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Wireless sensor networks (WSNs) have become a highly active research today. Their applicability can be seen diverse domains: environmental and habitat monitoring, military surveillance, industrial process controlling, aquatic environment observing, natural disaster prevention, etc. In general, a WSN consists of a large number of small sensing self-powered autonomous nodes (sensors) that collect information about the monitored phenomenon. The sensors send the collected data, via wireless communication, to a sink node either directly or through intermediate nodes. Sensor nodes are very small devices with limited resources such as memory, battery and computation power. Therefore, the main factor affecting nodes' lifetime is their limited battery energy, which usually highly depends on data sensing and transmission power consumption. In addition, in many applications, the sensor nodes are scattered in dangerous or inaccessible areas and left unattended. Thus, replenishing or replacing their battery is extremely difficult if not impossible. Hence, reducing the energy consumption in sensor networks is the major challenge for research in order to increase network lifetime.

In this thesis, we are interested in the periodic data collection model in WSN, which we call periodic sensor networks (PSNs), based on the clustering architecture of the network. In such network, each sensor node monitors the given area and sends its collected data periodically (at each period) to the sink via its proper cluster-head (CH). Consequently, PSN faces two major challenges. First, it offers a great amount of collected data and thus enables complex data analysis for decision makers. Second, the energy of sensors will be depleted quickly due to the huge volume of data collection and transmission. Therefore, researchers' strategies are often targeted to minimize the amount of data retrieved/communicated by the network without considerable loss in fidelity. The goal of this reduction is first to increase the network lifetime, by optimizing energy consumption of the limited battery for each sensor node, and then to help in analyzing data and making decision. In 1
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INTRODUCTION 1. GENERAL INTRODUCTION

Recently, Wireless Sensor Networks (WSNs) have been defined, according to MIT Technology Review, one of 10 emerging technologies that will change the world [START_REF] Brody | 10 emerging technologies that will change the world[END_REF]. Therefore, they have attracted a great attention of researchers and they have become one of the most interesting areas of research in the few years. Typically, a WSN is composed of a huge number of distributed sensor nodes with the aim of monitoring a physical condition from remote locations. As sensor node is defined as small, low-cost and limited resources device that communicates wirelessly and has the capabilities of sensing, processing, storing and sending collected data. Currently, a huge number of WSNs have been deployed in a variety of fields for many purposes such as environmental monitoring, productivity improving, enhanced safety and security, precision agriculture and food improving, healthcare surveillance, aquatic environments monitoring, disasters prevention, etc. Therefore, various kinds of sensors have been proposed to collect different types of data such as chemical, optical, thermal, biological, acoustics, aerial, etc.

Depending on application requirements, data collection in WSNs can either be triggered by external sources, such as queries to get a snapshot view of the network, or events when they appear, or periodic monitoring without any external triggering [START_REF] Ozlem | Scheduling algorithms for tree-based data collection in wireless sensor networks[END_REF][START_REF] Mahammad | Optimal converge cast methods for tree-based wsns[END_REF]. In this thesis, we focus on the last model of data collection, i.e. periodic reporting data collection, which it is called periodic sensor networks (PSNs). Sensors in such networks collect data from target area on a periodic basis and then forward them toward a specific node "the sink" at the end of each period. Such types of networks are very suitable for many applications that need continuous real-time data collection for analysis and decision purposes. On the other hand, a lot of research proposed recently have considered clustering as the most useful architecture for many applications in WSNs; in most scenarios of WSNs, a massive deployment of sensor nodes is required, thus, makes the communication management in the network is very difficult. Indeed, clustering can reduce the overall communication cost, ensure the network scalability, ensure energy efficient in finding routes and it is easy to manage. Hence, this thesis is mainly dedicated to the periodic sensor networks based on the clustering architecture.

Currently, researchers attention is focused to the most critical constraint in PSNs: The energy consumption. Mostly, sensor nodes have a non-renewable power supply and, once deployed, must work unattended. Therefore, limited energy available in the sensors must be used effectively in order to increase the network lifetime as long time as possible. It is shown that data transmission in WSNs is a very expensive operation in terms of energy consumption and it consumes the most energy in the sensors [START_REF] Raghunathan | Energy aware wireless microsensor networks[END_REF][START_REF] Anastasi | Energy conservation in wireless sensor networks: A survey[END_REF]. In addition, PSNs generate a large amounts of data communication, due to their periodic manner in data collection, which drains quickly the energy in the network. Therefore, to address the energy constraint, research efforts have been done today to design efficient data management techniques for PSNs. The main objective of such techniques is
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to reduce the amount of data collected/transmitted in the network thus, minimizing the energy consumption and improving the network lifetime. Furthermore, data reduction in data management techniques can help the decision makers in analyzing data in order to better understand the monitored phenomenon, while guaranteeing the integrity of data.

In this thesis, we propose energy-efficient data management techniques dedicated to periodic sensor networks (PSNs) based on clustering architecture. More specifically, we focus on data collection, data aggregation and data correlation in PSNs with the main goal of extending the network lifetime. We are interested in studying data generated in the network in order to reduce the volume of data sent to the sink. We propose several techniques that manage data collected/transmitted in each cluster, where appropriate algorithms have been applied at sensor node and cluster-head (CH) levels. Our proposed techniques are validated via simulations on real sensor data and comparison with other existing data management techniques. The results show that the effectiveness of our techniques in terms of improving the performance of the network and extending its lifetime, while taking into account the requirements of the monitored application.

MAIN CONTRIBUTIONS OF THIS THESIS

The main contributions in this thesis concentrate on designing energy-efficient data collection, data aggregation and data correlation techniques for cluster-based PSNs.

A) Data Collection: Sensors are typically deployed to gather data about the monitored environment and transmit them at a fixed periodicity to the sink node. Indeed, data collected are highly dependent on how fast the physical condition or process varies and what intrinsic characteristic need to be captured. Consequently, redundant data may be collected and forwarded from a sensor node to the sink during consecutive periods. Hence, data management in PSNs should include efficient data collection techniques for an energy efficient use of the sensors. One of the fundamental mechanism for energy optimization and data reduction in periodic data collection is the adaptive sampling approach. The objective of such approach is to allow each sensor node to adapt dynamically its sampling rate according to the dynamics of the monitored environment. This reduces the amount of redundant data collected and minimizes the activity of the sensor's radio (hence saving energy) while maintaining sufficiently high quality and resolution of the collected data to enable meaningful analysis.

In this thesis, we propose an adaptive sampling approach for energy-efficient data collection in PSNs. The proposed technique allows each sensor node to adapt its sampling rate based on the dependence of conditional variance of readings that varies over time. We study three different statistical tests (Fisher, Tukey and Bartlett) based on the one-way ANOVA model while taking into consideration the residual energy of each node. Otherwise, monitored applications have not the same critical level thus, we cannot adapt the sampling rate of the sensor node in the same manner for all applications; in other words, application with high risk level requires more collected readings from the sensor than that with low risk level in order to maintain a high quality of the collected data. Therefore, in order to define the application criticality classes, we use an existing multiple level activity model [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF] that uses behavior functions modeled by modified Bezier curves to allow for sampling adaptive rate.

B) Data Aggregation: Due to random and dense deployment of the network, sensor nodes provide a high redundancy in sensed data. Furthermore, the power consumption is at the highest level when sending and receiving messages thus, the volume of data transmission must be minimized. Therefore, a huge effort in research works have made on the data aggregation in sensor networks in the last decade.

The objective of such technique is to eliminate redundancy and minimize the number of transmissions to the sink, thus saving energy and improving network lifetime. Indeed, data aggregation takes more attention in cluster-based PSNs; since data collected in each period are usually redundant, sensor node must eliminates the redundancy among raw data before sending them to its CH; on the other hand, CH should remove redundant data generated by neighboring nodes before sending them to the sink.

This thesis proposes a complete data aggregation framework for cluster-based PSNs. The proposed techniques aim at eliminating redundant data generated in each cluster by proposing several aggregation algorithms for sensors and CH nodes. At the sensor level, an aggregation process allows sensor node to eliminate similar readings collected in each period. Then, it allows the sensor to remove duplicated data sets captured among successive periods in order to reduce data sets transmission to the CH. At the CH level, we propose a filtering aggregation process to allow CH to find, then eliminate, redundant data sets generated by neighboring nodes, before sending final sets to the sink.

C) Data Correlation:

Exploring inter-nodes correlation is a well-known strategy in sensor networks which helps to increase the battery life of sensor nodes. In PSNs, the densely deployment and the periodic collection of data make the correlation between sensor nodes be typically spatio-temporal. On the one hand, due to the geographical location of sensors, the generated sensory data by neighboring nodes are often spatially correlated. On the other hand, periodic data captured by sensor nodes are mostly temporally correlated. This correlation is due to the slow variation of the monitored phenomenon. As a result, temporal correlation can be detected at the sensor node level among its consecutive readings or at the CH level among readings collected by neighboring sensor nodes at the same period. Hence, exploring spatio-temporal between sensors have become an emerging topic in periodic sensor networks today where researchers have motivated to explore such correlation when designing data gathering mechanisms. Moreover, turning off redundant sensor nodes has been proven as efficient way to reduce data transmission and to improve power efficiency, without a large degradation of observation fidelity. Indeed, redundant nodes with high spatio-temporal correlation in their collected data can go to a sleep mode and in a periodic manner.

In this thesis, we study and propose an energy-aware spatio-temporal scheduling techniques for real-time data collection in clustering-based architecture periodic networks. First, we search the spatio-temporal correlation between neighboring nodes, based on the Euclidean distance, in order to exploit the redundancy existing in data collection. Then, we propose two scheduling algorithms to select a set of representative nodes in each cluster to collect and transmit data to the sink, and to set the remaining nodes in the cluster to the sleep mode. In the first scheduling algorithm, the representative nodes are chosen based on the set covering problem, while, in
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the second algorithm, they are chosen based on the correlation degree and the residual energy of the sensors.

THESIS STRUCTURE

The thesis is structured as follows:

Chapter 1: Periodic Wireless Sensor Networks: An Overview: This chapter provides an introduction to the wide field of periodic sensor networks. We present the various concepts related to its objectives, its features and the different fields of application. We also present the clustering scheme as an efficient architecture for periodic sensor networks. Furthermore, we describe the main challenges that face such networks, such energy consumption, data management, coverage, etc. Because energy is the primary challenge, we highlight, in this chapter, the importance of studying data collection, data aggregation and data correlation in order to reduce the power consumption in periodic sensor networks.

Chapter 2: Adaptive Real-Time Data Collection Model: This chapter focuses on the problem of big data collected in periodic sensor networks. We propose an efficient adaptive model of data collection for PSN in order to reduce the huge amount of collected data thus, increasing the network lifetime. The proposed approach allow each sensor node to adapt its sampling rate to the physical changing dynamics. We use one-way ANOVA model with three statistical tests (Fisher, Tukey and Bartlett), while taking into account the residual energy of the sensor. Then, since each application has its own level of criticality, we use an existing multiple level activity model that uses behavior functions modeled by modified Bezier curves to define application classes and allow each sensor for adapting its sampling rate.

Chapter 3: Energy-Efficient Data Aggregation and Transfer Protocol: This chapter is dedicated to reduce the energy cost of data transmission in sensor nodes.

We suggest a two phase data aggregation technique based on clustering approach for energy efficiency in PSN. In the first phase, called aggregation phase, each sensor searches similarities between readings collected at each period. In the second phase, called transmission phase, the sensor reduces the number of data sets sent to its CH by searching similarity between captured readings among successive periods using sets similarity functions. . We propose an efficient mechanism based on the Euclidean distance for searching the spatial-temporal correlation between sensor nodes in periodic applications.

Based on this correlation, we propose two sleep/active strategies for scheduling sensors in the network. The first one searches the minimum number of active sensors based on the set covering problem while the second one takes advantages from the correlation degree and the residual energy of the sensors when scheduling nodes in the cluster. In this thesis, we focus on a specific type of WSNs which called periodic sensor networks (PSNs). In PSN, sensor nodes collect, then send, data periodically to the end user in order to perform real time data collection for the monitored area. The first chapter in this thesis gives an overview about PSNs. First, we review a number of PSN applications via some existing examples. Then, we describe challenges faced to PSNs while highlighting the data management challenge as a real problem for such networks.

1.1/ INTRODUCTION

Currently, the world faces unprecedented challenges in environmental monitoring; the sources of environmental pollution (increasing population, urbanization, transportation, etc.) and the natural disasters (floods, earthquakes, etc.) are increasing day to day. These challenges lead to large-scale impacts on the environment, such as global warming, and might affect a large number of people. Therefore, collecting and analyzing environmental data is becoming essential for decision makers in order to avoid any potential risks in the future. Consequently, wireless sensor networks (WSNs) have attracted, especially after the nuclear disaster caused by the Great East Japan Earthquake on March 2011, a significant amount of interest from many researchers as a means of realizing phenomena monitoring in a large scale area [START_REF] Utani | A novel data gathering scheme for monitoring-oriented wireless sensor networks[END_REF]. One of the advantages of these networks is their ability to operate unattended in harsh environments in which contemporary human-in-the-loop monitoring schemes are risky, inefficient and sometimes infeasible [3].

In such networks, sensors are expected to be remotely deployed, e.g. via helicopter or clustered bombs, in a wide geographical area to monitor the changes in the environment and send back the collected data to the end user.

Nowadays, Wireless Sensor Networks (WSNs) are almost everywhere and they have become one of the innovative technologies that are widely used. They are exploited for thousands of applications such as environment, industrial, agriculture, water and ocean monitoring, health-care, etc. Constantly, WSN is built of "sensor nodes" from a few to several hundreds or even thousands which are responsible for monitoring a sensor area 29 and transmit data back to a collection point called 'sink'. In this network, each sensor node is capable of performing sensory information, processing and communication with each others in the network without wires.

Depending on application requirements, data collection in WSNs can be categorized into three different models: query-driven model, event-driven model, or time-driven model. In query-driven model, sensor nodes send back their data in response to a received query generated by the sink in order to get a snapshot view of the network. In event-driven model, sensor nodes send their data to the sink only when an event occurs such as human intruder detection [START_REF] Kumar | Wireless sensor networks for human intruder detection[END_REF], pipeline vandalisation and oil spillage [START_REF] Nweke | Wireless sensor networks based pipeline vandalisation and oil spillage monitoring and detection: Main benefits for nigeria oil and gas sectors[END_REF]. Finally, the time-driven delivery model is suitable for applications that require continuous periodic monitoring such as environmental and activity humans monitoring [START_REF] Luis | Wireless sensor networks: a survey on environmental monitoring[END_REF][START_REF] Subhas | Wearable sensors for human activity monitoring: A review[END_REF]. In this model, sensor nodes collect data of interest and forward them to the sink at constant periodic time intervals. In this thesis, we focus on the last model of data collection, periodic reporting data collection, which we will call Periodic Sensor Networks (PSNs).

The remainder of this chapter is organized as follows. Section 1.2 introduces a periodic wireless sensor network and its main objectives. Section 1.3 review a number of PSNs applications via some existing examples. In Section 1.4, we describe the clustering architecture used for PSNs. The main challenges and the data management in PSNs are presented in Sections 1.5 and 1.6 respectively. Finally, we conclude the chapter in Section 1.7.

1.2/ PERIODIC SENSOR NETWORK (PSN): A DEFINITION

By definition [START_REF] Rajagopalan | Data-aggregation techniques in sensor networks: A survey[END_REF][START_REF] Medlej | Big data management for periodic wireless sensor networks, volume Thesis at the University of Franche-Comt é[END_REF], PSN is a wireless sensor network where sensors periodically collect data about the zone of interest before sending them toward the sink. Contrarily to other types of networks, PSNs have a huge capability of ensuring a continuous real time data collection of the interest zone. Furthermore, periodic sampling data model is one of the most prominent and comprehensive ways of data collection to extract raw sensor readings [START_REF] Gedik | Asap: an adaptive sampling approach to data collection in sensor networks[END_REF][START_REF] Medlej | Big data management for periodic wireless sensor networks, volume Thesis at the University of Franche-Comt é[END_REF]. Environmental monitoring [START_REF] Luis | Wireless sensor networks: a survey on environmental monitoring[END_REF] and phenomena surveillance [START_REF] Werner-Allen | Monitoring volcanic eruptions with a wireless sensor network[END_REF] are main examples of PSNs applications where the area of interest is monitored constantly. In such applications, the common task of a sensor node is monitoring some phenomena, collecting periodically local readings of interest and relaying data toward the sink at each period. Figure 1.1 shows an example of PSN where each sensor node takes one data reading each ten minutes then send its set of collected data which contains six readings to a cluster head (CH) at the end of each hour.

1.3/ APPLICATIONS

Thanks to its capabilities of continuous monitoring of large areas, periodic sensor networks (PSNs) have attracted significant attention in many applications, such as environment, industrial, underwater, medical, etc. in such applications, the main objective of PSN is to deliver periodically real time data to the end user about the region of interest. Next, we give an overview about different PSN applications while detailing some real projects. The GAEMN project, Georgia Automated Environmental Monitoring Network, is a PSN on the purpose of monitoring the weather characteristics. In GAEMN, sensors collect data every 1 second while data are summarized and sent at every period of 15 minutes. When data are received by the sink, it process them then sends them via the internet [START_REF] Hoogenboom | The georgia automated environmental monitoring network[END_REF]. In a latter time, data are analyzed within a cyber-infrastructure system [START_REF] Li | Spatial interpolation of weather variables for single locations using artificial neural networks[END_REF]. Volcano Tungurahua [START_REF] Werner-Allen | Monitoring volcanic eruptions with a wireless sensor network[END_REF] is another project that uses a periodic sensor networks to monitor the activity of the volcano. Such networks are constructed from small microphones in order to sense the signals generated by the volcano during its eruptions. Infrasound data gathered by the network over 54 hours are forwarded to a base station at the volcano observatory placed near 9 km of the volcano. Aiming to understand the relationship between glacier dynamics and climate change, GlacsWeb project based on the sensor networks has been developed [START_REF] Martinez | Glacsweb: a sensor network for hostile environments[END_REF]. By embedding sensors inside the glacier, GlacsWeb has allowed to collect data about different glacial characteristics such as water pressure, case stress, temperature, tilt angle and resistivity. After one year of continuous monitoring with an average of 36, 078 readings for each sensor, the decision makers were able to understand how varies the climate based on the glacier dynamics.

1.3.2/ WATER AND OCEAN MONITORING

In the last decade, researchers have been motivated by two reasons to explore the aquatic environment; first, the ocean covers more than 70% of the Earth's surface while only less than 10% of its volume has been investigated; second, it is very important for many humanity purposes, such as nourishment production, transportation, defense and adventurous, etc. Therefore, researchers use sensor networks as one of the most important technologies for such type of environments. PSNs applications of aquatic environment include monitoring of water characteristics, seismic and tsunami, spillage oil, The ARGO project [115] is an example of underwater PSNs. Argo deploys more than 3000 sensors distributed over the global oceans to periodically collect salinity, temperature and velocity readings from the upper 2000 meters of depth. Every ten days, data collected by the sensors are transmitted to a satellite while the nodes are always on the surface. In [START_REF] Le Dinh | Design and deployment of a remote robust sensor network: experiences from an outdoor water quality monitoring network[END_REF], the authors deploy a small PSN constituted of 9 sensors for water monitoring in the Burdekin delta, Australia. Sensors scattered over a region of 2-3 km 2 involves periodic data such as pressure, water flow rate, and salinity then, send them to the sink node which, in turn, forwarded them to a remote site for archiving and processing. The objective of this project is to monitor the coastal region that, over extraction of water, leads to saltwater intrusion into the aquifer. Another PSN was deployed to measure vertical temperature profile at multiple points on a large water storage that provides most of the drinking water for the city of Brisbane, Australia [START_REF] Vasilescu | Data collection, storage and retrieval with an underwater sensor network[END_REF]. The data, from a string of temperature transducers at depths from 1 to 6 meters at 1 minute intervals, provide information about water mixing within the lake which can be used to predict the development of algal blooms. In [START_REF] Udo | Flood monitoring and detection system using wireless sensor network[END_REF], a flood monitoring and detection system has been developed. The system takes into account information such as humidity, temperature, water level, and amount of rainfall as flood indicators. The sensor deployed in the sensor field senses the information and transmits it to the remote station where, on crossing the threshold, the vicinities are notified through Short Message Service (SMS). The system currently covers 15 flood prone regions in Uyo metropolis in Akwa Ibom state, Nigeria. The authors in [START_REF] Yalcuk | Evaluation of pool water quality of trout farms by fuzzy logic: monitoring of pool water quality for trout farms[END_REF] have developed an application to monitor the quality of pool water for trout farms. For the growth of trout in a farm/pool, various parameters were monitored such as chemical oxygen demand, ammonium nitrogen (NH3-N), pH, and electrical conductivity (EC). The parameters were monitored for 270 days between August 2011 and April 2012. An algorithm was proposed by the authors which can display the information of the input and output of all the four pools. The comparison was made using fuzzy logic for evaluating the sensed data and notifying in the case of any critical state whenever the parameters surpass the threshold values.

1.3.3/ INDUSTRIAL MONITORING

The use of PSNs for industrial applications has attracted much attention from both academic and industrial sectors. It enables a continuous monitoring, controlling, and analyzing for the industrial processes and contributes significantly to find the best operations performance. Industrial PSN applications cover the problems of air pollution, structural condition monitoring, production performance monitoring, evaluation and improvement. For instance, continuous monitoring of pressures eliminates the need for daily visits to the wellhead to manually record gauge readings.

RealFusion project [START_REF] Mikhaylov | Wireless sensor networks in industrial environment: Real-life evaluation results[END_REF] is a good example of PSNs applications in the industrial environment. RealFusion develops two PSNs: the objective of the first one is to monitor, for one week, the amount of bulk substances in five silos in a factory. For each silo, sensors collect the amount of bulk substances once every 8 seconds then, they send the collected data with their sensing collection date to the sink node located at the factory main office.

The second network has implemented with 9 sensors in order to monitor the environment conditions, such as temperature and humidity, in an industrial warehouse for about 10 weeks. At each period of 16 minutes, each sensor collects data then send them to an access points which, in its turn, forwards them to the server located in the main office of the company. Another application for PSN in the industrial environment is developed in order to optimize the oil reservoir production [START_REF] Yi | Remote real-time monitoring system for oil and gas well based on wireless sensor networks[END_REF]. The developed network system can ensure the real time monitoring of the oil characteristics, such as temperature and humidity. Data gathered by the sensors are processed and forwarded to a sink server for studying and analyzing purposes in a latter time. The authors in [START_REF] Tiwari | Wireless sensor network for machine condition based maintenance[END_REF] develop a continuous real-time PSN for machinery condition-based maintenance (CBM) in small machinery spaces using commercially available products. Their proposed monitoring system has been tested in Heating & Air Conditioning Plant in Automation and Robotics Research Institute in University of Texas. In [START_REF] Xu | A wireless sensor network for structural monitoring[END_REF], the authors deployed a wireless data acquisition system that is used for damage detection on the building. Their proposed system continuously collects structural response data from a multi-hop network of sensor nodes, displays and stores the data in the base station. Finally, the noise pollution in urban areas using PSN has been studied in [START_REF] Santini | First experiences using wireless sensor networks for noise pollution monitoring[END_REF]. The authors present a prototype of a platform for collection and logging of the outdoor noise pollution measurements. These measurements can be used for the analysis of pollution effect on manpower productivity and social behavior.

1.3.4/ HEALTHCARE MONITORING

Continuous monitoring is becoming a requirement for offering a better healthcare to an increasing number of patients whether they are in hospital or at home. Nowadays, periodic sensor networks play a central role in healthcare applications as an efficient and low cost solution. PSNs monitor the physiological conditions of (remote) patient and transmit the data periodically to some remote location without human intervention. A doctor can interpret these sensor readings to assess a patient's condition or to provide urgent treatment while an emergency occurs. PSNs in healthcare applications include the monitoring of (remote) patient vital signs (body temperature, heartbeat, blood pressure, oxygen saturation, ...), aged care, mass casualty disaster monitoring, diseases detection (asthma, stress, cancer, parkinson, alzheimer...), preventing medical accidents, etc.

In [START_REF] Lu | Robust location-aware activity recognition using wireless sensor network in an attentive home[END_REF], the authors developed PSNs on the purpose to monitor the activities of the elderly persons. By continuously monitoring their activities, the proposed network analyzes the sensed data, detects the anomalies activities and alerts when necessary. In order to detect the elderly's activities, a set of sensor tags have been attached to items in the user's home and on the user's hand. When the tag on the hand picks items in the home, the information is logged automatically on an electronic daily activity forms. Thus, by ana-lyzing such forms, the health professionals can notice any anomalies or deviations in the activities of the observed elderly. HipGuard [START_REF] Iso-Ketola | Hipguard: A wearable measurement system for patients recovering from a hip operation[END_REF] is another interesting periodic application of sensor networks in healthcare. HipGuard is a detection system dedicated to monitor hip replacement patients in their homes from eight to twelve weeks after the operation. The proposed system is mainly based on a pair of pants with 7 sensors placed on the pants in order to collect data of the operated hip and alert the user when the load on the operated hip meet a defined limits. In [START_REF] Hsiao | Towards long-term mobility tracking in ntu hospital's elder care center[END_REF], the authors have developed a network with 45 sensors based location system in NTUH-BH to automatically track the elder's daily mobility. The objective of their project is to monitor the elderly' physical and mental health which is slowly declining due to multiple chronic illnesses. The sensors collected location traces and investigated the daily and long-term mobility of four volunteering elders for eight months. Based on the network observations, they concluded that long term location tracking allows discovery of the moving patterns and in turn making early detection of the elders' physical or mental problems possible.

1.4/ NETWORK ARCHITECTURE

After being deployed in the field of interest, sensor nodes organize themselves in the network with the sink node. The architecture of the sensor network plays a vital role in WSNs since it has a significant impact on energy consumption, capacity and reliability of the network. The objective of any WSN is to manage the data in an energy efficient manner in order to maintain the lifetime of the sensor nodes as long as possible. Indeed, the performance of a data management strategy depends on the network architecture, which is a key criteria in WSNs. As sensor nodes are energy constrained, it is inefficient for sensor nodes to transmit data directly (e.g. in single-hop) to the sink for two reasons. The first reason is that in large networks, some nodes may reside in areas which are far away from the sink, thus, direct communication is completely impossible in single-hop. The second reason is that even when direct communication is possible, it is better to send packets using multi-hop routing towards the sink, as power consumption is proportional, in one hand, to the transmission distance and, on the other hand, to the amount of data transmitted. Thus, multi-hop routing consumes less energy than direct communication due to ability to reduce transmission distance by transmitting data to the neighbor nodes, and to reduce amount of data transmitted by performing aggregation processing at intermediate nodes [START_REF] Taruna | Multi-hop clustering protocol using gateway nodes in wireless sensor network[END_REF]. Therefore, several number of schemes for WSNs have been proposed by researchers based on multi-hop communication between sensor nodes and sink [START_REF] Masdari | Multipath routing protocols in wireless sensor networks: A survey and analysis[END_REF]. However, clustering and tree based schemes are still the most used architecture in this regard.

In the tree-based architecture, the deployed sensor nodes construct a logical tree whereas the sink serves as a root for this tree. After tree building is done, data are transmitted hop by hop from leaf nodes to the root. In this scheme, data are processed and aggregated at intermediate nodes, e.g. parent nodes, before sending them to the root. Figure 1.2 shows an example of WSN based on tree architecture. However, tree-based architecture has several disadvantages: • Tree's construction is very costly in term of time consumption.

• Sensor nodes close to the sink will die out first, as the aggregation process is more complex in these nodes compared to other nodes in the tree. • It is sensitive to node failures, especially nodes close to the root. If a parent node fails, then its sub-tree becomes disconnected until the network is reorganized.

• It is sensitive to packet loss: when a packet is lost at a given level of the tree, all the aggregated data generated by the related sub-tree are lost.

• The delay is high when sending data from leaf nodes to the root, especially in dense networks.

Consequently, cluster-based scheme has been proposed as an efficient way to pass most drawbacks of tree scheme. In addition, cluster scheme can efficiently manage the power consumption and achieve the network scalability objective [START_REF] Babu | Enhancement of secure and efficient data transmission in cluster based wireless sensor networks[END_REF][START_REF] Mirhadi | Ip2p k-means: an efficient method for data clustering on sensor networks[END_REF]. In such architecture, the whole network is divided into several clusters, each cluster has a clusterhead (CH). Each CH is responsible for managing its cluster. In Figure 1.3, we show an illustrative example for a cluster-based sensor network where sensed data reach their destination (the sink) by travelling via CHs.

Sink Sensor node

Cluster-Head (CH) In the literature, the challenges related to the clustering architecture have been treated by a great number of researchers: some aim at forming and maintaining the clustered networks while optimizing cluster size [START_REF] Wang | A study on the clustering technology of underwater isomorphic sensor networks based on energy balance[END_REF][START_REF] Zhao | Optimum cluster size for underwater acoustic sensor networks[END_REF][START_REF] Garcia | Saving energy with cooperative group-based wireless sensor networks[END_REF][START_REF] Amini | Cluster size optimization in sensor networks with decentralized clusterbased protocols[END_REF], others try to select the Cluster-Head (CH) or to change the entire cluster hierarchies periodically [START_REF] Wang | A study on the clustering technology of underwater isomorphic sensor networks based on energy balance[END_REF][START_REF] Yang | A cluster-head selection scheme for underwater acoustic sensor networks[END_REF]2,[START_REF] Natarajan | A fuzzy based predictive cluster head selection scheme for wireless sensor networks[END_REF], others are interested in communication among nodes and among clusters [START_REF] Ovaliadis | Cluster protocols in underwater sensor networks: a research review[END_REF][START_REF] Ayaz | An efficient dynamic addressing based routing protocol for underwater wireless sensor networks[END_REF][START_REF] Lloret | Architecture and protocol for intercloud communication[END_REF] or in cluster joining [START_REF] Kim | Scalable network joining mechanism in wireless sensor networks[END_REF]. Hence, in this thesis, we do not treat such challenges neither the forming of the clusters. We assume that the network is already clustered using the appropriate clustering scheme. Then, our objective is to study the correlation between data generated in each cluster. Therefore, we consider the following assumptions:

Zone of interest

• CHs are defined during the deployment phase.

• Data transmission between member nodes and their appropriate CH or between CHs and the sink is based on single-hop communication.

• Sensor nodes collect data in a periodic manner. Subsequently, each member node sends periodically (at each period p) its data to the appropriate CH, which in its turn sends it to the sink.

• Sensor nodes sense environment at a fixed rate where each of one takes T measures at each period.

• There is no constraint associated to the sink node.

1.5/ PERIODIC SENSOR NETWORK CHALLENGES

PSNs are characterized by the acquisition of data from large number of sensor nodes, distributed over vast areas, before being forwarded to the sink in a periodic basis. Such type of networks provide several challenges for research community. In this section, we describe the main challenges involved by PSNs (some of them can be common to the traditional WSNs).

(I) Deployment: The deployment of the sensors can be considered as the first challenge for sensors networks since it is the first operation (phase) in the life cycle of the network. Depending on the needs of applications, there are two ways to sensors deployment: deterministic or randomly. In the first way, network can be placed sensor by sensor in a deterministic manner by a human or a robot. In the second way, sensor nodes can be deployed randomly from a plane or a roket for example. However, the manual deployment is impossible in many applications. In addition, even when the application permits deterministic deployment, the random deployment is adopted in the majority of scenarios because of practical reasons such as cost and time. On the other hand, the random deployment cannot provide a uniform distribution on the region of interest, triggering new problems in sensor networks such as location [START_REF] Jeril Kuriakose | A survey on localization of wireless sensor nodes[END_REF] and network connectivity [START_REF] Zhua | A survey on coverage and connectivity issues in wireless sensor networks[END_REF].

(II) Network Lifetime /Energy Consumption: The major challenge that faces PSNs is improving the lifetime of the network; in other words ensuring a long-time monitoring for a given area [START_REF] Medlej | Big data management for periodic wireless sensor networks, volume Thesis at the University of Franche-Comt é[END_REF][START_REF] Bahi | Data aggregation for periodic sensor networks using sets similarity functions[END_REF]. Indeed, the network lifetime is highly related to the power consumption of sensors batteries as they are the only source of energy. In addition, it is difficult and cost ineffective to recharge the sensors batteries in most cases, because nodes may be deployed in a hostile or unpractical environment. Therefore, one of the major objectives today is to efficiently manage the energy of the sensor in order to increase the network lifetime. Hence, a lot of solutions, i.e. hardware and software, have been proposed to optimize the energy consumption thus, to maximize the lifetime of the sensor network [START_REF] Makhoul | R éseaux de capteurs : localisation, couverture et fusion de donn ées[END_REF]. The hardware solutions seek to produce components dedicated to wireless sensor networks with the best power/watt consumed, such as fuel batteries. Otherwise, the goal of the software solutions is to develop distributed algorithms to minimize energy consumption, such as scheduling sensor strategies or data aggregation algorithms.

(III) Density/Scalability: The sensor network is usually distributed redundantly in hundreds or thousands over a deployment zone of interest. Such redundant volume is required to ensure the cooperative sensors readings reliability. Therefore, the explosive growth of the data volume generated in PSNs has led to one of the most challenging research issues of the big data era. Such amounts of data provide several problems in PSNs: a high level of data redundancy, packets collision in the network, increasing energy consumption, complicated mission for decision makers. Therefore, data collection and aggregation techniques have received a great attention in PSNs in order to reduce the amount of generated data [START_REF] Rupali Rohankara | Comparison of energy efficient data collection techniques in wireless sensor network[END_REF][START_REF] Tripathi | Survey on data aggregation techniques for wireless sensor networks[END_REF].

(IV) Routing: The task of finding and maintaining routes between the sensors and the sink is very challenging in PSNs. The design of routing protocols face several constraints, dependent on the capabilities of nodes (limited transmission range, limited energy capacity, limited processing and storage) and on the inherent features of network (self-configurable, sensors locations, identifications of nodes, faults tolerance, topological changes). Therefore, several routing protocols have been proposed in the literature for PSNs in order to discover the routes in the network and to ensure a reliable multi-hop communication under these constraints. To minimize energy consumption, the majority of such protocols employs some well-known routing tactics, e.g. in-network processing, data aggregation and clustering [START_REF] Kumar | A survey on data aggregation and clustering schemes in underwater sensor networks[END_REF][START_REF] Nokhanji | A survey on cluster-based routing protocols in wireless sensor networks[END_REF]3].

(V) Coverage: Preserving maximal coverage of the region of interest is another important challenge in PSNs . After they have been deployed, sensor nodes must ensure a satisfactory sensing coverage during each period of the network lifetime. Otherwise, some applications in PSNs permit flexibility regarding coverage of the network such as environmental monitoring, while another applications are considered critical where the area of interest should be always full covered such as industrial or military surveillance. Hence, scheduling sensors strategies have been proven to be an efficient mechanism in PSNs when coverage problem is considered [START_REF] Mulligan | Coverage in wireless sensor networks: A survey[END_REF][START_REF] Ajit | A survey on energy efficient sleep scheduling in wireless sensor network[END_REF]. The basic idea is to select a set of sensor nodes in order to monitor the target field without affecting the application requirements.

(VI) Synchronization: Time synchronization is a significant and costly challenge in sensor networks. Many sensor network applications require synchronization of the local clocks of the nodes. For example, in tracking and vehicular surveillance, the estimated trajectory of the tracked object could differ significantly from the actual one without an accurate time synchronization scheme. Obviously, there is no specific time synchronization scheme available to achieve higher order of accuracy with greater scalability independent of topology and application [START_REF] Ranganathan | Time synchronization in wireless sensor networks: A survey[END_REF]. However, the single-hop cluster-based PSN can be considered is the most important network that achieves time synchronization between distributed sensor nodes. This is because, data generated by sensors will be transmitted to the CH at the same time (at the end of each period) in one hop communication thus, an accurate time information can be approximately guaranteed. Indeed, the loss or the delayed of packets constitutes a real problem for time synchronization in PSNs. This is because the CH must wait, at each period, all data packets coming from its member nodes before sending them to the sink. Consequently, any loss or delayed of packet can change the time synchronization of data at CH and then, at the sink.

(VII) Security: Since the deployment of sensor nodes in an unattended environment makes the networks vulnerable to a variety of potential attacks, security issue is another challenge for PSNs. Such security takes more attention in some applications such as battlefield areas and monitoring of critical infrastructure. Indeed, sensors scattered in open areas must be able to keep private the information that collect. However, the inherent power and memory limitations of sensor nodes makes conventional security solutions unfeasible [START_REF] Padmavathi | A survey of attacks, security mechanisms and challenges in wireless sensor networks[END_REF]. On the other hand, the physical security of the sensors should be always ensured during the network lifetime. Because of the widespread placement in an often non-secure area, sensor nodes are subject to be attacked by the invaders or more simply the animals. Hence, it is important to develop a complete framework that takes into account the physical/information security of the sensors and the requirements of the monitored application.

(VIII) Data Survivability: In periodic sensor networks, each sensor node needs to collect and store data during each period before sending them toward the sink. Indeed, a high failure rates lead to significant loss of data thus, data survivability becomes a real challenge in PSNs for maintaining network reliability. There are two existing strategies to achieve survivability of data: replication and coding. Although replication based solutions ca ensure a high level of data reliability, coding based solutions remain more suitable for periodic sensor networks. Replication often requires lots of storage on every node at each period. In addition, replication based approaches also need to keep track of where different data exists, resulting in complicated data gathering protocols [5]. However, coding based solutions have been shown to greatly reduce storage requirements as well as simplify data gathering mechanisms [START_REF] Dimakis | Ubiquitous access to distributed data in large-scale sensor networks through decentralized erasure codes[END_REF]. Finally, taking attention to the limited resources of nodes, data survivability represents a quantitative design requirement for data resilience in PSNs in order to prevent loss of data in the network in case of data failure.

1.6/ DATA MANAGEMENT ISSUES

Speaking about more than hundreds, and sometimes thousands, of sensors, which are randomly distributed for periodic monitoring, makes PSNs one of the big data producers. This makes data management in such networks very complex. First, data collected in PSNs are usually redundant and correlated which makes the analysis of this data a complicated mission for the decision makers. Then, the transmission of such amount of data is very expensive in terms of energy [START_REF] Raghunathan | Energy aware wireless microsensor networks[END_REF][START_REF] Anastasi | Energy conservation in wireless sensor networks: A survey[END_REF][START_REF] Bagaa | Sedan: Secure and efficient protocol for data aggregation in wireless sensor networks[END_REF][START_REF] Girban | A glance on wsn lifetime and relevant factors for energy consumption[END_REF]. Therefore, designing an energy efficient data management strategies for PSN are considered as important issue to extend its lifetime. In this section, we describe different issues related to the data management in periodic sensor networks (PSNs).

1.6.1/ DATA COLLECTION Sensors are typically deployed to collect data about the surrounding environment and transmit them at a fixed periodicity to the sink node. Hence, data collection can be con-sidered is one of the fundamental operations in PSNs. Mostly, readings data collected by sensor nodes are highly dependent on the monitored condition [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF]; when the monitored condition slows down or speeds up, the readings collected by each sensor, within each period and among successive periods, are more redundant. Therefore, it is important to monitor carefully the amount of data to collect and send, and the frequency at which it is collected and sent, while preserving the quality of service expected by the application. Hence, adaptive sampling approach to periodic data collection constitutes a fundamental mechanism for energy optimization and data reduction in PSNs. The main objective of such approach is to allow each sensor node to adapt its sampling rate according to the dynamics of the monitored condition, in order to prevent collecting redundant measures and saving energy of the sensor. As a result, adaptive sensor sampling rate has been received, during the last years, a great deal of research attention due to its capability of enhancing network lifetime.

1.6.2/ DATA AGGREGATION/IN-NETWORK DATA AGGREGATION

In PSNs, the huge number of collected and transmitted data from sensors leads to consume most of the available energy of sensor nodes. Therefore, aggregating data is an essential process in order to reduce the amount of data transmission, and to improve the energy consumption of the network [START_REF] Bahi | Data aggregation for periodic sensor networks using sets similarity functions[END_REF][START_REF] Rajagopalan | Data-aggregation techniques in sensor networks: A survey[END_REF]. Data aggregation process has as first goal eliminating redundancy in data collected from sensor nodes, thus sending only the useful information to the sink. Mostly, the performance of a data aggregation technique depends on the network architecture, which is a key criteria in sensor networks. Recently, combining the node clustering and the data aggregation have been proven as very efficient framework that organizes data traffic and reduce in-network redundancies while improving scalability and energy consumption [START_REF] Kumar | A survey on data aggregation and clustering schemes in underwater sensor networks[END_REF][START_REF] Yuan | Data density correlation degree clustering method for data aggregation in wsn[END_REF][START_REF] Khoa | A data aggregation based efficient clustering scheme in underwater wireless sensor networks[END_REF][START_REF] Surender Kumar | Meecda: Multihop energy efficient clustering and data aggregation protocol for hwsn[END_REF][START_REF] Chen | Adaptive data aggregation scheme in clustered wireless sensor networks[END_REF]. While nodes clustering makes a network look smaller by reducing transmission hops between the nodes and the sink, the data aggregation can to minimize the number of transmissions between them. In such framework, CHs can perform, sometimes, in-network data aggregation processing in order to aggregate data received from neighboring sensor nodes then send aggregated data to the sink; due to the random and the dense network deployment, nodes may have overlapping sensing ranges, such that events can be detected by neighboring sensor nodes providing a redundancy in sensed data.

1.6.3/ DATA CORRELATION

In PSNs, the densely deployment and the dynamic phenomenon provide strong correlation between sensor nodes. This correlation is typically spatio-temporal. Spatial correlation usually exists among the readings of close sensor nodes. Indeed, spatially proximal sensor observations are highly correlated with the degree of correlation increasing with decreasing inter-node distance. Furthermore, readings from a senor node can be predicted from that of its neighboring sensor nodes with high confidence. Therefore, neighboring nodes with a certain level of spatial correlation can be turned off and only a subset of the sensor nodes are turned on for sampling and data transmission, in order to save energy. On the other side, temporal correlation in PSNs usually exists in two cases: in the time series from a single sensor node and between neighboring nodes. In the first case, it means that the future readings of a sensor node can be predicted based on the previous readings of the same node. In this case, the degree of correlation between consecutive sensor readings may vary according to the temporal variation characteristics of the phenomenon [START_REF] Mehmet | Spatio-temporal correlation: theory and applications for wireless sensor networks[END_REF]. In the second case (inter-node temporal correlation), it means that during the same period neighboring nodes generate very similar and correlated data sets. It is worth noting that spatially correlated nodes can generate dissimilar sensor data and turning off one sensor can lead to erroneous analysis. Therefore, it is important to exploit the inter-nodes temporal correlation beside the spatial correlation in order to eliminate the redundancy and improve the network's lifetime. As a result, energy consumption can be reduced and long term data collection can be ensured by exploiting inter-nodes correlations.

1.6.4/ DATA LATENCY Real-time delivery data is an important factor in periodic sensor networks in order to take important decisions as fast time as possible. Some applications, such as natural disasters (volcano, seismic, tsunami, etc.) and critical infrastructure monitoring (nuclear, biological, etc.), require periodic and fast data delivery to the end user over long periods, or millions of people will be attacked. Therefore, minimizing latency is essential for periodic applications where the collected data should be transmitted to the sink in a minimum amount of time. In addition, reducing data latency is a major issue for data aggregation where the used algorithms must achieve the minimum delay when eliminating redundancy [START_REF] Bagaa | Distributed low-latency data aggregation scheduling in wireless sensor networks[END_REF]. Therefore, latency is a key element to evaluate the performance of any in-network data aggregation technique.

1.6.5/ DATA ACCURACY/INFORMATION INTEGRITY

The accuracy of the sensed data is one of the key criterions in PSNs because it affects the decision of the end user. Data loss in sensor networks is common and has its special patterns due to noise, collision, unreliable link and unexpected damage [START_REF] Kong | Data loss and reconstruction in sensor networks[END_REF]. Such reasons are sufficient sometimes to make the network out of service when missing data becomes large. Most of the work done today is based upon the fact that the sink node is responsible for estimating the data accuracy for physically sensed data by sensor nodes [START_REF] Cai | Information accuracy versus jointly sensing nodes in wireless sensor networks[END_REF]. Thus, it must reconstruct the whole data based on the received one and the correlation between sensors in the network. In addition, data aggregation performed in PSNs can decrease the accuracy of the collected information when eliminating the redundancy from the raw data. Mostly, the CH aggregates data coming from its member nodes before sending them to the sink which leads to loss some data according to the aggregation process. Therefore, data aggregation must be highly energy efficient without affecting the integrity/fidelity of the information.

1.7/ CONCLUSION

In this chapter, we have introduced periodic sensor networks in which data are collected and sent on a periodic basis to the sink. Then, we presented some examples of periodic applications including environmental, underwater, industrial and healthcare fields. The clustering scheme is also described in this chapter as an efficient architecture for the periodic sensor networks. After that, we have presented challenges that face PSNs while highlighting the energy consumption as the primary challenge to be optimized in order to increase the network lifetime. Finally, we have described the data management as a big challenge for PSNs while highlighting the data collection, aggregation and correlation in such networks. Next, we present in more details our proposed techniques for data management in periodic sensor networks (PSNs).

Massive data collected by the sensors besides the limited battery power are the main limitations imposed by the periodic sensor networks (PSNs). In this chapter, we propose an efficient adaptive model of data collection for PSN in order to reduce the huge amount of collected data thus, increasing the network lifetime. The main idea behind this approach is to allow each sensor node to adapt its sampling rate to the physical changing dynamics. By this way, the oversampling can be minimized and the power efficiency of the overall network system can be further improved. The proposed method is based on the dependence variance of readings while taking into account the residual energy of the sensor. We study three statistical tests (Fisher, Tukey and Bartlett) based on one-way ANOVA model. Then, we use an existing multiple level activity model that uses behavior functions modeled by modified Bezier curves to define application classes and allow each sensor to adapt its sampling rate.

2.1/ INTRODUCTION

Wireless Sensor Networks (WSNs) have become a highly active research area due to their increasing potential impact on the quality of people's lives. A main application domain where wireless sensor networks are broadly used is environmental data collection and monitoring, where certain conditions or processes need to be monitored periodically, such as the temperature in a conditioned space or pressure in a process pipeline [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF].

In such applications, data generated across numerous sensors can produce a significant portion of the big data. Hence, periodic data collection provides two major challenges. First, the network should have a lifetime long enough to fulfill the application requirements. Second, massive and heterogeneous data collected from networks make data management more complex. Researchers' strategies are often targeted to minimize the amount of data collected/communicated by the network without considerable loss in fidelity/accuracy. The goal of this reduction is first to increase the network lifetime, by optimizing energy consumption of the limited battery for each sensor node, and then to help in analyzing data and making decision. Subsequently in periodic monitoring, the dynamics of the monitored condition or process can slow down or speed up; if the sensor node can adapt its sampling rates to the changing dynamics of the condition or process, over-sampling can be minimised and power efficiency of the overall network system can be further improved [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF]. Therefore, in order to keep the network operating for long time, adaptive sampling approach to periodic data collection constitutes a fundamental mechanism for energy optimization and data reduction.

In this chapter, we propose an efficient adaptive sampling approach based on the dependence of the conditional variance on readings, e.g. one-way ANOVA model and statistical tests, that varie over time. We study three different statistical tests (Fisher, Tukey and Bartlett) based on the one-way ANOVA Model while taking into consideration the residual energy of each node. Indeed, the ANOVA model provides a statistical test of whether or not the means of several independent groups are all equal. It has been proved as an effective method to classify objects (or data) into groups whereas statistical tests are used to indicate which groups are significantly different [START_REF] Houssein I Assaad | Rapid publication-ready ms-word tables using one-way anova[END_REF]. As a common method in statistical inference, ANOVA has many applications in agricultural, biological, and engineering sciences [START_REF] Steel Robert | Principles and procedures of statistics: a biometrical approach[END_REF]. Then, we use an existing multiple level adaptive model that takes into account the application criticality. It defines dynamically multiple levels of sampling rate corresponding to how many samples are captured per unit of time (or period). It uses behavior functions modeled by modified Bezier curves to define application classes and allow for adaptive sampling rate [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF]. Simulation results are presented to validate the performance of the proposed approach.

The remainder of this chapter is organized as follows. Section 2.2 gives an overview about the existing techniques for adapting sensor sampling rate in data collection in sensor networks. Section 2.3 introduces the ANOVA model used in [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF] with different statistical tests for adapting sensor sampling rate based on the variance study. Section 2.4 describes how to integrate the residual energy to allow each node to compute its sampling rate. Experimental results are exposed in Section 2.5. Finally, we conclude our chapter in Section 2.6.

2.2/ DATA COLLECTION: A BACKGROUND

Although there has been a large number of works on data collection in sensor networks, only a fairly small number explicitly deals with adaptive sensor sampling approach. The main goal of an adaptive sampling approach is to make the rate of sensing dynamic and adaptable; if the sensor node can adapt its sampling rates to the changing dynamics of the condition or process, over-sampling can be minimized and the computational load at the sink will be more flexible.

Adapting sampling rate for the sensor is not a new concept [START_REF] Gedik | Asap: an adaptive sampling approach to data collection in sensor networks[END_REF][START_REF] Jain | Adaptive sampling for sensor networks[END_REF][START_REF] Mehmet | Spatial correlation-based collaborative medium access control in wireless sensor networks[END_REF][START_REF] Willett | Backcasting: adaptive sampling for sensor networks[END_REF][START_REF] Alippi | Adaptive sampling for energy conservation in wireless sensor networks for snow monitoring applications[END_REF][START_REF] Vahabi | Adaptive data collection algorithm for wireless sensor networks[END_REF][START_REF] Zhou | Adaptive sampling and routing in a floodplain monitoring sensor network[END_REF]. In [START_REF] Gedik | Asap: an adaptive sampling approach to data collection in sensor networks[END_REF], the authors propose an Adaptive Sampling Approach to Data Collection (ASAP) which splits the network into clusters. A cluster formation phase is performed to elect cluster heads and select which nodes belong to a given cluster. The metrics used to group nodes within the same cluster include the similarity of sensor readings and the hop count. Then, not all nodes in a cluster are required to sample the environment. A centralized adaptive method is proposed in [START_REF] Jain | Adaptive sampling for sensor networks[END_REF], where the sampling rate is derived based on a Kalman filter. In this case, the sink establishes the sampling rate of nodes. The authors in [START_REF] Mehmet | Spatial correlation-based collaborative medium access control in wireless sensor networks[END_REF] define a spatial Correlation based Collaborative MAC protocol (CC-MAC) that regulates sensor node transmissions so as to minimize the number of reporting nodes while achieving the desired level of distortion. A temporal correlation of data is used in [START_REF] Alippi | Adaptive sampling for energy conservation in wireless sensor networks for snow monitoring applications[END_REF], where the authors propose an adaptive sampling scheme suitable to snow monitoring for avalanche forecast. A TA-PDC-MAC protocol is proposed in [START_REF] Vahabi | Adaptive data collection algorithm for wireless sensor networks[END_REF], a traffic adaptive periodic data collection MAC which is designed in a TDMA fashion. This work is designed in the way that it assigns the time slots for nodes activity due to their sampling rates in a collision avoidance manner. The authors in [START_REF] Zhou | Adaptive sampling and routing in a floodplain monitoring sensor network[END_REF] propose an adaptive sampling which basically consists in activating the appropriate number of sensor nodes to achieve a target error level, depending on spatial correlation and activity.

Recently, researchers proposed various methods of adapting sampling rate in sensors [START_REF] Masoum | An energy-efficient adaptive sampling scheme for wireless sensor networks[END_REF][START_REF] Sampoornam | An efficient data redundancy reduction for sensed data aggregators in sensor networks[END_REF][START_REF] Li | Automatic arima modeling-based data aggregation scheme in wireless sensor networks[END_REF][START_REF] Wood | Adaptive sampling in context-aware systems: a machine learning approach[END_REF][START_REF] Daniel | Adaptive sampling for wsan control applications using artificial neural networks[END_REF]. In such techniques, the sensor adapts its sampling rate based on the correlation between sensed data. The authors in [START_REF] Masoum | An energy-efficient adaptive sampling scheme for wireless sensor networks[END_REF] propose an energyefficient adaptive sampling mechanism which employs spatio-temporal correlation among sensor nodes and their readings. The main idea is to carefully select a dynamically changing subset of sensor nodes to sample and transmit their data. In [START_REF] Sampoornam | An efficient data redundancy reduction for sensed data aggregators in sensor networks[END_REF], an Efficient Data Redundancy Reduction (EDRR) scheme is proposed. EDRR integrates conjugative sleep scheduler scheme and basically utilizes Differential Pulse Code Modulation (DPCM) technique to reduce data redundancy over the network. In [START_REF] Li | Automatic arima modeling-based data aggregation scheme in wireless sensor networks[END_REF], the authors develop an automatic auto regressive-integrated moving average modeling-based data aggregation scheme in WSNs. The developed scheme can decrease the number of transmitted data values between sensor nodes and aggregators by using time series prediction model. A machine learning architecture for context awareness is used in [START_REF] Wood | Adaptive sampling in context-aware systems: a machine learning approach[END_REF] which is designed to balance the sampling rates (and hence energy consumption) of individual sensors with the significance of the input from that sensor.

Adaptive sampling techniques are very promising, because of their efficiency to optimize energy consumption and the network overload. However, most of the previous proposed solutions are implemented in a centralized manner that requires huge computations and communications. Other existing methods are limited to only space correlation and are based on grouping nodes into clusters. In addition, all proposed methods consider that all applications have the same criticality level which it is not always true since the risk level can be changed from application to another. Recently, the authors in [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF] proposed an adaptive sampling approach based on the dependence of the conditional variance on measurements calculated with Fisher test. It allows each sensor node to adapt its sampling rate to the physical changing dynamics. In this chapter, we study and compare three different tests: Fisher, Barttlett, and Tuckey using the one-way ANOVA model. We show by experimental results that Fisher test is not the best choice for PSN in terms of energy saving. Furthermore, previous works consider only environmental variations to adapt the sampling rate and none of them takes into account the intrinsic constraints of the nodes such as the residual energy level. The approach presented in this chapter allows each node to adapt its sampling rate depending on its residual energy level.

2.3/ ADAPTING SENSOR SAMPLING FREQUENCY

In this section, we present our proposal for an adaptive model to calculate the sampling frequency of each sensor node. First, we present the model of adaptive sampling rate proposed [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF] which is based on the variance study. In such study, the one-way ANOVA model has been used to determine whether there are any significant differences between the means of different data sets collected in successive periods. Then, we propose to extend the one-way ANOVA model to other statistical tests (Tukey and Bartlett) in order to compare the factors of the total deviation.

2.3.1/ DATA VARIANCE STUDY BASED ON ANOVA MODEL

In this section, we recall the one-way ANOVA model used in [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF] to calculate the sampling frequency of each sensor node. In [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF], ANOVA model is used to test the total variation (T V) of data generated by a sensor node S i in J periods. T V can be calculated based on the variation within period (VWP) and the variation between period (V BP) as follows:

T V = VWP + V BP ⇒ J j=1 n j i=1 (r i j -Y) 2 = J j=1 n j i=1 (r i j -Y j ) 2 + J j=1 n j × (Y j -Y) 2 (2.1)
Where:

• r i j : i th reading taken by the sensor S i in the j th period,

• n j : Number of readings in j th period,

• n J : Total number of readings in all J periods,

• Y j : Mean of data in the j th period,

• Y : Mean of data in all J periods.

Consequently, if the variance caused by the interaction between the readings is much larger to that appeared within each period, then the means of periods are not the same.

2.3.2/ STATISTICAL TESTS

In statistics, a lot of statistical tests have been proposed by different researchers [101,1]. The objective of a statistical test is to verify if the variation between sets of data is above a certain threshold. In this section, we are interested in three statistical tests: Fisher, Tukey and Bartlett. Bartlett's Test seems to be the most uniformly powerful test for the homogeneity of variances problem in the case that the data are normal. However, it has a serious weakness if the normality assumption is not met. Consequently, in such case, we must adopt other tests like Fisher and Tukey. For these reasons, we compared these different tests. In the next, we show how we can apply these tests to allow each sensor node to adapt its sampling rate. Let us start by Fisher test studied in [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF].

2.3.2.1/ FISHER TEST

Fisher test is a statistical hypothesis test for verifying the equality of two variances by taking the ratio of the two variances and ensuring that this ratio does not exceed a certain theoretical value (that we can find in Fisher's table). Let:

F = V BP/J -1 VWP/n J -J (2.2)
Thus, the decision is based on the next:

• if F > F t = F 1-α (J -1, n J -J)
the variance between periods is significant with a false-rejection probability α.

• if F ≤ F t the variance between periods is not significant thus the readings captured in the J periods are considered redundant.

Note that F t is a threshold which can be searched in Fisher's table based on J, n J and α values.

2.3.2.2/ TUKEY TEST

Tukey post-hoc test [START_REF] Hall | Psychology world[END_REF] is a method that is used to determine which periods among total periods have significant differences. This method calculates the difference between the means of the periods. Tukey's test values are numbers which act as a distance between the periods. It works by defining a value known as Honest Significant Difference (HSD) as follows:

S S total = ( n 1 i=1 r 2 1i + n 2 i=1 r 2 2i + • • • + n J i=1 r 2 
Ji ) -

( n 1 i=1 r 1i + n 2 i=1 r 2i + • • • + n J i=1 r Ji ) 2 n J (2.3) S S among = ( ( n 1 i=1 r 1i ) 2 n 1 + ( n 2 i=1 r 2i ) 2 n 2 + • • • + ( n J i=1 r Ji ) 2 n J ) - ( n 1 i=1 r 1i + n 2 i=1 r 2i + • • • + n J i=1 r Ji ) 2 n J (2.4) S S within = S S total -S S among ; d f among = J -1; d f within = n J -J MS among = S S among d f among ; MS within = S S within d f within ; F = MS among MS within
Where:

• S S within : Sum of Squares within periods,

• S S among : Sum of Squares between periods,

• MS within : Mean Squares within periods,

• MS among : Mean of squares between periods,

• J : Number of total periods,

• n J : Total number of readings (all periods),

• n j : Number of readings in j th period.

The "Variance Between Periods" represents what is often called "explained variance" or "systematic variance". We can think of this as variance that is due to the independent variable, the difference between the two periods. For example the difference between a reading in period one and a reading in period two would represent an explained variance. The "Variance Within Periods" represents what is often called "error variance". This is the variance within periods, variance that is not due to the independent variable. For example, the difference between one reading in period 1 and another reading in the same period would represent error variance. Intuitively, it is important to understand that, at its heart, the analysis of variance and the F score it yields is a ratio of explained variance versus error. Therefore, when we calculate d f among , d f within , MS among , and MS within , and F we check if F is statistically significant on probability table with an appropriate degree of freedom

F t = d f (d f among , d f within ).
The decision is based on F and F t :

• if F > F t the hypothesis is rejected with false-rejection probability α, and the variance between periods are significant.

• if F ≤ F t the hypothesis is accepted.

2.3.2.3/ BARTLETT TEST

Bartlett test [START_REF] Ricco | Comparaison de populations, tests parametriques[END_REF] is used to test if J periods are from data with equal variances. Equal variances across samples is called homogeneity of variances. Some statistical tests, for example the analysis of variance, assume that variances are equal across periods.

The Bartlett test can be used to check that assumption. Bartlett's test is sensitive to departures from normality. That is, if the periods come from non-normal distributions then Bartlett's test may simply be testing for non-normality. Bartlett's test is used to test the null hypothesis, H0 that all J periods variances are equal against the alternative that at least two are different. If there are J periods with size n j and variance σ 2 j for each one then Bartlett's test is applied as follows:

F = (n J -J) ln(σ 2 p ) -J j=1 (n j -1) ln (σ 2 j ) λ (2.5) 
where :

n J = J j=1 n j ; λ = 1 + 1 3(J -1) J j=1 ( 1 n j -1 ) - 1 n J -J (2.6)
In the above:

• J is the total number of periods,

• n j is the number of readings in the j th period,

• σ 2 j is the variance in the j th period which can calculated as follows:

σ 2 j = 1 n j n j i=1 (r i j -Y j ) 2
• σ 2 p is the pooled variance, which is a weighted average of the period variances and it is defined as:

σ 2 p = 1 n J -J J j=1 σ 2 j (n j -1)
Bartlett's test has approximately a (J -1) degrees of freedom. Thus the null hypothesis is rejected if F > F J-1,α (where F J-1,α is the upper tail critical value for the F J-1 distribution). To unify the notation of the three tets, we suppose that F t = F J-1,α , thus the decision is based on the next:

• if F > F t the hypothesis is rejected with a false-rejection probability α, and the variance between periods are significant.

• if F ≤ F t the hypothesis is accepted.

2.3.3/ ADAPTATION TO APPLICATION CRITICALITY

Since the applications have different criticality level, the authors in [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF][START_REF] Medlej | Big data management for periodic wireless sensor networks, volume Thesis at the University of Franche-Comt é[END_REF] define the risk level of an application by r 0 which can take values between 0 and 1 representing the low and the high criticality level respectively. This criticality level is represented by a mathematical function called BV (BehaVior) function.

Then, in order to model the BV function, they use the Bezier curve which is flexible and can plot easily a wide range of geometric curves. Therefore, the BV function curve can be drawn, using the Bezier curve, through three points P 0 (0, 0) (original point), P 1 (b x , b y ) (behavior point) and P 2 (h x , h y ) (threshold point). In Figure 2.1, we show how the curvature of the Bezier curve can be built when changing the behavior point (P 1 ) coordinates. As illustrated, the curve frame is delimited by the original and the threshold points, e.g. P 0 and P 1 respectively, while the behavior point moves through the diagonal of the rectangle in order to control the application criticality. Thus, when varying r 0 between 0 and 1, P 1 will update its position based on the following function [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF][START_REF] Medlej | Big data management for periodic wireless sensor networks, volume Thesis at the University of Franche-Comt é[END_REF]:

Cr : [0, 1] -→ [0, h x ] × [0, h y ] r 0 -→ (b x , b y ) Cr(r 0 ) = b x = -h x × r 0 + h x b y = h y × r 0
Subsequently, the BV function is defined based on the Bezier curve as folows: BV

: [0, h x ] -→ [0, h y ] X -→ Y BV(X, h x , r 0 , h y ) =        (h y -2b y ) 4b 2 x X 2 + b y b x X i f (h x -2b x = 0) (h y -2b y )(∝ (X)) 2 + 2b y ∝ (X), i f (h x -2b x 0) Where ∝ (X) = -b x + √ b x 2 -2b x ×X+h x ×X h x -2b x ∧          0 ≤ b x ≤ h x 0 ≤ X ≤ h x h x > 0
Adapting to Anova model and statistical tests, BV function takes, based on Bezier curve, four variables as input: the variance measures for a test F (replaces X), the test threshold F t (replaces h x ), the risk level r 0 and the original sampling rate at the time of network deployment S max (replaces h y ). Then, it returns the instantaneous sampling rate, S t , calculated after each round.

2.4/ ADAPTATION TO RESIDUAL ENERGY LEVEL

In order to maintain proper operation of PSN and maximize its lifetime, it is important to use the network resources such as node energy efficiently. Since almost every sensor node is operated by limited battery power and since sensor nodes in PSN consume energy continuously by collecting and sending data packets, the longevity of a sensor node is inversely proportional to the number of data samples it collects. Ideally, sampling rate should be greater in nodes having higher energy levels relative to other nodes with low levels. Network operability will be prolonged if a critically energy deficient node can survive longer by reducing its sampling rate in function of its residual energy rather than operating on maximal sampling rate. Therefore, both application criticality and energy residual are critical metrics affecting the sampling rate adaptation and consequently the sensor lifetime.

2.4.1/ ANALYTICAL STUDY

In this section, we provide an analytical study to allow each sensor node to adapt its sampling frequency in function of its residual energy, the application criticality and the environmental dynamic changes. To do so, we consider that maximal sampling rate can not remain unchangeable and it must vary with the residual energy as follows:

S max = γ × q × S MAX + β × S MAX (2.7)
where γ and β are two adaptive factors to adjust the impact of residual energy and environmental changes respectively. These factors depend on the variance readings F and the threshold F t and their values are between 0 and 1. q is the probability for a sensor node to run if its residual energy is enough for the next period. S MAX is the original sampling rate at the time of network deployment, and S max is the instantaneous maximum sampling rate calculated after each round.

To compute the impact of the residual energy on the adaptive sampling, we must first find the values of γ and β. These values are complementary and calculated as:

γ = 1 if F < F t F t F if F ≥ F t (2.8) β = 1 -γ (2.9)
These values are found by the intuition that if the value of variance F is less than F t (which means that there is no or very low changes in the environmental conditions) then the sampling rate must be calculated while considering only the residual energy as criteria (γ = 1). On the other hand, if F is greater than a threshold F t we must adapt the sampling rate but in the same time without loosing critical information. Therefore, we consider that the value of γ must be proportional to the environmental conditions variations ( F t F ) and β increases when the variance F increases.

We consider that initially each node has E 0 energy and after each round r its remaining energy is E r , then the probability q is computed in function of E 0 and E r as follows:

q =      ln( E r ×e E 0 + 1) if 0 < E r < E 0 -E 0 e , 1 if E r ≥ E 0 -E 0 e .
(2.10)

This equation shows that, when the residual energy is large enough then q remains equal to 1, otherwise q is computed in function of E r . In Figure 2.2, we show a distribution curve of q for E 0 = 50. Next, we present the adaptive algorithm while taking into account the residual energy. Residual Energy (Er)

Figure 2.2: The Behavior curve of q for E 0 = 50.

2.4.2/ ADAPTING ALGORITHM

In this section, we present the adaptive sampling rate algorithm while taking into account the residual energy of the sensor (Algorithm 1). For each round, each node decides to increase or decrease its sampling rate according to the variance condition and the application risk and its remaining energy. While the energy is always positive, each node calculates the parameters F, F t , γ, β and p and uses the BV function in order to find its new sampling rate.

2.5/ EXPERIMENTAL RESULTS

In this section, we discuss the experimental results including the description of the chosen parameters and the adopted sensor network scenario. Two sets of experiments are presented to evaluate the effectiveness of our method. First we will show the results obtained while studying the variance and the application risk and secondly we provide results while taking the residual energy parameter into account for sampling rate adaptation. To verify our suggested approach, we conducted multiple series of experiments using a custom Java based simulator. The objective of these experiments is to confirm that our adaptive data collection technique can successfully achieve desirable results for energy conservation and data reduction in PSNs. Therefore, in our experiments we used real readings collected from 46 sensor nodes deployed in the Intel Berkeley Research Lab [START_REF] Madden | Intel berkeley research lab[END_REF]. Mica2Dot sensors with weather boards collected timestamped topology information, along with humidity, temperature, light and voltage values once every 31 seconds.

For the sake of simplicity, in this study we are interested in one field of sensor readings: the humidity1 . We performed several runs of the algorithms. In each experimental run, each node reads periodically real readings and adapts its sampling rate after each round according to its BV function. We evaluated the performance of the algorithm using the following parameters: a) The number of periods per round, P; b)The application criticality level, r 0 ; and c) The false-rejection probability, α. The period is fixed to 15 minutes, S MAX to 15 readings and the initial energy (E 0 ) of the node is fixed to 50 units of energy. 

find F t ; if F < F t then S t ← BV(F, F t , r 0 , S max ); γ = 1; β = 1 -γ; end else S t ← S max ; γ = F t F ; β = 1 -γ; end end S max = γ × q × S MAX + β × S MAX; end
We employ three metrics in our simulations:

• The instantaneous sampling rate (ST) after each round, this parameter reflects also the percentage of data reduction in PSN,

• The energy consumption of the node,

• The network's lifetime (number of rounds).

2.5.1/ ADAPTIVE SAMPLING RATE TO DATA VARIANCE AND APPLICATION CRIT-

ICALITY

In this section we show the results obtained while considering the variance of the collected data and the application criticality. We studied the instantaneous sampling rate adaptation and the overall energy consumption.

2.5.1.1/ INSTANTANEOUS SAMPLING RATE

The main goal of this section is to show, on the one hand, how our approach is able to reduce and to adapt its sampling rate according to the application criticality level, and on the other hand, to compare the results of the three different tests Fisher, Tukey and Bartlett. 3(e) and 2.3(f) we fixed each round to three periods (P = 3) with the same variation values of r 0 . Based on these figures, we can see that the three tests successfully adapt the sampling rate of the sensor nodes dynamically after each round according to the application criticality level. These results show how the sampling rate S T varies over time. They confirm also the reduction of the amount of collected data comparing to the nodes operating on S MAX all time. We can also observe that when the risk increases the sampling rate remains usually at its maximum value. 

2.5.1.2/ ENERGY CONSUMPTION

The objective of this section is to show how our approach optimizes the energy consumption. these results, we can notice that our approach in all cases is able to provide a gain of at least 25% of the sensor lifetime comparing to the normal case. This indicates also that our approach can reduce effectively the amount of data collected by the sensors according to the dynamics of the monitored condition. From the false-rejection probability (risk α) side, we can see clearly that the energy consumption decreases more when we use α = 0.05. Indeed, when the risk α increases the null hypothesis will be able to be more rejected. We can also deduce that when r 0 is fixed then the network's lifetime increases when the number of periods at the round (P) decreases.

Normal Fisher Tukey Bartlett

Influence of the risk level r 0 : In this paragraph, our objective is to show the influence of the application risk level r 0 on the energy consumption. Figure 2.5 illustrates the comparison between the results of the Fisher test while varying r 0 (0.4, 0.5 and 0.8) for the two cases P = 2 (Figure 2.5(a)) and P = 3 (Figure 2.5(b)). Based on these results, we can see that increasing the sensor lifetime is inversely proportional to the level value risk r 0 . This is to confirm that, in the case of critical applications our approach is more careful, and the amount of the collected data becomes more important to ensure that we do not miss any critical reading. 

2.5.2/ ADAPTING SAMPLING WHILE CONSIDERING THE RESIDUAL ENERGY LEVEL

In this section we present the results obtained while considering the variance of the collected data, the application criticality and the residual energy. As before, we studied the instantaneous sampling rate adaptation and the overall energy consumption.

2.5.2.1/ INSTANTANEOUS SAMPLING RATE

In this part of experiments, we take into account the residual energy of the nodes to adapt their sampling rates. Figure 2.6 shows the sampling frequency calculated after each round after applying the three tests where we fixed P to 2 and α to 0.05 and varied r 0 to 0.4, 0.5 and 0.8. Based on the obtained results, we can observe that the number of periods where the S T reach S max when applying Bartlett test is less than the other tests which leads to conclude that the Bartlett test will decrease more the consumption of energy more than the other tests. 

Rounds

(a) P=2, α=0.01. 
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2.5.3/ FURTHER DISCUSSIONS

In this section, we give further consideration to our proposed approach. We compare the obtained results while applying the three different statistical tests. We give some directions to which method to choose under which conditions and circumstances of the application.

From the energy preserving point of view and based on the results presented in Fig- ure 2.4, we can deduce that Tukey and Bartlett tests allow saving more energy than the Fisher test. This is because Tukey and Bartlett tests are more flexible regarding the variance between readings compared to the variance calculated in Fisher. Therefore, if the application permits flexibility regarding the data variance, Bartlett and Tukey tests are more suitable. It is a compromise between energy saving and variance flexibility.

On the other hand, we can also deduce that the Bartlett test extends the network lifetime more than the other tests when P is small, e.g. P = 2, (Figures 2.4 

2.6/ CONCLUSION

In this chapter, we proposed an adaptive sampling approach for energy efficient periodic data collection in sensor networks. First, we presented an existing technique based on one-way ANOVA model applied with Fisher test for adapting sampling rate based on the variance study. Then, we extended such technique to other statistical tests, such as Tukey and Bartlett while taking into account the residual energy level. We showed via simulations that our approach can be effectively used to increase the sensor network lifetime, while still keeping the quality of the collected data high.

ENERGY-EFFICIENT DATA AGGREGATION AND TRANSFER PROTOCOL

Limited battery power and high transmission energy consumption in wireless sensor networks make in-network aggregation and prediction a challenging area for researchers. The most energy consumable operation is transmitting data by a sensor node, comparing it with the energy consumption of in-network computation which is negligible. The energy trade-off between communication and computation provides applications benefit when processing the data at the network side rather than simply transmitting sensor data. In this chapter, we propose energy efficient two phase data aggregation technique for clustering based PSN. The first phase, called aggregation phase, is used to find similarities between data (readings captured during a period p) in order to eliminate redundancy from raw data, thus reducing the amount of data-sets sent to the CH. The second phase, called transmission phase, provides sensors the ability to identify duplicate data sets captured among successive periods, using the sets-similarity joins functions.

3.1/ INTRODUCTION

In WSN, sensor node lifetime is highly related to the power consumption of its battery as it is the low source of energy, and it is difficult and cost ineffective to recharge it in most cases. Sensor nodes use their limited energy in computation and transmission processes in a wireless environment, but the power consumption is at the highest level when sending and receiving messages.

Data aggregation and data reduction approaches are proposed to conserve energy in WSN by reducing the amount of data sent from sensor nodes to their appropriate sink. To save overall energy resources, sensing data are aggregated along the route from sensors to sink. In addition, the amount of data generated in large sensor networks is usually redundant which makes the data aggregation methods essential to eliminate redundant transmissions. It is important to highlight that data aggregation, by eliminating redundant data, should not affect the quality of data (e.g. data accuracy and integrity).

In this chapter, we tackle a new area within data aggregation and reduction problems, by focusing on identifying the similarity between sets of data generated by each sensor node. Since sensing data depends on the monitored condition or process, it is likely that 59 sensor nodes generate similar sets of data for many successive periods, especially when the monitored condition is somehow static. Our main objective in this chapter is to reduce the amount of data transmitted from sensor nodes to their sink. Therefore, we study the similarity between sets generated in successive periods. We suggest an energy efficient technique based on the sets-similarity joint functions that conserve data integrity while eliminating inherited redundancy.

Similarity between sets of sensed data can be computed by using similarity functions, which measure the degree of similarity between two sets and return a value between 0 and 1. Higher is the similarity value, more similar are the sets. Therefore, we can treat pairs of sets with high similarity values as redundant sets, thus, the concerned sensor node sends only one set to the appropriate sink instead several similar sets.

The remainder of this chapter is organized as follows. Section 3.2 presents related work on data reduction and aggregation in sensor networks. Section 3.3 presents our technique consists of two phases: aggregation and transmission phases. Experimental results are exposed in section 3.4. Finally, we conclude the chapter in Section 3.5.

3.2/ DATA TRANSMISSION REDUCTION: A BACKGROUND

Reducing data transmission is the main challenge in WSNs since data transmission is the higher energy consumer process for a sensor node [START_REF] Raghunathan | Energy aware wireless microsensor networks[END_REF][START_REF] Anastasi | Energy conservation in wireless sensor networks: A survey[END_REF]. Hence, researchers have focused on the data aggregation as efficient way to reduce the data transmitted in the network, by eliminating redundancy from the raw data and sending only the useful information to the sink. Furthermore, a lot of such data aggregation studies have been made based on clustering schemes, such as DDCD [START_REF] Yuan | Data density correlation degree clustering method for data aggregation in wsn[END_REF] and DUCA [START_REF] Noor Enam | A uniform clustering mechanism for wireless sensor networks[END_REF]. The authors in [START_REF] Tripathi | Survey on data aggregation techniques for wireless sensor networks[END_REF][START_REF] Kumar | A survey on data aggregation and clustering schemes in underwater sensor networks[END_REF][START_REF] Nokhanji | A survey on cluster-based routing protocols in wireless sensor networks[END_REF] present a comprehensive overview about different data aggregation techniques based on clustering network architecture proposed in the literature for WSNs.

The authors in [START_REF] Zou | A data-aggregation scheme for wsn based on optimal weight allocation[END_REF] propose a Distributed K-mean Clustering (DKC) method for WSN. On the basis of DKC, the authors build a network data aggregation processing mechanism based on adaptive weighted allocation of WSN. DKC algorithm is mainly used to process the testing data of bottom nodes in order to reduce the data redundancy. In [START_REF] Khoa | A data aggregation based efficient clustering scheme in underwater wireless sensor networks[END_REF], the authors propose a data aggregation based clustering scheme for underwater wireless sensor networks (UWSNs) which involves four phases. The goals of these phases are to reduce the energy consumed in the overall network, increasing the throughput, and minimizing data redundancy. The authors in [START_REF] Surender Kumar | Meecda: Multihop energy efficient clustering and data aggregation protocol for hwsn[END_REF] propose a M-EECDA (Multihop Energy Efficient Clustering & Data Aggregation Protocol for Heterogeneous WSN). The protocol combines the idea of multihop communications and clustering for achieving the best performance in terms of network life and energy consumption. M-EECDA introduces a sleep state and three tier architecture for some cluster heads to save energy in the network. The authors in [START_REF] Kumar | Performance analysis of energy efficient clustering protocols for maximising lifetime of wireless sensor networks[END_REF] propose two clustering-based protocols for heterogeneous WSNs, which are called single-hop energy-efficient clustering protocol (S-EECP) and multi-hop energyefficient clustering protocol (M-EECP). In S-EECP, the cluster heads (CHs) are elected by a weighted probability based on the ratio between residual energy of each node and average energy of the network whereas in M-EECP, the elected CHs communicate the data packets to the base station via multi-hop communication approach. In [START_REF] Chen | Adaptive data aggregation scheme in clustered wireless sensor networks[END_REF], the authors propose an adaptive data aggregation (ADA) scheme for clustered sensor networks. In the latter, a time based technique and spatial aggregation degrees are introduced. They are controlled by the reporting frequency at sensor nodes and by the aggregation ratio at CHs respectively.

Recently, various data aggregation methods [START_REF] Bahi | Energy efficient in-sensor data cleaning for mining frequent itemsets[END_REF][START_REF] Bahi | Energy efficient 2-tiers weighted in-sensor data cleaning[END_REF][START_REF] Liu | A clusterbased false data filtering scheme in wireless sensor networks[END_REF][START_REF] Manjula | Cluster based data aggregation in underwater acoustic sensor networks[END_REF] have been proposed in the literature used to eliminate the inherent redundancy in raw data collected by periodic sensor networks. The authors in [START_REF] Bahi | Energy efficient in-sensor data cleaning for mining frequent itemsets[END_REF][START_REF] Bahi | Energy efficient 2-tiers weighted in-sensor data cleaning[END_REF] propose a data cleaning pre-processing approach to reduce the packet size transmitted and prepare the data for an efficient data mining technique based on k-means and FP-tree. The idea is to periodically search similarities between all received readings at the aggregator level in order to reduce the size of data by introducing the notion of reading's occurrence. Then, a data mining algorithm (FP-Tree) is applied in order to send only useful information to the sink. In [START_REF] Liu | A clusterbased false data filtering scheme in wireless sensor networks[END_REF], the authors propose a Cluster-based False data Filtering Scheme (CFFS) that can detect and filter out false reports travel in the network before leading to a waste of energy of this network. In [START_REF] Khoa | Well-suited similarity functions for data aggregation in cluster-based underwater wireless sensor networks[END_REF], the authors use Euclidean distance and cosine distance at the aggregator level to build an efficient underwater network by reducing packet size and by minimizing data redundancy.

In most of existing techniques, we can find data aggregation that focus mainly on the selection of cluster heads and the data transmission to the sink. Furthermore, only the cluster heads process and aggregate data without any processing at the level of the nodes themselves. Recently, the authors in [START_REF] Bahi | Data aggregation for periodic sensor networks using sets similarity functions[END_REF] propose the prefix-frequency filtering (PFF) technique which study a new area within filtering aggregation problem in PSN. the objective of PFF is to identify similarity between data at both sensors and cluster heads (CHs). At the first level of aggregation, e.g. at sensor level, each sensor node searches the similarity between sensed data before sending them to its appropriate CH. When the CH receives data sets from all its nodes, it searches the similarity between data generated by neighboring sensor nodes at the second level of aggregation, by using similarity sets functions. Then, in order to avoid the comparisons between all the received sets, they provided several optimizations aiming to enhancing the data latency of the PFF [START_REF] Bahi | An optimized in-network aggregation scheme for data collection in periodic sensor networks[END_REF][START_REF] Bahi | A two tiers data aggregation scheme for periodic sensor networks[END_REF]. Recently, PFF technique can be considered as one of the efficient data aggregation technique in PSN because it conserves energy for both sensors and CHs. However, PFF has two disadvantages: first, it allows each sensor node to eliminate redundancy from raw data in each period and not in successive periods; second, it has a heavy computational load when searching similar data sets generated by neighboring sensor nodes at the aggregator level.

3.3/ DATA AGGREGATION AND TRANSFER IN PSN

In this section, we describe our technique at the sensor node consists of two phases: aggregation and transmission. The objective of these phases is to eliminate the redundancy existing among the collected data thus, reduce the amount of data sent from each sensor to its CH.

3.3.1/ FIRST PHASE: AGGREGATION PHASE

In PSN, it is very likely to happen that sensor nodes collect the same or very similar consecutive data. For instance, we take two examples of networks, one deployed in the Intel Laboratory [START_REF] Madden | Intel berkeley research lab[END_REF] which collects temperature readings (Figure 3.1) and the second is deployed in the Indian Ocean [115] which collect salinity readings (Figure 3.2). For a period of one day, readings collected by sensors S 10 and S 46 , in Figure 3.1, span over a range of [15.95, 21.45] and [14.01, 22.16] respectively. On the other hand, S 1901149 and S 1901332 collect readings over a range of [34.32, 34.78] and [33.82, 35.27] respectively for the same period. Small ranges of measures shown in Figure 3.1 and Figure 3.2 indicate that readings collected by each sensor are very redundant in this period. Therefore, if sensors send all the collected measures to their appropriate CHs, their energy will be wasted and thus the whole network energy will be depleted quickly. Hence, data aggregation becomes an important requirement in WSNs in order to minimize redundant data collected by the sensor nodes. 

3.3.1.1/ DEFINITIONS AND NOTATIONS

We denote by S ={1, 2, . . . , N} the set of sensor nodes, where N is the number of nodes. Then, each period p in PSN is divided into T equal time slots where, at each slot, a sensor S i captures a new reading r i , then, it forms a vector of readings during the period p as follows: R i = r i 1 , r i 2 , . . . , r i T . Sensor S i in Figure 3.3 takes five measures (e.g. T =5), at each period p q (q ∈ [1,3]) and sends its vector of collected data R i = r i 1 , r i 2 , r i 3 , r i 4 , r i 5 to the CH at the end of the period. As mentioned above, a data vector R i formed by the sensor S i may contain redundant (or very similar) readings, especially when the monitored condition varies slowly or when the slots are short. In order to eliminate similar values from the vector R i , the authors in [START_REF] Bahi | Data aggregation for periodic sensor networks using sets similarity functions[END_REF] proposed the link function to search for readings similarity in the vector. Then, they assigned to each reading its number of occurrences in R i . Similar to link function, we define S imilar function as follows: Definition 3.1 S imilar function. We define the S imilar function between two readings captured by the same sensor node S i at a period p as:

S imilar(r i j , r i k ) = 1 if r i j -r i k ≤ δ, 0 otherwise. .
where r i j and r i k ∈ R i and δ is a threshold determined by the application. Furthermore, two readings are considered similar if and only if their S imilar function is equal to 1.

In order to save the integrity of the information, we define the weight of a reading as follows: Definition 3.2 Reading's weight, wgt(r i ). The weight of a reading r i is defined as the number of similar readings (according to the S imilar function) to r i in the same vector R i .

3.3.1.2/ AGGREGATION PHASE ALGORITHM

Using the notations defined above, we present the aggregation algorithm which is running by the sensors themselves at each period (see Algorithm 2). In the first slot at the period p, the sensor node S i takes the first reading, initializes its weight to 1 and adds it to the final set which will be sent to the CH. Then, for each new captured reading, S i searches for similarities of the new taken reading. If a similar reading is found, the new one is deleted and the corresponding weight is incremented by 1, else the sensor adds the new reading to the set and initializes its weight to 1.

After applying Algorithm 2, S i will possess a set of readings associated to their corresponding weights as follows: R i ={(r i 1 , wgt(r i 1 )), (r i 2 , wgt(r i 2 )), . . . , (r i k , wgt(r i k ))}, where k ≤ T .

Based on the set R i , we provide the following definitions:

Definition 3.3 Cardinality of the set R i , |R i |. The cardinality of the set R i is equal to the number of elements in R i , i.e. |R i | = k. Definition 3.4 Weighted Cardinality of the set R i , wgt c (R i ).
The weighted cardinality of the set R i is equal to the sum of all readings' weights in R i as follows:

wgt c (R i ) = |R i | j=1 wgt(r i j )=T , where r i j ∈ R i .
At the end of each period p, each sensor node S i will have a set R i with no redundant readings. Then, it runs the second phase in our technique: Transmission Phase.

3.3.2/ SECOND PHASE: TRANSMISSION PHASE

At this step, each sensor node S i after forming its set of readings at the end of the first phase, decides whether or not to send the set of readings to the CH based on previous readings. During this phase each sensor identifies the similarity between sets collected Algorithm 2: Aggregation Phase Algorithm Data: new reading r i Result: set of readings with their weights: R i R i ← ∅; if j = 1 // first reading at period p then wgt(r i j ) ← 1;

R i ← R i ∪ {(r i j , wgt(r i j ))}; end else f ound ← f alse; while (r i k , wgt(r i k )) ∈ R i && ! f ound do if S imilar(r i j , r i k ) = 1 then wgt(r i k ) ← wgt(r i k ) + 1; disregard r i j ; f ound ← true ; end end if (! f ound) then wgt(r i j ) ← 1; R i ← R i ∪ {(r i j , wgt(r i j ))};
end end during successive periods to adapt the transmission of sets to the CH. In case of successive periods are similar, the sensor doesn't need to send sets in all the periods. Instead, it sends a notification indicating that the sets are similar in order to conserve its energy therefore, the CH must use the last set sent (e.g., is not notification) by the sensor to be the current set.

In PSN, there is a couple of important design considerations associated with the periodic data model. Sometimes, the dynamics of the monitored condition or process can slow down or speed up [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF]; in case of slow down, the sensor will forward more redundant data to the CH, especially when period p is short. If the sensor can adapt its data transmission to the changing dynamics of the condition or process, then data sets transmitted to the CH can be minimized, and power efficiency of the overall network system can be improved. Another critical design issue is the relation among multiple sensor nodes. Since the collection of data is periodic, collision occurs between packets exchanged between nodes in the network especially when the network is loaded. It is essential for sensor nodes to be able to detect collisions and to introduce a phase shift between two transmission sequences in order to avoid further collisions [START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF]. Therefore, the main goal of the second phase in our proposal is to let the sensor detects similarity between data sets captured in successive periods using sets similarity functions. Thus, the number of sets sent from sensor nodes to their appropriate CHs will be reduced as well as the collision between packets and the bandwidth on the network.

3.3.2.1/ SIMILARITY FUNCTIONS

In the literature, similarity functions were used in various domains and applications in order to identify near duplicate objects (data), such as web search engines [START_REF] Henzinger | Finding near-duplicate web pages: a large-scale evaluation of algorithms[END_REF], Web mining applications [START_REF] Broder | Syntactic clustering of the web[END_REF], detecting plagiarism [START_REF] Hoad | Methods for identifying versioned and plagiarized documents[END_REF], collaborative filtering in data mining [START_REF] Bayardo | Scaling up all pairs similarity search[END_REF], etc. Thus, similarity functions can also constitute a suitable solution for PSNs where data collected by the sensors are in form of sets and they are usually redundant. Hence, the authors in [START_REF] Bahi | A two tiers data aggregation scheme for periodic sensor networks[END_REF] [21] and [START_REF] Bahi | Data aggregation for periodic sensor networks using sets similarity functions[END_REF] are the first that apply the similarity functions in WSN in order to find neighbor nodes that generate similar data. They use similarity functions at the level of aggregators. The novelty of our work is that we use the similarity function at the level of sensor nodes instead of aggregators.

Similarity functions, S im(R i , R j ), calculate similarity between two given sets. Functions return a value between 0 and 1; if the value was 0 then sets are entirely different, while if the value is equal 1, then it means that sets are identical. All other value between 0 and 1 describe the level of similarity between sets. Two sets are similar if their calculated S im is greater than a given threshold t. Several functions have been proposed in the literature in order to measure the similarity between two data sets R i and R j such as:

Overlap similarity: O(R i , R j ) = |R i ∩ R j | Jaccard similarity: J(R i , R j ) = |R i ∩R j | |R i ∪R j | Cosine similarity: C(R i , R j ) = |R i ∩R j | √ |R i |×|R j | Dice similarity: D(R i , R j ) = 2×|R i ∩R j | |R i |+|R j |
However, in this work, we are interested in Jaccard similarity function for two reasons: first, it is one of the most widely used functions as it can support any other similarity functions [START_REF] Arasu | Efficient exact set-similarity joins[END_REF]; second, to compare to other methods using the same function. The Jaccard similarity of sets R i and R j is J(R i , R j ), which is the ratio of the size of the intersection between R i and R j to the size of their union. Figure 3.4 shows an example of calculation of J between two sets R i and R j . There are three elements in their intersection and a total of eight elements that appear in R i ,R j or both. Thus, J(R i , R j ) = 3/8. Adapting Jaccard similarity to readings weights, two given sets R i and R j are considered similar if and only if:

R i R j

J(R i , R j ) ≥ t
where t is a threshold given by the application itself.

For two similar readings r i ∈ R i and r j ∈ R j such that S imlar(r i , r j ) = 1, we denote wgt min (r i , r j ) = min(wgt(r i ), wgt(r j )) the minimum value of the weight of these readings.

Then, inspired from [START_REF] Bahi | Data aggregation for periodic sensor networks using sets similarity functions[END_REF], we define "∩ s " as a new function for overlapping as follows: Definition 3.5 Consider two sets of readings R i and R j , then we define: R i ∩ s R j = {(r i , r j ) ∈ R i × R j with weight wgt min (r i , r j ), such that S imilar(r i , r j ) = 1} and we consider it remains:

           in R i : R i -{(r i , wgt(r i ) -wgt min )} i f wgt(r i ) -wgt min > 0, or in R j : R j -{(r j , wgt(r j ) -wgt min )} i f wgt(r j ) -wgt min > 0.           
. Now, the Jaccard similarity function between two sets R i and R j can be defined as follows [START_REF] Bahi | An optimized in-network aggregation scheme for data collection in periodic sensor networks[END_REF]:

J(R i , R j ) ≥ t ⇔ |R i ∩ s R j | ≥ α = 2 × t × T 1 + t (3.1)
Algorithm 3 searches the similarity between two sets given by its arguments, it returns a boolean value which indicates if the sets are similar or not.

Algorithm 3: Jaccard Similarity Sets Algorithm Data: two sets of readings R i and R j , t, T Result: boolean value that indicates if the sets are similar

O s ← 0; Consider |R i | < |R j |; for k ← 1 to |R i | do search similar of R i [k] in R j ; find R j [l] / S imilar(R i [k], R j [l]) = 1; if R j [l] is exist then O s ← O s + wgt min (R i [k], R j [l]); end end if O s ≥ 2×t×T 1+t then
return true; end else return f alse; end

3.3.2.2/ OPTIMIZATION OF JACCARD SIMILARITY COMPUTATION

In WSNs, the set of collected readings can contain a large number of elements making the Jaccard similarity function very expensive in terms of calculation. Thus, data sets arrived to the sink node will be delayed. Hence, in order to reduce the overhead of the Jaccard function, the authors in [START_REF] Bahi | An optimized in-network aggregation scheme for data collection in periodic sensor networks[END_REF] proposed a filtering constraint during the verification of the similarity between two data sets. Thus, in this chapter, we use such filtering in order to accelerate the computation of the Jaccard similarity function. The proposed filtering divides two compared sets in order to find a reading where in its position a similarity upper bound is estimated and checked against the similarity threshold. As soon as the check is failed we can stop the overlap computing early. The proposed filtering is formalized by the following lemma [START_REF] Bahi | An optimized in-network aggregation scheme for data collection in periodic sensor networks[END_REF]:

Lemma 3.1 Assume that |R i | < |R j |
and all readings in R i are ordered according to the global ordering O. R i and R j are similar ⇒ for any r ∈ R i dividing R i into h-R i and l-R i we have:

|h-R i ∩ s R j | ≥ (2 × t× T )/(1 + t) - |l-R i | k=1 (wgt(r k ∈ l-R i )).
Proof. Please refer to the lemma 2 in [START_REF] Bahi | An optimized in-network aggregation scheme for data collection in periodic sensor networks[END_REF] to see the proof.

3.3.2.3/ DATA SENT DURING TRANSMISSION PHASE

After forming the final data set at the end of the first phase, each sensor node executes the transmission phase in order to decide either to transfer or not the data set to the CH. In the transmission phase, each sensor node sends at each period one of the following packets: S et Packet or S imilarity Noti f ication. The first one contains the current data set formed at the current period while the second is an empty packet. However, a sensor node computes the similarity between the current data set and the last data set sent (e.g. in the last S et Packet packet which is saved in its memory) to the CH, by using Jaccard function mentioned above. If the similarity is greater than the Jaccard threshold, then sensor node sends a S imilarity Noti f ication packet to the CH in order to avoid sending redundant data sets in several periods, (in order to decrease the power consumption). In the other case, (i.e. the similarity is less than the Jaccard threshold), the sensor node replaces the saved set in its memory by the current set, then sends it in a S et Packet packet to the CH.

Next, we provide an example that illustrates the transmission phase. In this example, we present data transmission by a sensor 'S 1 ' for five successive periods (p 1 to p 5 ) after aggregation phase at each once (Figure 3.5).

In the first period p 1 , the sensor S 1 sends the set R 1 to the CH after saving a copy in its memory. At the second period p 2 , S 1 checks similarity between the new set R 2 and the set saved in its memory (e.g., R 1 ). It detects that both sets are similar, then it deletes the new set R 2 and sends a notification to the CH. At period p 3 , S 1 checks similarity between R 3 and R 1 which is saved in its memory; it detects that R 1 and R 3 are similar, therefore, it keeps R 1 saved and deletes R 3 while sending a notification to CH. The same process is applied at period p 4 , but in this case R 1 and R 4 are not similar, thus, S 1 replaces the set saved in its memory (e.g., R 1 ) by the new one R 4 and sends R 4 in a S et Packet to the CH. The same process is applied on data transmission between the CH/sink and the user in order to reduce unnecessary transmissions, while as mentioned before, the sink sends the set of readings received in the last S et Packet at the end of each period even if notification packets are received.

3.3.2.4/ ALGORITHMS USED FOR TRANSMISSION PHASE

Based on the example described at previous section 3.3.2.3, we present in this section the set of algorithms used by the network devices during the transmission phase. Algorithm Notification (S 1 ) 

J (R ' 2 ,
collect (R ' 2 ) collect (R ' 3 ) collect (R ' 4 ) collect (R ' 5 )
Figure 3.5: Illustrative example for transmission phase.

4, 5 and 6 below are used to adapt the transmission of data between network devices.

Algorithm 4 describes the decision phase at the sensor side. In the first period, the sensor saves and sends the set of readings to the CH (lines 2-3), then at the end of each period, the sensor sends a set of readings if and only if the set is not similar to the saved set (lines 11-13), else it deletes the set and sends a notification to its proper CH (line 7-8).

Algorithm 5 describes how the CH receives and sends the data sets sent by its proper sensor nodes. However, since our technique can be applied in a distributed manner at each sensor separately, the main responsibility of the CH is to manage the nodes in its cluster. Furthermore, the CH has been considered in our technique as an intermediate node that manage data transmission between the sensor nodes and the sink. Therefore, when the CH receives a packet, S et Packet or S imilarity Noti f ication, from a sensor node it forwards it directly to the sink.

In order to preserve the information integrity, the sink saves the received set sent S imilarity Noti f ication(id) // send an empty packet corresponding to sensor id to sink; end in the last S et Packet of each sensor in its memory. In case the sink recognizes that S imilarity Noti f ication packet is received from the sensor at the current period, then, it uses the saved set of readings of the concerned sensor, as the current set. While in the other case, (e.g., sink recognizes that S et Packet is received from the concerned sensor) the sink replaces the saved set of the concerned sensor by the received one. At the end of each period, the sink sends the last sets for all sensors saved in its memory to the final user in order to achieve data accuracy. Algorithm 6 describes data transmission at the sink side. The sink has a map I id to save last sets in last S et Packet received from all sensor nodes. When the sink receives a new data set from a sensor, it replaces the saved set by the new set. Then, it sends all the data sets saved in I id at each period to the user in order to guarantee real time information.

Algorithm 6: Transmission Phase Algorithm at Sink

Data: packet sent from sensor id at period p, I id : Map from sensors id to corresponding saved sets R id Result: void for each S et Packet(id, R id ) at p do replace(I id , id, R id ) // replace the saved set by the new set; end for each set R id ∈ I id do S et Packet(id, R id ) // send last saved set for each sensor id to user; end

3.3.3/ COMBINING OF FIRST AND SECOND PHASES AT THE SENSOR LEVEL

In this section, we integrate phases (aggregation and transmission) proposed in our technique at the sensor level. Algorithm 7 provides our technique that allows to each sensor, at each period, to eliminate similar captured readings at the aggregation phase, and then to reduce the number of sets sent to its proper CH at the transmission phase.

Algorithm 7: Our technique

Data: t, T , saved set of measures R j Result: void R i ← ∅; for k ← 1 to T do
Get a reading r i ; R i = Aggregation(r i ); end T ranmsission Phase at S ensor(S ensor id, R i , R j , t, T );

3.4/ EXPERIMENTAL RESULTS

To validate our proposed technique, we developed a Java based simulator that is run on the data collected from 54 sensors deployed in the Intel Berkeley Research Lab [START_REF] Madden | Intel berkeley research lab[END_REF]. In this dataset, Mica2Dot sensors with weather boards collect humidity, temperature, light and voltage values. The data were collected using TinyDB in-network query processing system built on the TinyOS platform. The sensor IDs range from 1-54. Figure 3.6 shows a map of the placement of sensors in the lab. We used a file that includes a log of about 2.3 million readings collected from these sensors Data from some sensor nodes may be missing or truncated (yellow sign in Figure 3.6). In the remainder and for the sake of simplicity we are only interested in the temperature 1 field. We assume that the network contains one CH located at the center of the lab where the sensors send periodically their data to this CH. Our goal is to demonstrate that our technique can successfully achieve desirable results in decreasing the power consumption of a PSN. Each node reads periodically real readings saved in that file while applying the aggregation phase. At the end of the first phase, each node decides to send or not the set of collected readings/weights to the CH using the transmission phase. In our simulations we tackled the approach performance using the following parameters: the threshold of the Jaccard similarity function t, the threshold of the S imilar function δ, and the number of readings T taken by each sensor during a period. We evaluated our approach while taking into account the following metrics: the data aggregation ratio at the first phase, the percentage of data sets sent to the CH at the second phase, data accuracy, and energy consumption. Furthermore, in our experiments we compare our proposed technique to a classical clustering approach without aggregation at the node level and then to the most recent published version of the PFF technique [START_REF] Bahi | A two tiers data aggregation scheme for periodic sensor networks[END_REF]. 

3.4.1/ DATA AGGREGATION RATIO AFTER THE AGGREGATION PHASE

Due to the S imilar function, each sensor node has the ability to reduce the amount of data collected at each period by eliminating redundant values. Therefore, the result in this phase depends on the chosen threshold δ, the number of the collected measures in period T and changes in the monitored condition. In these simulations, we vary δ between 0.07 and 0.22 , and T between 20 and 100. Figure 3.7 shows the percentage of the remained readings, or data aggregation ratio, at each period without (classical clustering) and with aggregation phase at each sensor. The results show that, at each period, a maximum of 22% of the data remains after the aggregation phase is applied while the percentage is equal to 100% without applying the aggregation phase. Therefore, first phase can successfully eliminate redundant readings collected by each sensor at each period. We can also observe that, at the aggregation phase, data redundancy increases when T or δ increases. This is because, S imilar function will find more similar readings to be eliminated in each period. 
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3.4.2/ PERCENTAGE OF SETS SENT TO THE CH AFTER THE TRANSMISSION PHASE

In the transmission phase, each sensor reduces the number of sets sent to its proper CH based on the similarity between collected sets of readings among successive periods.

In this section, we compare the percentage of sets sent by a sensor with and without applying the transmission phase. We fix in Figure 3.8(a) the threshold δ and vary T while in Figure 3.8(b) we fix T and vary δ. The obtained results show that each sensor reduces, when varying the threshold t, 17% to 62% of sets sent to the CH. Based on results in Figure 3.8, several observations can be made in the transmission phase at the sensor:

Without Transmission Phase Transmission Phase Transmission Phase Transmission Phase

Without Transmission Phase Transmission Phase Transmission Phase Transmission Phase

• the sensor sends more sets when t increases.

• the sensor eliminates more sets when δ increases.

• transmission phase is more effective when using short periods (e.g., T decreases).

3.4.3/ DATA ACCURACY

Data accuracy is an important factor to be considered in WSN, because it affects the decision making by the end user. It represents the measures loss rate. It is an evaluation of measures taken by the sensors nodes and did not arrive neither their similar values to the sink. It is defined also as the aggregation error. In this section we compare the results of our approach to those of PFF technique [START_REF] Bahi | A two tiers data aggregation scheme for periodic sensor networks[END_REF]. Figure 3.9 shows the results of data accuracy for both techniques. In Figure 3.9(a), 3.9(b) and 3.9(c), we fixed the threshold δ and we varied T while in Figures 3.9(d), 3.9(a) and 3.9(e) we show the comparisons between the two techniques when T is fixed and δ is varied. 

% of lost readings

(e) T = 20, δ = 0.2. The obtained results show that the two techniques provide good performance regarding the data accuracy for different values of parameters. We can observe that our technique outperforms PFF in all cases. We can also notice that in our technique, the percentage of readings not received by the sink in worst case (i.e. t = 0.75, δ = 0.07 and T = 20 in Figure 3.9(d)) does not exceed the 2.1%. This amount is negligible compared to the amount sent to the end user (the amount of data removed does not affect the user decision making based on the received data). Therefore, we can consider that our technique decreases the amount of redundant data forwarded to the CH and performs an overall lossless process in terms of information and integrity by conserving the weight of each reading. We can also observe that, the percentage of lost readings in our technique decreases when T increases (Figure 3.9(a), 3.9(b) and 3.9(c)), due to the similarity technique which is more effective and more sets are eliminated when periods are short.

3.4.4/ ENERGY CONSUMPTION STUDY

Reducing the amount of data transmitted will eventually lead to reduce energy consumption of the sensor and extend its lifetime. Our technique reduces the overhead by aggregating readings at the first phase and adapting data transmission at the second phase, while preserving the information integrity. To evaluate the energy consumption we use the same radio model as discussed in [START_REF] Madden | Intel berkeley research lab[END_REF]. In this model, a radio dissipates E elec = 50nJ/bit to run the transmitter or receiver circuitry and β amp = 100pJ/bit/m 2 for the transmitter amplifier. Radios have power control and can expend the minimum required energy to reach the intended recipients as well as they can be turned off to avoid receiving unintended transmissions. Equations used to calculate transmission costs and receiving costs for a k-bit messages and a distance d are respectively shown in 3.2 and 3.3:

E T X (k, d) = E elec × k + β amp × k × d 2 (3.2) E RX (k, d) = E elec × k (3.3)
Receiving is also a high cost operation, therefore, the number of receptions and transmissions should be decreased. With these radio parameters, when d 2 is 500m 2 , the energy spent in the amplifier part is equal to the energy spent in the electronics part, and therefore, the cost to transmit a packet will be twice the cost to receive.

Since our technique also optimizes energy consumption at CH and sink due to minimizing the reception (Equation 3.3) and transmission of sets (Equation 3.2), we only present in this chapter the optimization of energy consumption at sensors level. The goal of the energy study is to show that our technique succeed to conserve energy of sensors and to extend their lifetime more than the PFF technique.

At the end of each period, each sensor forms a set that contains |R i | readings with the weight wgt(r i ) of each one. The size of the set sent by a sensor is equal to the number of weights sent in addition to the number of readings sent. We consider that each reading is equal to 64 bits. Figure ?? show the energy consumption comparison between our technique and the PFF one while varying δ and T .

The obtained results show that our technique outperforms PFF for all values of thresholds and it reduces from 6% to 47% of the energy consumption at each sensor node. This is due to the local transmission phase proposed by our technique, while the PFF sends all the formed sets to the CH.

From these results we can deduce that:

• our technique reduces more energy consumption when t decreases,

• our technique conserves more energy when T decreases (Figure 3. 

3.5/ CONCLUSION

In this chapter we proposed a two phase data aggregation technique based on clustering approach for energy efficiency in PSN: aggregation phase and transmission phase. In the first one each sensor aggregates captured readings based on a S imilar function while in the second phase our objective is to reduce the number of data sets sent from sensors to their CHs by searching similarity between captured readings among successive periods using sets similarity functions. The effectiveness of our technique in terms of data reduction and energy consumption is shown through simulations on real data readings. Furthermore, it was shown that our technique outperforms the existing PFF technique dedicated to data aggregation in PSN.

IN-NETWORK DATA AGGREGATION TECHNIQUE

In WSNs, data transmission is an expensive issue in terms of energy. Therefore, data aggregation becomes an essential technique to achieve energy efficient data transmission for such networks. Energy efficiency, data latency and data accuracy are the major key elements evaluating the performance of a data aggregation technique. The tradeoffs among them largely depends on the specific application. In this chapter, we propose a complete data aggregation framework for cluster-based periodic sensor networks. We propose energy-efficient technique which are applied at each cluster separately and achieve aggregation at both sensor nodes and CH levels. Further to a local aggregation at sensor nodes level, we allow each CH to eliminate redundant data sets generated by neighboring nodes at each period by applying distance functions, such as Euclidean and Cosine.

4.1/ INTRODUCTION

Wireless sensor networks (WSNs) are almost everywhere, they are exploited for thousands of applications in a densely distributed manner. Such deployment makes WSNs one of the highly anticipated key contributors of the big data nowadays. However, such big data applications raise two problems: energy consumption and user decision. First, the sensing of big data volume leads to a great waste of sensors energy, which is usually limited and not rechargeable, thus decreases the network lifetime. Second, it is a complicated mission for decision makers when dealing with a big amount of sensed data, that mostly contains a high redundancy level, to make the right decisions. In order to handle these problems, researchers have focused on the data aggregation methods in WSNs.

The main goal of these methods is to minimize the huge amount of data generated by neighboring nodes thus conserving network energy and providing a useful information for the end user.

In this chapter, we consider, again, a cluster-based periodic sensor network (CPSN), where each sensor monitors the given phenomenon and periodically sends its collected data to its CH. Then, we introduce a complete data aggregation framework for CPSN. Two layer technique is proposed: at the node level and at the CH level. Our technique aims at optimizing the volume of transmitted data thus saving energy consumption and reducing bandwidth on the network level. At the first level, an aggregation process aggregates data shortest path trees to support network scalability. The key principle behind ToD was that adjacent nodes in a graph will have low stretch in one of these trees in ToD, thus resulting in early aggregation of packets. In [START_REF] Zheng | Building representative based data aggregation tree in wireless sensor networks[END_REF], the authors propose a method to build an aggregation tree model in WSN such that the captured data is aggregated along the route from the leaf cells to the root of the tree. In this scheme, the tree is not built directly on sensors, but on the non-overlapping cells, which are divided with equal sizes in the target terrain. A representative sensor in each cell acts in name of the whole cell, including forwarding and aggregation of the sensing data in its cell and the receiving data from the neighbor cells.

Other works on data aggregation in WSNs are based on a chain routing topology [START_REF] Chiang | A cycle-based data aggregation scheme for grid-based wireless sensor networks[END_REF][START_REF] Imran | Chain-based communication in cylindrical underwater wireless sensor networks[END_REF][START_REF] Salim | Distributed multi chain compressive sensing based routing algorithm for wireless sensor networks[END_REF]. In [START_REF] Chiang | A cycle-based data aggregation scheme for grid-based wireless sensor networks[END_REF], the authors propose a Cycle-Based Data Aggregation Scheme (CBDAS) in order to reduce the amount of data transmitted to the base station (BS). In CBDAS, the network is divided into a grid of cells, each with a head. The network lifetime is prolonged by linking all cell heads together to form a cyclic chain, where the gathered data move from node to node along the chain, getting aggregated. In [START_REF] Imran | Chain-based communication in cylindrical underwater wireless sensor networks[END_REF], a chainbased routing scheme for application-oriented cylindrical networks is proposed. After finding local optimum paths in separate chains at each scheme, the authors formulate mathematical models to find a global optimum path for data transmission through their interconnection.

Finally, some works proposed recently on data aggregation are based on a structurefree of the network [START_REF] Chao | Design of structure-free and energy-balanced data aggregation in wireless sensor networks[END_REF][START_REF] Luo | A dynamic virtual force-based data aggregation algorithm for wireless sensor networks[END_REF]. In [START_REF] Chao | Design of structure-free and energy-balanced data aggregation in wireless sensor networks[END_REF], the authors propose a Structure-Free and Energy-Balanced data aggregation protocol, SFEB. SFEB features both efficient data gathering and balanced energy consumption, which result from its two-phase aggregation process and the dynamic aggregator selection mechanism. In [START_REF] Luo | A dynamic virtual force-based data aggregation algorithm for wireless sensor networks[END_REF], a virtual force-based dynamic routing algorithm (VFE) for data aggregation in WSNs is proposed. Motivated by the cost field and virtual force theories, VFE allows each node to select the optimal node to be the next hop which makes data aggregation more efficient. The authors in [START_REF] Shim | Data aggregation with multiple sinks in information-centric wireless sensor network[END_REF] propose a data aggregation with multiple sinks in an Information-Centric Wireless Sensor Network with an ID-based information-centric network, in order to reduce the energy-transmission cost.

Subsequently, clustering is recently considered as an efficient topology control method in WSN [START_REF] Babu | Enhancement of secure and efficient data transmission in cluster based wireless sensor networks[END_REF] that has many advantages, especially as far as scalability and network maintenance are concerned, compared to other topologies. However, most of the existing data aggregation techniques based on clustering topology are dedicated to event driven data model [6] and they mainly focus on the selection of CHs [START_REF] Natarajan | A fuzzy based predictive cluster head selection scheme for wireless sensor networks[END_REF][START_REF] Kumar | Performance analysis of energy efficient clustering protocols for maximising lifetime of wireless sensor networks[END_REF]. In these techniques only CHs process and aggregate data without any processing at the level of the nodes themselves. Consequently, as explained in Chapter 4, PFF technique [START_REF] Bahi | A two tiers data aggregation scheme for periodic sensor networks[END_REF] can be considered as one of the most efficient data aggregation technique proposed for cluster-based PSN because it performs aggregation at both levels (sensors and CH). Hence, in this chapter, we compare the results of our proposed technique to those obtained in PFF.

4.3/ AGGREGATION AT SENSOR LEVEL

Since the S imilar function defined in Chapiter 3 has been proven as an efficient method to eliminate redundant data collected at each period, we propose to use it in our technique as an aggregation method at the sensor level. Hence, based on the S imilar function 3.1 and the Algorithm 8, each sensor S i will have a set of readings, R i ={(r i 1 , wgt(r i 1 )), (r i 2 , wgt(r i 2 )), . . . , (r i k , wgt(r i k ))}, with no redundant values. In addition, we reuse the notations |R i | 3.3 and wgt c (R i ) 3.4 to express the cardinality and the weighted cardinality of the set R i .

Therefore, at the end of this aggregation level, each sensor node S i will send its set R i to the CH at the end of each period. In the next section, we present the aggregation method at the CH level which, in turn, aggregates the data sets coming from different member nodes.

4.4/ AGGREGATION AT CH LEVEL

In this section, we propose an aggregation method to search redundant data sets generated by the sensors using the distance functions. Distance functions are an important method that can find duplicated data sets by searching dissimilarities between these sets. Hence, a great number of distance functions have been proposed in the literature [START_REF] Michel | Encyclopedia of Distances[END_REF]. In this chapter, we are interested in two distance functions that are widely used in various domains: Euclidean and Cosine distances.

Let us consider two data sets R i and R j , generated by the sensor nodes S i and S j respectively, at the period p as follows: R i = {(r i 1 , wgt(r i 1 )), (r i 2 , wgt(r i 2 )), . . . , (r i k i

, wgt(r i k i

))} and R j = {(r j 1 , wgt(r j 1 )), (r j 2 , wgt(r j 2 )), . . . , (r j k j , wgt(r j k j ))} where |R i | = k i and |R j | = k j . Therefore, R i and R j are considered redundant if the calculated distance between them is less than a threshold (t d ) as follows:

Dist(R i , R j ) ≤ t d
However, two issues must be considered when using distance functions with readings weights: 1) Calculating the distance between two data sets with different cardinalities, e.g. k i and k j , and 2) integrating the weights when calculating the distance between sets. To overcome these challenges, we propose to use the threshold δ, introduced in the S imilar function (cf. Section 3.3), when computing the distance between the sets.

In order to find the distance between two sets R i and R j , the first step consists in dividing each set into two parts: overlap and remained. The overlap part of the set R i (resp. R j ) contains readings that are similar to those in R j (resp. R i ) while the remained part contains the remaining readings of R i (resp. R j ). Subsequently, the overlap part between two sets has already been defined in Definition 3.5, i.e. R i ∩ s R j , while the remained part in each set is defined as follows: Definition 4.1 Remained part of R i , R i r . Consider two sets of sensor readings R i and R j . We define the remained part R i r (respectively R j r ) as all the readings in R i (respectively R j ) minus the readings in the overlap part of R i (respectively R j ) as follows:

           R i r = R i (R i ∩ s R j ) and R j r = R j (R i ∩ s R j )
Where is a new operation defined as: Definition 4.2 Minus Operation, . We define the minus operation, R i R j , between two sets R i and R j as all the readings in R i and not in R j as follows:

R i R j = {r i ∈ R i , with wgt(r i ) = wgt(r i )-wgt(r j ) for all r j ∈ R i ∩ s R j and S imilar(r i , r j ) = 1}

In order to compute the distance between R i and R j , we must transform R i r (respectively R j r ) into a vector as follows:

vR i r = r i 1 , . . . , r i 1 wgt(r i 1 ) times , r i 2 , . . . , r i 2 wgt(r i 2 ) times , . . . , r i k i , . . . , r i k i wgt(r i k i ) times
Then, we order the readings in vR i r (respectively vR j r ) by increasing order of their values to ensure a logical comparison when calculating the distance between them.

4.4.1/ EUCLIDEAN DISTANCE

In mathematics, the Euclidean distance is the ordinary distance, e.g. straight line distance, between two points, sets or objects. It is used in many applications and domains, such as computer vision and prevention of identity theft [START_REF] Abraham Oommen | Design of face recognition system using principal component analysis[END_REF]. Furthermore, the Euclidean distance is already used in WSN during the deployment phase in terms of sensors' localization [START_REF] Abdo | Euclidean distance matrices, semidefinite programming, and sensor network localization[END_REF] and inter-sensors distance estimations [START_REF] Serdar | On multihop distances in wireless sensor networks with random node locations[END_REF]. In this paper, we use the Euclidean distance on the data sets collected by sensors while adapting it to take into account the measures' weights.

In general, the Euclidian distance (E d ) between two data sets R i and R j , before applying the S imilar function, is given by: 2 where r i k ∈ R i and r j k ∈ R j Thus, R i and R j are said to be redundant if E d (R i , R j ) ≤ t d , where t d is a threshold determined by the application.

E d (R i , R j ) = T k=1 (r i k -r j k )
After applying the S imilar function, we consider that R i and R j are respectively transformed into R i and R j . Therefore, we calculate the Euclidean distance between R i and R j as follows: 2 where r i k ∈ vR i r and r j k ∈ vR j r (4.1)

E d (R i , R j ) = |vR ir | k=1 (r i k -r j k )
E d (R i , R j ) = (R i -R j ) 2 = R i ∩ s R j + vR i r -R i ∩ s R j + vR j r 2 = R i ∩ s R j -R i ∩ s R j + vR i r -vR j r 2 = (vR i r -vR j r ) 2 = |vR ir | k=1 (r i k -r j k ) 2
where r i k ∈ vR i r and r j k ∈ vR j r

In the above proof, we consider that the Euclidean distance between the readings in the overlap is equal to zero because they are considered redundant at the sink. Therefore, the Euclidean distance between two sets is equal only to distance between readings in the remained parts of R i and R j , i.e. vR i r and vR j r respectively.

4.4.2/ COSINE DISTANCE

Cosine distance is a measure of dissimilarity between two vectors that measures the cosine of the angle between them. This kind of dissimilarity has been used widely in many aspects, such as the anomaly detection in web documents [START_REF] Friedman | Anomaly detection in web documents using crisp and fuzzy-based cosine clustering methodology[END_REF] and medical diagnosis [START_REF] Ye | Cosine similarity measures for intuitionistic fuzzy sets and their applications[END_REF]. Depending on the angle between the vectors, the resulting dissimilarity ranges from -1 meaning exactly the opposite, to 1 meaning exactly the same.

The Cosine distance (C d ) between two sets R i and R j , before applying S imilar function, is given by:

C d (R i , R j ) = 1 - T k=1 (r i k × r j k ) T k=1 r 2 i k × T k=1 r 2 j k
where r i k ∈ R i and r j k ∈ R j .

Thus, R i and

R j are redundant if C d (R i , R j ) ≤ t d .
Then, we adapt the Cosine distance to the readings weights in R i and R j as follows:

C d (R i , R j ) = 1 - A + |vR ir | k=1 (r i rk × r j rk ) A + |vR ir | k=1 r 2 i rk × A + |vR jr | k=1 r 2 j rk (4.2)
where A =

|R i ∩ s R j | k=1 wgt min (r i k , r j k ) × r 2 i k
Proof. Consider two sets of data R i and R j . Then:

C d (R i , R j ) = 1 - R i ×R j √ R 2 i × R 2 j = 1 - R i ∩ s R j +vR ir × R i ∩ s R j +vR jr (R i ∩ s R j ) 2 +vR 2 ir × (R i ∩ s R j ) 2 +vR 2 jr = 1 - (R i ∩ s R j ) 2 +(vR ir ×vR jr ) (R i ∩ s R j ) 2 +vR 2 ir × (R i ∩ s R j ) 2 +vR 2 jr = 1 - A+ |vR ir | k=1 (r i rk ×r j rk ) A+ |vR ir | k=1 r 2 i rk × A+ |vR jr | k=1 r 2 j rk
where A =

|R i ∩ s R j | k=1 wgt min (r i k , r j k ) × r 2 i k

4.4.3/ DISTANCE NORMALIZATION

In general, each distance function has its own method to calculate the distance between data sets. For instance, straight-line distance in Euclidean distance and the angle between data sets in Cosine distance. Therefore, normalization becomes essential to scale the distance between data sets into the range [0, 1] to have thus the same variation between sets before comparing them. Many researches have been conducted on vector normalization in different domains [START_REF] Gang Qian | Similarity between euclidean and cosine angle distance for nearest neighbor queries[END_REF][START_REF] Ortega | Supporting similarity queries in mars[END_REF]. However, some of such methods are dedicated to particular applications where others scale data sets into a very narrow range [START_REF] Ortega | Supporting similarity queries in mars[END_REF]. Otherwise, the Gaussian normalization is a commonly used method to normalize data in various domain such as WSNs. Hence, in this chapter, data sets sent by the sensor nodes to the CH are normalized using Gaussian normalization. Once the CH receives the data sets at each period, it calculates first the distance, Euclidean or Cosine, for each pair of sets as follows:

d = {d 1 (R 1 , R 2 ), d 2 (R 1 , R 3 ), . . . , d n×(n-1) 2 (R n-1 , R n )}
where n is the number of total sets and n×(n-1) 2 is the number of all possible distances. Then, it normalizes the returned distance values using the following Gaussian normalization equation:

d i = d i -Y 6 × σ + 1 2 (4.3)
where Y is the mean of all distances and σ is the standard deviation of pairwise distance over all data. Y and σ are calculated as follows:

Y = |d| k=1 d k |d| and σ = |d| k=1 (d i -Y) 2 |d|
, where |d| = n × (n -1) 2

4.5/ SIMULATION RESULTS AND EVALUATION

In this section, we present the simulation results which evaluate the performance of our proposed technique. The objective of these simulations is to confirm that the proposed data aggregation method can successfully achieve desirable results for energy conservation, data latency and data accuracy in different monitoring applications. Again, we used the publicly available Intel Lab dataset which contains data collected from 46 sensors deployed in the Intel Berkeley Research Lab [START_REF] Madden | Intel berkeley research lab[END_REF] 1 . For the sake of simplicity, in this chapter we are interested in one field of sensor readings: the temperature. Similarly to simulations in Chapter 3, we assume that all nodes send their data to a common CH placed at the center of the Lab. First, each node periodically reads real readings while applying the S imilar function. At the end of this step, each node sends its set of readings with weights to the CH which in its turn aggregates them using the proposed aggregation method in our technique. Furthermore, we compare the results of our technique to those of the PFF technique proposed in [START_REF] Bahi | A two tiers data aggregation scheme for periodic sensor networks[END_REF]. We have implemented both techniques on a Java simulator and we compared the results of 15 periods in all the experiments.

We evaluated the performance using the following parameters: 

4.5.1/ DATA AGGREGATION RATIO AT SENSOR LEVEL

During the aggregation at sensor level (or aggregation node phase), each sensor node searches the similarity between readings captured at each period and assigns for each measure its weight. Figure 4.1 shows the percentage of remaining data, or aggregated data, which will be sent to the CH, with and without applying the aggregation node phase at the sensors level. At each period, the amount of data collected by each sensor is reduced at least by 77% (and up to 94%) after applying the S imilar function. Otherwise, the sensor node sends all the collected data, e.g. 100%, without applying the aggregation node phase. Therefore, our technique can successfully eliminate redundant measures at each period and reduce the amount of data sent to the CH. We can also observe that, with the aggregation node phase at sensor level, data redundancy among data increases when T or δ increases. 

Without Aggregation Node

4.5.2/ DATA SETS REDUNDANCY

When receiving all the sets from its member nodes at the end of each period, CH applies the second aggregation level in order to find all pairs of redundant sets. Several observations can be made based on the obtained results in Figure 4.2:

• The Euclidean distance finds more redundant sets compared to Cosine distance in all cases. This is due to the Euclidean distance equation which is more flexible function compared with that used in Cosine distance.

• The number of pairs of redundant sets in Euclidean and Cosine distances increases when t d increases (Figure 4.2(a)). This is because, we allow more measures to be eliminated when t d increases thus we allow more sets to be redundant.

• The number of redundant sets obtained in both distances is almost fix when fixing T and t d and increasing δ, while it increases in PFF (Figure 4.2(b)). This is because the data sets save the same distance condition when changing δ. Otherwise, the results of PFF proportionally change with δ since they are strongly dependent on the S imilar function.

4.5.3/ DATA SETS REDUCTION

In this section, we show how the CH is able to eliminate redundant sets at each period before sending them to the sink. In other words, how many sets among the redundant sets the CH will send to the sink at each period (lines 16-23 in Algorithm 8). Figure 4.3 shows the percentage of the remaining sets that will be sent to the sink after eliminating the redundancy. Similarly to Figure 4.2, we varied t d and we fixed T and δ in The results obtained in Figure 4.2 allow us to conclude some observations shown in Figure 4.3:

• The percentage of sets sent to the sink using Euclidean distance is inferior to that sent using Cosine distance, for different values of parameters. This is because the CH finds more redundant sets by using Euclidean distance (see results in • The distance functions allow the CH to send 15% to 61% less sets to the sink compared to PFF, due to the flexibility of distances regarding the redundancy compared to similarity functions.

• The percentage of sets sent to the sink in Euclidean and Cosine distances decreases when t d increases ( 

4.5.4/ ENERGY CONSUMPTION STUDY

In this section, our objective is to study the energy consumption at the sensor nodes and CH levels. Recall, we always use the same radio model as discussed in [START_REF] Madden | Intel berkeley research lab[END_REF] to evaluate the energy consumption. In sensor networks, energy consumption is highly dependent on the amount of data sent and received. First, Figure 4.4 shows the energy consumption comparison with and without applying the aggregation node phase by each sensor node and when varying T and δ. Since the aggregation node significantly reduces the redundancy among data collected by the sensor node (see results in Figure 4.1), it allows it to proportionally save its energy when transmitting its data to the CH at each period. This result is obvious in Figure 4.4 when the sensor node applies the aggregation node phase and when δ or T increases. It is important to notice that our technique can save from 76% ( Since the energy consumption is minimized when the percentage of sets sent is mini-mized, several observations shown in Figure 4.5 can be concluded:

• Euclidean distance decreases the energy consumption in the CH from 9% to 40% compared to the Cosine distance. This is because the Euclidean distance sends less sets to the sink compared to the Cosine distance.

• Using Euclidean and Cosine distances, the CH conserves more energy when t d increases (Figure 4.5(a)).

• The energy consumption in the CH using the distance functions is almost independent from δ threshold (Figure 4.5(b)). Otherwise, PFF reduces the energy consumption in the CH when δ increases (Figure 4.5(b)).

4.5.5/ DATA LATENCY: EXECUTION TIME

In this section, we compare the execution time required for both data aggregation techniques when varying t d , δ and T respectively (Figure 4.6). The execution time is dependent on the normalization process of data sets in distances method and on the number of candidates generated in PFF. The obtained results show that PFF can accelerate the execution time at the CH twice faster than distances method; the reason for that is the normalization used in Euclidean and Cosine distances which needs to calculate all distances between pairs of sets while PFF only searches the similarity between the generated candidate pairs. Several observations can be made based on the results shown in Figure 4.6:

• The Euclidean distance decreases the execution time at the CH more than the Cosine distance. This is due to the complexity of the calculation of Cosine distance (Equation 4.2) compared to Euclidean distance (Equation 4.1).

• The execution time required for both distances is almost fix when varying t d (Figure 4.6(a)). This is because both distances must normalize all data sets independently from t d value.

• The data latency at the CH is optimized when δ increases, in both techniques (Figure 4.6(b)). This is because the cardinality of a data set decreases when δ increases thus the computation between sets decreases as well.

• The CH requires, with both aggregation techniques, more execution time when T increases (Figure 4.6(c)). This is because the cardinality of sets increases thus requiring more time to compare these sets.

4.5.6/ DATA ACCURACY: INTEGRITY OF INFORMATION

Data accuracy is an important factor in WSNs which represents the measure "loss rate".

It is an evaluation of the measures taken by the sensor nodes whose values (or similar values) do not reach the sink. Figure 4.7 shows the results of data accuracy for the data aggregation functions used in our technique for different values of t d , δ and T . We can notice that PFF gives the best results for data accuracy, 2.81% in the worst case, compared to the Euclidean (up to 12.52%) and Cosine (up to 21.75%) distances. The reason for this is that the Jaccard function used in PFF is a strong constraint regarding the loss measures compared to distance constraint which is more flexible. The following observations can be made based on the results obtained in Figure 4.7:

• The Euclidean distance conserves the integrity of data more than Cosine distance in all cases. This is due to the equation of Cosine distance which eliminates the sets that have high cardinality.

• The loss of measures using Euclidean and Cosine distances increases when t d increases (Figure 4.7(a)). This is because the CH eliminates more sets when t d increases (see results in Figure 4.3).

• The data accuracy in both distances increases when δ increases (Figure 4.7(b)) or T decreases (Figure 4.7(c)). On the other hand, using PFF, the data accuracy decreases when δ or T increases.

4.5.7/ FURTHER DISCUSSIONS

In this section, we give further consideration to our proposed technique compared to PFF. We give some directions as to which technique should be chosen, under which conditions and in which circumstances of the application.

From the energy preserving point of view at the CHs, both techniques significantly reduce the energy consumption in the CHs. In addition, we observe that the distance method conserves more energy compared to the similarity method. Subsequently, it reduces up to 64% of the energy in CH compared to PFF. Therefore, in the applications where we need to conserve the energy of the network as long as possible, the distance method is more suitable.

Although PFF outperforms at most to twice the execution time at the CH compared to distance functions, both techniques provide good performance regarding the data latency. Consequently, when the priority for the application is to deliver data to the sink, similarity and distance functions can be considered as suitable techniques.

From the data accuracy point of view at the CHs, the similarity method can totally save the integrity of the collected data without any loss of information, e.g. up to 2.81%. On the other hand, the distance method gives acceptable results for data accuracy. Hence, if the application does not permit flexibility regarding data accuracy, the similarity functions method is more suitable; else, distance functions can be used as a compromise between energy saving and data accuracy flexibility.

To summarize this section, Table 4.1 shows the flexibility of each technique regarding energy consumption, data latency and accuracy, and complexity of the method at the CHs. 

4.6/ CONCLUSION

In this chapter, we have introduced a complete data aggregation framework for clusterbased periodic sensor networks. We proposed energy-efficient technique which are applied at each cluster separately and achieve aggregation at both sensor nodes and CH levels. Further to a local aggregation at sensor nodes level, our technique allows CHs to eliminate redundant data sets generated by neighboring nodes at each period by applying distance functions, such as Euclidean and Cosine. We have demonstrated through experiments on real data readings the efficiency of our proposed technique in sensor networks in terms of energy consumption, data latency and accuracy.

SPATIO-TEMPORAL DATA CORRELATION WITH SCHEDULING STRATEGIES

The explosive growth of the data volume generated in PSNs applications has led to one of the most challenging research issues of the big data era. To deal with such amounts of data, exploring data correlation and scheduling strategies have received great attention in sensor networks. In this chapter, we propose an efficient mechanism based on the Euclidean distance for searching the spatial-temporal correlation between sensor nodes in periodic applications. Based on this correlation, we propose two sleep/active strategies for scheduling sensors in the network. The first one searches the minimum number of active sensors based on the set covering problem while the second one takes advantages from the correlation degree and the residual energy of the sensors for scheduling them in the network.

5.1/ INTRODUCTION

Due to the tremendous growth of the information and communication technology nowadays, such as social media [START_REF] Xu | Crowdsourcing based description of urban emergency events using social media big data[END_REF][START_REF] Batarfi | Large scale graph processing systems: survey and an experimental evaluation[END_REF], video surveillance [START_REF] Xu | Crowd sensing based semantic annotation of surveillance videos[END_REF][START_REF] Xu | Semantic based representing and organizing surveillance big data using video structural description technology[END_REF], cloud computing [START_REF] Xu | Semantic based representing and organizing surveillance big data using video structural description technology[END_REF][START_REF] Xing | A network approach for managing and processing big cancer data in clouds[END_REF] etc., the era of Big Data is open up. Wireless sensor networks (WSNs) can be considered as one of the most important source of big data era. In some applications, such as healthcare services and atmospheric conditions monitoring [START_REF] Baum | Cio information matters. big data[END_REF] and commercial flights [START_REF] Higginbotham | Sensor networks top social networks for big data[END_REF], the volume of data generated by sensors nodes reaches the order of petabytes every day. Moreover, the sensor nodes have a limited energy supply and their generated data are following the 4V feature (volume, velocity, variety and value) of big data [START_REF] Senef | Big data: A review[END_REF][START_REF] Tambekar | Energy efficient wireless sensor network for big data management[END_REF]. Therefore, the problems of energy constraint and data redundancy emerge inevitably at the core of WSNs challenges.

To deal with big data generated in WSNs, recent studies [START_REF] Wang | Research on data aggregation technology based on wireless sensor networks[END_REF][START_REF] Hye-Young | An energy-efficient load balancing scheme to extend lifetime in wireless sensor networks[END_REF][START_REF] Quan | Neighbor-aided spatial-temporal compressive data gathering in wireless sensor networks[END_REF] pay a great attention to inter-nodes data correlation techniques and scheduling nodes strategies. First, by studying the spatial-temporal correlation between sensors, the high redundancy existing in sensed data will be removed. This leads to reduce the volume of big data routed in the network thus the useful information only will be transmitted to the sink node. Second, scheduling strategies play a significant role in conserving sensors energies and extending the lifetime of WSNs. When sensor nodes are considered redundant, scheduling strategies select a subset of sensors to collect data while the remaining nodes will be scheduled to the sleep mode. Hence, the combination of inter-nodes data correlation techniques and scheduling strategies can yield a great potential in increasing the energy efficiency of WSNs and enables the efficient handling of big data applications.

In this chapter, our main goal is to minimize the huge amount of data generated in clustering-based periodic sensor networks, by searching the spatial and temporal correlation between neighboring nodes. When correlated nodes are detected, we propose two scheduling strategies in order to switch sensors in each cluster into sleep/active modes. The first strategy is based on the set cover problem while the second strategy takes into account the correlation degree and the residual energy of the sensors when scheduling nodes in the cluster.

The remainder of this paper is organized as follows. Section 5.2 gives a background about the spatio-temporal data correlation in sensor networks. Section 5.3 describes our mechanism, based on the Euclidean distance, for searching spatially-temporally correlated nodes. In Section 5.4, we propose two strategies for scheduling sensors in the network. Simulation results based on real data readings are exposed in Section 5.5. Finally, we conclude the chapter in Section 5.6.

5.2/ DATA CORRELATION: A BACKGROUND

In WSNs, exploring inter-nodes correlation is a well-known strategy which helps in increasing the battery life of sensor nodes [START_REF] Gielow | Data similarity aware dynamic node clustering in wireless sensor networks[END_REF][START_REF] Villas | A spatial correlation aware algorithm to perform efficient data collection in wireless sensor networks[END_REF]. In the literature, we can distinguish between three main categories of data correlation between nodes: spatial, temporal or spatio-temporal correlations. In [START_REF] Boopal | A survey of spatiotemporal data compression in wireless sensor networks[END_REF][START_REF] Villas | An energy-aware spatio-temporal correlation mechanism to perform efficient data collection in wireless sensor networks[END_REF], the authors give a survey about different data collection techniques proposed for each category of data correlation in WSNs.

5.2.1/ SPATIAL CORRELATION

Geographical location of sensors plays an important role in WSNs. That is, the generated sensory data by neighboring nodes are often correlated. Hence, there has been very active research in data spatial correlation in sensor networks [START_REF] Crary | Data preservation in data-intensive sensor networks with spatial correlation[END_REF][START_REF] Amit | Efficient data collection in wireless sensor networks using spatial correlation algorithm[END_REF][START_REF] Liu | Distributed spatial correlation-based clustering for approximate data collection in wsns[END_REF][START_REF] Shakya | A novel spatial correlation model for wireless sensor network applications[END_REF][START_REF] Shen | Unequal distributed spatial correlation-based tree clustering for approximate data collection[END_REF].

In [START_REF] Shen | Unequal distributed spatial correlation-based tree clustering for approximate data collection[END_REF], the authors present an improved method to prolong the lifetime of WSN by exploiting the spatial correlation which is called Unequal Distributed Spatial Correlationbased Tree Clustering for Approximate Data Collection (UDSCTC) algorithm. UDSCTC changes the nodes' competition radius which makes the clusters unequal. Then it can divide the network with minimizing reading dissimilarity of nodes in the same cluster and can prolong the network lifetime by making the clusters which are nearer to the sink smaller. In [START_REF] Ma | Distributed clustering-based aggregation algorithm for spatial correlated sensor networks[END_REF], an α-local spatial clustering algorithm for WSNs is proposed. By measuring the spatial correlation between data sampled by different sensors, the algorithm constructs a dominating set as the sensor network backbone used to realize the data aggregation based on the information description/summarization performance of the dominators. The authors in [START_REF] De Rango | Spatial correlation based low energy aware clustering (leach) in a wireless sensor networks[END_REF] propose an enhanced version of LEACH protocol. It applies aggregation strategies in the area monitored by sensor nodes to reduce the number of reports sent to the sink and to save energy. The proposed approach seeks to exploit the spatial correlation among nodes and among clusters to assign different importance to the information aggregated and forwarded by the cluster head nodes.

5.2.2/ TEMPORAL CORRELATION

Mostly, massive data captured by sensor nodes then routed in the network are highly temporally correlated. This correlation is due to the slow varying nature of the monitored phenomenon. As a result, temporal correlation can be detected at the sensor node level among its consecutive readings or at the CH level among readings collected by neighboring sensor nodes at the same time.

In [START_REF] Li | Automatic arima modeling-based data aggregation scheme in wireless sensor networks[END_REF][START_REF] Laiymani | Adaptive data collection approach for periodic sensor networks[END_REF][START_REF] Alwakeel | Exploiting temporal correlation of sparse signals in wireless sensor networks[END_REF], the authors search the temporal correlation at the sensor node level in order to eliminate redundant readings and to adapt the sampling rate. For instance, the authors in [START_REF] Alwakeel | Exploiting temporal correlation of sparse signals in wireless sensor networks[END_REF] propose three different approaches to utilize temporal correlation for efficient Compressive Sensing (CS) data gathering in WSN. The first approach uses temporal correlation to process the sensed data in a way that increases its sparsity order, which in turn reduces the required number of measurements in the sensing process. The second approach uses the temporal correlation as a prior in the reconstruction step for CS. The last approach combines several time instants into a single measurement vector, on the assumption that multiple measurement vector will be more sparse than distinct time instants measurements.

The temporal correlation in [START_REF] Bahi | A two tiers data aggregation scheme for periodic sensor networks[END_REF][START_REF] Khoa | Well-suited similarity functions for data aggregation in cluster-based underwater wireless sensor networks[END_REF][START_REF] Bahi | Energy efficient in-sensor data cleaning for mining frequent itemsets[END_REF] is searched at the CH level among data generated by neighboring sensor nodes. For instance, the authors in [START_REF] Bahi | A two tiers data aggregation scheme for periodic sensor networks[END_REF] propose a data aggregation technique at the CH level dedicated for PSN: Prefix-Frequency Filtering (PFF). PFF uses similarity functions to allow CH to identify all pair of nodes generating similar data sets at each period. PFF can reduce data size by eliminating temporal data correlation, at each period, before sending necessary information to the sink.

5.2.3/ SPATIO-TEMPORAL CORRELATION

As sensed data are often correlated in both space and time, researchers have recently been motivated by exploring the spatio-temporal correlation between sensors when designing data gathering mechanisms (see [START_REF] Ghaddar | Investigating data similarity and estimation through spatio-temporal correlation to enhance energy efficiency in wsns[END_REF][START_REF] Chen | Clustered spatio-temporal compression design for wireless sensor networks[END_REF][START_REF] Piao | Correlated spatio-temporal data collection in wireless sensor networks based on low rank matrix approximation and optimized node sampling[END_REF][START_REF] Liu | Spatiotemporal correlation based fault-tolerant event detection in wireless sensor networks[END_REF][START_REF] Villas | An energy-aware spatio-temporal correlation mechanism to perform efficient data collection in wireless sensor networks[END_REF]).

In [START_REF] Villas | An energy-aware spatio-temporal correlation mechanism to perform efficient data collection in wireless sensor networks[END_REF], the authors propose an Efficient Data Collection Aware of Spatial-Temporal Correlation (EAST) for energy-aware data forwarding in WSNs. In EAST, nodes that detected the same event are dynamically grouped in correlated regions and a representative node is selected at each correlation region for observing the phenomenon, while the other nodes are switched to sleep mode. The authors in [START_REF] Chen | Clustered spatio-temporal compression design for wireless sensor networks[END_REF] develop a clustered spatialtemporal compression scheme by integrating network coding (NC) and compressed sensing (CS) for correlated data.

In other works, such as [START_REF] Villas | A spatial correlation aware algorithm to perform efficient data collection in wireless sensor networks[END_REF][START_REF] Karuppasamy | Optimizing sensing quality with coverage and lifetime in wireless sensor networks[END_REF][START_REF] Placzek | Uncertainty-based information extraction in wireless sensor networks for control applications[END_REF], the spatial-temporal correlation between sensors has been studied in order to schedule sensors in the network. In [START_REF] Villas | A spatial correlation aware algorithm to perform efficient data collection in wireless sensor networks[END_REF], an dYnamic and scalablE tree Aware of Spatial correlatTion (YEAST) is proposed. YEAST takes advantage of the best WSN routing techniques to perform energy-aware data forwarding where the entire region of sensors per event is effectively a set of representative nodes performing the task of data collection. In [START_REF] Karuppasamy | Optimizing sensing quality with coverage and lifetime in wireless sensor networks[END_REF], the authors propose a centralized algorithm design and an optimizing protocol for scheduling the sensors during a specified network lifetime. The objective is to maximize the spatial-temporal coverage by scheduling sensors activity after they have been deployed. [START_REF] Dhimal | Energy conservation in wireless sensor networks by exploiting inter-node data similarity metrics[END_REF] More recently, the authors in [START_REF] Dhimal | Energy conservation in wireless sensor networks by exploiting inter-node data similarity metrics[END_REF] propose a spatial-temporal model to extend the network lifetime based on three similarity metrics: Euclidean Distance, Cosine Similarity and Pearson Product-Moment Coefficient (PPMC). Then, based on scheduling algorithm, correlated nodes are switched to the sleep mode in order to save network energy. By performing real experiments, the authors show that PPMC metric gives better results, in terms of conserving overall energy, compared to other similarity metrics. However, PPMC has several disadvantages: 1) it does not search the temporal correlation at the sensor node level. 2) it does not take into account the residual energy of the sensors when switching them to the sleep mode. 3) it assumes that all the correlated sensors have the same degree of correlation. Hence, aiming to overcome these disadvantages, we propose, in this chapter, an energy-aware spatio-temporal data collection technique based on the Euclidean distance in order to search inter-node data correlation. Once high correlation between nodes is noticed, we propose two sleep/active strategies for scheduling sensors in the network. Through simulation, we will show that our mechanism, with the two proposed strategies, can significantly outperform PPMC in terms of saving the sensors energies and extending the network lifetime.

5.2.4/ PEARSON PRODUCT-MOMENT COEFFICIENT (PPMC) TECHNIQUE

5.3/ SPATIAL-TEMPORAL CORRELATION MECHANISM

In WSN, sensors are deployed densely in order to monitor some phenomenon which leads to have high spatial-temporal correlation between sensed data. On the one hand, sensed data are spatially correlated since the nodes are geographically close, i.e. they detect similar information. In the other hand, the temporal correlation happens due to the nature of the monitored phenomenon. Consequently, it is likely that a sensor node collects very similar data readings during a period, or, neighboring nodes generate similar data sets in the same period. In the following of this chapter, we propose a new mechanism, based on the Euclidean distance, in order to exploit spatial-temporal correlation between sensed data in WSN. Then, we propose two scheduling strategies to switch a set of sensor nodes to the sleep mode when high correlation between them is detected.

5.3.1/ LOCAL TEMPORAL CORRELATION

In periodic applications, each sensor node collects a vector of readings in each period then it send it to the CH at the end of the period. Mostly, consecutive readings collected from the sensor, in each period, are temporally correlated depending on how the monitored condition varies. We call this correlation a local temporal correlation. For example, in a period of one hour, the temperature sensed at each minute may not change significantly. In this case, searching local temporal correlation is necessary in order to reduce the number of reported readings and to save energy consumption in the sensor.

Let us consider a vector of readings R i collected by the sensor S i during period p as follows: R i = [r 1 , r 2 , . . . , r T -1 , r T ] where T is the total number of readings captured during p. Thus, our objective is to explore temporal correlation between readings in R i in order to reduce the amount of data readings that need to be transmitted and thus to save the energy in S i . However, the S imilar function defined in Chapiter 3 searches similar readings in R i without taking into account the order of these readings in the period. In this section, we propose the "LocT mp" function to search the similarity between consecutive readings in R i . Consequently, "LocT mp" will save the temporal information of readings in each period for applications that need to save the readings order. Therefore, "LocT mp" identifies if two consecutive readings r t and r t+1 , captured by the sensor S i during a period p, are similar or not. LocT mp function is defined as follows: Definition 5.1 LocT mp function. We define the LocT mp function between two consecutive readings r t and r t+1 as:

LocT mp(r t , r t+1 ) = 1 if |r t -r t+1 | ≤ δ, 0 otherwise.
where the value of δ is a user defined threshold and it depends on the application. Two consecutive readings captured by a sensor are considered similar if and only if their LocT mp function is equal to 1.

Therefore, the LocT mp function runs by each sensor node in each period in the following manner: for each new reading r t , a sensor node S i searches for similarity of r t with the previous reading r t-1 . If r t and r t-1 are similar, S i deletes the new reading r t and increments the weight of r t-1 by 1, else it adds r t to the set and initializes its weight to 1. After searching local temporal correlation, S i will transform the initial vector of readings, R i , to a set of readings, R i , associated to their corresponding weights as follows: R i ={(r 1 , wgt(r 1 )), (r 2 , wgt(r 2 )), . . . , (r k , wgt(r k ))}, where k ≤ T . Finally, the notations of cardinality, |R i | 3.3 and weighted cardinality, wgt c (R i ) 3.4, are also respected in this chapter.

5.3.2/ SPATIAL CORRELATION BETWEEN SENSORS

In WSNs, satisfactory coverage of sensing area is one of the key challenges that requires a high density of sensors deployment. Environmental monitoring and military usage are good examples of typical applications in WSNs that are needed to a huge number of sensors to collect data about the surroundings, then, to send data toward the sink node. Due to such dense deployment, data sensed by the sensor nodes are spatially correlated. In addition, the closer geographically the sensors are, the higher the spatial correlation will be between their collected data. Hence, it is important to exploit the spatial correlation of data in sensor network in order to reduce the energy consumption in sensors, while conserving the integrity of these data.

Mostly, a sensor node S i is represented by its position (x i ,y i ), its sensing range (S r ) and its transmission range (T r ). In this work, we assume that all sensor nodes have the same sensing and transmission range. Then, we use the Euclidean distance (E g ) to calculate the geographical distance between two nodes S i and S j as follows:

E g (S i , S j ) = (x i -x j ) 2 + (y i -y j ) 2
After that, we define the neighboring nodes of S i : Definition 5.2 neighbor. S j is a neighbor node of S i if the Euclidean distance between S i and S j is less than the twice of sensing range as follows:

E g (S i , S j ) ≤ 2 × S r
Finally, we assume that V i is the set of neighbors of S i .

Subsequently, the spatial correlation between two neighboring nodes increases when the distance between them decreases. Hence, there are three main categories to search the spatial correlation between neighboring sensors. The first category, as in [START_REF] Liu | Spatial-temporal coverage optimization in wireless sensor networks[END_REF][START_REF] Karuppasamy | Optimizing sensing quality with coverage and lifetime in wireless sensor networks[END_REF], exploits the overlap area between two sensor nodes (Figure 5.1(a)). The second category, as in [START_REF] Tsai | A sub-clustering algorithm based on spatial data correlation for energy conservation in wireless sensor networks[END_REF], calculates the spatial correlation based on the distance overlap between the sensors (Figure 5.1(b)). The last category, as in [START_REF] Kadhum Idrees | Coverage and lifetime optimization in heterogeneous energy wireless sensor networks[END_REF], defines a number of primary points in the circle disk of the sensing range, then it calculates the number of points in the common area between the two sensors (Figure 5.1(c)). In this chapter, we focus on the second category of spatial correlation which is simple and more flexible compared to other categories. Most of the proposed studies in the literature consider that two sensors are spatially correlated if there is an overlap between their sensing range, i.e. E g (S i , S j ) ≤ 2 × S r in Definition 5.2. However, in our mechanism, we define a spatial correlation threshold, C sp , in order to make the constraint for the spatial correlation between sensors more difficult to satisfy. Therefore, we define the spatial correlation between two sensors as follows: Definition 5.3 Spatial correlation between two sensors. Two given sensors S i and S j , where S j is a neighbor node of S i (i.e. S j ∈ V i ), are spatially correlated if and only if:

E g (S i , S j ) ≤ C sp (5.1)
where C sp is a threshold determined by the application and it takes values in [0, 2 × S r ]. Then, we assume that V i is the set of all spatially correlated nodes with S i .

Based on the Definition 5.3, we can dynamically change the threshold C sp depending on the criticality of the monitored environmental; if the phenomenon is critical, the decision makers can decrease C sp in order to decrease the number of spatially correlated nodes for each node, i.e. |V i | decreases; else, the decision makers can increase the threshold C sp when the phenomenon is less critical.

5.3.3/ TEMPORAL CORRELATION BETWEEN SENSORS

In addition to the local temporal correlation in each sensor, the readings collected by nearby sensor nodes can be also temporally correlated. The temporal correlation among sensor nodes is to find out the sensors that collect similar readings at the same time in a period. Therefore, it is important that the CH exploits the inter-nodes temporal correlation in order to eliminate the redundancy and improve the network lifetime.

The similarity metrics, such as Euclidean distance and Cosine distance, is one of the methods which can be used to identify sensor nodes that are temporally correlated. These metrics are generally used at the CHs level. Once high temporal correlation between two sensors is found, sensed readings of these sensors are considered redundant. In this case, the CH should schedule these sensors in order to remove the redundancy in the network. In this chapter, we focus on the Euclidean distance which is widely used in various domains.

Let us first consider two data sets R i and R j generated by the two sensor nodes S i and S j respectively in the same period p. Then, in order to compute the Euclidean distance between R i and R j , we must retransform, similarly to this one in 4.4, the set R i (resp. R j ) to a vector as follows: 

R i = r 1 , . . . ,
where |R i | = |R j | = T .
Finally, we can calculate the Euclidean distance between the two vectors R i and R j based on the following equation: 2 , where r i k ∈ R i and r j k ∈ R j

E d (R i , R j ) = T k=1 (r i k -r j k )

5.3.3.1/ DISTANCE NORMALIZATION

As mentioned in Section 4.4.3, data must be normalized in order to scale all data vectors to have the same variation before comparing them. We recall the Gaussian normalization process as follows: first, we calculate the Euclidean distance for each pair of data vectors in the network:

E d = {E d (R 1 , R 2 ), E d (R 1 , R 3 ), . . . , E d (R N-1 , R N )}
where N is the total number of sensors. Then, we can apply the Gaussian normalization using the following formula:

E d (R i , R j ) = E d (R i , R j ) -Y 6 × σ + 1 2 (5.2)
where Y is the mean of all distances and σ is the standard deviation of pairwise distance over all data. Thus, R i and R j are said to be redundant if E d (R i , R j ) ≤ C tp , where C tp is a user defined threshold for the temporal correlation.

5.3.4/ SPATIAL-TEMPORAL CORRELATION BETWEEN SENSORS

Since nearby nodes tend to be correlated in both space and time [START_REF] Villas | An energy-aware spatio-temporal correlation mechanism to perform efficient data collection in wireless sensor networks[END_REF], exploring spatialtemporal correlation of sensed data is an emerging topic in sensor networks that can reduce the energy consumption in data collection. The spatial-temporal correlation in PSNs happens when two nodes that are close geographically take similar readings in a period. In this section, our objective is to search all pairs of sensors that are spatiallytemporally correlated then to switch, in a later time, some sensors to the sleep mode in order to reduce redundant sensing and communication.

Based on equations 5.1 and 5.2, we say that two sensors S i and S j , collecting the set of readings R i and R j respectively, are spatially-temporally correlated at the period p if and only if:

E g (S i , S j ) × E d (R i , R j ) ≤ C sptp (5.3)
where C sptp is the threshold for the spatio-temporal correlation and it is defined

C sptp = C sp × C tp such that E g (S i , S j ) < C sp and E d (R i , R j ) ≤ C tp .
Algorithm 9 describes our technique to find pairs of sensors that are spatiallytemporally correlated. The CH searches which neighbors of each sensor S i are spatially (line 6) and temporally (line 8) correlated with S i . for each sensor S i ∈ S do for each sensor S j ∈ S such that S j S i do compute E g (S i , S j ); 

if (E g (S i , S j ) ≤ 2 × S r ) then if (E g (S i , S j ) ≤ C sp ) then compute E d (R i , R j ); if (E d (R i , R j ) ≤ C tp ) then L ← L ∪ {(S i , S j )};

5.4/ SLEEP SCHEDULING STRATEGIES

After having searched all pairs of spatially-temporally correlated sensors into a cluster, we propose, in this section, two scheduling strategies that allow sensors to work alternatively.

The first strategy is based on the set cover problem while the second one takes into account the correlation degree and the residual energy of sensors when searching the set of active sensors. In each strategy, a set of sensor nodes is selected in each period, based on some criteria, to collect the data in the network while the other sensors will be switched to the sleep mode.

5.4.1/ SET COVER (SC) STRATEGY

The first strategy for scheduling sensor nodes is based on the Set Cover (SC) problem. In general, the SC problem consists in finding the minimum number of sets that can cover every element in a given universe. Some real-world applications of SC problem include railway and airline crew scheduling, network discovery and phasor measurement unit placement [START_REF] Xu | Optimal pmu placement for wide-area monitoring using chemical reaction optimization[END_REF]. In our case of PSNs, we apply the SC over the set of correlated sensors in order to divide all sensors into disjoint sensor subsets where every subset is able to completely cover the whole area of interest.

The SC problem can be formally defined in this paper as follows:

Given a set of N sensors S = {S 1 , S 2 , . . . , S N } and the list L = {(S i , S j )/E g (S i , S j ) × E d (R i , R j ) ≤ C sptp } of all pairwise spatially-temporally correlated sensors. Let A be a binary matrix of N × N size, whose elements a i j may contain a value from {0, 1}; 1 means that the sensors (S i ,S j ) are spatially-temporally correlated; 0 otherwise. The a i j is located in i th row and j th column, with i, j = {1, . . . , N}. The goal of SC is to find the list D which contains all the subsets X ⊆ S, such that each row i is covered by at least one column j ∈ X. This means that, each subset of sensors X will cover, in terms of spatial-temporal correlation, all the sensors in S.

More mathematically, the SC can be formulated as a binary integer programming problem as follows:

Minimize N j=1 S j Subject to N j=1 a i j S j ≥ 1, i = {1, . . . , N} S j ∈ {0, 1}, j = {1, . . . , N}
Our set cover (SC) strategy operates in rounds where each round equals |D| periods, |D| represents the total number of subsets X ⊆ D. In each period in the round, the sensors in only one subset will be active while switching the remaining sensors into sleep mode. We active all the subsets simultaneously in the round. After that, a new list D of subsets X must be searched, by using SC, for the next round.

Illustrative example: we consider a set of 6 sensors: S = {S 1 , S 2 , S 3 , S 4 , S 5 , S 6 }, with the list of spatially-temporally correlated sensors: L = {(S 1 , S 2 ), (S 1 , S 3 ), (S 1 , S 4 ), (S 1 , S 5 ), (S 2 , S 6 ), (S 3 , S 4 ), (S 3 , S 6 ), (S 4 , S 5 )}. This leads to the following mathematically formulation of SC problem:

Minimize: S 1 + S 2 + S 3 + S 4 + S 5 + S 6 Subject to: S 1 + S 2 + S 3 + S 4 + S 5 ≥ 1 S 1 + S 2 + S 6 ≥ 1 S 1 + S 3 + S 4 + S 6 ≥ 1 S 1 + S 3 + S 4 + S 5 ≥ 1 S 1 + S 4 + S 5 ≥ 1 S 2 + S 3 + S 6 ≥ 1
By applying the SC problem [START_REF] Jonhson | Approximation algorithms for combinatorial problem[END_REF], there are at most two feasible solutions where each sensor S i equals to 1 in at most one solution:

• Solution 1: S 1 = S 6 = 1 and S 2 = S 3 = S 4 = S 5 = 0.

• Solution 2: S 2 = S 4 = 1 and S 1 = S 3 = S 5 = S 6 = 0. Therefore, we can divide S into two disjoint subsets of sensors as follows: L = {L 1 = {S 1 , S 6 }, L 2 = {S 2 , S 4 }}. Consequently, the current round will consist, by applying our SC strategy, in three periods where in each period the sensors in one subset L i wil be active. Otherwise, all the sensors are active in the first period. Figure 5.2 shows the active sensors in each period in the round. Finally, we notice that the SC strategy is applied by the CH nodes. When receiving the sets of readings from all its sensors in the cluster, in the first period in the round, the CH applies SC strategy to find the active sensors in each period. Then it sends a sleep message to other sensors to switch in sleeping mode. Once the message is received by a sensor, it switches itself to the sleep mode in the next period. On the other hand, we allow the decision makers to determine an upper bound for the number of periods in the rounds if it is necessary and depending on the observed condition.

5.4.2/ CORRELATION DEGREE AND RESIDUAL ENERGY (CDRE) STRATEGY

The SC strategy as described did not take into account two important metrics, the residual energy of the sensors and the spatial-temporal correlation degree. For instance, if we fix C sptp = 5, two correlated pairs (S 1 ,S 2 ) and (S 3 ,S 4 ) with the correlation 1 and 4 respectively are treated by the same manner. To overcome this issue, we propose a new strategy for scheduling activity of the sensors based on the degree of the spatial-temporal correlation between sensors and their residual energy. We call this strategy as Correlation Degree and Residual Energy (CDRE) strategy.

The CDRE strategy also operates into rounds where each round is always equal to two periods. In the first period of each round, the CH searches the set of sensors to be active in the second period, based on the CDRE strategy. Given the following notations:

• The list of spatially-temporally correlated sensors with their correlation degrees: L = { (S i , S j ), C i j (S i , S j ) such that C i j (S i , S j ) = E g (S i , S j ) × E d (R i , R j ) and C i j (S i , S j ) < C sptp }.

• The residual energy of a sensor S i is represented by E r i .

The CDRE strategy can be expressed using the Algorithm 10. First, we order the pairs of sensors by increasing order of their spatial-temporal correlation degree in order to start with the pair of sensors which have high correlation degree (line 2). Then, in the first period in each round (line 3), we select, in each pair (S i ,S j ), the sensor which has the higher residual energy to be an active sensor in the second period, whereas, the second sensor will be in sleep mode (lines 4-14). The idea behind this selection is to balance the residual energy of the sensors in the network. In the case that a sensor does not have any correlation with other sensors, it must be in active mode always (lines [START_REF] Babu | Enhancement of secure and efficient data transmission in cluster based wireless sensor networks[END_REF][START_REF] Bagaa | Sedan: Secure and efficient protocol for data aggregation in wireless sensor networks[END_REF][START_REF] Bagaa | Distributed low-latency data aggregation scheduling in wireless sensor networks[END_REF][START_REF] Bahi | Data aggregation for periodic sensor networks using sets similarity functions[END_REF][START_REF] Bahi | Energy efficient 2-tiers weighted in-sensor data cleaning[END_REF]. After that, we only send the readings sets of the active sensors to the sink (lines [START_REF] Bahi | Energy efficient in-sensor data cleaning for mining frequent itemsets[END_REF][START_REF] Bahi | An optimized in-network aggregation scheme for data collection in periodic sensor networks[END_REF][START_REF] Bahi | A two tiers data aggregation scheme for periodic sensor networks[END_REF]. The objective here is to remove the redundancy among the data sent to the sink in the first period, contrarily to the SC strategy which sends all the readings sets. At the end of the first period, the CH sends a sleep message to the sensors which will be switched to the sleep mode in the second period (lines [START_REF] Barrenetxea | Sensorscope: Out-of-the-box environmental monitoring[END_REF][START_REF] Batarfi | Large scale graph processing systems: survey and an experimental evaluation[END_REF][START_REF] Baum | Cio information matters. big data[END_REF]. Once the message is received by a sensor, it switches itself to the sleep mode in the second period (lines 29-31).

Illustrative example: Recall the sensors S 1 to S 6 in the set S in the example above with the ordered list of correlated pairs degree as follows: L = (S 1 , S 3 ), C 1,3 = 0.5 , (S 4 , S 5 ), C 4,5 = 0.9 , (S 3 , S 4 ), C 3,4 = 1.8 , (S 3 , S 6 ), C 3,6 = 2.1 , (S 1 , S 5 ), C 1,5 = 2.5 , (S 1 , S 2 ), C 2,6 = 2.9 , (S 1 , S 4 ), C 1,4 = 3.3 , (S 2 , S 6 ), C 1,2 = 3.5 . Then, we consider that the sensors have the following residual energies at the beginning of the round i: E r 1 = 8.1 mJ, E r 2 = 8.3 mJ, E r 3 = 7.6 mJ, E r 4 = 6.9 mJ, E r 5 = 7.8 mJ, E r 6 = 7.9 mJ.

• Step 1: We start by the correlated pair (S 1 ,S 3 ). Since S 1 has more energy than S 3 , S 3 will be switched to the sleep mode in the next period while S 1 will be added to the list of active sensors: E = {S 1 }. Then, we remove the pairs of sensors that contains S 3 , i.e. (S 3 ,S 4 ) and (S 3 ,S 6 ). The remaining elements in L = (S 4 , S 5 ), C 4,5 = 0.9 , (S 1 , S 5 ), C 1,5 = 2.5 , (S 1 , S 2 ), C 2,6 = 2.9 , (S 1 , S 4 ), C 1,4 = 3.3 , (S 2 , S 6 ), C 1,2 = 3.5 .

• Step 2: The first element in L, i.e. (S 4 ,S 5 ), is treated similarly to (S 1 ,S 3 ): we add S 5 to the list of active sensors and we switch S 4 to the sleep mode then, we remove all elements that contains S 4 from L. Therefore, E = {S 1 , S 5 } and L = (S 1 , S 5 ), C 1,5 = 2.5 , (S 1 , S 2 ), C 2,6 = 2.9 , (S 2 , S 6 ), C 1,2 = 3.5 .

• Step 3: Since S 1 and S 5 are both in E, we remove the pair (S 1 ,S 5 ) from L because they will be both in active mode. Therefore, L = (S 1 , S 2 ), C 2,6 = 2.9 , (S 2 , S 6 ), C 1,2 = 3.5 .

• Step 4: Independent from residual energies of the sensors S 1 and S 2 , S 2 should be switched to the sleep mode because S 1 will be considered as active sensor in the next period. Hence, we remove elements from L that contains S 2 : L = {}.

• Step 5: We add the sensor S 6 to the set E since it does not have any correlated sensor in E.

Finally, the set of active sensors and the readings sets sent from the CH to the sink, at each period in the round i, are shown in 

5.5.1/ PERFORMANCE EVALUATION AT SENSOR NODE

In this section, we evaluate the performance of our mechanism with SC and CDRE strategies at the sensor node levels, compared to the PPMC and the naïve method (i.e. the classic method where all readings collected by the sensors are sent to the sink without any processing). We have considered four performance metrics: (i) percentage of data readings sent from each sensor to its CH, (ii) lifetime of the sensor node, (iii) variation of the state and the energy of the sensor during periods, and (iv) lifetime of the network in function of active sensors.

Since the two clusters have the same number of sensors which have approximately similar spatial distributions in each of them (see Figure 5.4), similar results for some performance metrics were noticed for the two clusters at the end of the simulation. Hence, we present only the results for one cluster, i.e. the second cluster with CH 2 , in the case when the performance metric gives similar results for the two clusters. In addition, the results for each metric shown in the next figures represent the average of all sensors in each cluster.

5.5.1.1/ PERCENTAGE OF DATA READINGS SENT FROM EACH SENSOR TO ITS CH

In this section, our objective is to show how our mechanism can decrease the data readings collected by each sensor node and then sent to the CH 2 . Figure 5.5 shows the percentage of data collected, then sent, by each sensor node when varying one parameter each time and fixing the others as shown in Figure 5.5 (a to e). The obtained results show that PPMC can reduce from 25% to 33% the data sent to the CH 2 , while, our mechanism with SC and CDRE strategies can reduce, respectively, up to 93% and 90% the data sent, compared to the naïve technique which always sends all data collected (i.e. 100%) . This means that our approach can effectively eliminate the redundancy in data collection while searching all sensors that generate spatially-temporally correlated data. Further-more, we can also notice that the SC strategy gives better results, in terms of reducing the data sent by each sensor, than CDRE strategy in all cases. This is because the SC strategy has an objective to search the minimum number of sensors in each period that can cover all sensors in the network. Otherwise, CDRE strategy searches an optimal set of sensors in a way that the residual energies of the sensors are balanced in the network while keeping some redundancy level between the selected sensors. Several observations can be made based on the results in Figure 5.5:
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• By increasing the threshold δ in Figure 5.5(a), each sensor can reduce, using the SC and CDRE strategies, up to 90% and 87% respectively the readings sent to the CH 2 compared to PPMC. These results are obtained due to the fact that LocT mp will find more similar readings when δ increases.

• By increasing its sensing range as shown in Figure 5.5(b), each sensor sends less readings to the CH 2 using the two proposed strategies. For instance, when S r increases from 5 to 20, a sensor node decreases its readings sent from 11.4% to 8.4% using SC strategy. This happens because, when S r increases, each sensor will have more neighboring, thus correlated, sensors. Consequently, more sensors will be switched to the sleep mode, thus, decreasing the percentage of the collected and sent readings.

• By increasing T from 200 to 1000 in Figure 5.5(c), the percentage of readings sent decreases using SC and CDRE strategies while it increases using PPMC. The rea-son for this is that the δ threshold used in LocT mp which finds, then eliminates, more redundancy when T increases in the two strategies. Contrarily, PPMC does not apply any processing on the collected data which increases the readings sent to the CH 2 when T increases.

• By decreasing the spatial correlation threshold (C sp ) in Figure 5.5(d), the percentage of readings sent to the CH 2 increases in the three approaches, i.e. SC, CDRE and PPMC. This result is logical since we make the constraint for the neighboring sensors more difficult to satisfy (see definition 5.3.2). Consequently, the number of active sensors in each period will tend to increase. It is also important to notice that our strategies reduce, in all cases, the readings sent to CH 2 as compared to those sent using PPMC.

• By increasing the temporal correlation threshold (C tp ) in Figure 5.5(e), SC and CDRE strategies allow each sensor node to decrease its data readings sent to the CH 2 . This is because, the Euclidean distance between sets of readings will be more easily satisfied therefore, more sensors will be switched to the sleep mode.

5.5.1.2/ LIFETIME OF THE SENSOR NODE

In this section, our objective is to study the energy consumption at the sensor nodes level. Therefore, we fixed the initial energy for all sensor nodes to E i . Then, we applied our strategies, PPMC and Naïve approaches while varying, each time, one parameter and fixing the others as done in Figure 5.5. Figure 5.6 shows the lifetime of each sensor in terms of the number of periods in which the sensor is operational, i.e. its residual energy is positive. The obtained results show clearly that our mechanism, with the proposed strategies, can efficiently reduce the energy consumption of the sensor and extend its lifetime. This is because, our mechanism eliminates the redundancy among collected data and reduces the readings sent to the CH (see Figure 5.5). Although the PPMC can extend, in the best case, the lifetime of a sensor by two times compared to the Naïve approach, our strategies significantly outperform the results of PPMC. We can also notice that, the SC strategy gives better results in terms of keeping the sensor node operating for long time compared to CDRE strategy.

In WSNs, the energy consumption in the sensor node is proportional to the amount of data sent by the sensor. Consequently, when the sensor sends more data the CH, its energy will be more consumed and vice versa. Hence, the observations made based on the results of Figure 5.5 can be similarly made for the energy consumption in the sensor in the Figure 5.6. Table 5.2 shows how many times the sensor node can extend, using our strategies, its lifetime in the worst and the best cases by fixing one parameter as shown in Figure 5.6(a to e), compared to PPMC and Naïve approaches.

5.5.1.3/ VARIATION OF THE STATE AND THE ENERGY OF THE SENSOR DURING PERI-

ODS

In this section, we show an example of a sensor activitiy variation during periods by applying our strategies, PPMC and Naïve approaches. We take the sensor that has an id equals to 35 located in the second cluster, then we study the variation of its state, i.e. active or sleep, and its residual energy during the periods, for some fixed parameters shown in Figure 5.7. Based on the results of Figure 5.7(a), we can see that the state of the sensor varies, when applying our strategies, from 1 (i.e. active mode) to 0 (i.e. sleep mode) during the periods more dynamically than with other techniques. Our strategies confirm also the efficient reduction of the redundancy between the sensors correlated to the sensor '35' by switching it to the sleep mode more often than with the other techniques. On the other hand, Figure 5.7(b) shows how the residual energy of the sensor varies depending on the state of the sensor; if the sensor is in active mode, its residual energy decreases in order to collect the data and send it to the CH; else, it remains fixed until the next period. We can also observe that the residual energy of the sensor can remain fixed using the SC strategy in many successive periods, i.e. from periods 18 to 22 in Figure 5.7(b) for example. This happens because the number of periods in each round changes dynamically using the SC strategy where the sensor can be active at most in two periods in a round. 
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5.5.1.4/ LIFETIME OF THE NETWORK IN FUNCTION OF ACTIVE SENSORS

Network lifetime is an important metric for the evaluation of sensor networks. Generally, it strongly depends on the number of operational sensor nodes that constitute the network; while this number is greater than a defined threshold, the network is considered efficient (or alive); otherwise, it is considered inefficient. Figure 5.8 shows the lifetime of the two clusters depending on the number of operational sensors in each cluster. We consider that the cluster is always efficient for the following threshold: n, 3 × n/4, n/2, n/4 and 0, where we mean by '< n' the first sensor in the network is died and by '0' all the sensors are died. Figures 5.8(a) and 5.8(b) show that the two clusters give similar results for the network lifetime using all strategies. When the threshold for the operational sensors decreases, SC and CDRE strategies extend more the lifetime of each cluster, while the cluster lifetime remains almost fixed using PPMC and Naïve approaches. We can also notice that, when decreasing the threshold from '< n' to '0', the cluster lifetime is less extended using CDRE strategy as compared to SC strategy. This happens because CDRE strategy takes into account the residual energies of the sensors to select the set of active sensors. Consequently, this leads to balance the residual energy of sensors during the periods thus, the sensors die simultaneously (in closer periods).

5.5.2/ PERFORMANCE EVALUATION AT CH NODES

In this section, we evaluate the performance of SC and CDRE strategies, PPMC and Naïve approaches at the CH nodes level. We have taken four performance metrics: (i) data accuracy, i.e. loss of data readings, (ii) variation of the number of periods during rounds, (iii) variation of the number of active sensors during periods, (iv) illustrative example of data correlation and sensors scheduling, and (v) coverage variation during periods. 
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5.5.2.1/ DATA ACCURACY

Scheduling sensor nodes in the network without losing the integrity of the information is an important challenge for the WSN. Data accuracy represents the loss of readings taken by the sensor nodes whose values (or similar values) do not reach the sink. Figure 5.9 shows the results of data accuracy for SC, CDRE and PPMC for different values of parameters considered in our simulation. We can observe that our strategies always give better results for data accuracy compared to PPMC. This is because, the Pearson coefficient used in PPMC calculates the distance between two data sets based on the summation of readings while the Euclidean distance, used in our strategies, calculates the distance between every two readings in the data sets. This makes the loss of data in our strategies less than that in PPMC. We can also notice that the results of data accuracy using CDRE strategy is better, in most cases, than those obtained using SC strategy. The reason for this is that the sensor sends, using the two strategies, at most two data sets in a round while the round in SC contains more periods than that in CDRE (see illustrative examples for SC and CDRE strategies).

In general, the data accuracy depends on the percentage of data sent by the sensors (see results in Figure 5.5) and on the number of active sensors during the periods; when the data sent to the sink or the number of active sensors increases, the data accuracy increases. Therefore, the following observations can be made based on the results of Figure 5.9: (1) data loss increases when the sensing range of the sensor (S r ) or the temporal correlation threshold (C tp ) increases (Figures 5.9(b) and 5.9(e)). (2) the data accuracy increases when the number of collected readings during a period (T ) increases or the spatial correlation threshold (C sp ) decreases (Figures 5.9(c) and 5.9(d)).

5.5.2.2/ VARIATION OF THE NUMBER OF PERIODS DURING ROUNDS

In this section, we show how the number of periods changes, using our proposed strategies, after each round for the two clusters in the network, for some fixed parameters. Using the SC strategy, the CH calculates, at the beginning of each round, the maximum number of periods for the current round based on the set covering problem. Otherwise, the number of periods is always equal to 2 for each round using CDRE strategy. The obtained results of the two clusters, represented by their cluster-heads CH 1 and CH 2 respectively, are shown in Figure 5.10(a) and Figure 5.10(b) respectively. While each round always consists of two periods using CDRE, the number of periods dynamically varies in each round using SC as shown in the figures. We can also observe that: (1) the round can contain up to 7 periods using SC strategy. This reflect the high level of redundancy existing in the network where SC can efficiently eliminate this redundancy. (2) the sensors in the first cluster are more spatially-temporally correlated compared to those in the second cluster. This leads to extend, using the two strategies, the lifetime of the first cluster more than that of the second cluster.

5.5.2.3/ VARIATION OF THE NUMBER OF ACTIVE SENSORS DURING PERIODS

In this section, our main goal is to show how our strategies are able to schedule the activities of the sensor nodes for the two clusters. Figure 5.11 shows the number of active sensors in each cluster and in each period using SC and CDRE strategies, for the fixed parameters shown in the figure. The number of active sensors can affect the lifetime of the network, the data latency and the coverage of the monitored area. As we can see, each strategy successfully schedules the sensor nodes in each cluster dynamically after each period according to its own scheduling mechanism. We can notice that, the SC strategy reduces the number of active sensors, in each cluster, at each period to the minimum while the CDRE strategy selects the set of active sensors that balance the energy distribution in each cluster. Consequently, the obtained results confirm the proper behavior of our strategies. 

SC CDRE

5.5.2.4/ ILLUSTRATIVE EXAMPLE OF DATA CORRELATION AND SENSORS SCHEDULING

In this section, we show an illustrative example of correlated sensors and how they are scheduled using the two proposed strategies, e.g. SC and CDRE, during a taken period.

In this example, we take the sensors in CH 2 (see Figure 5.4) then we fix the parameters as shown in figures 5.12 and 5.13. Based on the figure 5.12, we can see that data generated by the sensors in CH 2 are highly spatio-temporally correlated. Furthermore, we can notice that a sensor is more correlated to its nearest neighboring than the other nodes in the cluster. However, sometimes, correlation between distant nodes can be also seen due to the temporal correlation between their generated data. Finally, we can also observe that some sensor nodes do not have any correlation to other nodes in the cluster, i.e. S 31 , S 39 , and S 45 . On the other hand, we show in figure 5.13 how the CH selects the representative nodes for the cluster CH 2 for the next period, using SC and CDRE. We observe that the active sensor nodes are different from one strategy to another. 

5.5.2.5/ COVERAGE VARIATION DURING PERIODS

Conserving the network energy while preserving the maximal coverage of the region of interest is an important challenge in WSNs. In Figure 5.14, we show how much of the area of each cluster is covered after each period by applying our strategies. The sensing range of a sensor is varied from 10 in Figures 5.14(a) and 5.14(b) to 15 in Figure 5.14(c) and 5.14(d), while the other parameters remain fixed. The obtained results show that the two proposed strategies provide sufficient coverage for the clusters during each period. Therefore, we can consider that our mechanism with the two proposed strategies can efficiently extend the network lifetime while preserving the integrity of data and the coverage of the observed area. Based on the results in Figure 5.14, several observations can be made:

• the CDRE strategy provides more coverage for the two clusters compared to SC strategy. This is because, the number of active sensors in each period using CDRE strategy is greater than that using SC strategy.

• the coverage ratio for each cluster increases when the sensor sensing range increases.

5.5.3/ FURTHER DISCUSSIONS

In this section, we give further consideration to our proposed mechanism. We compare the obtained results for both strategies SC and CDRE. We give some directions to which strategy to choose and under which conditions and circumstances of the application.

From the sensor lifetime point of view, both strategies SC and CDRE significantly improve the lifetime of the sensor (Figure 5.6). However, SC allows sensor to extend more its lifetime, from 7% to 45%, compared to CDRE. Therefore, if the application needs to conserve the energy and extend the network lifetime as long as possible, SC strategy is more suitable.

From the data accuracy point of view, CDRE can save, in most of the cases, the integrity of the collected data more than SC. This is because the number of active sensors in each period using CDRE is greater than that in SC, which increases the accuracy of the data sent to the sink. Consequently, when the priority of the application is to ensure a high level of data accuracy, CDRE is more suitable.

From the coverage of the interest area point of view, CDRE can practically cover the whole monitored area during all periods of the network lifetime, while SC can ensure a satisfactory coverage, i.e. more than 70% in most cases, of the network area. Hence, if the application does not permit flexibility regarding coverage of the network, CDRE is more suitable.

5.6/ CONCLUSION

In this chapter, we proposed an efficient mechanism in order to search the spatial and temporal correlation between data collected by the sensors in a periodic sensor network. Then, in order to schedule sensors to work alternatively, we proposed two scheduling strategies in order to switch the sensors into sleep/active mode during the periods. The first strategy, called SC, is based on the set cover problem while the second strategy, called CDRE, takes into account the correlation degree and the residual energy of the sensors when scheduling the network. We demonstrated through simulation on real data readings the efficiency of our mechanism, under the two proposed strategies, in sensor networks in terms of extending network lifetime while conserving the quality of the collected data and the coverage of the monitored area.
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CONCLUSIONS AND PERSPECTIVES 6.1/ CONCLUSIONS Wireless sensor networks are a promising domain for a large variety of applications, such as military and environment monitoring etc. According to MIT Technology Review, WSN is defined one of 10 emerging technologies that will change the world. Indeed, it is not unreasonable to expect that in 10-15 years that the world will be covered with WSNs with access to them via the Internet.

In this thesis, we proposed energy-efficient data management techniques dedicated to periodic sensor networks based on a clustering architecture. We showed that such networks face two major challenges; first, they generate a huge amount of collected data and thus enable complex data analysis for decision makers; second, the energy of sensors will be depleted quickly due to the huge volume of data collection and transmission. Therefore, data management techniques proposed in this thesis were targeted to minimize the amount of data retrieved/communicated by the network without loss in fidelity. The goal of this reduction is first to increase the network lifetime, by optimizing energy consumption of the limited battery for each sensor node, and then to help in analyzing data and making decision. Indeed, we focused on data collection, data aggregation and data correlation in PSNs, with the ultimate goal of extending the network lifetime.

First, we proposed a data collection model that allows each sensor node to adapt its sampling rate to the changing of the monitored condition, in order to minimize the amount of data collected during the collection phase in PSN. Using one-way ANOVA model and statistical tests (Fisher, Tukey and Bartlett), we studied the sensed data inter periods based on the dependence of conditional variance on measurements varies over time. Then, in order to take into account the application criticality, we used an existing multiple level activity model that uses behavior functions modeled by modified Bezier curves to define application classes and allow each node to compute its sampling rate while taking into account its residual energy level. We showed via simulations that our approach can be effectively used to increase the sensor network lifetime, while still keeping the quality of the collected data high.

Second, we proposed a data aggregation and transfer protocol with the main objective is to eliminate redundant data generated in each cluster at both sensors and CH levels. At the first level, we allowed each sensor node to search the similarities between readings collected at each period in order to eliminate redundancy from raw data. Then, it searched duplicated data sets captured among successive periods, using the sets simi-larity functions, in order to reduce data sets transmission to its CH. At the second level, we proposed a data aggregation technique based on the distance functions in order to allow each CH to find, then eliminate, redundant data sets generated by neighboring nodes, before sending them to the sink. Compared to other existing techniques, we showed through simulations on real data readings the efficiency of our proposed technique in sensor networks in terms of energy consumption, data latency and accuracy.

In a third step, we studied the spatio-temporal data correlation between sensor nodes to exploit the redundancy existing in the network. Based on this correlation, we proposed two sleep/active strategies for scheduling sensors in each cluster. The first one searched the minimum number of active sensors, e.g. which they will collect data, based on the set covering problem while the second one take advantages from the correlation degree and the sensors residual energies for scheduling nodes in the cluster. Our proposed technique, under the two proposed strategies, has been evaluated where the obtained resulted were very encouraged in terms of extending network lifetime, while conserving the quality of the collected data and the coverage of the monitored area.

6.2/ PERSPECTIVES

As perspectives of this thesis, we propose two categories. The first one is direct perspectives which are related to the techniques proposed in this work. While the second one is general perspectives and open issues in data management for PSN.

6.2.1/ DIRECT PERSPECTIVES

In this section, we give some perspectives in order to improve, extend or continue the proposed techniques on data collection, data aggregation, data correlation presented in this work.

First, we seek to extend our adaptive sampling technique in order to take into account the correlation between neighboring nodes. Mostly, neighboring sensor nodes collect redundant data about the monitored area thus, the information of "sensor position" should be used when adapting sensor sampling rate. For instance, in the case where sampling rate for two neighboring nodes are adapted in the same manner, "sensor position" information should prevent them to take readings at same slots in the period, or, to put one of them in the sleep mode. On the other hand, collision between packets from two sensor nodes are likely to happen repeatedly when they operate with identical or similar sampling rates. Thus, we seek to adapt our technique to be able to detect this repeated collision and introduce a phase shift between the two transmission sequences in order to avoid further collisions.

Second, we seek to improve the data aggregation process at both sensor and CH levels. At the sensor node level, we plan to use another filtering methods, such as prefix, suffix or position, in order to accelerate the computation of Jaccard similarity condition between two data sets. At the CH level, we seek to optimize the calculation of distance between two data sets in order to minimizing the data latency of the proposed technique. The idea here is to study the minimum number of readings to be used in each sets when calculating the distance between two data sets. Finally, we plan to merge both proposed data aggregation techniques in one work. Indeed, CH uses the distance functions in order to reduce more the number of data sets sent to the sink. Third, we seek to extend our scheduling technique proposed in Chapter 5 in order to take another information when choosing the number and the set of active sensors in each cluster. An example of information is the number of similar neighboring nodes for a sensor; the sensor that has a high number of similar neighboring nodes must have the priority to switch in sleep mode. Another information is the criticality of the application which is an essential criteria to be used when determining the number of active sensors at each period in order to ensure a high quality for the collected data. Otherwise, we assumed in our technique that the spatial and temporal correlations have the same importance when calculated the spatio-temporal correlation between two nodes which is not always true in all applications. Hence, it is important, as future work, to give a coefficient for each of them depending from the requirements of the application. Finally, the set cover problem used in our technique does not give usually the optimal solution regarding the disjoint sets of active sensors. Consequently, one of the important perspective for this technique is to improve the set cover problem in order to give a near optimal solution, or, to try, in the case it is not possible, another algorithm in integer linear programming (ILP) that gives optimal disjoint sets solution.

Finally, it is interesting to perform real experiments in order to evaluate the performance of our proposed techniques in real world applications.

6.2.2/ GENERAL PERSPECTIVES AND OPEN ISSUES

Although the huge number of studies dedicated to data management in periodic sensor networks, the area is still largely open to research. Several key open research issues in data management are yet unexplored or, sometimes, need to be more explored. Researchers' attention should pay more attention to these issues in order to improve the performance of such networks, especially in data analysis, decision making, and energy consumption.

First, wireless and especially periodic sensor networks are collecting huge amounts of data from different fields, and due to their limited memory, computation capabilities, and battery lifetime, it is difficult to sense, store, transfer, and analyze such amount of big data. Nowadays, recent advances in big data are allowing huge amounts of data to be properly captured, structured, processed, and stored. Therefore, big data technology is complementing these smart sensor networks. Thus integrating these two technologies will enable various useful applications. As a future work, we may focus on trying to apply big data methods and analytics to manage periodic sensor data gathered in different areas such as traffic, environment, healthcare, and industrial and designing novel solutions to the challenging problems.

Second, mobility is another issue which remain largely unexplored in sensor networks, especially in periodic applications. Today, the increasing capabilities of mobile tiny sensors and devices make mobile sensor networks possible and practical. By introducing mobility to some or all the nodes in a WSN, we can enhance its capability and enable various applications where mobility plays a key role in its execution. Although wireless sensor networks were never considered to be fully static and many researchers proposed solutions, however mobility still regarded as having several challenges that need to be studied, including, energy consumption, dynamic topology, cluster formation, data aggregation and transmission, among others.

Finally, time synchronization is a significant challenge in PSNs. Since data should be sent periodically, any loss or delayed can change the data time synchronization at the sink which raises a problem in decision making. Therefore, more techniques need to be proposed in order to guarantee an accurate time information for the collected data in PSNs.
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 11 Figure 1.1: Illustrative example of periodic sensor network (PSN).
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 12 Figure 1.2: Tree-based network architecture.
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 13 Figure 1.3: Cluster-based network architecture.
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 21 Figure 2.1: The Behavior curve functions ([76, 95]).
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 2 3 shows the instantaneous sampling rate results for the three tests. In Figures 2.3(a), 2.3(b) and 2.3(c) we fixed each round to two periods (P = 2) when we varied the criticality level (r 0 ) to 0.4, 0.5 and 0.8 respectively, while in Figures 2.3(d), 2.

  P=3, r 0 =0.8.

Figure 2 . 3 :

 23 Figure 2.3: Variation of sampling rate (ST) over rounds, S MAX = 15, α = 0.05.

  Figure 2.4 depicts the results obtained for the three different tests and the non optimized sampling rate which we present it as "Normal" on the figure. In Figures 2.4(a) and 2.4(b), we fixed P to 2 and r 0 to 0.4 and we varied α by giving it the values 0.01 and 0.05. In Figures 2.4(c) and 2.4(d) we fixed P to 3 with same values for r 0 and α. Based on

  P=3, α=0.05.
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 24 Figure 2.4: Energy consumption over rounds, S MAX=15, r 0 =0.4.
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 25 Figure 2.5: Energy consumtpion while varying r 0 , S MAX=15, α=0.01.

  r 0 =0.8.

Figure 2 . 6 :

 26 Figure 2.6: Variation of sampling rate (ST) over rounds with residual energy adaptation, P = 2, S MAX = 15 and α = 0.05.
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 27 Figure 2.7: Energy consumption over rounds with residual energy adaptation, S MAX=15, r 0 =0.4.

  (a) and 2.4(b)), while Tukey test gives better results when P is large, e.g. P = 3, (Figures 2.4(c) and 2.4(d)). Moreover, Bartlett test conserves more energy of the sensors compared to Fisher and Tukey tests for both small and large P, when the adaptive model takes the residual energy to adapt sensor's sampling rate (Figure 2.7).
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 433 Figure 3.3: Data collection in PSN.
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 34 Figure 3.4: Two sets with Jaccard similarity 3/8.
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 45 Transmission Phase Algorithm at Sensor Data: sensor id, R i : current set of readings at period p, R j : saved set of readings, t, T Result: saved set R j if p is the first period then memory(R i ) // save current set in memory; S et Packet(id, R i ) // send new set to CH; end else if S imilarityS ets(R i , R j , t,T ) then delete R i ; S imilarity Noti f ication(id) // send a notification to CH; end else free memory() // delete saved set from memory; memory(R i ); S et Packet(id, R i ); end end Transmission Phase Algorithm at CH Data: packet sent from sensor id at period p Result: void if S et Packet(id, R id ) at p then S et Packet(id, R id ) // send the set received from sensor id to sink; end else
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 36 Figure 3.6: Intel Berkeley lab sensor network (image courtesy).
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 37 Figure 3.7: Data aggregation ratio after the first phase.
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  10(a), 3.10(b) and 3.10(c)) or when δ increases (Figure 3.10(d), 3.10(a) and 3.10(e)). T = 20, δ = 0.2.
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 310 Figure 3.10: Energy consumption in each sensor.

( a )

 a the threshold δ, defined in S imilar function, takes the following values: 0.03, 0.05, 0.07, 0.1. (b) T , the number of sensor readings taken by each sensor node during a period, takes the following values: 200, 500 and 1000. (c) the distance threshold t d takes the following values: 0.35, 0.4, 0.45 and 0.5. (d) the threshold t of the Jaccard similarity function in PFF technique is fixed to 0.75.
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 41 Figure 4.1: Percentage of data after applying aggregation node level.

  Figure 4.2 shows the number of pairs of redundant sets obtained at each period when applying Euclidean and Cosine distances and PFF technique. First, we fixed T and δ and we varied t d as shown in Figure 4.2(a), then we fixed T and t d and varied δ as shown in Figure 4.2(b) and, finally, we fixed δ and t d and varied T as shown in Figure 4.2(c). The obtained results show that, the CH finds more redundant sets when applying the distance functions, i.e. Euclidean and Cosine, compared to the Jaccard function used in PFF technique for different values of parameters. This is because the distance condition (Equations 4.1 and 4.2) is more flexible compared to the Jaccard similarity condition used in PFF. δ=0.07, t d =0.4.
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 1 Figure 4.3(a), then we varied δ and fixed T and t d in Figure 4.3(b) and, finally, we varied T and fixed δ and t d in Figure 4.3(c). Generally, the obtained results are dependent on the number of the redundant sets shown in Figure 4.2; if more redundant sets are found, this will lead to more sets being eliminated. Therefore, Euclidean and Cosine distances allow the CH to eliminate more redundant sets at each period compared to PFF technique, except when t d is small (e.g. t d = 0.35 in Figure 4.3(a)). b) T = 500, t d =0.4. δ=0.07, t d =0.4.
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 43 Figure 4.3: Percentage of sets sent to the sink at each period.
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 4 4(a)) up to 94% (Figure 4.4(c)) of the energy of a sensor node.
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 44 Figure 4.4: Energy consumption in each sensor node.
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 41 Figure 4.5 shows the energy consumption comparison at the CH when using distances method and PFF technique, in function of t d in Figure 4.5(a), of δ in Figure 4.5(b) and of T in Figure 4.5(c). Depending on the results obtained in Figure4.3, the distances method gives the best results, except for t d = 0.35 in Cosine, regarding the energy consumption in the CH. Subsequently, Euclidean distance can reduce the energy consumed in CH up to 64% compared to the amount of energy consumed using PFF. Otherwise, Cosine distance can reduce up to 60% of the energy consumption in the CH compared to that consumed using PFF.
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 46 Figure 4.6: Execution time at the CH.
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 47 Figure 4.7: Data accuracy.
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 51 Figure 5.1: Spatial correlation techniques between two sensors.
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 9 Spatial-Temporal Correlation Algorithm Data: Set of sensors: S = {S 1 , S 2 . . . S N }, Set of their readings sets: R = {R 1 , R 2 . . . R N }, C sp , C tp Result: All pairs of sensors (S i ,S j ) that are spatially-temporally correlated L ← ∅;
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 55 Figure 5.5: Percentage of data readings sent from each sensor to the CH 2 .
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 56 Figure 5.6: Lifetime of each sensor in the second cluster (CH 2 ).

  Variation of sensor energy.
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 57 Figure 5.7: Variation of sensor activity during periods, Sensor id = 35, T = 500, S r = 15, δ = 0.07, C sp = 2 × S r , C tp = 0.45.
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 258 Figure 5.8: Lifetime of the network in function of operational sensors, T = 500, S r = 15, δ = 0.07, C sp = 2 × S r , C tp = 0.45.
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 59 Figure 5.9: Data accuracy at the CH 2 .
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 2510 Figure 5.10: Variation of periods number in each round, T = 500, S r = 15, δ = 0.07, C sp = 2 × S r , C tp = 0.45.
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 2511 Figure 5.11: Variation of active sensors number during each period, T = 500, S r = 15, δ = 0.07, C sp = 2 × S r , C tp = 0.45.
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 5 Figure 5.12: E xample of spatio-temporal data correlation between neighboring nodes during a period, T = 500, S r = 10, δ = 0.07, C sp = 2 × S r , C tp = 0.35.
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 513 Figure 5.13: Example of active sensors during a period, T = 500, S r = 10, δ = 0.07, C sp = 2 × S r , C tp = 0.35.
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 514 Figure 5.14: Coverage ratio for each cluster, T = 500, δ = 0.07, C sp = 2 × S r , C tp = 0.45.

Chapter 4: In-network Data Aggregation Technique:

  In this chapter, we propose a complete data framework for cluster-based PSN aiming to eliminate redundancy at both sensor nodes and CH levels. Further to a local aggregation at each sensor node, our technique allows CH to find duplicated data sets generated by neighboring sensor nodes at each period. Aggregation data phase proposed at CH level is based on distance functions such as Euclidean and Cosine. Once redundant data

sets are found, CH uses a selection algorithm to select the data sets to be sent to the sink among the received data sets.

Chapter 5: Spatio-Temporal Data Correlation with Scheduling Strategies:

This chapter is dedicated to explore data correlation between neighboring sensor nodes.

Table 1 .

 1 1: Environmental monitoring projects based on PSNs.

	Project	Zone of interest	Description
	Sonoma Dust [142] Sonoma County, California, USA	monitoring of redwood trees habitat conditions
	Lofar agro [116]	Netherlands	monitoring the microclimate in potato crops
	Foxhouse [51]	Fur Farming Research Station, Kannus	monitoring the habitat of foxes in a fox house
	Sensorscope [23]	Canton Valais, Switzerland	monitoring of air temperature and humidity,
			wind direction and speed, precipitation and
			solar radiation
	GDI [136, 89]	South of Mount Desert Island, Main, USA	habitat monitoring in Great Duck Island
	BSpringbrook [156] South-East Queensland, Springbrook, Australia rainforest ecosystems monitoring
	pollution control and climate recording, assisted navigation and study of marine life.

Algorithm 1 :

 1 Adaptive Sampling Rate Algorithm Based on Variance and Residual Energy Data: P (1 round = P periods), S MAX (maximun sampling speed), E 0 (initial energy), S max (maximum sampling speed calculate)

	Result: S t (instantaneous sampling speed)
	S t ← S MAX;
	while E r > 0 do
	if E r ≥ E 0 -E 0 e then
	q ← 1;
	end
	else
	q ← ln( E r ×e E 0 + 1);
	end
	for i = 1 → P do
	takes readings at S t speed;
	end
	for each round do
	compute F;

  2.5.2.2/ ENERGY CONSUMPTIONFigure 2.7 presents the results of the adaptive model which take the variance of the readings and the residual energy as parameters to calculate the sampling rate of the sensors. We fixed P to 2 in Figures 2.7(a) and 2.7(b) and we varied α to 0.01 and 0.05 respectively, while in Figures 2.7(c) and 2.7(d) we fixed P to 3 with the same values for α. We fixed r 0 to 0.4 in all cases. Comparing the results of this figure to the results of the Figure2.4 (adaptation without residual energy), we can see that considering the residual energy permits to extend the network lifetime.
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Table 4 .

 4 1: Comparison between distance and similarity functions.

	Techniques	Energy consumption conserving	Data latency	Data accuracy	Complexity
	Euclidean distance	very good	medium	good	O(n 2 )
	Cosine distance	good	medium	medium	O(n 2 )
	PFF	low	good	very good O(n × log(n))

Table 5 . 2

 52 

	Our	Compared	δ	S r	T	C sp	C tp
	Strategy	Strategy					
	SC	PPMC Naïve	4 → 9 8 → 18 11 → 14 12 → 16 12 → 14 11 → 16 6 → 7 7 → 8 6 → 7 5 → 8
	CDRE	PPMC Naïve	3 → 7 6 → 14 10 → 11 9 → 11 5 → 6 5 → 6	5 → 6 10 → 11 10 → 11 4 → 6

: Lifetime comparisons between our strategies, PPMC and Naïve approaches. (Worst case → Best case).

the others are done by the same manner.

It is chosen in function of the collected readings

Our technique has been also applied on real data collected from the ARGO project[115]. The obtained results were similar to those presented in this chapter which indicate the efficiency of our technique in underwater sensor applications. However, the results are not presented in order to not increase the number of pages of this chapter.
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on a periodic basis avoiding each sensor node to send its raw data to the sink. At the second level, our technique allows a cluster-head (CH) to eliminate redundant data sets generated by neighboring nodes by applying distance functions, such as Euclidean and Cosine distances. To evaluate the performance of the proposed technique, simulations on real sensor data have been conducted. Compared to other existing techniques, results show that our protocol can efficiently be used to reduce data transmission and increase network lifetime, while still keeping data integrity of the collected data.

The remainder of this chapter is organized as follows. Section 4.2 describes some of the existing data aggregation techniques proposed for WSNs. Section 4.3 describes the aggregation at the sensor level. Section 4.4 presents the aggregation method at the CH level based on the distance functions. Section 4.5 details the simulations we have conducted in real sensors data with discussion of obtained results. Finally, we conclude the chapter in Section 4.6.

4.2/ DATA AGGREGATION: A BACKGROUND

In WSNs, the performance of any data aggregation technique strongly depends on the network's topology. Hence, researchers have proposed many network's topologies for WSNs, such as Tree-based [START_REF] Wang | Reliability of wireless sensor networks with tree topology[END_REF], Cluster-based [START_REF] Ram Bhakare | An energy-efficient grid based clustering topology for a wireless sensor network[END_REF], Chain-based [4] or structure freebased [START_REF] Chao | Design of structure-free and energy-balanced data aggregation in wireless sensor networks[END_REF] topology.

In [START_REF] Kui | Energy balanced clustering data collection based on dominating set in wireless sensor networks[END_REF][START_REF] Zou | A data-aggregation scheme for wsn based on optimal weight allocation[END_REF][START_REF] Shanmukhi | Cluster-based comb-needle model for energy-efficient data aggregation in wireless sensor networks[END_REF], the authors study the aggregation of data generated by the sensors based on a clustering topology. The authors in [START_REF] Kui | Energy balanced clustering data collection based on dominating set in wireless sensor networks[END_REF] propose EBDSC, a distributed Energy-Balanced Dominating Set-based Clustering scheme, to prolong the network lifetime by balancing energy consumption among different nodes. In EBDSC, a node becomes a candidate cluster head if it has the longest lifetime among its neighbors. In [START_REF] Du | A high efficient and real time data aggregation scheme for wsns[END_REF], the authors propose a data aggregation scheme named DMLDA, Dynamical Message List based Data Aggregation, based on clustering routing algorithm. DMLDA mainly defines a special list structure to store history messages, which is used to judge the message redundancy instead of the period delay. In [START_REF] Goyal | Fuzzy based clustering and aggregation technique for under water wireless sensor networks[END_REF], the authors propose to design a fuzzy based clustering and aggregation technique dedicated to under water sensor networks. In this technique the residual energy, distance to sink, node density, load and link quality are parameters considered as inputs to the fuzzy logic. Based on the output of fuzzy logic module, appropriate cluster heads are elected and act as aggregator nodes. The authors in [START_REF] Saxena | Clustering based on node density in heterogeneous under-water sensor network[END_REF] propose an Under Water Density Based Clustered Sensor Network (UWDBCSN) scheme using heterogeneous sensors. The method helps in reducing overall communication costs, in electing the cluster-head, it also increases the overall network lifetime.

Other proposed techniques of data aggregation are based on a tree network topology, such as [START_REF] Norouzi | A tree based data aggregation scheme for wireless sensor networks using ga[END_REF][START_REF] Lu | Dynamic data aggregation protocol based on multiple objective tree in wireless sensor networks[END_REF][START_REF] Zheng | Building representative based data aggregation tree in wireless sensor networks[END_REF]. The authors in [START_REF] Norouzi | A tree based data aggregation scheme for wireless sensor networks using ga[END_REF] use Genetic Algorithm (GA) to calculate all possible routes represented by the aggregation tree. The objective is to find the optimum tree which is able to balance the data load and the energy in the network. In [START_REF] Lu | Dynamic data aggregation protocol based on multiple objective tree in wireless sensor networks[END_REF], a semi-structured protocol based on the multi-objective tree is proposed, in order to reduce transmission delays and enhance the aggregation probability. In such a work, the routing scheme explores the optimal structure by using the Ant Colony Optimization (ACO). The authors in [START_REF] Fan | Dynamic forwarding over tree-on dag for scalable data aggregation in sensor networks[END_REF][START_REF] Prakash | Treeon dag for data aggregation in sensor networks[END_REF] propose Tree on DAG (ToD) technique, a semi-structured approach that uses Dynamic Forwarding on an implicitly constructed structure composed of multiple After normalizing all pairwise distances, the CH will form the distance normalization vector between each pair of sets as follows:

4.4.4/ DISTANCE-BASED ALGORITHM AT THE CH LEVEL

In this section we present our data aggregation method at the CH based on the distance functions. Algorithm 8 describes how the CH finds redundant sets of readings generated by sensors then how it selects, among them, data sets to be sent to the sink. After having normalized data sets based on Equation 4.3 (lines 2 to 11), the CH considers that two sets are redundant if the normalized distance between them is less than the threshold t d (line 12 and 13). The Dist function in line 5 represents Euclidean or Cosine distances and can be calculated based on Equations 4.1 and 4.2 respectively. Then, for each pair of redundant set, the CH chooses the one having the highest cardinality (line 18), then it adds it to the list of sets to be sent to the sink (line [START_REF] Bahi | Energy efficient 2-tiers weighted in-sensor data cleaning[END_REF]. After that, it removes all pairs of redundant sets that contain R i or R j from the set of pairs (which means it will not check them again). Finally, the CH assigns to each set its weight (line 21) when sending it to the sink.

Algorithm 8: Distance-based Redundancy Searching Algorithm

Remove all pairs of sets containing one of the two sets R i and R j ; wgt(R i ) = number of removed pairs + 1; end return L; L ← sort(L); // L is sorted in increasing order of the sensors correlation degree; if p mod 2 is equal to 1 then while L is not empty do

end remove all elements (S y ,S j ) and (S j ,S y ) from L such that S y S i ; end remove ((S i ,S j ), C i j (S i ,S j )) from L; the first period, all the sensors are active while the CH will only send, to the sink, the sets which are not redundant, i.e. corresponding to sensors in the set E. On the other hand, all readings sets coming from the active sensors will be send to the sink in the second period in the round.

Period p Period p+1

Round i S 1 , S 2 , S 3 , S 4 , S 5 , S 6 S 1 , S 5 (a) The active sensors at each period in the round.

Period p Period p+1

Round i S 1 , S 5 S 1 , S 5 (b) The readings sets sent from the CH to the sink at each period in the round. 

5.5/ SIMULATION RESULTS

In this section, we look at the performance of our spatial-temporal correlation mechanism under the two proposed scheduling strategies. In our simulations, we implemented both strategies based on a Java based simulator. We ran the simulator based on real sensor readings of temperature collected by 46 sensors and provided by the Intel Berkeley Research lab [START_REF] Madden | Intel berkeley research lab[END_REF]. Figure 5.4 shows a map of the placement of sensors in the lab. We assume that the network is divided into two clusters, which have CH 1 and CH 2 as cluster-heads respectively, as shown in Figure 5.4. The cluster-heads CH 1 and CH 2 are located at the center of each cluster respectively. The sensor nodes should send their data periodically to their appropriate cluster-head.

In order to evaluate the performance, we compared our results to those of PPMC proposed in [START_REF] Dhimal | Energy conservation in wireless sensor networks by exploiting inter-node data similarity metrics[END_REF]. Table 5.1 shows the parameters used in our simulations. 

Abstract:

In this thesis, we propose energy-efficient data management techniques dedicated to periodic sensor networks based on clustering architecture. First, we propose to adapt sensor sampling rate to the changing dynamics of the monitored condition using one-way ANOVA model and statistical tests (Fisher, Tukey and Bartlett), while taking into account the residual energy of sensor. The second objective is to eliminate redundant data generated in each cluster. At the sensor level, each sensor searches the similarity between readings collected at each period and among successive periods, based on the sets similarity functions. At the CH level, we use distance functions to allow CH to eliminate redundant data sets generated by neighboring nodes. Finally, we propose two sleep/active strategies for scheduling sensors in each cluster, after searching the spatio-temporal correlation between sensor nodes. The first strategy uses the set covering problem while the second one takes advantages from the correlation degree and the sensors residual energies for scheduling nodes in the cluster. To evaluate the performance of the proposed techniques, simulations on real sensor data have been conducted. We have analyzed their performances according to energy consumption, data latency and accuracy, and area coverage, and we show how our techniques can significantly improve the performance of sensor networks.