?
Figure 2.13 shows that 88% of the reviewed QoS-aware service composition approaches
rely on computational intelligence-based optimization methods to find suboptimal com-
positions, whereas only 12% of the approaches employ exact methods. More specifi-
cally, while all plan-based QoS-aware service composition approaches exploit compu-
tational intelligence-based optimization methods, autonomous QoS-aware service com-
position approaches exhibit a more diverse range of resolution strategies where 69%
among these approaches use computational intelligence-based optimization methods
and the remaining 31% employ exact methods. The computational intelligence-based
methods are widely used to solve the QoS-aware service composition problem due to
their efficiency in finding the suboptimal composition in a reasonable computation time.
Conversely, exact methods are less frequently used due to their exponential time com-

plexity especially in large-scale environments, despite finding the optimal composition.

e RQ4: What performance metrics are commonly used to evaluate these approaches?
Figure 2.14 reveals that 83% of the analyzed QoS-aware service composition approaches
assess their performance by measuring the composition time that represents the com-
putation time required by an algorithm to determine a suboptimal composition. Ad-
ditionally, 95% of the approaches prioritize the use of the overall QoS utility as the
primary performance metric, whereas only 5% focus on an overall utility that integrates
QoS and QoSM metrics to evaluate the overall quality of the composition. The overall

QoS utility is calculated as a weighted sum of the QoS attribute values in the resulting
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QoS-aware services composition approaches 88% 12%

Autonomous QoS-aware services composition

69% 31%
approaches

Plan-based QoS-aware services composition

100%
approaches

0% 10% 20% 30% 40% 50% 60% 70% 80% 950% 100%
B Computational intelligence-based optimization method M Exact method

Figure 2.13: Ratio of QoS-aware service composition approaches considering RQ)3.

suboptimal composition, where the weights reflect the user’s preference for each QoS
attribute. The overall utility metric combines the aggregated QoS and QoSM values

of the suboptimal composition, each weighted by the corresponding user’s preference.
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90

80

70

60

50
40
30

20

10 5%

™ Composition time ™ Overall QoS Overall QoS and QoSM

Figure 2.14: Ratio of QoS-aware service composition approaches accounting for RQ4.

o« RE@5: What datasets are used to evaluate the performance of the investigated ap-

proaches?
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Figure 2.15a shows that 26% of the reviewed QoS-aware service composition approaches
use experimental datasets to assess their performance, while 74% of the approaches em-
ploy real-world datasets. More precisely, according to Figure 2.15b, 12 papers [30, 31,
32, 34, 36, 37, 41, 44, 46, 47, 52, 53| use the QWS-2008 dataset [115], 11 papers [60, 61,
62, 63, 64, 65, 66, 67, 68, 69, 70] employ the WSC-2008 dataset [116], and 15 papers
29, 56, 58, 60, 61, 62, 63, 64, 65, 66, 67, 68, 69, 70] exploit the WSC-2009 dataset
[117]. The QWS-2008 dataset includes 2507 concrete services. The WSC-2008 and
WSC-2009 datasets contain respectively 8 and 5 service repositories with their respec-
tive users’ requests and ontologies. Each ontology is described as a tree of concepts
that allows performing the semantic matching between any pairs of concrete services.
The service repositories of the WSC-2008 dataset contains respectively 158, 558, 608,
1041, 1090, 2198, 4113 and 8119 concrete services, whereas the service repositories of
the WSC-2009 dataset have 572, 4129, 8138, 8301, and 15211 services, respectively.
Each service repository in the WSC-2008 and WSC-2009 datasets includes the con-
crete service names, their QoS attribute values, and their input and output concept
descriptions. In addition, the studies [65, 33, 45, 57, 59, 42] use respectively the OWLS-
TC [118], QWS-mobility [119], QWS-CSP [120], TestGenerator2009 [121], ICEBE-2005
[122], and QWS-2014 [123] datasets. The OWLS-TC dataset [118] consists of 5 equally
sized service repositories containing a total of 946 concrete services along with their
corresponding users’ requests and ontologies. The QWS-mobility dataset [119] con-
tains the QoS attribute values of 4500 real-world mobile concrete services recorded by
142 users every 15 minutes. The QWS-CSP dataset [120] provides historical values for
5 QoS properties across 100 cloud concrete services gathered during 6 months in 28
time intervals. The TestGenerator2009 [121] is a Java tool that allows the generation
of datasets, each one containing a concrete service repository, a user request, and an
ontology. Each concrete service is defined by a set of QoS attribute values along with
its input and output concepts. The ICEBE-2005 dataset [122] contains 19 varying
size service repositories in the range of 143 to 8356 concrete services. Each service
repository holds the description of service inputs, outputs, and user requests. More
specifically, the first repository includes 4 user’s requests, whereas each of the remain-
ing repositories contains 11 user’s requests. The QWS-2014 dataset [123] contains a
single repository of concrete services, where each service is defined by 6 QoS attribute
values and each QoS attribute is described by its name, domain, type, measurement
unit, and its possible sampling values. This analysis reveals that the QWS-2008 dataset
is the most frequently employed in the plan-based QoS-aware service composition ap-
proaches, while the WSC-2008 and WSC-2009 datasets are predominantly used by

autonomous QoS-aware service composition approaches.
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Figure 2.15: Ratio of QoS-aware service composition approaches regarding RQ)5.
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2.6.2 Ciritical discussion and research justification

This section identifies the main challenges and limitations of the various categories of the
QoS-aware service composition approaches analyzed in section 2.5.

The plan-based QoS-aware service composition is a challenging issue in the area of IoT. It
consists of selecting several concrete services from a predefined abstract composition plan and
combining them to obtain a composite service that satisfies the user’s global QoS constraints
while handling multi-conflicting QoS properties. The difficulty encountered in the resolu-
tion of the plan-based QoS-aware service composition problem can be related to three main
factors: the complexity of optimizing multi-conflicting QoS properties, user’s constraints,
and scalability issues, making this problem a subject of much research in the literature.
Currently, computational intelligence-based service composition approaches allow to find a
suboptimal combination of concrete services in a reasonable time. Depending on the strategy
used to explore the composition search space, computational intelligence-based service com-
position approaches can be classified into two sub-categories: sequential exploration-based
approaches [30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42, 43, 44, 45, 46, 47] and paral-
lel exploration-based approaches [48, 49, 50, 51, 53, 54, 55]. In the first sub-category, the
population search space is explored through a sequential evolution process, resulting in (7)
a low convergence speed that increases the composition time and/or (i) a local optimum
that leads to low or non-optimal composition quality. The second category of approaches is
employed to preserve population diversity, enhance convergence speed (i.e., reduce compo-
sition time), and/or avoid local optima (i.e., achieve high composition quality) of sequential
exploration-based approaches. The parallel exploration-based approaches explore the search
space using a parallel evolution process. However, some of these approaches lack interac-
tions between the composition sub-populations, which can lead to a decrease in composition
quality. Furthermore, some parallel exploration-based approaches [52] are characterized by
a limited interaction between the compositions of their sub-populations, which can reduce
the population diversity and consequently decrease the composition quality. The population
diversity reflects the variations among the concrete services that make up the compositions
within the population. In addition, plan-based QoS-aware service composition approaches
(30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42, 43, 44, 45, 46, 47, 48, 49, 50, 51, 52,
53, 54, 55] explore a fixed-size population of composition, which can considerably influence
their effectiveness in terms of composition quality and composition time. More precisely,
the search space may include unpromising compositions in terms of QoS, which can have a
negative impact on composition time and/or composition quality, especially in a large-scale
search space. A large population size allows a deep exploration of the search space, leading
to a high composition quality and an increase in the composition time. Conversely, a small

population size leads to a low composition time and can decrease the composition quality.

45



Furthermore, plan-based QoS-aware service composition approaches rely on the existence of
an abstract composition plan and neglect the semantic aspect of the composition process. In
real-world scenarios, abstract composition plans are not given beforehand and their manual

construction is impractical.

The absence of semantic considerations makes the service composition process syntactic,
which can lead to inconsistencies in the interpretation of service functionalities or failures
in the obtained results. To overcome this limitation of plan-based approaches, autonomous
QoS-aware service composition approaches have been introduced, as they integrate both
QoS and semantic matching, making the composition process more realistic and applicable
in real-world IoT environments. These approaches are divided into two sub-categories: all
matching-based approaches [29, 56, 57, 58, 59] and random matching-based approaches [60,
61, 62, 63, 64, 65, 66, 67, 68, 69, 70]. All matching-based approaches employ exact methods
to find the optimal composition in terms of QoS. However, they require an exponential com-
position time as they explore all possible matching between concrete services in the service
repository to find functionally correct compositions. Furthermore, these approaches focus on
a single QoS attribute, overlooking a fundamental challenge in QoS-aware service composi-
tion, which is the need to optimize multi-conflicting QoS attributes simultaneously. Random
matching-based approaches employ computational intelligence-based optimization methods
to find suboptimal composition in a reasonable composition time. However, they rely on
randomness in selecting compositions and employ a decoding algorithm [62] to ensure the se-
mantic feasibility of evolved compositions. This process reduces the composition quality and
considerably increases the composition time. Furthermore, all matching-based approaches
[29, 56, 57, 58, 59] and most of random matching-based approaches [60, 61, 62, 64, 66, 67, 68,
69, 70] neglect addressing both QoS and QoSM in the calculation of the overall composition
quality. This is inappropriate for addressing the problem of autonomous QoS-aware service

composition, as QoSM metric is a key concept for measuring semantic quality.

2.7 Conclusion

The study conducted in this chapter shows that plan-based QoS-aware service composi-
tion has been explored more extensively than autonomous QoS-aware service composition.
More precisely, within the plan-based category, sequential exploration-based approaches
have received more attention than parallel ones, while in the autonomous category, random
matching-based approaches are more studied than all matching-based approaches. Further
analysis of the reviewed approaches demonstrates a preference for computational intelligence-
based optimization methods over exact methods to deal with the composition problem. The

performance of these approaches relies primarily on composition time, QoS utility value, and
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utility value combining QoS and QoSM metrics. In addition, real-world datasets are more
commonly used than experimental ones to assess the effectiveness of these approaches.

This review highlights key limitations in existing studies and provides a foundation for
developing more efficient QoS-aware service composition approaches. To overcome these
drawbacks, the objective of the following chapters is to present two service composition
approaches proposed in this thesis. The first one addresses the plan-based QoS-aware service
composition problem using a parallel exploration-based method, while the second one solves

the autonomous QoS service composition problem using an all matching-based method.
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Chapter 3

A parallel approach for user-centred

QoS-aware service composition
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3.1 Introduction

Two categories of computational intelligence-based approaches have been proposed in the
literature to find suboptimal compositions within a reasonable computational time: sequen-
tial and parallel exploration-based approaches. However, most sequential exploration-based
approaches suffer from high composition time and/or limited composition quality, whereas
some parallel approaches lack sufficient diversity. Furthermore, the two categories of ap-
proaches operate on a fixed population size, which can lead to an increase in composition
time and/or a decrease in composition quality.

To address these limitations, the first contribution of this thesis introduces a Parallel
Differential Evolution-based approach with population size reduction for (QoS-aware service
Composition (PDE-QSC). This approach combines a parallel exploration of the composition
search space with a population size reduction strategy that continuously decreases the size of

the composition population by removing unpromising compositions in terms of QoS. In this
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chapter, we first describe the service composition model and present the problem statement
along with the adaptive multi-population differential evolution method exploited in the pro-
posed approach. We then introduce the main idea of the PDE-QSC approach and detail its
phases. Finally, we compare the performance of the PDE-QSC approach with those of five

baseline approaches and perform a statistical analysis of the obtained results.

3.2 Background

3.2.1 Service composition model

3.2.1.1 Abstract composition plan

An abstract composition plan (ACP) is defined as:
ACP = Combiny, ASy (3.1)

where m is the number of functionalities required to satisfy the user’s needs. Each function-
ality ASj, refers to an abstract service, and the C'ombin operator represents the composition

structure, which can take the following forms: loop, sequential, parallel, or conditional [16].

Example. Smart traffic management service

Consider a smart traffic management service designed for a smart city environment to
optimize traffic flow, reduce congestion, and prioritize emergency vehicles (see Figure 3.1). In
this case, the AC' P consists of five abstract services connected in a sequential structure: traffic
monitoring service, traffic data analysis service, notification service, traffic signal adjustments
service, and route optimization service (see Figure 3.2). The functionality of each abstract

service is described in Table 3.1.

3.2.1.2 Abstract service

An abstract service ASy is defined as a set of n executable services offering the similar

functionality with different quality levels. Formally, this can be expressed as:
ASy, = {csf i (3.2)

Example. Table 3.2 shows executable services corresponding to each abstract service in the

smart traffic management service.
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Figure 3.1: Traffic flow visualization in a smart city.

Table 3.1: Abstract services of the smart traffic management service.

Abstract service Description of the functionality

Traffic monitoring Collect real-time traffic data.

Traffic data analysis Detect congestion and accidents.

Notification Notify passenger and emergency vehicles in the case of congestion
traffic.

Traffic signal adjustments Adjust traffic lights based on traffic data analysis to priorize emer-

gency lanes if an accident occurs or optimize flow by favoring less
congested routes.

Route optimization Guides vehicles through optimized routes.

3.2.1.3 Concrete service

k
J
abstract service ASy. It is characterized by a quality vector consisting of f components:

A concrete service cs? is an executable service that implements the functionality of an

QOS(CS;?) = (Q;C,l? aQ;'C,lf" 7q;€,f) (33)
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Notifation

Figure 3.2: Abstract composition plan of the smart traffic management service.

Table 3.2: Executable services corresponding to each abstract service in the smart traffic
management service.

Abstract service Executable services
Traffic monitoring CameraHD, sensor, and radar
Traffic data analysis Autonomous traffic signal system, artificial intelligence-powered

video analytics platform, traffic analyzer system

Notification Official smart city alert application, advanced driver-assistance
system, and smartphone

Traffic signal adjustments Adaptive traffic signal control system, traffic management center,
and urban application programming interface

Route optimization Google Map, Waze, and MapFactor Navigator

lth

where the component q;-f ; refers to the [ QoS property that represents a non-functional as-

pect of the service. These properties can be positive (e.g., reliability) or negative (e.g., cost).

Example. The concrete service cameraH Di implements the abstract service for traffic mon-
itoring. This concrete service is defined by a quality vector comprising four QoS properties:

 Latency: 50 milliseconds (ms).

« Cost: 0.02 dollars ($).
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+ Reliability: 99.8%.
o Availability: 99.7%.

Formally, the quality vector for this service is expressed as:
QoS (CameraHd;) = (50,0.02,99.8,99.7) (3.4)

A normalization process is applied to ensure consistent evaluation and enable a fair com-
parison between services described by QoS properties with different scales. This process
transforms all QoS values into a common numerical scale within the range [0, 1] to eliminate
discrepancies caused by heterogeneous units or value ranges. The values of the negative QoS
properties are normalized according to the formula (3.5), whereas the positive values are

normalized using the formula (3.6).

k,maz __k

q; a5 .0 kmazx k,min
k k,znawi k,?min lf q] - q] # 0 )
Norm(qj l) =<Y% 4 (35)
’ 1 if k,max k,min 0
9 i T
qF,—gme k k,mi
i1~ 9 . ,mazx ,min
. W if ¢ — g #0,
Norm(qj,) = 1% i (3.6)
’ 1 ¢ kmazx k,min

J J

Note that qum and qf’max represent, respectively, the minimum and the maximum values
that the " QoS property can take among all concrete services available in the k' abstract

service.

3.2.1.4 Composite service

A composite service C' = Combin{* ;cs® is a combination of m concrete services where

J
each concrete service csé-C is selected for each abstract service ASj from the abstract com-
position plan ACP. The operator Combin specifies the composition structure that defines
how the concrete services are linked with each other. The quality of a composite service C

is represented by a vector:

QoS(C) = {Agglzqu,h s ,Agﬁllq;-“,z, e >A9?:1Q;?,f} (3.7)

where Agﬁzqu’l denotes the aggregated value of the I QoS property across all m selected
concrete services. The aggregation method depends on the type of the QoS property (e.g.,

additive for cost) and the composition structure (see [50] for more details).
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Example. A smart traffic management composite service could be represented as:
C = Radar — Traffic analyzer system — Adaptive traffic signal control system — Traffic
Management Center — Waze.

3.2.1.5 Composition quality

The overall quality of the composite service C' is measured using a QoS utility value F'(C)
that aggregates the normalized values of all QoS properties based on the user’s preferences.

Formally:

f
F(C) =Y w x Norm(Agy,q¥) (3.8)

=1

where f is the number of QoS properties, w; € [0,1] is the user’s preference weight with
respect to the 1" QoS property with the constraint >/, w, = 1. Ag@”zlqﬁl refers to the
aggregated value of the [ QoS property across the m concrete services of the composition,
and Norm(.) is the normalization function applied to the aggregated values. This value is
computed using formula (3.9) for negative QoS properties and employing formula (3.10) for

positive QoS properties.

k,mazx Lk
Agiliq; —Agili4j,

. k,max m k,min
m k,mazx m k,nzn'n lf Ag;gn:ﬂ] - Agk:lq % 0
Norm(Ag,Z”zqul) — {AgLg AL ! I ’ (3.9)
1 if Agp,qi™ " — Agitgi ™" =0
Agznzlqkl*Aganlqk'maw . k,mazx k,min
k Agm k,?n’laz_A m : k,min lf Angzqu - Ag]i;n::[q] % 0 )
Norm(AgiLiq;;) = | "= =14 (3.10)
1 if Agy,gb™ e — Agit g™ =0

Note that Ag,’leqf’mm and Ag,@”zqu’max represent, respectively, the minimum and the maxi-

lth

mum aggregated values that the [" QoS property can take among all compositions composed

of m the concrete services.

3.2.2 Formalization of the plan-based QoS-aware service composi-

tion problem

In the context of service composition, global constraints GC' = (gcy, ..., gcy, ..., gcy) are
boundaries that the QoS values of a composite service must satisfy. Each constraint gc
defines a global limit imposed by the user on the value of the I* QoS property of composite
service C'. The QoS-aware service composition issue can be formulated as an optimization

problem decomposed into multiple parallel sub-problems, where the aim is to maximize the
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utility value F(Cpes) in terms of QoS called also composition quality, while meeting the

global constraints. Formally:

F(Cpest) = Maz?T"PP(Maz™) "5 F(C, ) (3.11)
where NbSubPop is the number of sub-populations that evolve in parallel, the overall popula-
NbSubPop
p=1

SubPop, contains initially SubPopSize, compositions and C,,; refers to the i’ composition

tion of compositions is represented as Pop = J SubPop,, where each sub-population

of the p™ sub-population. F(C,;) is the QoS utility value of the composition C,; calculated

as follows:
f n
F(Cp:) = Zwl X Norm(Agp, Zqﬁl X df) (3.12)
1=1 j=1
where w; is the user’s preferences weight for the I QoS property, the aggregated QoS

Agiey 27 q;»f ; of the composite service C),; satisfies the global constraint imposed for each
QoS property. More precisely, Ag;™, >0 qﬁl X d;? >= gc; if the I*" QoS property is positive
and Agp, Y1) ¢F x df <= gey if the I"" QoS property is negative (see [124] for more details).
The d;’? € {0,1} represents the binary decision variable indicating whether the j concrete

service is selected for the k' abstract service, such as:

Y di =1,V € [1.n] (3.13)
Jj=1

3.2.3 Adaptive Multi-population Differential Evolution method with

dynamic population size reduction

The Adaptive Multi-population Differential Evolution (AMDE) optimization method
with dynamic population size reduction [85] is an improvement of Differential Evolution
(DE) optimization method [125]. The overall idea of the AMDE method consists of dividing
a population of individuals into sub-populations that evolve in parallel during a given num-
ber of iterations to find the suboptimal solution. More precisely, the individual population is
divided into two sub-populations that are improved simultaneously using different evolution
processes then combined to form a whole population at the end of each iteration. Further-
more, according to a population size reduction strategy, the population size is readjusted
by filtering out the unpromising individuals before starting the next iteration. The sub-
populations sizes are equal in the first iteration and recalculated in each iteration according
to the number of improved individuals over the previous iterations. The AMDE optimization

method is carried out in the following five phases:
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3.2.3.1 Phase 1
A population of individuals Pop = {X,;}7°%**¢ is randomly generated according to a uni-

1 k m
by Ty, T)

(1 < j < n) refers to the j position of the

form distribution, where PopSize is the population size. Fach individual X;=(z
k
J
it" individual in the k™ dimension and m is the variable dimension. The individual hav-

represents a positions vector, where x

ing the highest fitness value is considered as the best individual Bestl. Furthermore, the
AMDE method’s parameters are initialized in this phase, such as the maximum number of
iterations MaxIt, the sub-populations sizes SubPopSize; and SubPopSizes, the memory
size M Size, the location parameter pgpe, the crossover rate C'R2, the location parameter
vector pgp = (pepr(1),--+ , pgpr(h), -+, ugp (M Size)) and the mean parameter vector

perr = (pori (1), peri(h), -+ per (M Size)). The pgpr, piort, pspe and CR? are ini-
tialized to 0.5.

3.2.3.2 Phase 2

In every iteration, the population Pop is randomly divided into two sub-populations:
memory-based sub-population M BSubPop and memoryless sub-population M LSubPop. The
sub-populations sizes SubPopSize; and SubPopSizes are equal in the first iteration, and they

are recalculated in each iteration according to a sub-population resizing strategy.

3.2.3.3 Phase 3

In every iteration, the sub-populations M BSubPop and M LSubPop evolve according to
a mutation strategy, a crossover strategy, a selection process, and an adaptive parameters
tuning mechanism.

Evolution of the sub-population M BSubPop: in each iteration it and for every
individual X;(it) in the sub-population M BSubPop, the DE/current-to-pbest/1 mutation

strategy is first employed to generate a mutation vector V;(it) as follows:
Vi(it) = X;(it) + SF (it) (Xppest (it) — Xi(it)) + SF} (it) (X (it) — Xya(it)) (3.14)

where SF}(it) represents the scaling factor of the individual X;(it), X,(it) is a randomly
selected individual from the sub-population M BSubPop and X,s(it) refers to an individual
selected randomly from the union of the sub-population M BSubPop and an external archive
A (see [126] for more details). The X, (it) is an individual selected randomly among the p
best individuals in terms of fitness value belonging to the sub-population M BSubPop. The

number p is calculated as follows:

p = SubPopSize,(it) - rand (3.15)
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such as rand is a random number generated from the interval [0, 1] and SubPopSize; (it) is
the size of the sub-population M BSubPop.

A trial vector U;(it) is then calculated using the DE binomial crossover strategy between
the original vector X;(it) and the resulting mutation vector V;(it). The k'™ component

(k € [1,m]) of this vector is computed as follows:

L VEGit) ifr < CRINit) or k=5,
Uj(it) = (3.16)
XFE(it) otherwise ,
where C'R!(it) is the crossover rate of the individual X;(it), r and s are random numbers
generated within intervals [0, 1] and [1, m] respectively.
A selection process is finally done to determine the best individual X;(it+1) to be retained
for the next iteration. Accordingly, the fitness value f(X;(it)) of the original vector X;(it) is
compared with the fitness value f(U;(it)) of the trial vector U;(it) and the individual having

the highest fitness value is retained in the sub-population.

X;(it) otherwise ,

The individual X;(it+1) replaces the best individual BestI when its fitness value f(X;(it+1))
is higher than that of the best individual f(BestI).

Furthermore, the adaptive parameters tuning mechanism aims to calculate the scaling
factor SF}!(it) and the crossover rate C' R} (it) of each individual X;(it) in every iteration it.
More precisely, the scaling factor SF}(it) of the individual X;(it) is generated according to
a cauchy distribution randc with a location parameter value puggi(h) and a scale parameter

0.1. Formally:

SF}(it) = randc(pgp (h),0.1) (3.18)

where h is a random number within the interval [1, M Size] and M Size represents the memory

size that is computed using the following formula:

PopSize(1)
2

MSize = - 0.02. (3.19)

Note that the scaling factor SF}(it) is regenerated when its value is lower than 0 and set to
1 in the case where its value is higher than 1.
The crossover rate CR} (it) of the individual X;(it) is generated according to a normal

distribution randn with a mean value pucgi(h) and a standard deviation 0.1 as follows:

CR;(it) = randn(pucgi (h),0.1) (3.20)
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where h is a random number in the interval [1, M Size] and M Size represents the memory
size. It should be noted that the crossover rate C' R} (it) is truncated to a value in the interval
[0, 1].

At the end of each iteration, the location parameter vector pgp1 and the mean parameter
vector pogt are updated according to the historical memory-based process (see [84]).

Evolution of the sub-population M LSubPop: the DE/current-to-pbest/1 mutation
strategy is first used in each iteration it to generate a mutation vector V;(it) for every indi-
vidual X;(it) in the sub-population M LSubPop. Formally:

Vi(it) = X;(it) + SEZ(it)(Xppest (it) — X;(it)) + SF2(it) (X (it) — Xya(it)) (3.21)

where SF?(it) refers to the scaling factor of the individual X;(it), X, (it) and X,o(it) are in-
dividuals selected randomly from the sub-population M LSubPop. The X is an individual
selected randomly among the best p individuals in terms of fitness value in the sub-population

M LSubPop. The number p is calculated as follows:
p = SubPopSizey(it) - rand (3.22)

where rand is a random number generated within the interval [0, 1] and SubPopSizey(it) is
the size of the sub-population M LSubPop.

A trial vector U;(it) is then computed using the DE exponential crossover strategy between
the original vector X;(it) and the obtained mutation vector V;(it). The k' component U¥ (it)

(k € [1,m]) is computed as follows:

Uk VEGt) ifr < CR2(it) and 1 < m
i (i) (3.23)
XF(it) otherwise ,

where C'R?(it) is the crossover rate of the individual X;(it), r is a random number generated
within the interval [0, 1], [ is initially set to 1 and incremented until reaching the dimension
m. Moreover, k is a random number generated in the interval [1,m] and incremented as
k= (k+1) mod m.

The selection process employed in the sub-population M BSubPop is finally used to retain
the best individuals X;(it+1) in the sub-population M LSubPop for the evolution in the next
iteration. This individual X;(it+1) substitutes the best one Best! in the case where its fitness
value f(X;(it + 1)) is higher than that of the best individual f(BestI).

In addition, the adaptive parameters tuning mechanism intends to compute a scaling
factor SF?(it) and a crossover rate C'R?(it) for every individual X;(it) in each iteration

it. Indeed, the scaling factor SF?(it) is generated using formula (3.18) with the location
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parameter value pugr2 and updated as follows:

max(SF2(it),abs(1 — o)) ifo<1,

7

sen = (3.24)
maz(SF(it),abs(1 — 1)) otherwise ,
_ T (Xoea(it))
77 F (X peat (it)) (3.25)

where f(Xpest(it)) and f(Xppest(it)) are the fitness values of the best individual Xpeq (it) in
the sub-population M LSubPop and a randomly selected individual X (it) among the p
best individuals in terms of fitness value belonging to the sub-population M LSubPop.
The crossover rate CR?(it) of the individual X;(it) is initialized to 0.5 and updated for
the next iterations according to the following formula:
CRy(it +1) = =1 9k (3.26)

m

1 if UF(it) = V¥ (it)
TS (3.27)
0 if UF(it) = XF(it)
where m is the variable dimension and Y7} | ¢ represents the number of variables that were
copied from the trial vector when using exponential crossover.

At the end of each iteration, the location parameter value pgr2 is updated according to

the historical memory-based process (see [84]).

3.2.3.4 Phase 4

At the end of each iteration it, the two sub-populations M BSubPop and M LSubPop
are combined to form a whole population. In some iterations, a subset of individuals RX
belonging to the population do not take part in the evolution process due to the fact that the
population size is larger than the sum of the sub-populations’ sizes. Accordingly, the whole

population is obtained in the iteration ¢t as follows:
Pop(it) = MBSubPop| J M LSubPop| JRX (3.28)

where RX is an empty set in the first iteration since the sub-populations have the same size.

This set evolves according to the sizes of sub-populations in the next iterations.

3.2.3.5 Phase 5

At the end of each iteration it, the population size for the next iteration PopSize(it+ 1)
is first calculated using the reduction strategy introduced in [84]. This strategy linearly
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decreases the population size as follows:

Smin - Smaa;
Mazxlit

where S, (respectively S,,;,) is the maximum (respectively the minimum) population size,

PopSize(it + 1) = Round( it 4+ Shmaz) (3.29)

which is set as the initial PopSize (respectively eight).
The worst individuals in terms of fitness value are then discarded from the population.
The number of individuals NoW (it) to be discarded is calculated as follows:

NOW (it) = PopSize(it) — PopSize(it + 1) (3.30)

The sub-population size for the next iteration SubPopSize,(it +1) (y € {1,2}) is finally
calculated based on the number of individuals that have been improved until the iteration

i1t. Formally: ‘
=1 SRy (1)

SubPopSize, (it +1) = - (3.31)
1
where SR, (t) is the success rate of the y'* sub-population calculated as follows:
SubPopSizey
SR,(t)= > sri(t) (3.32)

i=1

where sr;(t) is the success rate of the individual X;(¢) computed as follows :

sra(t) = L if f(Ui(t) > f(Xi(?)) (3.33)

0 otherwise ,
Note that the current population size can be larger than the sum of sub-populations
sizes. This means that some individuals in the population do not participate in the evolution

process during the next iteration.

3.3 The proposed approach : PDE-QSC algorithm

3.3.1 Main idea of the PDE-QSC approach

In this thesis, a Parallel Differential Evolution-based approach with population size reduc-
tion for QoS-aware service Composition PDE-QSC is proposed [93]. This approach exploits
the parallel differential evolution (PDE) optimization method [85] to find the suboptimal
composition in a non-prohibitive computation time. In the PDE optimization method, the
population of individuals is divided in each iteration into two sub-populations that are im-
proved in parallel using different evolution processes and combined at the end of the iteration

to form a single population. In addition, a population resizing strategy is used to readjust
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the size of each sub-population by filtering out unpromising individuals for the next itera-
tion. The sizes of the sub-populations are equal in the first iteration and then updated in

subsequent iterations based on the number of individuals improved in the previous iterations.

1 k m
J’ --.7-rj, -.-’:L‘j

a composite service C; = (:L'CS];, ws Lol s TOST), where Tosh denotes the index of the j**

In the context of service composition, each individual X; = (z ) represents
concrete service in the k" abstract service. To compute the quality of the composite service
C;, each index is replaced by its corresponding concrete service and the composition C; is
then expressed as C; = Combinj,cs¥. Note that the concrete services within each abstract
service belonging to the composition are sorted in descending order of their utility values
in terms of QoS. Table 3.3 shows the terminology correspondence between the PDE-QSC

approach and the QoS-aware service composition problem.

Table 3.3: PDE-QSC approach versus QoS-aware service composition.

PDE-QSC approach QoS-aware service composition
Individual Composite service

Individual population Population of composite services

Position Index of a concrete service in a composition
Fitness value Utility value in terms of QoS

3.3.2 The phases of the PDE-QSC approach

The PDE-QSC approach operates in five phases: (¢) initialization, (7)) population parti-
tioning, (77) sub-populations evolution, (iv) sub-populations recombination and (v) population/sub-
populations resizing (see Figure 3.3). In the initialization phase, the setting parameters of the
algorithm are initialized and the initial population of compositions is randomly generated.
The compositions are evaluated according to a utility function to find the best composition
in terms of QoS. The population partitioning phase aims at randomly dividing the compo-
sition population into two composition sub-populations. In the sub-populations evolution
phase, the two composition sub-populations are improved in parallel using different evolu-
tion processes and the resulting compositions are retained if they have better utility value
in terms of QoS than the old ones. The sub-populations recombination phase aims at merg-
ing the retained compositions in each sub-population to form a single population. In the
population /sub-populations resizing phase, a linear reduction strategy is employed to reduce
the population size of the compositions and the sizes of the new sub-populations are calcu-
lated. The second to fifth phases are repeated for a predefined number of iterations to find

the suboptimal composition. Figure 3.4 illustrates the flowchart of the PDE-QSC approach.
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Figure 3.3: PDE-QSC approach phases.

3.3.2.1 Initialization

A population of PopSize feasible compositions (i.e., those satisfying the global QoS con-
straints) Pop = {C;}E%%”¢ is randomly generated where the best composition BestC' is
the feasible composition with the highest composition quality. The parameters of the ap-
proach are also initialized in this phase: the maximum number of iterations MaxIt, the
sub-population sizes SubPopSize, (y € {1,2}), the memory size M size, the location param-
eter vector pgp = (puspi(1), -, pspi(h), -+, psri (MSize)), the mean parameter vector
perr = (pert(1),-- s pucri(h), -+, pori(MSize)), the location parameter pgpz, and the

crossover rate C' R2.

3.3.2.2 Population partitioning

At iteration it, the composition population Pop(it) is randomly divided into two sub-
populations SubPop,(it) (y € {1,2}) such as:

SubPop,(it) = {C¥(it)}rrorsizesti (3.34)

where C?(it) represents the i'* composite service in the y'* sub-population whose size is
PopSize(it)
2

populations resizing strategy.

set to at the first iteration and recomputed at next iterations according to a sub-
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3.3.2.3 Sub-populations evolution

Each composition sub-population SubPop, (y € {1,2}) goes through an evolution process
including a mutation strategy, a crossover strategy, a selection process, and an adaptive
parameter tuning mechanism.

Mutation strategy: at iteration it and for each composite service C}(it) of the sub-
population SubPop,(it), a mutation composition MCY (it) is generated using the DE/current-
to-pbest/1 mutation strategy:

MC(it) = CY(it) + SEY (it)(Cppeue (it) — C7 (it)) + SE(it)(CF (it) — Ch(it))  (3.35)
where SF/(it) is the scaling factor of the composite service C¥(it) computed according to the
adaptive parameter tuning mechanism and C?, (it) denotes a randomly selected composition
from the sub-population SubPop,(it). The composite service C%(it) is randomly chosen from
(a) the union of the sub-population SubPop;(it) and an external archive A (see [126]) in the
case of the first sub-population and (b) the sub-population SubPops(it) in the case of the
second sub-population. C}y. . (it) denotes a composite service randomly selected among the
p compositions of sub-population SubPop,(it) having the highest QoS utility value where p

is calculated as follows:
_ PopSize(it)

2

where rand is a randomly generated number in the interval [0, 1] and PopSize(it) is the size

P - rand (3.36)

of the population at iteration it.

Crossover strategy: at iteration it, a trial composite service TCY (it) is generated for
each resulting mutation composite service M CY (it) using two crossover strategies.

The DE binomial crossover strategy is applied to the sub-population SubPop;(it) using

the following formula:

T (i) MCH(it) if r < CRINit) or k=5, (3.37)
i \W) = :
CH(it) otherwise

where C'R}(it) is the crossover rate of the composition C;}(it) calculated according to the
adaptive parameter tuning mechanism. The numbers r and s are randomly generated in the
intervals [0, 1] and [1,m], respectively where m represents the number of abstract services
in the composition plan. The number £ is randomly generated in the interval [1,m] and
incremented as k = (k + 1) mod m.

The DE exponential crossover strategy is applied to the sub-population SubPop,(it) using

the following formula:
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ok MC?(it) if r < CR2(it) and l <m
TC(it) = (3.38)
C?(it) otherwise ,

where C'R?(it) is the crossover rate of the composition C?(it) calculated based on the adap-
tive parameter tuning mechanism, r is a random number within the interval [0, 1], and [ is

initialized to 1 and incremented until reaching the number of abstract services m.
Selection process: At iteration it, the utility value F'(C{(it)) of the original composition
CY(it) is compared with the utility value F(T'C{ (it)) of the trial composition T'CY (it) in the
sub-population SubPop,(it). The composition with the highest utility value CY (it + 1) is

then kept for the evolution process at the next iteration. Formally:

(it 1+ 1) = Z(J(f’(;f) if :(ch(it)) > F(C](it)) (3.39)
(it otherwise

The composition C{ (it + 1) replaces the best composition BestC' when its utility value
F(CY(it + 1)) is higher than that of the best composition F(BestC) and the global QoS
constraints GC' are satisfied for all QoS properties.

Adaptive parameter tuning mechanism: this mechanism aims to compute the
scaling factor SF}(it) (respectively SF?(it)) and the crossover rate C'R}(it) (respectively
C'R2(it)) corresponding to the composition C} (it) (respectively C?(it)) in the sub-population
SubPop, (it) (respectively SubPops(it)).

SubPop, adaptive parameter tuning mechanism: the scaling factor SF}(it) of the
composition C}(it) is generated according to a Cauchy distribution randc with a location

parameter value pugpi(h) and a scale parameter 0.1. Formally:

SF}(it) = randc(pgp (h),0.1) (3.40)

where h is a number randomly selected in the interval [1, M Size] and M Size denotes the

memory size computed as follows:

PopSize(1)

MSize =
ize 5

- 0.02 (3.41)

where PopSize(1) is the population size at the first iteration. Note that the scaling factor
SF}!(it) is regenerated when its value becomes lower than 0 and set to 1 in the case where
its value is greater than 1.

The crossover rate C'R}(it) of the composition C} (it) is generated according to a normal

distribution randn with a mean value pucgi(h) and a standard deviation 0.1. Formally:
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CR}(it) = randn(pcpi (h),0.1) (3.42)

Note that the crossover rate C' R} (it) is truncated to a value in the interval [0, 1].
At the end of iteration it, the location parameter vector pgpt and the mean parameter

vector pogt are updated according to the historical memory-based process used in [84].

SubPop, adaptive parameter tunings mechanism: the scaling factor SF?(it) is

generated using formula (4.10) with the location parameter value g2 and updated as follows:

5. maz(SF?(it),abs(l1 — o)) ifo <1
SFE7(it) = (3.43)
maxz(SF(it), abs(1 — 1))  otherwise

_ F(BestC?(it))
a F(C2best<it))

p

where F(BestC?(it)) and F(C},(it)) are the utility values of the best composition BestC?(it)

in the sub-population SubPop, and a randomly selected composition Cgbes

(3.44)

. among the p best
compositions of the sub-population SubPop,, respectively.
The crossover rate C'R2(it) of the composition C?(it) is initialized to 0.5 and then updated
in the next iteration according to the following formula:
CRY(it +1) = Z=1% (3.45)

m

1 if TC2 (it) = MC? (it)
b1 = k k (3.46)
0 if TC? (it) = C# (it)
where 7", ¢ represents the number of concrete service indices copied from the trial com-
position when using exponential crossover.

At the end of iteration it, the location parameter value pugp2 is updated according to the
historical memory-based process used in [84].

Algorithms 3.1 and 3.2 summarize the evolution steps of the sub-populations SubPop; (it)
and SubPops(it), respectively. Note that the success rate SR, (it) of sub-population SubPop,(it)
and the success rate sr;(it) of composition C}(it) (y € {1,2}) are calculated using formulas
(3.51) and (3.52), which are detailed later in this chapter.

3.3.2.4 Sub-populations recombination

The two composition sub-populations SubPop;(it) and SubPops(it) are combined at the
end of iteration it to form a single population. In some iterations, a subset of compositions

SC' do not take part of the evolution process due to the fact that the population size is greater
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Algorithm 3.1 Evolution steps of the sub-population SubPop;(it) in the PDE-QSC ap-
proach

Inputs: SubPop(it), pgpi, port, Msize, GC.

1:
2:
3:

10:
11:
12:
13:
14:
15:

Begin
for each composite service C} (it) € SubPop (it) do
Generate SF}(it) using formula (3.40).
Apply DE/current-to-pbest/1 mutation strategy using formula (3.35).
Generate C'R}(it) using formula (3.42).
Apply the DE binomial crossover strategy using formula (3.37).
Apply the selection process using formula (3.39).
Calculate the success rate sr;(it) of the composite service C}(it) using formula (3.52).
if F(C}(it)) > F(BestC) and C}(it) satisfies GC then
C1(it) replaces BestC.
end if
end for
Update pgp1 and pop.
Calculate the success rate SR;(it) of the sub-population SubPop; (it) using formula (3.51).
End

Outputs: A new composition sub-population, SR;(it) and a new BestC.

Algorithm 3.2 Evolution steps of the sub-population SubPop,(it) in the PDE-QSC ap-
proach

Inputs: SubPops(it), usra, CR%, GC.

1:
2:
3:

10:
11:
12:
13:
14:
15:
16:

Begin
for each composite service C2(it) € SubPops(it) do
Generate SF?(it) using formula (3.40).
Update SF?(it) using formulas (3.43) and (3.44).
Apply DE/current-to-pbest/1 mutation strategy using formula (3.35).
Apply the DE exponential crossover strategy using formula (3.38).
Apply the selection process using formula (3.39).
Calculate the success rate sr;(it) of the composite service C}(it) using formula (3.52).
Generate CR?(it + 1) using formula (3.45) and (3.46).
if F(C?(it)) > F(BestC) and C?(it) satisfies GC then
C2(it) replaces BestC.
end if
end for
Update pgp2.
Calculate the success rate SRa(it) of the sub-population SubPop; (it) using (3.51).
End

Outputs: A new composition sub-population, SRy(it) and a new BestC'.

than the sum of the composition sub-populations sizes. The resulting population obtained

at iteration 7t is as follows:

Pop(it) = SubPop; | ) SubPop,| J SC (3.47)
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where SC' is an empty set at the first iteration since the composition sub-populations have
the same size. This set is updated in the next iterations based on the sizes of sub-populations.
This combination allows for interaction between the compositions of the two sub-populations,

which preserves the diversity of the population and improves the quality of the composition.

3.3.2.5 Population/ sub-population resizing

The PDE-QSC approach uses the linear reduction strategy introduced and validated
experimentally in [84] to dynamically decrease the composition population size. The aim is
to prevent an increase in the composition time generated by the exploration of unpromising
compositions. More specifically, the population size PopSize(it 4+ 1) at the next iteration is

first computed as follows:

PopSize(it + 1) = Round(m it + Spmaz) (3.48)

where ;4. (respectively S,,.;,) denotes the maximum (respectively the minimum) population
size, which is set as the initial PopSize (respectively eight).

The compositions of the population are then sorted according to their QoS utility values
and the NbC'(it) compositions with the lowest QoS utility value are removed from the popu-
lation. The number of compositions NbC'(it) to be removed from the population is calculated

as follows:

NbC(it) = PopSize(it) — PopSize(it + 1) (3.49)

At iteration (it+ 1), a new sub-population size SubPopSize,(it+1) is calculated for each
composition sub-population SubPop,(it), where y € {1,2}. This size is computed based
on the cumulative number of improved compositions up to iteration it. According to this
process, the PDE-QSC approach is able to explore a subset of compositions among a reduced

population size, thus significantly decreasing the overall composition time. Formally:

it SRy(t)

SubPopSize, (it + 1) = ;
i

(3.50)

where SR, (t), denoting the success rate of the y™ composition sub-population, is calculated

as follows:

SubPopSizey

SR,(t)= > sri(?) (3.51)

i=1

where the success rate sr;(t) of the composition CY(t) is calculated as follows:
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1 if F(TCY(t)) > F(CY (1)) ,
) (TCi(®) > F(C!) )
0 otherwise ,
The resulting size of the compositions population may be greater than the sum of sub-
populations sizes, meaning that some compositions will not participate in the evolution pro-
cess at the next iteration. The population/sub-population resizing strategy used in the

PDE-QSC approach is summarized in Algorithm 3.3.

Algorithm 3.3 Population/sub-population resizing strategy in the PDE-QSC approach.
Inputs: Pop, Popsize, Smin, Smaz, it. SRy(y € {1,2})

Begin

Define a new population size using formula (3.48).

Calculate the number of compositions NbC' using formula (3.49).

Sort the compositions based on their quality values.

Remove the NbC worst compositions from the population.

Calculate the new sub-population sizes SubPopSize,(it + 1) (y € {1,2}) at the next iteration
using formulas (3.50)—(3.52).

7: End

Outputs: New composition population with a reduced size.

The PDE-QSC approach stops the evolution process when the maximal number of itera-
tions MaxIt is reached and then returns the composition with the highest QoS utility value
that satisfies the global constraints as the suboptimal composition. The pseudo-code of the
PDE-QSC approach is given in Algorithm 3.4.

Algorithm 3.4 PDE-QSC approach.
Inputs: Pop, Popsize, jigp1, g, Msize, pgp2, CR?, BestC, MaxIt.

1: Begin

2: while it < MaxIt do

3: Do the population partitioning using formula (3.34).

4:  for each sub-Population SubPop,(it) € Pop(it) do

5: if y=1 then

6: Perform the evolution process of the sub-population SubPop; (it) using Algorithm 3.1.
7 else

8: Perform the evolution process of the sub-population SubPops(it) using Algorithm 3.2.
9: end if
10: end for
11:  Perform the sub-populations recombination using (3.47).
12:  Reduce the population size and calculate the new sub-population sizes using Algorithm 3.3.
13: end while
14: End

Outputs: Composition with suboptimal QoS.
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3.4 Performance evaluation

Different simulation scenarios were conducted to assess the performance of the PDE-QSC
approach using the real-world dataset WSC-2009 [117]. The scenarios were implemented us-
ing MATLAB R2014b on a machine running a 64-bit Windows operating system, 8 GB RAM,
and an Intel Core i5 - 8250U CPU clocked at 2 GHz. The concrete services extracted from
the WSC-2009 dataset to instantiate each abstract service belonging to the composition plan
are assumed to be semantically equivalent. The WSC-2009 dataset includes five reposito-
ries containing 572, 4129, 8138, 8301, and 15211 concrete services. These repositories are
merged to form a single repository with 36351 concrete services, each one is described by
five QoS properties: response time, throughput, availability, reliability, and cost. As shown
in [16], any non-sequential composition plan including loop, sequential, parallel and condi-
tional structures can be transformed into a sequential composition structure. Therefore, for
simplicity, the composition plans considered in the performance evaluation of the PDE-QSC

approach are assumed to follow a sequential structure.

3.4.1 Baseline methods and performance metrics

The PDE-QSC approach performance is compared with those of five among the most
relevant and recent service composition approaches: the hybrid shuffled frog-leaping-based
service composition (HSFL-QSC) approach [53], the multi-population self-adaptive differen-
tial artificial bee colony for service composition (MSDABC-QSC) [48], the multi-population
genetic algorithm-based service composition (MGA-QSC) approach [52], the improved inva-
sive weed-based service composition (ITW-QSC) approach [37], and the novel bat algorithm
for qos-aware service composition (NBA-QSC) [46]. Table 3.4 summarizes the baseline ap-
proaches and highlights the motivations for their inclusion in the evaluation.

Regarding performance evaluation, the following metrics are considered to assess and com-

pare the effectiveness of the proposed PDE-QSC approach against the baseline approaches:

o Composition time: refers to the computation time required to obtain the composition
with the suboptimal QoS utility.

o Composition quality: represents the QoS utility value of the best composite service

calculated as the weighted sum of the QoS property values, (see formula (3.8)).

3.4.2 Simulation parameters

Three service composition scenarios are considered in this evaluation. In scenario 1, the
objective is to identify the population size offering a good trade-off between composition

quality and composition time, while scenarios 2 and 3 aim to assess the PDE-QSC approach
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Table 3.4: Description of baseline approaches and the motivations of their selection.

Approach

Description

Motivation

HSFL-QSC
[53]

MSDABC-
QSC [48]

MGA-QSC
[52]

ITW-QSC
[37]

NBA-QSC
[46]

The population is divided into sub-
populations where the compositions evolve
independently by exploiting the best and
worst compositions through mutation and
crossover operators. The composition sub-
populations are then shuffled to enable
information sharing.

Four sub-populations evolve in parallel, each
applying a specific differential evolution strat-
egy during the employed bees, onlookers, and
scouts phases. The parameters and size of
the sub-populations are adjusted dynamically
according to their performance. The compo-
sition sub-populations exchange information
through a cyclic recombination process.

The compositions are first encoded in chro-
mosome form. This population is divided into
several sub-populations, which evolve in paral-
lel. The composition sub-populations are up-
dated by combining roulette selection, genetic
operators, and elitist selection. The evolution
of each sub-population is repeated until reach-
ing a maximum number of iterations.

The ITW-QS approach combines the invasive
weed optimization method and statistical fil-
tering in the composition process. A filtering
process is first applied to rank concrete ser-
vices based on statistical utility values. An im-
proved invasive weed optimization algorithm
is then employed to improve the compositions
using a sequential exploration-based strategy
and standard deviation adjustments.

The composition population first evolves ac-
cording to the quantum or mechanical mecha-
nism, depending on a stochastic decision pro-
cess. The evolved compositions are then up-
dated based on a local search mechanism. An
adaptive learning mechanism is finally imple-
mented to avoid local optima.

Uses a parallel exploration method with a
combination of sub-populations at each it-
eration, but without reducing the popula-
tion size. This allows the assessment of
the impact of population size reduction on
composition time and composition quality.

Exploits a method similar to that used
by the PDE-QCS approach (parallel explo-
ration, sub-populations combination, and
adaptive adjustment), but does not employ
a population size reduction method. This
allows demonstrating the advantages of the
exploration method used by the PDE-QCS
approach and the impact of the population
size reduction.

The sub-populations evolve independently
without being iteratively combined. This
allows for illustrating the limitation of par-
allel exploration-based approaches with-
out interaction between composition sub-
populations.

Represents sequential exploration-based
approaches with a fixed-size population.
This allows to highlight the benefits of the
parallel exploration-based strategy and the
dynamic population size reduction used
by the PDE-QSC in terms of composition
time and composition quality.

The comparison with the NBA-QC ap-
proach allows to demonstrate the efficiency
of the PDE-QSC approach compared to re-
cent sequential exploration-based methods
in terms of trade-off between composition
time and composition quality

compared to the five baseline approaches in terms of composition time and composition

quality. Note that the values of the parameters pgp1, pert, pgp2, CR%, SubPopSize, and

M Size were set to the values defined in [85] where several experiments were conducted to find

the most appropriate parameter values to achieve high performance. The number and size of

sub-populations for the baseline approaches are either set based on the values given in their
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original optimization method or equal to the values considered in the PDE-QSC approach
when these values are not given. Table 3.5 shows the parameters common to all the baseline
approaches along with the parameters specific to each of them. It should be noted that the
values of the parameters specific to each baseline approach are set to the values defined in
their original methods [37, 46, 48, 52, 53, 85].

Table 3.5: Parameters setting of the simulation scenarios.

Common parameters

Parameter Scenario 1 Scenario 2 Scenario 3
Number of concrete services 300 — 1500 300 1000 — 7000
Number of abstract services 5 6 —30 5

Population size 50 — 200 50 50
Number of iterations 100
Number of simulations 50

Specific parameters

PDE-QSC [85] pspr = 0.5, perr = 0.5, pgp2 = 0.5, CR? = 0.5, Sub-population size = PopSize/2,
Smin = 8, Smaz = PopSize, and M Size = PopSize(1)/2-0.02.
HSFI1-QSC [53] SubPopSize = PopSize/2.

MSDABC-QSC The mean value pucr = 0.5, the location parameter up = 0.5, and the crossover
[48] probability S = 0.5.

MGA-QSC [52] The crossover probability Po = 0.9 and the mutation probability P, = 0.1

ITW-QSC [37] The minimum value of seeds S,,;», = 1, the maximum value of seeds S,,,, = 15, the
initial standard deviation SD;pitiq; = 10, and the final standard deviation SDf,q1 =
0.5.

NBA-QSC [46] The probability of habitat selection p € [0.1,0.9], the maximum inertia weight

w € [0.4,0.9], the compensation rates for Doppler effect in echoes ¢ € [0.1,0.9],
the contraction—expansion coefficient, 8 € [0.5, 1], the frequency of updating the loud-
ness and pulse emission rate G = 10, the loudness Ay € [0, 2], pulse emission rate
ro € [0, 1], and the frequency f € [0, 2].

3.4.3 Comparison and discussion

The performance of the approaches corresponds to the average of 50 simulations carried
out for each service composition scenario.
3.4.3.1 Scenario 1: Population size variation

The objective of this scenario is to investigate the impact of the population size on the
composition quality and composition time of the different approaches. Figure 3.5 shows

that for all approaches, the composition quality increases slightly with the population size
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regardless of the number of concrete services. This is because a large population allows a
more in-depth exploration of the search space, resulting in a higher composition quality. For
example, in the case of a population of 50 compositions and 900 concrete services, the com-
position quality values achieved by the PDE-QSC, HSFL-QSC, MSDABC-QSC, MGA-QSC,
I[TW-QSC, and NBA-QSC approaches are 0.74, 0.65, 0.52, 0.52, 0.51, and 0.51, respectively.
However, when the population size is set to 200 compositions and for the same number of
concrete services, the composition quality values obtained with the PDE-QSC, HSFL-QSC,
MSDABC-QSC, MGA-QSC, ITW-QSC, and NBA-QSC approaches are 0.74, 0.66, 0.54, 0.55,
0.55, and 0.55, respectively.
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Figure 3.5: Composition quality versus population size for different numbers of concrete
services.

Figure 3.6 shows that the composition times of the five approaches significantly increase
with the population size, regardless of the number of concrete services. This is because as the
population size increases, more execution time is required to explore additional compositions
in the population, resulting in an increase in composition time. For instance, when the
population size is set to 50 and the number of concrete services to 900, the composition
times achieved by the PDE-QSC, HSFL-QSC, MSDABC-QSC, MGA-QSC, ITW-QSC, and
NBA-QSC approaches are 140, 68, 1998, 107, 3344, and 230 ms, respectively. For the same
number of concrete services and a population of 200 compositions, the composition times
obtained with the PDE-QSC, HSFL-QSC, MSDABC-QSC, MGA-QSC, ITW-QSC, and NBA-
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QSC approaches are 215, 88, 16595, 590, 13778, and 1044 ms, respectively.
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Figure 3.6: Composition time versus population size for different numbers of concrete services.

These simulations show that an increase in population size leads to both a high increase
in composition time and a slight improvement in composition quality. However, the improve-
ment in terms of composition quality with a large population size is not significant compared
to the large increase in composition time. Based on this analysis, we conclude that 50 com-
positions is the appropriate population size for a good trade-off between composition time

and composition quality.

3.4.3.2 Scenario 2: Variation of the number of concrete services

In this scenario, we analyze how the composition quality and composition time evolve
with the number of concrete services for the different approaches. Figure 3.7 clearly shows
that the PDE-QSC approach is more efficient than the HSFL-QSC, MSDABC-QSC, MGA-
QSC, ITW-QSC, and NBA-QSC approaches in terms of composition quality. For instance,
when the number of concrete services is equal to 7000, the benefit obtained by the PDE-
QSC algorithm over the HSFL-QSC, MSDABC-QSC, MGA-QSC, ITW-QSC, and NBA-QSC
approaches is 23%, 53%, 56%, 60%, 62%, respectively. This result can be explained by
several factors related to the exploration of the composition search space. First, unlike the
ITW-QSC and NBA-QSC approaches that use a sequential exploration-based strategy, the
PDE-QSC approach employs a parallel exploration strategy that enables the evolution of
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diverse sub-populations, preventing local optima and thus increasing the composition qual-
ity. Second, combining composition sub-populations enhances inter-population interactions
and increases population diversity, which has a positive impact on the quality of the com-
position. Finally, the PDE-QSC approach employs a population size reduction strategy
that retains only the best compositions in terms of QoS. This justifies the benefit of the
PDE-QSC approach in terms of composition quality over the parallel exploration-based ap-
proaches, such as HSFL-QSC, MSDABC-QSC, and MGA-QSC. Specifically, the HSFL-QSC
and MSDABC-QSC approaches rely on a parallel exploration-based strategy without pop-

ulation size reduction, while the MGA-QSC approach suffers from the lack of interactions

quality.
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Figure 3.7: Composition quality versus number of concrete services.

As shown in Figure 3.8, the composition time achieved by the PDE-QSC approach is
lower than those obtained with the ITW-QSC, NBA-QSC, MSDABC-QSC, and MGA-QSC
approaches. In contrast to the ITW-QSC and NBA-QSC approaches that use sequential
exploration, the PDE-QSC approach uses a parallel exploration strategy that significantly
reduces the composition time. In addition, unlike the ITW-QSC, NBA-QSC, MSDABC-
QSC, and MGA-QSC approaches that always explore a fixed number of compositions, the
population/sub-populations size reduction strategy adopted in the PDE-QSC approach re-

duces the number of compositions to be explored, thus decreasing the composition time.
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Figure 3.8 also shows that the composition time obtained with the PDE-QSC approach is
slightly higher than that obtained with the HSFL-QSC approach, but still of a small order of
magnitude (at most 118 milliseconds). This result is due to the fact that the HSFL-QSC ap-
proach selects only few compositions for the evolution in each sub-population, which results
in a reduction of the composition time compared to the PDE-QSC approach. The latter
explores all compositions in each sub-population, which results in a slight increase in the
composition time. However, the PDE-QSC approach is more efficient than the HSFL-QSC
approach in terms of composition quality and finds a very close-to-optimal composition in
terms of QoS (see Figure 3.7). The average composition time taken by the PDE-QSC ap-
proach is compatible with composition in large-scale IoT environments as it ranges from 99

to 118 milliseconds for a number of concrete services varying from 1000 to 7000.
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Figure 3.8: Composition time versus number of concrete services.

3.4.3.3 Scenario 3: Variation of the number of abstract services

In this scenario, we evaluate the impact of the number of abstract services on computation
time and composition quality for the different approaches. As observed in Figure 3.9, when
the number of abstract services increases, the composition quality decreases regardless of
the considered approach; however, the PDE-QSC approach remains more efficient than the
other baseline approaches. For example, when the number of service classes is set to 12,
the performance improvement of the PDE-QSC approach over the HSFI-QSC, MSDABC-
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QSC, MGA-QSC, ITW-QSC, and NBA-QSC approaches is about 18%, 54%, 51%, 53%,
and 64%, respectively. The composition quality obtained with the PDE-QSC approach is
twice as good as that obtained with any of the baseline approaches except the HSFL-QSC
algorithm. It should be noted that the PDE-QSC approach remains better than the HSFL-
QSC approach in terms of composition quality with a significant improvement regardless
of the number of service classes. These results are mainly due to the parallel exploration
strategy of composition sub-populations followed by their recombination, as well as to the
population size reduction strategy. These strategies allow the PDE-QSC approach to explore

in parallel smaller size populations with promising compositions in terms of QoS.
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Figure 3.9: Composition quality versus number of abstract services.

Figure 3.10 shows that the composition time obtained with the PDE-QSC approach is
much lower than those achieved by the MSDABC-QSC and ITW-QSC approaches. This re-
sult is because the PDE-QSC approach explores in parallel populations with reduced sizes,
unlike the MSDABC-QSC or ITW-QSC approaches, which explore each time a fixed size
population. Additionally, it can be observed that the composition times achieved by the
PDE-QSC and MGA-QSC approaches are very close. This result is because the MGA-
QSC approach explores the sub-populations of compositions without recombining them and
redividing the population; this results in a significant reduction in composition time. Fur-
thermore, the composition time obtained with the PDE-QSC approach is moderately higher
than that obtained with the HSFL-QSC and NBA-QSC approaches. This is mainly because
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the PDE-QSC approach requires additional computation time to explore all of compositions
in each sub-population, leading to a deeper exploration of the composition search space and
an increase in the composition time. However, by evolving a fixed subset of compositions
(i.e., the number of evolved compositions remains constant and is significantly smaller than
the sub-population sizes), the HSFL-QSC approach slightly reduces the composition time
compared to the PDE-QSC approach, but results in a decrease in the composition quality in
terms of QoS.
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Figure 3.10: Composition time versus number of abstract services.

3.5 Statistical analysis

To ensure reliable statistical conclusions, the average results obtained from 50 simulations
for each dataset were recorded for the PDE-QSC approach and all baseline approaches. The
statistical significance of the performance differences between the PDE-QSC approach and the
HSFL-QSC, MSDABC-QSC, MGA-QSC, ITW-QSC, and NBA-QSC approaches were then
assessed using the non-parametric Wilcoxon rank sum test at a 95% confidence level. This
test is largely employed in the context of service composition [50, 48, 54, 63| since it is well-
suited for comparing computational intelligence-based optimization methods [127]. For each
dataset, the approaches are ranked according to their composition quality and composition

time, where the best performing approach has rank 1 and the worst performing one has rank
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6 (see Tables 3.6 and 3.7). To summarize the comparison results across all datasets, the
notation w/l is used in the last rows of the tables, accompanied by the symbols + and —
placed next to the rank values. More precisely, for each pairwise comparison between the
PDE-QSC approach and a baseline approach, the notation w refers to the number of datasets
where the PDE-QSC approach outperforms the baseline approach in terms of composition
quality or composition time. In these cases, the symbol + is appended to the rank values
to denote a statistical superiority. Conversely, [ represents the number of datasets where
a baseline approach surpasses the PDE-QSC approach in terms of composition quality or

composition time, where the symbol — is added to the rank values to indicate a statistical

inferiority.
Table 3.6: Wilcoxon rank sum test on composition quality.
Dataset PDE- HSFL- MSDABC- MGA- IIW- NBA-
QSscC QSscC QSC QSC QSscC QSscC
Dataset 1: 1000cs_5SC 1 24+ 4+ 9+ 6+ 3+
Dataset 2: 2000cs_ 5SC 1 24+ 3+ 4+ 6+ 5+
Dataset 3: 3000cs_5SC 1 24 3+ 4+ 5+ 6+
Dataset 4: 4000cs_5SC 1 24+ 3+ 4+ 9+ 6+
Dataset 5: 5000cs_ 5SC 1 2+ 3+ 4+ o+ 6+
Dataset 6: 6000cs_5SC 1 2+ 3+ 4+ 5+ 6+
Dataset 7: 7000cs_5SC 1 24+ 3+ 4+ 5+ 6+
Dataset 8: 300cs_ 6SC 1 24 3+ 4+ 5+ 6+
Dataset 9: 300cs__125C 1 2+ o5+ 3+ 4+ 6+
Dataset 10: 300cs_ 18SC 1 2+ 4+ 3+ o+ 6+
Dataset 11: 300cs_24SC 1 24+ 4+ 3+ 54 6+
Dataset 12: 300cs_30SC 1 24+ 44+ 3+ 54 6+
Sum of ranks 12 24 42 45 62 67
Average of ranks 1 2 3.5 3.75 5.16 5.58
Final ranks 1 2 4 3 6 )
w/l 12/0 12/0 12/0 12/0 12/0

Table 3.6 shows that the PDE-QSC approach outperforms all baseline approaches in
terms of composition quality. The PDE-QSC approach ranked first across all datasets with
an average rank of 1. The result (w/l) = 12/0 indicates that the PDE-QSC approach
achieved 12 wins and no ties or losses against all the compared approaches, where the HSFL-
QSC approach is the best competitor, with an average rank of 2. These results confirm the
discussions conducted in subsections 3.4.3.2 and 3.4.3.3. Particularly, the combination of

the population size reduction strategy with an efficient parallel exploration-based method
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allows the PDE-QSC approach to significantly achieve better composition quality in terms of
QoS compared to parallel exploration-based approaches, such as the SFL-QSC, MSDABC-
QSC, and MGA-QSC approaches. Table 3.6 also shows that the sequential exploration-
based approaches (ITW-QSC and NBA-QSC) rank last with average ranks of 5.16 and 5.58,
respectively. This demonstrates that the parallel exploration-based method employed by the
PDE-QSC approach is more efficient than sequential exploration-based methods in finding

the suboptimal composition.

Table 3.7: Wilcoxon rank sum test on composition time.

Dataset PDE- HSFL- MSDABC- MGA- IIW- NBA-
QSC QSC QSC QScC QSC QSC

Dataset 1: 1000cs_5SC 2 1- 54 3+ 6+ 4+
Dataset 2: 2000cs_ 5SC 2 1- 5+ 3+ 6+ 4+
Dataset 3: 3000cs_5SC 2 1- 5+ 3+ 6+ 4+
Dataset 4: 4000cs_ 5SC 2 1- 5+ 34+ 6+ 4+
Dataset 5: 5000cs_ 5SC 2 1- 5+ 3+ 6+ 4+
Dataset 6: 6000cs_5SC 2 1- 54 3+ 6+ 4+
Dataset 7: 7000cs_5SC 2 1- 5+ 3+ 6+ 4+
Dataset 8: 300cs_ 6SC 4 2- 5+ 3- 6+ 1-
Dataset 9: 300cs_ 12SC 3 2- 5+ 4+ 6+ 1-
Dataset 10: 300cs_18SC 4 2- 5+ 3- 6+ 1-
Dataset 11: 300cs_ 24SC 4 2- 54 3- 6+ 1-
Dataset 12: 300cs_30SC 4 2- 6+ 3- 54 1-
Sum of ranks 33 17 61 37 71 33
Average of ranks 2.75 1.42 5.08 3.08 5.91 2.75
Final ranks 2 1 4 3 5 2
w/l 0/12 12/0 8/4 12/0 7/5

Table 3.7 shows that the PDE-QSC approach achieves a high performance in terms of
composition time compared to the sequential exploration-based approaches (IIW-QSC and
NAB-QSC) with (w/l) = 12/0 in all datasets. The comparison results further illustrate
that the PEC-QSC approach remains competitive but performs less than some parallel
exploration-based approaches for some datasets. More precisely, the PDE-QSC approach
wins in 8 datasets and loses in 4 against the MGA-QSC approach with (w/l) = 8/4. This
relative loss is due to the absence of sub-population recombination in the MGA-QSC ap-
proach, leading to a reduction in composition time. Additionally, the PDE-QSC approach
wins in 7 datasets and loses in 5 with (w/l) = 7/5 compared to the NBA-QSC approach.
The performance difference can be attributed to the fact that the NBA-QSC approach has
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a rapid convergence to local optima, leading to a reduction in composition time. Further-
more, the PDE-QSC approach achieves the second highest average rank among the baseline
approaches, being outperformed only by the HSFL-QSC approach. As explained in sub-
sections 3.4.3.2 and 3.4.3.3, the PDE-QSC approach efficiently explores all compositions in
each sub-population to find the composition with the highest quality. This process requires
additional computation time compared to the HSFL-QSC approach, which partially explores
the composition search space and consequently achieves a shorter composition time.

These statistical analysis confirm the findings reported in subsections 3.4.3.2 and 3.4.3.3,
further demonstrating the advantages of the PDE-QSC approach over the baseline ap-
proaches. Specifically, the PDE-QSC approach guarantees finding a suboptimal composition
with high quality within a reduced composition time when solving the QoS-aware service

composition problem.

3.6 Conclusion

The Parallel Differential Evolution approach with population size reduction for QoS-
aware service composition (PDE-QSC) proposed in this chapter efficiently addresses the
plan-based QoS-aware service composition problem. The approach deals with the limitations
of existing sequential and parallel exploration-based service composition approaches that
usually suffer from limited composition quality and/or high composition time. The proposed
PDE-QSC approach models and solves the QoS-aware service composition problem using a
parallel optimization method, achieving high composition quality in a reduced composition
time. The simulation scenarios conducted on several real-world datasets demonstrate that
the PDE-QSC approach outperforms five baseline approaches in terms of composition qual-
ity and composition time. These superior results are mainly attributed to the efficiency of
the adopted parallel exploration-based method that accelerates the search process without
compromising quality and to the used population size reduction strategy that further de-
creases the composition time. The statistical significance of these results has been rigorously
confirmed using the Wilcoxon rank sum test.

The proposed PDE-QSC approach, like many existing approaches in the literature, relies
on the assumption of the prior existence of an abstract composition plan. To overcome this
limitation, in the next chapter, we propose an autonomous QoS-aware service composition
approach that eliminates the need for a predefined abstract plan and integrates the semantic

aspect.
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Chapter 4

Database concepts-driven failure

recovery approaches for autonomous

QoS-aware semantic service

composition
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4.1 Introduction

The autonomous QoS-aware service composition seeks to find suboptimal compositions

that satisfy the user’s functional and non-functional requirements without a prior existence of

an abstract composition plan. Although several computational intelligence-based approaches

have been proposed to optimize compositions from the service repository, most existing ap-

proaches either fail to simultaneously account for QoS and quality of semantic matching

(QoSM) or rely on a complex process to ensure semantic matching, which increases compu-

tation time. Furthermore, these approaches often require a re-composition process in the case

of service failure, further impacting the efficiency and reliability of the service composition.
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The second contribution of this thesis introduces two functional dependencies-based fail-
ure recovery approaches for autonomous QoS- aware service composition (HCFDSSC and
ESFDSSC) leveraging the functional dependency as a key concept from relational database
theory. These approaches address the limitations of the existing approaches and overcome
the shortcomings of the first contribution (the PDE-QSC approach), especially its reliance
on the prior existence of an abstract composition plan and its lack of semantic consideration
during the composition process composition plans. In this chapter, we first formalize and
introduce the autonomous QoS-aware services composition problem. Then, we present the
main idea and how the proposed HCFDSSC and ESFDSSC algorithms work. Finally, we
conduct an experimental evaluation to assess the performance and robustness of the proposed

approaches.

4.2 Background

4.2.1 Semantic service composition model

4.2.1.1 Semantic concrete service

A concrete service C'S is semantically defined by a set of inputs Icg, a set of outputs
Ocs, and a vector of QoS attributes QoScs={qos1, - ,qosi}, where each attribute can be

positive (e.g., availability) or negative (e.g., cost) [17]. Formally:
CS = (Ics, Ocs, QoScs) (4.1)

Example. The concrete service cameraH D recording real-time data traffic is semantically
defined as:

CameraHD =({video feeds, disparity maps },{vehicles per hour/lane, percentage of road
space occupied, unusual patterns}, (50, 0.02, 99.8, 99.7)), where the considered QoS properties

are respectively, latency, cost, reliability, and availability.

4.2.1.2 Semantic abstract service

An abstract service AS is semantically defined as a group of semantic concrete services
Gos performing the same functionality. This means that these concrete services share the
same set of inputs [45 and have similar outputs O4g, but are different in terms of their QoS

attributes. Formally:

AS = (Ias,0as,Gos) (4.2)

Example. The traffic monitoring abstract service is semantically defined as:
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Traffic monitoring service=({video feeds, disparity maps},{vehicles per hour/lane, percentage

of road space occupied, unusual patterns},{cameraHD, sensor, radar}).

4.2.1.3 Semantic abstract composition plan

An abstract composition plan AC'P = (Ias5p, Oasp) is semantically defined as a sequence
of semantic abstract services such that the outputs of each abstract service AS serve as inputs

for the next one. Formally :

nbas
ACP = /\ ASe : OASE g IAS

e=1

s+l7ve € [17 nbAS] (43)
where A is an operator that represents the sequence of abstract services in the composition
plan AC'P and nb,g is the number of abstract services belonging to the semantic abstract

composition plan AC'P. The operator A refers to different composition structures [128].

Example. The abstract composition plan (ACP) for the smart traffic management can be

semantically represented as the following sequence of abstract services:

OéM:]%DA Oé‘DA:I]l\I
OTM:ITDA OTDA:IN
. . : O%AI:I%DA : . O%DA:IJS\T . .
AC P =Traffic monitoring service—————=Traffic data analysis service—————=Notification
On=I1g, 025/1:[1;10

0%=I2 . . . Ofga=I C .
T34 Traffic signal adjustments service——=2—"% Route optimization service.

The inputs, outputs, and set of concrete services associated with each abstract service be-

longing to the composition plan are summarized in Table 4.1.

4.2.1.4 Semantic composition

A semantic composition C' is a sequence of concrete services such that the inputs of each

concrete service semantically match with the outputs of its preceding service. Formally:

nbog

C= /\ CSg : Ocsg QICS

g+17

Vg € [1,71,[)05} (44)
g=1

where A is an operator representing the sequence of concrete services in the composition C'.

This sequence can integrate varied composition structures such as conditional, loop, sequen-

tial, and parallel [128]. The value nbcg refers to the number of concrete services belonging

to the composition C.
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Table 4.1: Description of the smart traffic management abstract composition plan.

Abstract Inputs Outputs Concrete services
service
Traffic
monitoring I}.,;: Video feeds o OL,;:  Vehicles per ¢ CameraHD
(TM) o I2,,: Disparity maps hour/lane Sensor
e O3, Percentage of ¢ radar
road space occupied
o 03,,: Unusual patterns
Traffic data . . .
analysis I}p4:  Vehicles per o OX,,: Congestion lev- ¢ Autonomous traffic sig-
(TDA) hour /lane els nal system
o I2,,: Percentage of e 02, ,: Peak hours Artificial ~ intelligence-
road space occupied o 03,4 Accidents detec- ~ powered video analytics
o I3, ,: Unusual patterns  tion platform
Traffic analyzer system
Notification ) )
(N) o I}: Congestion levels o OX: Emergency vehicle ¢ Official smart city alert
o I%: Peak hours alerts application
. I]?’\,:Accidents detection e 012\/1 Driver notifica- Advanced driver-
tions assistance system
smartphone
Traffic . .
signal  ad- ° I}, Emergency vehi- o Olgu: Inclusion of * Adaptive traffic signal
justments cle alerts emergency vehicle pre-  control system
(T'SA) e I25,: Driver notifica-  emption Traffic management cen-
tions o 03¢, Adjustment of  ter
traffic signals Urban application pro-
gramming interface
Route op-
timization 111%03 Inclusion of e O}%O: Traffic-optimized Google Map
(RO) emergency vehicle pre- routes Waze

emption
I%5:  Adjustment of
traffic signals

O%O: Arrival time esti-
mates

MapFactor Navigator

Example. A smart traffic management semantic composition

following sequence of concrete services:

C = Radar

0}
o
OR

—

—7l

_I%“AS
:[§AS
=1 as

_Il
TTATSCS
_12
- ?TSCS

Oz as=Iarscs

1
O%‘AS
OTAS

3
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can be represented as the

Traffic analyzer system—————-=s Adaptive traffic signal control system



1 _71 1 _71
Ogthcs—IgMc O%“]bfc_[gv
Oarscs=I Orpec=1

% Traffic management center———s Waze.

The inputs and outputs of each concrete service within this semantic composition are de-

scribed in Table 4.2.

Table 4.2: Inputs and outputs of the concrete services included in a smart traffic management

composition.

Concrete service Inputs Outputs
Radar (R) ) _
I},: Video feeds OF:Vehicles per hour/lane
1 }2%: Disparity maps O%:Percentage of road space
occupied
O%:Unusual patterns
Traffic analyzer system
(TAS) I} 5t Vehicles per hour/lane O} 441 Congestion levels

I% ag: Percentage of road space
occupied
I% 5. Unusual patterns

0% ,5: Peak hours
O3 451 Accidents detection

Adaptive traffic signal con-
trol system (AT'SCS)

Iyr gcg: Congestion levels
I ZlT scg: Peak hours
I ,?ZlT scg: Accidents detection

0114TSCS: FEmergency vehi-
cle alerts
0124TSCS: Driver notifica-
tions

Traffic management center
(TMC)

I}10+ Emergency vehicle alerts
I}, 0+ Driver notifications

O mc: Inclusion of emer-
gency vehicle pre-emption
0%,/ Adjustment of traf-
fic signals

Waze (W)

1114/: Inclusion of emergency vehi-
cle pre-emption
IZ,: Adjustment of traffic signals

OII,V :Traffic-optimized
routes
O%V: Arrival time estimates

4.2.2 Quality of semantic matching

The quality of semantic matching (QoSM) associated with a composition is measured

through two metrics: (7) the matching type (MT) and (7) the semantic similarity (SIM)

between concrete services belonging to this composition [63].
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Let C'S] and C'S; be two successive concrete services belonging to the composition C', and
let concept, and concept, be two concepts belonging to an ontology © such as the concept,
is an output concept of the service C'S; (i.e., concept, € O¢g,) and the concept, is an input
concept of the service C'S; (i.e., concepty, € Ios,). The degree of semantic matching between
the services C'S; and C'S; is described using two types of matching: exact or plugin matching
[129]. An exact matching between C'S; and C'Sy occurs when an equivalence relationship ex-
ists between the two concepts, concept, = concept,, whereas a plugin matching between C'Sy
and C'Sy refers to an inclusion relationship between the two concepts, concept, C concepty,.

The matching type is then defined as follows:

1 if concept, = concept
MT = b e (4.5)
p if concept, C concept,,

where 0 < p < 1. In the case where multiple matching pairs exist between the outputs of the
service C'S7 and the inputs of the service CS,, the matching type MT is computed as the
average of the matching types across all these pairs. The aggregated matching type AggM T

of the composition C' is therefore calculated as follows:

nbcs
AggMTe = [[ MT, (4.6)
=1
where nbcg is the number of concrete services belonging to the composition C.
The semantic similarity STM between the concept concept, of the service C'S; and the
concept concepty, of the service C'Sy is computed using a similarity method based on concep-
tual distance [130]. Formally:

2 X Dconceptna

S1M (concept,, concepty) = (4.7)

D concepta + Deoncept,
where concept,, is the nearest common ancestor of concept, and concept,. The terms
D conceptas Deonceptys a0d Deopeept,, denote the respective distances of concept,, concept,, and
concept,, from the root concept of the ontology ©. Figure 4.1 shows an example of concept
hierarchy in the ontology O, which is used to compute semantic similarity [130].

In the case of multiple matching pairs between the outputs of the service C'S; and the
inputs of the service C'Sy in the composition C', the semantic similarity STM is calculated
as the average of the semantic similarities over all these pairs. The aggregated semantic

similarity AggSITMc of the composition C' is then computed as follows:
nbcs

AggSIMe = Y SIM, (4.8)

=1
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Figure 4.1: Concept hierarchy example.

Dcon cepty,q

DCnnL‘ept“
D Concepty,

Concept,

where nbcg is the number of concrete services belonging to the composition C.

4.2.3 Formalization of the autonomous QoS-aware service compo-

sition problem

The autonomous QoS-aware service composition problem can be described as a tuple
P = (UR,SR,0). The user request UR = (Iygr, Oyr) expresses the functional constraints
related to the user’s needs as a set of provided inputs Iyr and a set of inquired outputs
Our- The service repository SR = {CSy,--- ,CS,} is a collection of n concrete services that
share a common ontology © formed by a set of concepts and the description of a semantic
relationship between them. The ontology concepts include all inputs and outputs of concrete
services belonging to the service repository SR along with the input and output concepts of

the user’s request. Formally:
O = {IUR U OUR} H {Icsi U OC’SZ}/VZ € [1,%] (49)

where n is the number of concrete services in the service repository.
The overall quality of a composition C' is measured using a wutility function, which is

calculated as a weighted sum of the QoS and QoSM metrics. Formally:

nbP k
F(C)= Zwr x oS, + Z wy X (1 = Q0S;) + wy1) X AggMTe + w2y X AggSTMc
r=1 r=nbP-+1

(4.10)

where k is the number of QoS attributes, nbP is the number of positive QoS attributes,
w, (X2, = 1) is a weight that represents the user’s preference related to the r** QoS

attribute, and QoS, (1 < r < k) is the normalized value of the r** QoS attribute associated

87



with the composition C, which is calculated according to the composition structure (see [17]
for more details).

The objective of the autonomous QoS service composition problem is to find a composition
that maximizes the utility function computed using formula (4.10) while satisfying the user’s
functional constraints, i.e., the inputs and outputs of the obtained composition semantically

matches the inputs and outputs of the user’s request, respectively.

4.2.4 Relational database-related concepts

We introduce hereafter the key concepts of relational database model that are used in the
approaches proposed in this chapter.
4.2.4.1 Database

A database D = {Ry, -+, Ry, -+, R,} is formally defined as a collection of u relations
Ry,--+ Ry, Ry [131],

Example. Let BusinessManagement be a database recording information related to com-
panies, employees, and products such as:

BusinessManagement = {Companies, Employees, Products}.

4.2.4.2 Relation

A relation R is formally defined by a schema R(A;,---,Aq, -+, Ay), where R denotes
the name of the relation and Ay, .-+, Ay, -+, A, represent its attributes [132].

Examples. Three relations are contained in the BusinessManagement database where:

e The relation Companies is defined by tree attributes: company identifier Compld,
company name CompName, and Business Sector BusSector:
Companies(Compld, CompN ame, BusSector).

o The relation Employees is defined by four attributes: employee identifier Empld,

employee name EmplName, affiliation department Depart, and telephone number
Tel Number:

Employees(Empld, EmplName, Depart, Tel Number).

o The relation Products is defined by two attributes: product identifier Prodld and price

Price:

Products(Prodld, Price).
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4.2.4.3 Attribute

An attribute Ay is a named characteristic of an entity within a database, which defines
the data type and domain of possible values Dom(A,) that can be associated with an entity

instance [133].

Examples. The attributes BusSector, Depart, and Price in the relations Companies,
Employees, and Product, respectively, can take values from the following domains:
» Dom(BusSector) = {Healthcare, Electronics, Agriculture}.

o Dom(Depart) = { Marketing, HumanResources, Administration}.

« Dom(Price) = {100,750, 1000}.

4.2.4.4 Tuple

A tuple t is an ordered list of values corresponding to the attributes in a relation, repre-
senting one data record within a relation. A tuple ¢ in a relation R is formally defined as an
ordered n-tuple [134]:

t = (V1y.sVdy s V) [ Vg € Dom(Ay) ¥V d € [1, w] (4.11)

Examples. Let to1, tge, and tpg be examples of tuples belonging to the relations Companies,
Employees, and Products, respectively. Each tuple contains values for all attributes of the

corresponding relation:

Companies
Compld | CompName | BusSector
02 TechSolution | Technology

tcr = (02, TechSolution, Technology)

Employees
Empld | EmplName Depart TelNumber
20 Jak Administration | 0033946623197
34 Bill Marketing 0033678647845

tma = (34, Bill, Marketing, 0033678647845)
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Products

Prodtld | Price

Sph768 | 750

Mask14 | 100
Dron3 | 1000

tps = (Drond,1000)

4.2.4.5 Projection

A projection t[X] is a subset of attributes X C {A;,..., Aq, ..., Ay} from a tuple ¢ in a
relation R [135].

Examples. Let tc1[Compld, BusSector], tgs[EmplName, Depar, Tel Number], and t p3[ Price]
be the projections of tuples toq, tge, and tps in the relations Companies, Employees and

Products, respectively:

o The projection of the tuple t¢; on the values corresponding to the attributes BusSector

in the relation Companies is as follows:

ter[Compld, BusSector] = (02, Technology).

o The projection of the tuple ¢ g5 on the values corresponding to the attributes EmplName

and TelNumber in the relation Employees is:

tpa[EmplName, Depar, Tel Number| = (Bill, Marketing, 0033678647845).

o The projection of the tuple tp3 on the values corresponding to the attributes Prodtid

and Price in the relation Products is as follows:

tps[Price] = (1000).

4.2.4.6 Functional dependency

A functional dependency F'D is a constraint between two sets of attributes, X and Y,
within a relation R. This constraint specifies that for any two tuples ¢; and ¢, in R, if the
values corresponding to the attributes in X are equal (¢1[X] = t3[X]), then the values asso-
ciated with to the attributes in Y must also be equal (¢;[Y] = t2[Y]). In other words, the
values of the attribute set Y are functionally determined by the values of the attribute set
X [136].
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Example. In a company, an employee is usually attached to a single department. This can
be expressed through functional dependency EmplName — Depart, which means that the
attribute EmplName determines the attribute Depart. In contrast, when several employees
are attached to the same department, this situation can not be represented by the functional

dependency EmplName — Depart as the department does not identify a single employee.

4.2.4.7 The attribute closure algorithm

Let F be a set of functional dependencies and X a set of attributes. The closure of the
attribute set X under F, defined as X, is the set of attributes that are determined by X
using dependencies belonging to F. The attribute closure algorithm that allows calculating

the closure of an attribute set is summarized as follows [97, 98]:

Algorithm 4.1 Attribute closure algorithm.

Inputs: A set of attributes X and a set of functional dependencies F.

Begin
Xt ={X}.
Initialize a set F with the functional dependencies of F.
Seek for a functional dependency A - B€ F / AC X+,
if the functional dependency A — B exists then

if B¢ X' then

X+t =XTU{B}.

end if

F =F —{A— B}.

Go to 4.
: end if
12: End

Outputs: The closure X .

— =
=)

Example. Let # = {M — P; M —- K; PK — M; P — L} be a set of functional
dependencies. The attribute closure algorithm is applied to find M™.

Mt ={M}; F={M—-P; M—K; PK—>M; P— L};
M—Pand P¢ Mt = Mt ={M, P}, F={M - K; PK - M; P— L},
M—-KadK¢Mt=M"={M, P, K}; FF={PK - M; P— L},
PK—-Mand M e M = M+t ={M, P, K}; FF ={P — L},
P—Land L¢ MT™ = M*t={M, P, K L}; F' = {}.

There are no more dependencies in F’, the attribute closure algorithm ends, and M+ =
{M, P, K L}.
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4.2.5 Late Acceptance Hill Climbing algorithm

The Latte Acceptance Hill Climbing algorithm (LAHC) [99] is a local search-based op-
timization method that represents an improved version of the Hill climbing algorithm [137],
incorporating a novel mechanism to avoid local optima. The main idea of this algorithm is
to accept the non-improved solution where its fitness value is higher than that of the solution
obtained from a fixed number of previous iterations. This algorithm is easy to implement,
requires only one tuning parameter, and is highly effective for small-scale optimization prob-

lems. The LAHC algorithm performs in two phases: 1) initialization and 2) evolution.

4.2.5.1 Initialization phase

In this phase, the algorithm’s parameters are set, including the move step steps;.., the
history length Lh, the counter of iterations with no improvement Lidle, and the maxi-

mum number of iterations Mazit. The initial solution X = (28,...,2% .. 22,
Dim

b, ) is
randomly generated, where z° refers to the b variable of the initial solution in the e
dimension, nbp;,, is the variable dimension. Subsequently, the initial solution is used to
initialize the current best solution, such as BestX = X and the fitness value f(BestX)
of the current best solution is computed using a fitness function f. A fitness history

list fri;s of length LA is initialized using the fitness value of the current best solution

frist = (f(BestX)!, f(BestX)?, .-, f(BestX)th).

4.2.5.2 Evolution phase

During this phase, at each iteration, a neighboring solution is generated as follows by

employing a move step Steps;.. on the current best solution BestX:

Xn(it) = BestX (it) + stepsize X 1 (4.12)

where the move step steps;.. is a constant number and r is a randomly generated number in
the interval [1,nb$,, ], nb$,, is the maximal value that a variable 2% can take. The fitness
value of the neighboring solution f(Xy) is then calculated and the solution is accepted
when its fitness value exceeds either that of the current best solution or the value stored in
the history list at the index corresponding to Lh iterations earlier. More specifically, the
algorithm can accept solutions having a lower fitness value than the current best solution
but higher than that of the solution found in several prior iterations. This process allows the

temporary acceptance of no-improving solutions to avoid local optima using the following
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formula:

Xy(it)  if F(Xn)(it) > frin(VD) or f(Cn)(it) >= f(BestX)(it) ,

BestX (it) =
BestX (it) otherwise ,
(4.13)
where Vb is an index corresponding to Lh iterations earlier calculated as follows:
Vb =1t mod Lh (4.14)

After that, if the fitness value of the current best solution f(BestX) is better than that
of the solution recorded Lh iterations earlier, it replaces fr;s:(V'd) in the history list at
iteration Vb. The LAHC algorithm terminates when no further improvements can be made
to the current best composition. This is determined by counting the number of no-improving
iterations, denoted as I;5.. The algorithm stops automatically when I;4,. reaches 2% of the
maximum predefined number of iterations. The solution having the highest fitness value

discovered during the evolution process is returned as the best solution.

4.2.6 Exhaustive search method

Exhaustive search [100] is a solving method that generates all possible solutions Xge; =
{X1,...,X,, ..., Xy} for a given problem and evaluates them using a fitness function f(X).
This method guarantees finding the optimal solution X™* by selecting the best one in terms

of fitness value. Formally:

arg max X if f(X) is a maximization function ,
X* _ g XGXSet(f( )) f( ) (4.15)
argminxex,,,(f(X)) otherwise ,

4.3 The proposed approaches : HCFDSSC and ESFDSSC

algorithms

4.3.1 Main idea of the HCFDSSC and ESFDSSC approaches

Two functional dependencies-based failure recovery approaches for autonomous QoS-
aware service composition (HCFDSSC and ESFDSSC) are proposed in this thesis [94]. The
proposed approaches operate in three phases: pre-processing, feasible abstract plans con-
struction, and parallel service selection and composition. To reduce the search space size
and decreases the problem’s complexity, the functionally equivalent concrete services are
first grouped to form a set of abstract services. The attribute closure algorithm [97, 98] that

ensures the semantic matching between functional dependencies is then employed to generate

93



the potential matching between the resulting abstract services. This is done by identifying
all input and output concepts that can be derived from the set of user’s request inputs. Sev-
eral feasible abstract composition plans that meet the user’s functional request are therefore
automatically built. Finally, the HCFDSSC approach employs a parallel late acceptance
hill climbing algorithm [99] while the ESFDSSC approach uses a parallel exhaustive search
strategy [100] to obtain the suboptimal composition in terms of QoS and QoSM from the
resulting abstract composition plans. Figure 4.2 presents an example of the HCFDSSC and
ESFDSSC approaches applied to a service repository containing 22 concrete services. During
the pre-processing phase, these services are grouped into 11 abstract services. The feasible
abstract plan construction phase produces two abstract composition plans. Figure 4.3 depicts
the flowchart illustrating the steps of the HCFDSSC and ESFDSSC approaches.

In the context of the semantic service composition, a set of attributes X and Y represent
the input set I and the output set O, respectively. The notion of functional dependency
FD : X — Y is used in this chapter to represent the user’s request UR = (Iyg, Oygr) as
Ivr — Opgr and each abstract service AS = (I4g,045) as Ias — Oag. A set of functional
dependencies F' = {X; — Y3, -, X, — Y,,} represents the service repository SR = {lcs, —
Ocsys -+ Ics, — Ocs, }, whereas an abstract composition plan ACP = (Iacp,Oacp) is
represented as a functional dependency I4cp — Oacp. Table 4.3 shows the corresponding

terms between the semantic service composition problem and the attribute closure algorithm.

Table 4.3: Attribute closure algorithm versus semantic service composition problem.

Attribute closure algorithm | Semantic service composition

Attribute Input and output concepts

Tuple The value of input and output concepts

Domain All possible input and output concepts

Functional dependency User’s request, abstract service, and abstract composi-
tion plan

Set of functional dependencies Service repository

4.3.2 The phases of approaches

4.3.2.1 Pre-processing

The size of the service repository SR = {CSy,---,CS,, -+ ,CS,} is reduced in this
phase, where n represents the number of concrete services and is significantly large (n >> 1).

This reduction is achieved by grouping functionally equivalent concrete services to create

abstract services. A set of concrete services C'Sy, - -- ,CS,, are considered functionally equiv-
alent if they share the same inputs (i.e., Ics, =, -+ ,= I¢g,,) and the same outputs (i.e.,
Ocs, =, ,= Og¢s,,). Such a set of services is represented as an abstract service AS,. A
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Figure 4.2: The phases of the HCFDSSC and ESFDSSC approaches.
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Figure 4.3: HCFDSSC and ESFDSSC approaches flowchart.

reduced service repository is then obtained as SR = {AS;, -, AS,, -, AS.}, where z is
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the size of the reduced service repository and z << n. The primary goal of reducing the
repository size is to decrease the number of potential inputs-outputs matches to be evaluated

between services, decreasing thus the overall computation time.

4.3.2.2 Feasible abstract plans construction

The attribute closure algorithm [97, 98] is exploited in this phase to build feasible abstract
composition plans.Given a service repository SR = {AS,--- ,AS,,--+ ,AS,} and a user’s
request UR = (Iyg, Oyg), the attribute closure of Iyg, denoted I;}R, is calculated under
the service repository SR to identify the sets of inputs and outputs that can be functionally
derived from the inputs of the user’s request. First, the closure I}t is set to the user’s request
inputs (ligne 2 of Algorithm 4.2). The algorithm also initializes the set SR’ that contains the
abstract services in SR (ligne 3), and an empty set S (ligne 4). Then, an abstract service
AS), is identified from the set SR whose inputs semantically match the concepts already
included in the closure I/ (ligne 5). In other words, the abstract service ASj, is functionally
determined by the concepts contained in the closure I;t; according to the ontology ©. After
that, the outputs Oyug, of the abstract service AS), are added to the closure set I}t (ligne
8), the abstract service is removed from the set SR and added to the set S (lignes 10 to 11).
This process is repeated until no abstract service can be added, i.e., when the inputs of the
remaining abstract service are not included within the closure I;t;. To determine whether
a feasible abstract composition plan in SR meets the user’s functional requirements, it is
essential to check that the outputs of the user’s request, Oyg, are included in the closure
Ity (ligne 13), i.e., the request outputs must semantically match, according to the ontology
O, with one or more concepts that are part of the closure I ;. When the above condition
is satisfied, the potential semantic matches between the inputs and outputs of the abstract
services in the set S are computed to produce a set of feasible abstract composition plans,
denoted ACP (lignes 14 to 15). The steps of this phase are given in Algorithm 4.2.

4.3.2.3 Parallel service selection and composition

This phase aims to find the suboptimal composition SubOptimalC' having the highest
utility value in terms of QoS and QoSM according to the ontology © in a reduced com-
putation time. To achieve this, two approaches are proposed: 1) the latte acceptance hill
climbing and functional dependencies-based autonomous QoS-aware service composition ap-
proach (HCFDSSC) that exploits the late acceptance hill climbing method (LAHC) [99], and
2) the exhaustive search and functional dependencies-based autonomous QoS-aware service
composition approach (ESFDSSC) that uses the exhaustive search method (ES) [100].

The HCFDSSC approach exploits the LAHC method in parallel across several ab-
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Algorithm 4.2 Feasible abstract plans construction.
Inputs: UR, SR, and ©.

Begin
Initialize I}t = {Iygr}.
Initialize a set SR’ with the abstract services in SR.
Initialize a set S = 0.
Seek for an abstract service Iag, — Oag, € SR’ where I AS), c® I[‘]*' R
if the abstract service Ia5, — Oags, exists then
if Oas, ¢ I/ then
Ijp = I U{Oas, }-
end if
SR = SR — {Ias, — Oas, }-
S=5u {IASh — OASh}.
Gotoh
if OUR ge I;R then
Perform a semantic matching between the inputs and outputs of the AS contained in S.
Find a set of ¢ feasible abstract composition plans ACP = {ACP,--- ,ACPF,}.
16: end if
17: end if
18: End

Outputs: A set of ¢ feasible abstract composition plans ACP = {ACP;,--- , ACF,}.

— = e e
Uk @ 2

stract composition plans resulting from the previous phase, enabling the finding of multiple
suboptimal compositions in a reasonable computation time (see Algorithm 4.3). The LAHC
method is a greedy algorithm characterized by a simple implementation that requires few
tuning parameters and a move acceptance strategy to avoid local optima [99]. In the context
of service composition and for each abstract composition plan ACP; (1 < j < g), this phase
starts with a randomly generated composition C)rptia = (pos{b, oo posit o posfﬁ, . S) where
pos?® represents the index of the b concrete service of the e abstract service in the j ab-
stract composition plan ACP;. The following parameters are then initialized: the move step
stepgize, the history length Lh, the counter of no-improving iterations L;g., and the maximum
number of iterations Max;;. The current best composition is initialized as the initial compo-
sition BestC; = Cjnitial, and its utility value F'(BestC;) is calculated using formula (4.10)
(lignes 7 to 8 of Algorithm 4.3). Then, a utility history list Fp;s of length Lh is initialized us-
ing the utility value of the current best composition Fi;s = (F(BestC;)', -, F(BestC;)™")
(ligne 9). At each iteration it, the current best composition BestC} is iteratively updated by
applying the move step steps;.. to produce a neighboring solution C;x using the following
formula (ligne 11):

Cjn(it) = BestC;(it) + stepsize X T (4.16)

where the move step steps;.. is a constant and r is a randomly generated number in the

interval [1,nbg,;], nbg,; is the number of concrete services in the et abstract service of the

j'" abstract composition plan. This neighboring composition C;y (it) at iteration it is then
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accepted or rejected for evolution in the next iteration based on the idea of the late acceptance
(lignes 18 to 24). More precisely, the neighboring composition C;y(it) is accepted when its
utility value F'(C;n)(it) is higher than that of the current best composition F(BestC;)(it) or
the utility value stored in the history list at the index corresponding to Lh iterations earlier

Vb, which is calculated as follows:
Vb =it mod lh (4.17)

Finally, the parallel service selection and composition phase of the HCFDSSC algorithm
terminates when no further improvement is observed in the current best composition. This
situation is detected by calculating the number of consecutive no-improving iterations I;ge.
The algorithm stops automatically when I;3. achieves 2% of the maximum number of it-
erations and the composition with the highest utility value obtained during the evolution
process is retained as the best composition. Subsequently, the function BestUtilC' is used
to return the suboptimal composition SubOptimalC by identifying the composition with the
highest utility among those generated from the g abstract composition plans AC'P (ligne 29).

The ESFDSSC approach uses the ES method that can provide all possible solutions
for a given problem (see Algorithm 4.4). The choice of this method is motivated by its effi-
ciency in finding the optimal solution in the case of small-scale problems. The ES method is
used in parallel on the resulting abstract composition plans ACP; (1 < j < ¢) to find their
corresponding best composition BestC; (lignes 3 to 8 of Algorithm 4.4). The utility values
of these compositions are calculated using formula (4.10). Then, the function BestUtilC' is
applied to produce the suboptimal composition SubOptimalC' by identifying the composition
having the highest utility among the resulting best compositions (lignes 9). The parallel ser-
vice selection and composition phase of the ESFDSSC approach is summarized in Algorithm
4.4.

4.3.3 Failure recovery ability of approaches

With the dynamic nature of the IoT environment, service failure is one of the most critical
issues that can result from the disappearance or unavailability of concrete services existing in
the service repository, and those belonging to the final sub-optimal composition, making the
latter no longer acceptable. Consequently, efficient failure recovery mechanisms are required
to maintain composition stability and accuracy while preserving minimal composition time.
The parallel delivery of multiple compositions that functionally meet the same user’s request
is a promising approach that offers alternative compositions to replace the failed one in the
case of service failure. Specifically, rather than relying on a single composition solution, the

proposed HCFDSSC and ESFDSSC approaches simultaneously maintain multiple abstract
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Algorithm 4.3 Parallel service selection and composition phase of the HCFDSSC approach.
Inputs: ACP, ©, Lh, stepgize, Max;

1: Begin
2: ListBestC = ().
3: for j=1:qdo

4: it = 1.
5: Ligie = 0.
6:  Randomly generate Cjrpial-
7 Besth (Zt) = lential-
8:  Calculate F'(BestC;)(it) using formula (4.10).
9: Initialize Fp;s.
10:  while it <= Mazx; or Ly, <= Maz; x 0.02 do
11: Generate Cjy (it) using formula (4.16).
12: Calculate F/(Cjy)(it) using formula (4.10).
13: if F(CjN)(it) <= F(Besth)(z't) then
14: Ligie = Ligre + 1.
15: else
16: Ligie = 0.
17: end if
18: Calculate Vb using formula (4.17)
19: if F(Cjn)(it) > Frise(Vb) or F(C;n)(it) >= F(BestCj)(it) then
20: Besth (Zt) = CjN<it).
21: end if
22: if F(Besth)(it) > FList(Vb) then
23: Frist(Vb) = F(BestCj(it)).
24: end if
25: =1t + 1.

26:  end while

27 ListBestC = ListBestC' U {BestC}}.
28: end for

29: SubOptimalC = BestUtilC(ListBestC).
30: End

Outputs: The suboptimal composition SubOptimalC'.

composition plans ACP; (1 < j < ¢) that fulfill the same user functional requirements, each
accompanied by its corresponding solutions. This parallel maintenance of alternative plans
effectively addresses the risk of composition failure. In this case, an alternative composition
among the best compositions ListBestC' with the second-highest utility value is used to
replace the suboptimal SubOptimalC composition. This failure recovery mechanism does

not involve any additional composition time and does not disrupt the end user.

4.4 Performance study

To assess the performance of the proposed HCFDSSC and ESFDSSC approaches, different

simulation scenarios were realized using MATLAB R2019b on a machine running a 64-bit
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Algorithm 4.4 Parallel service selection and composition phase of the ESFDSSC approach.
Inputs: ACP

1: Begin

2: ListBestC =)

3: for j=1:qdo

4:  Execute the ES method to find all compositions.

5:  Calculate the utility value of each resulting composition using formula (4.10).
6:  BestC; = BestUtilC(ACP;).

7:  ListBestC = ListBestC U {BestC}}.

8: end for

9: SubOptimalC = BestUtilC(ListBestC).
10: End

Outputs: The suboptimal composition SubOptimalC'.

Windows operating system, 8 GB RAM, and an Intel Core i5-8250U processor clocked at
2 GHz. The scenarios were conducted using WSC-2008 [116] and WSC-2009 [117] datasets
that include service repositories of increasing size. Each dataset is associated with a user’s
request and an ontology that describes the inputs and outputs of concrete services using
the OWL-S language. The service repositories include the descriptions of concrete services
(i.e., their inputs, outputs, and names) along with associated QoS vectors containing four

attributes: availability, cost, reliability, and response time.

4.4.1 Baseline methods and performance metrics

The performance of the HCFDSSC and ESFDSSC approaches are evaluated in comparison
with the memetic algorithm-based indirect approach for service composition (MGA) [64]. The
MGA approach is a population-based algorithm that has been widely used as a baseline in the
domain of autonomous QoS-aware service composition. Its selection as a baseline approach
is motivated by its well-established nature, comprehensive description in the literature, and
reliance on standardized evaluation datasets and metrics. These characteristics facilitate the
reproducibility of experiments and enable consistent benchmarking, allowing researchers to
effectively assess and compare progress in the domain [65, 69, 60]. The datasets used for
evaluation contain respectively 158, 558, 572, 608, 1090, and 2198 concrete services.

The performance metrics used for the comparison between the HCFDSSC, ESFDSSC, and
MGA approaches are:

o Utility value: This metric represents the overall quality of a suboptimal composition
including both QoS and QoSM criteria. This value is calculated as the weight sum using

formula (4.10), where the equal weights are assigned to the QoS and QoSM criteria.

o Computation time: This metric reflects the execution time required by the HCFDSSC,
ESFDSSC, and MGA approaches to find the suboptimal composition.
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e (oS utility: This metric represents the overall QoS utility value of the suboptimal
composition, which is computed using formula (4.10), where a zero weight is assigned
to the QoSM criteria.

o (QQoSM wutility: This metric refers to the overall QoSM utility value of the suboptimal
composition, calculated using formula (4.10) where the weight assigned to the QoS

criteria is assumed to be zero.

o Failure recovery: This metric reflects the ability of the approach to handle service
failures, measured by the number of abstract composition plans generated by the

HCFDSSC and ESFDSSC approaches for a given service repository.

4.4.2 Simulation parameters

Table 4.4 provides the values of the simulation parameters used in the evaluation scenarios.

Table 4.4: Parameters used in simulation scenarios.

Parameters HCFDSSC ESFDSSC MGA
Population size 1 / 30
Number of simulations 10 / 10
Move step stepgize 0.7 / /
History length Lh 35 / /

4.4.3 Comparison and discussion

4.4.3.1 Utility value

This simulation scenario aims to evaluate the performance of the proposed HCFDSSC and
ESFDSSC approaches in finding a suboptimal composition compared to the MGA approach.
Figure 4.4 demonstrates that the utility values achieved by the HCFDSSC and ESFDSSC
approaches are consistently higher than that obtained by the MGA approach, across all used
datasets. This result is because the HCFDSSC and ESFDSSC approaches guarantee the
semantic satisfaction of the user’s functional requirements through the use of the functional
dependencies model that is primarily designed to capture and preserve the semantic of the
data. In particular, the attribute closure algorithm used in the proposed approaches ensures
obtaining feasible abstract composition plans that align with the user’s functional require-
ments. Additionally, in the case of the HCFDSSC approach, the effective choice of a move
step employed by the LAHC algorithm during the parallel service selection and composition
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phase, enables the iterative discovery of compositions with higher utility values. Further-
more, the late acceptance method allows to deeply explore the search space, avoiding thus
the local optima, i.e., the evolved compositions are accepted not only based on those obtained
in the previous iteration but also rely on the best compositions found in several iterations
earlier. In the case of the ESFDSSC approach, the employed parallel search method finds
the optimal composition for each resulted abstract compositions plan and the composition
having the height utility value among them is then returned. Unlike the HCFDSSC and
ESFDSSC approaches that use deterministic methods to fulfill the user’s functional request
and avoid local optima, ensuring high-quality compositions, the MGA approach relies on a
random matching and stochastic evolution. This explains why the utility values obtained
by the MGA approach are significantly lower than those produced by the HCFDSSC and
ESFDSSC approaches. Note that, the utility value obtained by the ESFDSSC approach
is greater than or equal to that found by the HCFDSSC approach. This result is due to
the fact that the ESFDSSC approach uses an exact method that allows finding the optimal
composition for each abstract composition plan, whereas the HCFDSSC approach employs

a greedy algorithm that finds a suboptimal composition.
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Figure 4.4: Utility value versus the service repository size.
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4.4.3.2 Computation time

The objective of this simulation scenario is to assess the effectiveness of the HCFDSSC
and ESFDSSC approaches in terms of computation time compared to the MGA approach.
Figure 4.5 shows that the HCFDSSC and ESFDSSC approaches require much lower com-
putation time than the MGA approach to find the suboptimal composition. This can be
explained by two reasons. First, unlike the MGA approach that explores a large search
space, the HCFDSSC and ESFDSSC approaches operate over a significantly smaller and
more targeted search space. This efficiency is made possible by the pre-processing phase
that reduces the size of the service repository, and through the attribute closure algorithm
that provides multiple abstract service plans, each corresponding to a more refined search
space. In addition, thanks to the first and second phases of the HCFDSSC and ESFDSSC
approaches, the abstract services within the generated composition plans contain a small
number of concrete services. As a result, the computation time required for the parallel
service selection and composition phase has a negligible impact on the overall computation
time, regardless of the employed algorithm (either the LAHC method or the ES method).
It is worth noting that the exhaustive search used by the ESFDSSC approach is an exact
method, i.e., its computation time increases when the number of concrete services in each
abstract service of the composition is high, or when the abstract composition plans include
a large number of the abstract services. This explains why, in most of datasets, the com-
putation time obtained with the HCFDSSC approach is lower than that obtained with the
ESFDSSC approach.

4.4.3.3 QoS utility

This simulation scenario is realized to evaluate the efficiency of the proposed HCFDSSC
and ESFDSSC approaches in terms of QoS utility in comparison to the MGA approach.
Figure 4.6 demonstrates that the QoS utility values of the compositions provided by the
HCFDSSC and ESFDSSC approaches are significantly higher than that obtained with the
MGA approach. Indeed, the first two phases used by the HCFDSSC and ESFDSSC ap-
proaches result in a search space containing only concrete services that have the potential
to offer compositions with high QoS. Furthermore, the QoS utility values of the obtained
compositions are influenced by the effectiveness of the method used in the parallel service se-
lection and composition phase. This explains why the QoS utility values of the compositions
obtained by the exact method used in the ESFDSSC approach are higher compared to that
found by the greedy algorithm exploited in the HCFDSSC approach. This result highlights
the advantages of the guided optimization process adopted in the proposed approaches over

the random process adopted by the MGA algorithm that results in a lower QoS utility values.
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Figure 4.5: Computation time versus the service repository size.

4.4.3.4 QoSM utility

This simulation scenario is conducted to assess the performance of the proposed HCFDSSC
and ESFDSSC approaches in terms of QoSM values compared to the MGA approach. Fig-
ure 4.7 shows that the QoSM utility values of compositions obtained by the HCFDSSC and
ESFDSSC approaches are higher than that achieved by the MGA approach across most
datasets. This result is because the attribute closure algorithm used in the HCFDSSC and
ESFDSSC approaches guarantees that the evolved compositions satisfy the functional user’s
request, providing high QoSM values. Conversely, the MGA approach relies on a random
process to determine whether a composition satisfies the functional user’s request, leading to
a fluctuation of the results in terms of QoSM values. Figure 4.7 also demonstrates that the
QoSM utility value provided by the ESFDSSC approach is higher than that obtained with
the HCFDSSC approach, except for the dataset having 608 concrete services. In fact, the
decrease in terms of the QoSM value shown by the ESFDSSC approach is compensated by
an increase in the QoS value (see Figure 4.6), resulting in an overall utility value that still
better than that obtained in the case of the HCFDSSC approach.
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Figure 4.6: QoS utility versus the service repository size.

4.4.3.5 Failure recovery ability evaluation

This simulation scenario aims to demonstrate that the HCFDSSC and ESFDSSC ap-
proaches generate several abstract composition plans for the same service repository. Table
4.5 shows that the HCFDSSC and the ESFDSSC approaches produce multiple abstract com-
position plans for most datasets. As a result, backup compositions are stored to deal with
service composition failure by directly replacing the suboptimal composition where no further
execution time is needed. Note that, in some cases, as for the service repository having 158
and 608 concrete services, the HCFDSSC and the ESFDSSC approaches find one and only one
abstract composition plan. This result is not related to the performance of the HCFDSSC
and ESFDSSC approaches but depends on the existence of a possible semantic matching

between the user’s request and the abstract services available in the service repository.

4.5 Conclusion

This chapter proposes two functional dependencies-based failure recovery approaches for
autonomous QoS-aware service composition (HCFDSSC and ESFDSSC). The HCFDSSC
and ESFDSSC approaches operate on promising small-scale search spaces thanks to their

pre-processing and feasible abstract plans construction phases that allow to reduce the com-
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Figure 4.7: QoSM utility versus the service repository size.

putation time considerably. The performance study shows the efficiency of the proposed
approaches in finding suboptimal composition with considerably high quality in terms of
QoS, QoSM, and utility value combining both metrics while minimizing the computation
time. The effectiveness in terms of utility value and QoS is due to the attribute closure algo-
rithm that provides several abstract composition plan that semantically satisfy the functional
user’s request, whereas the employed LAHC algorithm and exhaustive search method en-
sure selecting high QoS suboptimal compositions. Additionally, the employed pre-processing
phase and feasible abstract plans construction phases allow maintaining a reduced semantic

search space with a small number of promising semantic concrete services, which explains

Table 4.5: Number of abstract composition plans generated by the HCFDSSC and the
ESFDSSC approaches.

Dataset Number of abstract composition plans
Dataset-1 (158) 1

Dataset-2 (558) 20

Dataset-3 (572) 21

Dataset-5 (608) 1

Dataset-6 (1090) 22

Dataset-7 (2198) 100
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the low composition time of the proposed approaches. The number of abstract composition
plans generated by the HCFDSSC and ESFDSSC approaches demonstrates their failure re-
covery ability, as they offer a substitution mechanism for directly replacing the suboptimal

composition in the case of service failure.
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Chapter 5

Conclusion and future search

directions
Contents
5.1 Contribution synthesis . . . . . . . . . . ... 109
5.2 Future search directions . . . . . . . . . ... 112

5.1 Contribution synthesis

The QoS-aware service composition is a critical problem in the field of IoT, where the
aim is to combine multiple services, each offering basic functionalities, to provide a more
sophisticated service that fulfills user’s complex requirements. This problem is characterized
by several major challenges, including the simultaneous optimization of multi-conflicting QoS
properties, the satisfaction of user-defined constraints, the consideration of semantic aspects,
and the assumption of the prior existence of an abstract composition plan. These issues limit
the large-scale applicability of existing approaches and require innovative algorithms that
can address as many challenges as possible at the same time.

To address these challenges, three contributions are proposed in this thesis. The first con-
tribution conducts a systematic literature review on autonomous and plan-based QoS-aware
service composition approaches that have been proposed in the last decade. Existing surveys
often focus on plan-based or autonomous approaches, limiting their scope to specific technical
aspects. In contrast, the first contribution of this thesis introduced a comprehensive review
with a two-layered taxonomy for a broader classification of (QoS-aware service composition
approaches. At the top layer of the taxonomy, the QoS-aware service composition approaches
have been classified into two classes based on their reliance on a predefined abstract compo-

sition plan: (1) plan-based QoS-aware service composition approaches and (2) autonomous
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QoS-aware service composition approaches. In the second layer, plan-based QoS-aware ser-
vice composition approaches have been categorized into two sub-categories based on their
underlying search space exploration strategy: (i) sequential exploration-based approaches
and (i7) parallel exploration-based approaches, whereas autonomous QoS-aware service com-
position approaches are categorized into two sub-categories based on their employed strategy
for finding semantically feasible compositions: (%) all matching-based approaches and (47) ran-
dom matching-based approaches. Additionally, a comparison of plan-based QoS-aware ser-
vice composition approaches has been conducted considering criteria such as solving method,
search space exploration methods, population size reduction strategy, and scalability degree.
The autonomous QoS-aware service composition approaches have been compared based on
their methodology for ensuring semantically correct compositions, solving method, utility
value combining QoS and QoSM, failure recovery mechanism, and automatic generation of
an abstract composition plan. An analysis and discussion of our findings is also conducted
to address five research questions: R(Q1— What are the primary classification criteria for
QoS-aware service composition approaches? According to this question analysis, 62% of ap-
proaches are plan-based QoS-aware service composition approaches and 38% are autonomous
QoS-aware service composition approaches. RQ)2— Can secondary criteria refine the initial
classification categories? Based on the analysis conducted for this question, 69% of the plan-
based approaches rely on a sequential exploration-based search space strategy, while 31%
of approaches use a parallel exploration-based strategy. In addition, 69% of the reviewed
autonomous (QoS-aware service composition approaches employ random matching strategy,
whereas 31% adopt all matching strategy. R(Q3— What methods are commonly employed
to solve the QoS-aware service composition problem? Accounting for this question analysis,
88% of the investigated approaches have used computational intelligence-based optimiza-
tion methods to solve the QoS-aware service composition problem, while only 12% exploited
exact methods. RQ4— What performance metrics are commonly used to evaluate these ap-
proaches? With respect to this question analysis, the performance of investigated QoS-aware
service composition approaches is validated using several metrics, including composition time,
utility value in terms of QoS, and utility value combining QoS and QoSM. These metrics are
respectively used by 83%, 95%, and 5% of the approaches reviewed in this thesis. RQ5—
What datasets are used to assess the performance of the investigated approaches? According
to the analysis conducted for this question, 26% of the studied QoS-aware service composition
approaches assess their performance using experimental datasets, whereas 74% of approaches
employ real-world datasets. Furthermore, the analysis highlights several shortcomings of the
studied approaches such as the lack of semantic matching consideration, the assumption of
prior existence of an abstract composition plan, increased composition time, limited compo-
sition quality, the use of a fixed population size, and the exclusion of the QoSM metric from

the evaluation of the overall utility value of compositions. These findings highlight the need
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for novel and efficient approaches, which motivates the subsequent contributions of this thesis.

Building on these insights, the second contribution introduces the Parallel Differential
Evolution-based approach with population size reduction for QoS-aware Service Composi-
tion (PDE-QSC). This approach has been proposed to overcome the limitations of both
sequential and parallel exploration-based approaches in terms of computation time and com-
position quality. As with most QoS-aware service composition approaches in the literature,
this contribution assumes the prior existence of a predefined abstract composition plan. The
PDE-QSC approach splits the initial population of compositions into two parallel-evolving
sub-populations to reduce the composition time required to find the suboptimal composition,
while simultaneously enhancing the composition quality. Each composition sub-population
undergoes different evolutionary processes including mutation strategy, crossover strategy, se-
lection process, and an adaptive parameter tuning mechanism. After evolving independently,
the two sub-populations are combined into a single population to increase the diversity of
the population, which prevents convergence to local optima and guarantees a wider explo-
ration of the search space. To further improve performance in terms of composition time
and overall QoS, the PDE-QSC approach incorporates a linear reduction strategy that adap-
tively decreases the population size by eliminating unpromising compositions. This strategy
ensures a shorter computation time and allows the focus on the most potential compositions,
contributing to a more efficient and effective composition process. Experimental results
demonstrate that the PDE-QSC approach outperforms five baseline approaches by achieving
a good balance between overall QoS and composition time. More specifically, the perfor-
mance improvement of the PDE-QSC approach in terms of composition quality compared to
sequential exploration-based approaches can be up to 64%, and up to 60% compared with
parallel exploration-based ones while maintaining a reasonable composition time. This makes
the proposed approach particularly suitable for large-scale IoT environments, where the num-

ber of concrete services and the complexity of the composition process may be extremely high.

The third contribution addresses complementary challenges that remained unresolved ac-
cording to the insights gained from the first and second contributions, particularly the lack of
semantic consideration and the assumption of the prior existence of an abstract composition
plan. The third contribution introduces database concepts-driven approaches for autonomous
QoS-aware service composition (HCFDSSC and ESFDSSC) to address the aforementioned
limitations. Unlike existing all-matching and random matching semantic QoS-aware service
composition approaches, the proposed approaches are designed to identify suboptimal compo-
sitions that meet both QoS and QoSM requirements, while significantly reducing composition
time. The HCFDSSC and ESFDSSC approaches are carried out into three phases: (i) pre-

processing, (ii) feasible abstract plans construction, and (i) parallel service selection and
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composition. Their main novelty lies in the use of functional dependencies, a fundamental
concept from relational database theory, to model the services while capturing semantic con-
straints and ensuring the semantic feasibility of the compositions. The proposed approaches
operate on a reduced semantic composition search space that is carefully constructed during
the first two phases. The latter avoid additional composition time by focusing only on the
most promising semantic concrete services, substantially decreasing the composition time
required to find suboptimal compositions. The performance study demonstrates the effec-
tiveness of the proposed approaches in finding suboptimal compositions on several evaluation
criteria, including composition time, QoS, QoSM, and a utility value combining both met-
rics. For instance, the HCFDSSC approach outperforms the baseline approach by more than
84% in terms of combined utility value and by 90% in terms of composition time. Similarly,
the ESFDSSC approach achieves improvement of over 103% and 87%, in terms of combined
utility value and composition time, respectively. These performance gains are attributed to
the reduction of the search space, the use of the functional dependencies model, and the
parallel service selection and composition algorithms integrated within the HCFDSSC and
ESFDSSC approaches. Another strength of the proposed approaches is their robustness in
the presence of service failures where they can replace a suboptimal composition with an
alternative solution, guaranteeing continuous service delivery without significant interrup-

tions.

5.2 Future search directions

In this thesis, we not only outline the attractive challenges in the context of QoS-aware
service composition, but also provide guidance on how to solve these challenges using recent

and effective techniques. The future search directions are described as follows:

Towards multi-requesting optimization for concurrent QoS-aware service
composition: The increasing number of users’ requests with identical functional require-
ments (i.e., requests targeting the same abstract composition plan) highlights a critical yet
rarely addressed research challenge in QoS-aware service composition, which is the effective
handling of concurrent requests. Solving this problem comes up against several issues that
negatively impact the composition quality and composition time. First, congestion problems
arise due to competition for access to shared services, resulting in increased response time and
latency. Second, the devices offering services are characterized by a limited energy capacity,
and their simultaneous use by multiple requests can lead to failures during the composition
process. Finally, the uncertainty of QoS properties increases due to the concurrent use of
services and inter-blockage scenarios, which can be very frequent. Multitasking optimization

methods [138] are recent methods that can effectively address the problem of QoS-aware
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service composition with multiple concurrent requests especially since some methods include
mechanisms that can detect and prevent the outlined challenges. In the context of service
composition, multiple concurrent requests can be molded as a multiple tasks optimization
problem that can be solved in parallel, where each task represents a user’s request. Each
request is associated with its own search space, a randomly generated population of compo-
sitions, and a utility function for their evaluation. The compositions of each request evolve
simultaneously and independently from those of other concurrent requests. A global utility
function, referred to as a skill factor, is then used to evaluate the compositions of each re-
quest with respect to the remaining requests. This evaluation allows for the use of shared
knowledge across the compositions associated with each request, thus simultaneously finding

the suboptimal composition for each request in a minimal composition time.

Autonomous QoS-aware microservice composition for next-generation sys-
tems: The ecosystems that have been developed as a single entity over time often become
large and complex, making them difficult to maintain, scale, or adapt to evolving require-
ments. To address these challenges, many organizations are progressively migrating toward
microservice architecture as part of modernization strategies to improve maintainability, scal-
ability, and ensure high availability [139]. The microservice paradigm addresses the growing
complexity of large-scale systems by decomposing the services into a set of small indepen-
dent units, each focusing on a specific functionality [140]. Microservices are autonomous
and decentralized units with diverse semantic descriptions, complicating service discovery
and interoperability. With the exponential increase in the number of microservices, new
challenges emerge, particularly in terms of semantic matching, discovery, and failure recov-
ery. This creates a critical need for advanced methods to refine ontologies and improve
semantic matching between services. In this context, Natural Language Processing (NLP)
[141], and recently Large Language Models (LLMs) [142] offer an attractive solution for ana-
lyzing, interpreting, and inferring meaning from unstructured service descriptions, achieving
more accurate semantic matching and improved discovery of microservices. Furthermore, the
stochastic nature of IoT environments introduces additional challenges, including service fail-
ures, disappearances, and the emergence of new microservices. To address these challenges,
an important line of research is to develop self-healing autonomous QoS-aware microservices
composition approaches. A promising direction in this regard is the integration of digital twin
technology [143] with artificial intelligence techniques. Digital twins create virtual represen-
tations of microservices and abstract composition plans, continuously supplied with real-time
data. Based on the continuous monitoring of these data, artificial intelligence methods can
be employed to detect anomalies, predict failure, and anticipate recovery solutions, enabling

more resilient and autonomous microservice compositions.
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Blockchain-assisted QoS-aware service composition for reliable IoT environ-
ments: [oT services are distributed software components located in different geographical
areas, coordinating with each other via inputs and outputs to ensure the composition pro-
cess. These interactions generate massive amounts of data that are vulnerable to loss, mod-
ification, or malicious attacks, requiring efficient and secure transfer mechanisms between
services. Given the sensitive nature of these exchanges, integrating a secure mechanism into
the autonomous QoS-aware service composition to ensure reliable data transfer is a criti-
cal challenge. To address this challenge, the Blockchain technology [144] has emerged as a
promising solution to guarantee the security of data transfer during the service composition
process. In this perspective, each transaction (i.e., input/output data transfer) is stored in
a block, which is then added to the blockchain. Once validated, the block can no longer
be altered, thus ensuring data reliability. To better illustrate this approach, let us consider
an online payment composite service including three abstract services: authentication, pay-
ment, and notification. First, a suboptimal composition C' = {C'S,, C'S,, C'S,.} is generated
using a computational intelligence-based method (e.g., genetic algorithm). In this scenario,
the service C'S, performs the authentication and produces output data O¢cg,. To ensure a
reliable data transfer, a digital hash Hash(Og¢g,) is first generated for the output data of the
authentication service C'S,. This hash is recorded in a blockchain smart contract and serves
as a verifiable proof of the data’s integrity. The output data O¢g, is then transmitted to the
payment service C'S,, which in turn generates a new digital hash for the received data and
queries the blockchain to check that this hash matches the hash Hash(Oc¢g,). Once the veri-
fication succeeds, the output data O¢sg, is accepted as valid input data I¢g, for the execution
of the payment service C'S,. Upon execution, this service produces its output data O¢g,,
generates the corresponding hash Hash(Ocs, ), and records this hash in the blockchain smart
contract before transmitting the output data O¢g, to the notification service C'S,. Following
the same integrity verification mechanism, the notification service C'S,, computes the hash
of O¢g,, compares it with the hash Hash(O¢g,) stored in the blockchain smart contract,
and if the verification succeeds, processes O¢g, as valid input data I¢g,. This data transfer
mechanism allows for ensuring end-to-end data integrity through the execution of the service

composition process.

Managing uncertain data in QoS-aware service composition: in IoT environ-
ments, numerous concrete services could be characterized by uncertain inputs and outputs,
which introduces additional complexity to the autonomous service composition problem. This
uncertainty can be attributed to several sources. First, the uncertainty may be caused by
data variability. For instance, [oT sensors often produce fluctuating or incomplete data due
to environmental changes. Second, uncertainty can result from the heterogeneity of data for-

mats adopted by concrete services such as eXtensible Markup Language (XML), JavaScript
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Object Notation (JSON), or binary formats, which complicates their interoperability. The
lack of standardization further contributes to the uncertainty of input and output data. An
important challenge lies therefore in developing robust approaches able to generate reliable
compositions in the presence of uncertain input and output data, handle multi-conflicting
QoS properties, and consider semantic information, while autonomously performing the ser-
vice composition process. Several approaches can be investigated to solve this problem, in
particular, the use of probabilistic models such as Bayesian networks [145] or Markov models
[146] to capture the uncertainty of input and output data provided by semantic concrete ser-
vices and predict the resulting service compositions. Furthermore, machine learning models
such as meta-learning [147] can be used to predict missing or uncertain input and output

values based on historical data.
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Abstract

The rapid growth of the Internet of Things (IoT) has led to the proliferation of services, making Quality of Service (QoS)-aware service
composition a critical challenge. This thesis addresses this issue through three complementary contributions. The first contribution
presents a systematic literature review of QoS-aware service composition approaches, introducing a two-layered taxonomy that distin-
guishes between plan-based and autonomous approaches. This review identifies key limitations in the state-of-the-art, such as the lack
of semantic matching consideration, the assumption of a prior existence of an abstract composition plan, limited scalability, and the use
of fixed population sizes. These findings highlight the need for more efficient and adaptive approaches. To overcome these issues, the
second contribution proposes the parallel differential evolution-based approach with population size reduction for QoS-aware services
composition (PDE-QSC). By evolving two parallel sub-populations with distinct strategies and adaptively reducing population size,
the PDE-QSC approach improves the composition quality and computation time compared to five baseline approaches. However, this
approach still relies on the existence of an abstract plan and does not account for the semantic matching aspect. The third contribution
addresses these remaining limitations by introducing two database concepts-driven approaches for autonomous QoS-aware semantic
service composition (HCFDSSC and ESFDSSC). The proposed approaches leverage functional dependency theory to ensure semantic
feasibility, reduce the search space, achieve fault tolerance in the case of service failures, and generate high-quality compositions. This
thesis advances QoS-aware service composition in IoT by linking plan-based optimization and autonomous semantic approaches, opening
new perspectives for scalable, adaptive, and resilient service systems.

Keywords: Quality of Service (QoS), Service selection, Quality of Semantic Matching (QoSM), Autonomous service composition,
Multi-population Differential Evolution, Population size reduction, Functional dependencies, Semantic services composition.

Résumé

La croissance rapide de I'Internet des objets (IoT) a entrainé une prolifération des services, faisant de la composition de services tenant
compte de la qualité de service (QoS) un défi majeur. Cette theése aborde cette question a travers trois contributions complémentaires.
La premiére contribution présente une revue des approches de composition de services tenant compte de la QoS, en introduisant une
taxonomie & deux niveaux qui distingue les approches basées sur un plan et les approches autonomes. Cette revue identifie les principales
limites de 1’état de ’art, telles que I’absence de prise en compte de la correspondance sémantique, I’hypothése de I’existence préalable
d’un plan de composition abstrait, la scalabilité limitée et 1'utilisation de populations a tailles fixes. Ces constats soulignent la nécessité
d’approches plus efficaces et adaptatives. Pour pallier ces problémes, la deuxiéme contribution propose une approche parallele basée sur
I’évolution différentielle avec réduction de la taille de la population pour la composition de services tenant compte de la QoS (PDE-
QSC). En faisant évoluer deux sous-populations paralléles avec des stratégies distinctes et en réduisant de maniére adaptative la taille
de la population, I'approche PDE-QSC améliore la qualité de la composition et le temps de calcul par rapport & cinq approches de
référence. Cependant, ’approche PDE-QSC repose toujours sur ’existence d’un plan abstrait et ne tient pas compte de la correspondance
sémantique de services. La troisieme contribution remédie & ces limitations en introduisant deux approches basées sur des concepts de
base de données pour la composition sémantique autonome de services avec prise en compte de la QoS (HCFDSSC et ESFDSSC). Les
approches proposées s’appuient sur la théorie des dépendances fonctionnelles pour garantir la faisabilité sémantique, réduire ’espace de
recherche, assurer la tolérance aux défaillances de services et générer des compositions de haute qualité. Cette theése fait progresser la
composition de services tenant compte de la QoS dans I'IoT en reliant I'optimisation basée sur des plans et les approches sémantiques
autonomes, ouvrant ainsi de nouvelles perspectives pour des systémes de services évolutifs et adaptatifs.

Mots Clée : Qualité de service (QoS), Sélection de services, Qualité de la correspondance sémantique (QoSM), Composition autonome
de services, Evolution différentielle multi-population, Réduction de la taille de la population, Dépendances fonctionnelles, Composition
sémantique de services.
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