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ARTICLE INFO ABSTRACT
Article history: For some real-time control applications, the aulfers need to accurately estimate the
Received 10 December 2015 process state within the delay constraints. There been lots of work on delay-
Accepted 28 January 2016 efficient aggregation scheduling in WSNs and thgedive is to minimize the total
Available online 10 February 2016 time of aggregating the whole sensor data frorm#tevork to the sink, but there is no
work on estimating the aggregation scheduling &gé-scale network systems. Thus
Keywords: for accurately estimating a process state as weshtisfying rigid delay constraints, the
Wireless sensor network, estimation, in-network estimation operations and an aggregatabreduling algorithm is designed.
aggregation scheduling, asynchronous And to reduce energy consumption in multihop braeatlaising asynchronous sleep
duty cycle. scheduling approaches, the efficient multihop beaating for asynchronous duty

cycled (EMBA) wireless sensor network is designed.

INTRODUCTION

The cyber physical systems(CPS) are a new clatsmyg which is the integration of cyber capabditied
physical process. Since the wireless sensor nk(WS8N) has the advantage of easy deployment and:asty
it is regarded as observing physical world for CB&. disaster monitoring systems, waste water ggicg
systems and smart building applications. The W&bkel CPS architecture has a set of sensor nodesyekp
in the observed area to perform the dynamical m®dc® shown in the figure 1. By using multihop W3he
sampling data are collected from the sensor natleaé or more sink. Based on the informationcinvrollers
make decisions to change the physical process.orBehaking the decisions, controllers need to ately
know the process state, which cannot be obtainegttti due to the presence of the measurement rBoide
process noise. Thus the process state is estirhatadl on the sensor measurement and this estiaratesed
by the controllers as the input.

In Network Controlled Systems(NCS), the transmissilelay is equal to the data loss which lead$ién t
performance of degradation or loss of stabilitytieé systems. Thus, within the delay constraintssee
information are gathered at the sink. Thereforeafmcurately estimating the process and satisfiliiegdelay
constraints, we jointly design the in-network esiion operation and aggregation scheduling algorithhe in-
network estimation is a technique where intermedraide calculates the estimates based on the iafiomm
received from its child nodes. And the aggregatioheduling is to gather maximum information at $iek
within delay constraints. Also the WSN is in nadcenergy for a long time. To reduce energy cornsion,
most sleep scheduling protocols utilize duty cyghvhich allow the sensor node to alternate betwheractive
states and sleeping states. Generally the dutjedyMAC protocols are divided into two categories:
synchronous and asynchronous approaches. In syrals sleep scheduling approaches before the dlata i
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transmitted neighbor nodes are synchronized toceedhe energy consumption. Due to independent wake
time for sensor nodes, the asynchronous sleep slihgdapproaches are weak for supporting multihop
broadcasting. Since every nodes wake up in its duiy cycle, it is hard to reach multiple neighinedes for
one broadcast transmission. Thus to support natliroadcast in asynchronous sleep scheduling apipes,
the node must use independent unicast transmistidtssneighbor nodes. This causes redundangimasion
and collisions of the same broadcast messagess dinergy efficient multihop broadcasting for asyncous
duty cycled(EMBA) WSN is designed. It is very dbeabing to jointly design the in-network estimation
operation and aggregation scheduling algorithmadsal to design an efficient multihop broadcastieBNs.
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Fig. 1: Architecture of WSN-based CPS.

IN-Network Estimation:

The in-network estimation is the technique in Wwhiach intermediate node calculates the information
based on the data received by the child nodesgreggtion tree and from its own measurements. ovieeall
process of in-network estimation approach in eastteduling period is described. Every nodes takes t
following actions in an aggregation tree.

1. The leaf node samples the process state atea tjime and performs the estimation based onvits o
measurement which is obtained before the time. nTthe collected estimation waits for schedulingcpss.
Finally it transmits the estimate to its parent@adédectly after the leaf node is scheduled.

2. The relay node also first samples the process ataegiven time and performs the estimation based
its own measurements obtained before time. Theyrebde collects information, based on the infoiomat
received from the child nodes and its own local sneament. If the information is not received frtdme child
nodes in the scheduling period, this relay nodé evpect the information based on the informatidmicl is
received previously from the child nodes and thisrimation is used to calculate the process. Tireily it
transmits the processed information to next hoperardy when the relay node is scheduled.

3. Before every scheduling period, the sink nodgeek the information based on the received estsnate
previously from its child nodes and then best estis is calculated by the expected informationegiously
received information. Thus the sink node colledttha information from its child nodes.

Aggregation Scheduling:

The aggregation scheduling algorithm is usedather maximum information at the sink within thdage
constraints, to reduce the error occurred througteating information from the network. For satisig the
delay constraints and accurately estimating, an BEAJEffective interference free Aggregation Schéauyl
algorithm with Delay Constraints) was designed.e Biggregation scheduling algorithm is estimateadbam
few techniques eg. Breadth first search tree othdérst search tree. In EASDC algorithm, a topvdotime
slot assignment mode is adopted. The schedulggrigim is performed in each node in the aggregattiee
where each node determines its schedules basedaeagpréviously received information. An exampleoof
scheduling algorithm is shown in figure 2. In thgheduling algorithm, every node maintains theofsihg
variables.

1. Number of Children: NoCi, number of child node ggeegation tree Q.

2. Children number of i's parent: CNoPi, number ofi¢imodes of i 's parent in the aggregation tree.

3. Time slot to first transmit: TSFT, the time slotvatich node send its data to its parent for firstt

4. Node scheduling period: NSPi, the scheduling peoibthe node which is scheduled once every NSR: tim
slot after time TSFTi.

5. Children set: CSi, the node set of children suct the node set of elements are arranged in deiscend
order of the subtree.
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6. Indicator array of available time slot(IAATS) isetlarray in which the child nodes can send the witeout
interferencing the time slot.
7. RANKI = (level,i), where level is the hop distanaenode i to the root.
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Fig. 2: An example of the result of our scheduling alduorit

IV. EMBA:

EMBA operates on asynchronous MAC protocol ands us® techniques: Forwarder’'s guidance and the
overhearing of broadcast messages. EMBA allowsnib@es to support multihop broadcast by avoiding
redundant transmission and collisions. It achieligher energy efficiency and small message codiaih
sparse and dense network.

Forwarder’s guidance:

The source node and a node which forwards thedbest message generated by source node, bothnof the
were represented as forwarders. The forwarder gwethe guidance list which includes three list.
(i) COVEREDIf nodesv and forwarder nodsare the same node already covered.
(i) DELEGATED if nodev is uncovered then nodewill be covered by another node which has a bditi&r
than node.
(iii) OBLIGATED if noder is obligated to covenmodev. The node has responsibility foforwarding broadcast
message to nodeg because nodehas the best link quality to nodemong the neighbors of node

Overhearing of broadcast message:

During an active state, the forwarder node prej¢d certain node, then the forwarder node camirmdite
the ID of the node specified in the message frenolitligation set. Thus, the number of transmissi@guired
for covering of neighbor nodes will be reduced. Fleunergy efficiency is increased by reducing thevadime
of each forwarder and the number of transmissions.

V. Performance Evaluation:

The performance is simulated by usimg® simulator. The sensor nodes are randomly deplayetie
observed region and an aggregation tree is consttucThe aggregation tree is constructed by tfectdfe
interference free aggregation scheduling algorittith delay constraints using breadth first searek method.

The Average trace of Covariance Matrix at the $inkhown in the figure 3. In this graph we compthe
estimation accuracy of our in-network estimatiorpraach with that of NAE under the different network
parameters. When the number of nodes increasesotlaiance value at the sink is decreased thamahe
aggregation method. The performance estimatioraigel with the increase of number of nodes and the
transmission radius. The Covariance Matrix Tradbhatsink for the three methods is shown in therégt.

This graph compares the traces of the estimate eavariance matrix of the sink with every estimat
time step using the three methods. The in-netwstknation approach has the ability to compensatete
estimate loss of the remote sensors by exploitisgeémporal correlation of the state. On the oliaed, the in-
network estimation approach can gather more estimé&rmation than NAE within the delay constraiotthat
the estimation performance of our method is béitten that of NAE in the most of the time.

The EMBA method is used to reduce the energy aopson. Compared with the optimal estimation and
NAE method, the EMBA achieves better energy congionp For number of nodes, the energy consumption
variations are shown in the figure 5. The dutyleys the ratio between the On time to the summadicthe On
time and Off time and is the percentage of peribdyale per unit time. By different valves of dutycle the
values of energy is compared to show the performafithe energy consumption in the figure 6.
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Fig. 3: Average trace of Covariance matrix trace at th&.si
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Fig. 4: Covariance matrix trace at the sink for three rmoégh
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Fig. 5: Average energy consumption.
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Fig. 6: Average duty cycle.
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Conclusion:

Thus, to accurately estimate the process in-nétvestimation and aggregation scheduling is jointly
designed within the delay constraints. The agdi@gacheduling is constructed using the EASDC rtlga.
EMBA can support multihop broadcast efficiently liging two techniques of the forwarder’s guidance te
overhearing of broadcast messages. The forwardeitance significantly reduces redundant transoissand
collisions. This technique greatly improves thergy efficiency in sparse networks by reducing deygle.
The overhearing of broadcast messages help to eeth&c number of transmissions. This simple techaiqu
minimizes the active time of forwarders, which isre efficient in dense networks. EMBA shows muaoghler
energy efficiency in both sparse and dense netwarkgpared to the conventional protocols.
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