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Abstract

The development of Wireless Intelligent Sensor Devices (WISIas) led to significant
experiemental and computational challenges. This paper desloghegvelopment of low
cost, self powered, wireless sensors with built-in intelligevageable of withstanding harsh
environments, initially to be deployed for aerospace and automotive applications.

The scope of the paper encompasses the integration of key techmmwghppments:
sensors; energy efficient data processing and feature esragibwer scavenging; and,
information communication between distributed elements using teemé€tearly it would
be an abmitious task to cover all of these technologies in one paper, so we willdimeste
of research which are pertenent to the successful outcome ofottke Whus the paper
outlines progress made by the authors in:

0] Intelligent Active Sensing;
(i) Statistical Pattern Recognition and Machine Learning; and
(i)  Energy Harvesting.

The primary aim of this paper is to discuss some of the issues which are bfeleeance to
constructing and operating wireless sensor within harsh environment.

Introduction

Current designs of sensor networks typically relay informatiarawvired array to a central
monitoring/acquisition facility. With the increasing complexty sbfuctures and sensing
arrays we are faced with oppressive data handing requiremensersat networks which -
due to their complexity — are prone to be less reliable than stensy they are required to
monitor.

The move towards wireless data transmission raises new aesldar technology. In
essence the robust tranmission of data via a wireless protogell isstablished. However,
streaming data from multiple sensing devices demands a sighifioaer requirement, and
also presents a data manangement challenge. The two key te@msotbgh address these
issues are energy harvesting and feature extraction. msargo be truly wireless it must
be able to operate autonomously and be independent of a wired une 8vhy transmit
power through a wired link if the same link can be multiplexedptovide data
transmission?). Furthermore, if data are to be sent wilgldss there is a related required
to reduce power demand. The most common strategy is to transenifrala the sensor
node to a central monitoring point. This approach allows collectionl afifarmationfor
further processing and identification of feature which indicafaudt or deteriation of a
component or system. The drawback of this method is that for joeitmaf the operation
of the sensor, it is streaming information which simply idicatiest the system is



functionning normally. Thus this information is redundant. The appoach now dupied
by the health monitoring community is to process the the datdyl@ral only transmit when
a change is detected [1]. This form of data condensation andefeatwaction is therefore
ideally suited to wireless sensing applications.

Thus the complete system architecture for an intelligent @gsesensing system has three
components:-
® self-powered, low-energy sensors with in-built computational ligéglce to
undertake local data processing, feature extraction and decision-making.-
(i) embedding intelligent sensor systems within and throughout structures; and
(i)  extraction of information, via a local microwave network, abtweialth and
remaining life of structures, collected at a central monitoring unit.

In its fully operational form, output from the intelligent sensotesyswill be coupled with

adaptive fracture mechanics modelling and risk assessmenbuwoaaturate computation of
the structure’s new state and provide the user with a predictidre aititucture’s remaining
useful life on demand.

The key technological advance in WISDs is the ability of tluieseces to make decisions,
not simply stream raw data. By making these devices sedfass, WISDs will be able to

act autonomously and be triggered remotely to provide an intellggsessment of the state
of the structure.

The outcome of the development of WISDs is specifically toaedhe cost of ownership
and improve reliablility of safety critical and/or high value products.

The primary objective of the programme is to demonstratdeitienology of WISDs for
aerospace and automotive applications. However, prognosis and health ingpoitaivil,
nuclear and petrochemical industries would also benefit in the loager with increasing
demands for environmental security

Rationale for WI1SDs

The key attribute of WISDs is that they should provide aelgvant information to assist
damage prediction models. As stated earlier, this is thedKisrence embodied within
WISDs, they have built in feature extraction that determinesstag or change in the
structure, before transmitting information to offline damagessssent models. Taking the
aerospace industry as a sample industrial sector: the impetWwdl$®@s from airframe and
engine manufacturers for effective health monitoring has beewateti by “power-by-the-
hour”, whereby manufacturers charge for usage and meet the costaiatenance
themselves. The escalating cost of aging aircraft is ngplgirestricted to the civil fleet.
The US Air Force, through its Engine Rotor Life Extension mogi(ERLE) expects to
commit 63% of its capital budget on sustainment and 16% and 18% reslyecn
development and acquisition [2]. On this basis alone there willbaj@r thrust in the next
few years in the aerospace industry to reduce costs on mainten@heecurrent health
monitoring approaches concentrate on safety critical componente airtraft e.g. failure
through disc burst results in catastrophic loss of the engine tatobeke aircraft at worst.
Guidelines outlined by Larson and Russ dictate that a disc igdkscan the probability of a
one in one thousand chance of failure after inspection (n.b. the cose afisc is £200k-
300k). In this case the probability is that 999 discs are beingrdéstdnefore they have



reached their full safe operating life. On this basis tiremmum component cost saving —
excluding benefits derived by reduced maintenance and inventory - edhig\even a 10%
increase in life due to improved prognosis methods is up to £20m for 1000 discs.

In the civil engineering field the driver for prognosis is larggbwerned by large-scale
discrete events rather than incremental degradation. Typiaaipées are aerodynamic gust
loads on long span bridges and earthquake loading on buildings. Althoudji, load
caused by traffic is also a consideration it is the discegnts that require immediate
prognosis for future use. Using the Kobe earthquake as an exampéepaddings were
subject to two years scrutiny before a decision was made anfihgie use or demolition
[3]. Clearly this delay had a significant commercial impatthe economic capacity of the
city beyond the reconstruction costs. In California the most demmstumented building
has ~75 sensors to measure seismic response. For damage detestian sgaond order of
magnitude increase in density is required. This increase camerdghieved economically
by the use of COTS wireless self-powered embedded devices.

Perhaps the most advanced and scrutinised health monitoring systemsain helicopters.
A comparison between WISDs and existing HUMS systems for raforeill be the primary
industrial outcome of the project. Health and Usage Monitoring Sgs{éfdMS) have
already been operating successfully in transmission monitoridgeagine applications.
Their effectiveness and reliability has been endorsed by &% &d FAA and are now
being considered for more general structural health monitoring. isé necent costs for
implementation of whole vehicle HUMS depends on the level of coveeaggred Forsyth
(2001), but current bespoke systems are >£250k. Although the cost of theseauwtd fall
by adoption of Commercial Off the Shelf (COTS) Forsyth idesgithe data management as
the largest single cost on some systems. This is sigmificahat Forsyth acknowledges that
“considerably more data” would be required for robust verificatiopasameters needed for
prognosis. Currently such systems are used for an indicator ofgdanighe options for
prognosis have not been fully explored though HUMS, but the achievezktdasion from
the current implementation of usage monitoring of 73 Sructurafigifgiant Items (SSIs)
has led to cost savings on replacement parts of £125/hour of operatilowlirex the savings
associated with installation and removal of components [4]. By usinfji-channel
component usage monitoring White reports an average increase abbkevattuctural fatigue
life of 380% over the original design life.

Scope

Clearly the task of describing intelligent health monitoring andjpwstics cannot be given
justice in a short paper such as this. However, the elementstaflMlerrogation i.e. what
intelligence is it appropriate to build into a WISD and how powarkmdelivered remotely
are key to successful operation. It is these two aspect on which the papenueihicate.

Data Interrogation

The term data interrogation is described by the two processésatire extraction and
statistical model development for feature classification. Tdreythe essential components
of a Structural Health Monitoring (SHM) System needed to conwertsensor data into
useful information about the structural health condition



Feature extraction: Feature extraction is the process of identifying damage-sensiti
information from measured data. A damage-sensitive featuseni®e quantities extracted
from the measured system response data that is correlatethipresence of damage in a
structure [5]. The main objective of the feature extraction psoteso extract damage-
sensitive features that change in some consistent manner witlasingedamage level.
Ultimately, the goal is to accurately distinguish a damagedtsre from an undamaged one
based on the extracted features. Two alternative feattracgon methods have been
mainly proposed in the SHM literature, model based and waveforrd.bEse model based
feature extraction method consists on fitting some model, eithergshyased or data based,
to the measured system response data. The parameters of thete andbe predictive
errors associated with these models then become the damagemesermsatures.
Alternatively, the waveform based approach extract feathyeslirectly comparing the
sensor waveforms or spectra of these waveforms.

Satistical model development:

This process is concerned with the implementation of the algorithats analyse the
distributions of the extracted features in order to determindaheage state of the structure.
The algorithm used to perform this task can be categorisedhirge types: (1) Group
Classification, (2) Regression Analysis, and (3) Outlier Dietec The selection of the
appropriate algorithm to use depends on the data available. For exagaethms
performing supervised learning can be applied when examples ohm@atvailable from
damaged and undamaged structures. If data were available only Herantlamaged
structure, then an algorithm implementing unsupervised learning wouitohbe adequate.
The statistical models are typically used to answer essaf questions regarding the
presence, location, type and extent of damage.

Inherent in the data acquisition, feature extraction and stakistaxdel development sections
of the SHM process are data normalisation, cleansing, fusion and compressiordgs]thé
context of SHM, data normalisation is the process of separetizigges in sensor reading
caused by damage from those caused by varying operational anchemestal conditions.
Data cleansing is the process of selectively choosing datassoopato, or reject from, the
feature selection process. Data fusion is the process of comlyriormation from multiple
sensors in an effort to enhance the fidelity of the damagectdeteprocess. Data
compression is the process of reducing the dimensionality of tlee datthe feature
extracted from the data, in order to facilitate an efficisiarage of information and to
enhance the statistical quantification of these parameterse Tihas activities can be
implemented in either hardware or software and usually a comdmnati the two
approaches is used.

Thus, by embedding the common elements of data interrogation lea#tiy the WISD

provides the ability of these devices to make decisions, not sirtrelgns raw data. By
making these devices wireless, WISDs will be able to act autauslypnand be triggered
remotely to provide an intelligent assessment of the statdeofstructure. The work
developed by the authors employs the concept of Fuzzy AssociativerlyiéFAM) for the

prognosis of remaining life in helicopter rotor components. The speeiample

demonstrated in the paper through both experimental and theoreticalingpdethat of a
helicopter rotor tie-bar (see figure 1)
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Figure 1 Life prognostics using FAM (test data).

Figure 1 shows the use of outcome of the FAM approach on lab based fleatitmetests
on a tie bars in which the Upper Control Limit (UCL) defines thentpat which the
component should be taken out of service. In this case the predictios alldicycles of
safe operation before ultimate failure.

Energy Harvesting

It is the combination of appropriate sensors, micro-power signal gsioce efficient &
robust wireless data transmission, together with energy hisnydst enable self powered
operation which brings innovation to WISDs. The particular attribatéhe rotorcraft
environment which enables energy harvesting is vibration; teesecertain irony that this
source of energy is also the prime cause of damage accrual in the aircraft.

The environment local to the WISDs sensors is characterisedldtywely high levels of

vibration compared to other typical energy harvesting applicati@hsand with a

fundamental frequency of typically a few tens of Hertz. Sicguift harmonics are also
present caused by the interaction of the rotor blades and the body of the rotorcratft.

The main hurdle to the implementation of a system where the pegeirements are met
fully by energy harvesting is the time domain mismatch eetwpower demand and
availability. The most obvious example of this is operation of th®&DNvhen the rotorcraft
is stationary. To overcome this limitation the WISD syste@s an intelligent hybrid power
system featuring a chemical storage battery. The cgpzicihe battery required for WISD
is considerably less than that required for a battery only solution.

The design of the WISDs energy harvester follows the conventieeahant mass/spring
arrangement, utilising electromagnetic coupling to damp the atsmilland hence generate
electrical power. The high levels of vibration levels of the appbn have been exploited
by developing a harvester with magnetically permeable mistdnathe stator: typically
resonant energy harvesters use air-cored stators to redudanetueffects and magnetic
losses. Through careful design, the use of an iron-cored stator hesset the power
density of the device whilst minimising the negative effeicighis application vibration is
abundant so losses are less significant, and effect of varidbbdtarece (which is seen as a
non-linear compliance element by the mechanical system) haselptited to soften a
much stiffer mechanical spring, resulting in a robust device. nbhdinearity introduced to
the compliance also results in a wider frequency response and an lestpsensitive to
variation in excitation amplitude, Fig. 2. A resonant harvester eftffge is more fully
reported in [7]
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Fig.2 1st Prototype energy harvester and freguency response characteristic

With the hybrid power system it is important to ensure that theeppwoduced by energy
harvesting is utilised efficiently and to this end researchbkeas carried out into optimum
power conditioning strategies. The challenge is to design systerhimprove the utilisation
of the energy harvester but at the same time do not consume sueh g®tw negate the
advantages.

Concluding Remarks

This paper has outlined some of the key design and operational cussfiai future

autonomous wireless sensors. The principal application for the gqeelsndescribed in the
work are for rotorcraft components operating in the rotating framBwo specific

technological challenges have been discussed which are kdyutatrifor future WISDs
namely: data interrogation and self power generation. The outcome of the workaduogp
robust sensors which are able to classify changes in perfoem@ntocal components
through embedded intelligence.
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