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Abstract—We presentan architecture and very-large-scale
integration (VLSI) implementation of a microsystem for
neural activity monitoring and time-frequencyanalysis. The
key functional blocks of the microsystem, the integrated
neural interface and the wavelet transform processar have
beenprototypedin a0.35-m standard complementarymetal-
oxide-semiconductor (CMOS) technology Its utility is vali-
dated in autonomousearly detection of epileptic seizuresin
an in vitro epilepsy model of recurrent spontaneousseizures
in mousehippocampal brain slices.

Index Terms— Epilepsy, Seizure detection, Seizure predic-
tion, Integrated neural interface, Wavelet transform.

I. INTRODUCTION

PPROXIMATELY 50 million peopleworldwide are
epileptic. While epilepsyis the third most common
neurological disorder following stroke and Alzheimer's
disease,t carrieshigher cost to the society than stroke.
Presentday therafy to control epilepsyincludes several
stratgies with variousdegreesof ef cacy.
Pharmacothergprequiresthe long-termuseof systemi-
cally administeredirugs,whichin somecasesaretoxic [1].
Sumery involvesthe excision of a relatively large volume
of brain tissue,with the concernof neurologicaldisability
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from theremoval of eithernormalor functionallynecessary
tissue.Also thereis the real but smallrisk of ary invasive
neurosugical operation.

Approximately 60 percentof epileptic patients suffer
partial seizures,30 percentof whom are intractableand
do not respondto medication.A signi cant percentagef
thesepatientsarenot suitablefor sumgical theragy. For such
patients brain stimulationis presentlydonevia peripheral
nene stimulation (i.e.,vagal) or via implanted electrodes
using protocols which are often empiric, and have no
directrelationshipto the underlyingneuronaldysfunctional
activity [2], [3], [4]. Continuousvagal nene stimulation
is often effective in reducingthe numberof seizuresin
patientswith intractableepilepsy but only ve percentof
treatedpatientshave beenrenderedseizure-freg2]. Deep
brain stimulation of the thalamusand white matter has
recentlybeendiscussed3], [4]. Several studieshave used
continuousopen-loopelectrical stimulation [5], [6], [7].
Theseand mary other resultsare signi cant and suggest
that ef cacy of open-loopmethodsfor seizurecontrol can
be further improved by feedbacktechniques.

The evolution of a seizureinvolvesa preictal (i.e., prior
to seizure)transitionalstatethat dynamically differs from
the interictal (i.e.,betweenseizures)and ictal (i.e.,during
seizure) states [8]. We de ne the onset of a preictal
actiity asthatwhenthe compleity (as measuredy the
maximum Lyapunw exponent) of the higher frequeng
(supergamma)actiity begins to decreasewhereasthe
ictal actiity is de ned as that when the compleity of
the higher frequeng actiity is at its minimum value.
Clinically, when recordingintracraniallyor extracranially
there are often clear electrographicchangeswhich can
be seenbefore the clinical seizure starts, although the
opposite also often occurs wherein the clinical seizure
manifestsprior to clearcut electrographicabnormalities.
This is presumedo be in part due to the position of the
recording electrodes,be it near or far from the site of
seizureactivity and onset.

The implication of this distinctionin the statesis that
thereis a possibility for seizuredetectionor predictionand
subsequenpreventive intervention. Previous studieshave
reportedalgorithmswhich detectthe ictal stateand stimu-
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Fig. 1. The top-level block diagramof an implantablemedicaldevice
for autonomousprediction and prevention of seizures.The device is
implementedas a dynamiccontrol loop that consistsof feedforvard and
feedbackpathwaysto predictandpreventintractableseizuregespectiely.

late to stopit, often leadingto reductionin the numberof
seizureq9] with asmary as17 percentof treatedpatients
renderedseizure-freg10]. Theseimportantresultssuggest
that early detectionof the preictal statebeforethe clinical
seizuremanifestsitself may further enhancethe ef cacy
of automatedseizurecontrol. Although preictal statesare
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Fig. 2. A Morlet wavelet with a 5Hz centerfrequeng.

si es the abnormalbrain actiity of epilepsyin orderto

predict seizuresbefore they take place. Figure 1 depicts
a simpli ed block diagramof the ernvisionedautonomous
seizurepredictionmicrosystemwith a preventive feedback

not always apparenton the human electroencephalogram shavn. The feedforvwardsignalpathpredictsa seizure.The

(EEG), they usually are very clearly apparent(exhibit
themseles well) in in vitro and in vivo animal seizure
models.This work employs anin vitro epilepsymodel of
recurrentspontaneouseizuresn mousehippocampabrain
slices[11]. Thusin the remainderof this work we referto
our early seizuredetectionstratgyy asseizurepredictionas
valid in animalmodels.

Control of seizuresby electrical stimulation can be
consideredas control of a dynamical system with the
goal of keepingit away from the stable manifold. Once
the stable manifold is rmly establishedthis becomes
a laborious and challengingtask. Consequentlyin this
contet, the ultimate prerequisitefor any control algorithm
is the ability to predictthe onsetof undesirabledynamics
prospectiely, not to detectit retrospectiely. Hence,the
real-timepredictionof statetransitionsbecomeghe key to
a successfutontrol strateyy.

A number of effective methodshave been developed
to nd the earliestpossiblecuesto an epileptic seizure
onset.They include power spectrum principal component
analysis, phasecorrelations,correlation dimension, Lya-
punos exponentsand wavelet arti cial neural networks
[12], [13], [14], [15], [16]. A thoroughreview or seizure
predictionalgorithmscanbefoundin [17]. Theseizurepre-
diction methodutilizing wavelet arti cial neuralnetworks
(WANNS) is chosenin this work for its suitability for
an implantablehardware implementation.The inherently
parallel architectureof a WANN can be directly mapped
onto a compactow-power silicon microchip.Additionally,
WANNSs perform well in presenceof differencesamong
subjects,and do not require parameteradjustmentor ary
assumptiongboutbiologicalsignalswhich areoftenhighly
non-stationary

In this paperwe presentthe designand experimental
validation of key functional blocks of an implantable
device that sensesampli es, adaptiely learnsand clas-

feedbackpath activatesa therapeuticintervention upon a
positive prediction.The interventioncanbe in the form of
an electricalstimulation[18], [19], or a chemicalanticon-
vulsantinjection[20]. In this papemwe focuson a miniature
implantableimplementationof the key componentof the
feedforward seizure-predictingath.

The rest of the paperis organized as follows. Sec-
tion Il introducesthe WANN seizurepredictionalgorithm.
Sectionlll presentsa VLSI implementationof the main
functionalblocksof the microsystenfor seizureprediction.
SectionlV containsthe experimentalresultsvalidatingthe
functionality and ef cacy of the microsystem.

Il. SEIZURE PREDICTION ALGORITHM

It has beendemonstratedn mary instancesthat fre-
gueny domain information was important for seizure
or seizure-lile event (SLE) onset prediction [21], [22],
[23], [24]. Signi cant changesn power spectraof various
frequeny bandshad beenfound within 20-secondtime
windows precedingtransitionsto SLEsin rats[25], [26].
It was also obsened that as the extracellular electrical
eld recording moved from an interictal state towards
a preictal state, higher frequeny componentsappeared
with progressiely greaterenegies.Using sensitvity mea-
suresand principles of set theory it was demonstrated
that delta (< 4Hz), super gamma (100-250Hz) and fast
ripple (250-400Hz)frequeng bandsare critical for ac-
curateclassi cation [27]. This obsenation suggestedhe
importanceof high frequencieqi.e.,abose 100Hz) during
the developmentof SLEs and that the time-frequeng
information can sene as a signi cant precursorto an
epileptic seizure. Frequeng-related information may be
relatedto the entrainmentof neuronalpopulation ring.
High-frequeny epileptiform oscillation is suggestedto
be useful in localizing regions of seizureonsetsand in
understandinghe mechanismdbehindseizuregeneration.



IEEE TRANSACTIONS ON NEURAL SYSTEMSAND REHABILITATION ENGINEERING

Fig. 3.

SHZUREPREDICTION
WAVELET MOVING WNDON—___
TRANSFORM R STNTITHNIT
+ §0.5 l ‘
21 T T T
: =l INTERCTAL
s() : Z {§°EWW TTWT —
—
. = T,
g 0Q%OOOGA%OQMOOJTT%?T T%oog(ﬂ? i
A ] 1= Il 3
\gf _ § -%ﬂ‘o‘ e o T TT ]

50 100 150 200 250 300
Time (s)

Architectureof the WANN (two layersof the neural network are shavn for simplicity). EachWANN output unit generatesan estimate

betweenzero and one, at x ed time intenals, denotingthe probability of one possiblesystemstate (interictal, preictal or ictal). An example of a
seizurerecordingin the seizuredatasetand resultingWANN outputsis shavn.

Wavelet transformsare commonly usedto generatea
signal spectrumthat is localizedin time. They have been
employed for spike and seizurelocalization [28] and to
determinethe starttimes of seizures[29], both in multi-
channelsubduralEEG data.Wavelet transformscombined
with arti cial neuralnetworks (ANNSs) are well suitedfor
predictingseizuresbecauséANNs canlearnto generalize
and solve complex problems, while wavelet transforms
cangeneratdime-varying frequengy domainfeatureq16],
[23]. TheseWANNSs are suitable for processingbiolog-
ical signals becauseof their inherent nonlinearity The
utilization of time-varying frequeng information as the
input featurefor stateclassi cation was the direct result
of experimental ndings reportedin [21] and [24]. A
major advantageof a WANN is thatit capturesvariations
in the recordedextracellular eld potentialsduring the
progressiorof SLE episodesThe intrinsic characteristics
of the WANN training allow easy elimination of the
“common” frequeng information. Therefore, WANN is a
connectionistapproachto understandinghe relationship
betweenthe variation of the frequeng over time and the
currentseizurestate.

The WANN was initially implementedin software in
order to validate its functionality Morlet wavelets are
employed [30]. The Morlet wavelet is a locally periodic
wavetrain constructedby localizing a complex sine wave
with a Gaussiarervelope[31] as shown in the example
in Figure 2. Appropriatefrequeng bandsin the rangeof
0-400Hzare selectedasinput sequenceto the ANN [27].
The WANN utilizes the time-frequenyg distribution of the
recordedbiological signalsasits input layer andgenerates
the probability of seizurestatesat its output. The synaptic
weightsof the WANN weretrainedusingback-propagation
supervisedearning[32].

Training andtestingof the WANNs wasdoneon in vitro
extracellular eld recordingsfrom rat hippocampaklices.
The training set includesdatafrom 14 rats containinga
total of 50 seizureepisodesThetestsetconsistof in vitro

extracellular eld recordingsrom the sameratscontaining
52 seizureepisodesNeural signalswere recordedwith a
commercially available bench-topinstrumentationampli-
er at 1kHz samplingrate. Hippocampalslice recordings
were obtainedfrom male Wistar rats (17-25 days old).
Spontaneougecurrent seizure events were induced by
superfusingthe slice with an arti cial cerebrospinaluid
(ACSF)solutioncontainingd.5mM M g?* [33], [11]. This
seizuremodelhasa characteristicallyshort preictal phase.
The duration of preictal actvities in the data set ranged
betweenl5 secondsand 120 seconds.

The wavelet transformwas computedover overlapping
moving time windows of 9.5 secondghat capturethetime-
frequeng contentof the recordedneuraldataat 2 second
intervals (i.e.,thereis a 7.5 secondoverlap betweensuc-
cessie time windows). Basedon the data, the optimum
network consistsof 40 input units representinghe power
of the appropriatefrequeny bands, a hidden layer of
size1l00andtheoutputlayerof sizefour. Eachoutputnode
representone of the possible states(interictal, preictal,
ictal, andnoneof the above).

Figure 3 depicts the architectureof the WANN and
includes an example of how the WANN classi ed data
from a recordedtest data set. An episodefrom a test
datasetwith anin vitro extracellular eld recordingover
approximately280 secondscontainingone SLE is shown.
A correspondindime-frequeng mapwas computedusing
Morlet waveletswith 40 frequeng bins ranging between
OHz and 400Hz. In this example, an ictal state onset
was identi ed at t=240sas shovn at the bottom right of
Figure 3. The WANN was able to successfullyand accu-
rately recognizepreictal activity as early as 120 seconds
prior to the ictal onsetby choosingthe output with the
highestprobability Whentestedon the testset,the WANN
predicted90 percentof SLEs as early as preictal states
startedwith approximatelyl5 percentof falsepredictions.
We have also performed preliminary experimentswith
humandata,con rming the utility of the WANN in early
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seizuredetectionin vivo. Resultsof theseexperimentsonce
completedwill be reportedelsavhere.

A numberof otherwavelet-basedstratgiesfor classi -
cationof ictal actities have beenreported34], [35], [36],
[37], [38], [39]. Daubechiedevel-four wavelet transform
formulatedasa 22-coefcient nite impulseresponselter
is employed in [34] and [35]. This algorithm involves
selectionof Iter characteristicappropriatefor a recorded
signal.ln our approachtheneuralnetwork pruningstrateyy
selectsappropriatecombinationof frequeny bandfeatures
in an automatedmanner The topology of the network is
also tunable basedon standardpruning techniques.Fur
thermore,the ANN allows for the estimationof nonlinear
relationsbetweenthe different frequeny componentand
the obsered pathologicalstatesof the brain. In [36] the
importanceof selectingsuitablemotherwaveletandusing
multiple featuressuch as enegy, variance and relative
amplitude for classi cation is addressedThis may re-
quire certain subjectvity, such as in setting appropriate
thresholds.In our case,the thresholdof the output units
of the ANN is selectedbasedon the curvature of the
recever operating characteristic(ROC) obtainedon the
validation dataset. In [37] waveletsare utilized to isolate
frequeny subbandsbefore compleity and chaoticity are
measuredBoth of thesemeasuresnayrequiresomedegree
of subjectvity in choosingthe linear regions. Compared
to [38] and [39] our network usesa wider range of
frequeny andsubsequentlprunesoutirrelevantfrequeny
bins.

Il. VLSI IMPLEMENTATION

The neuralactivity monitoringandtime-frequeng anal-
ysis microsystemmplementsthe main componentf the
WANN seizure prediction algorithm describedabove on
a miniaturelow-power platform. It forms the feedforward
path of the block diagramin Figure 1 consistingof the
neuralrecordinginterface and the wavelet processomith
an ANN.

The envisionedimplantability limits the size of the mi-
crosystento underonesquarecentimeterAdditionally, the
amountof power dissipatedby the microsystemis limited
by tissue heatingconstraints.Preliminary reportssuggest
thatheatdissipatiorresultingin heatingof the cortex tissue
by onedegreeCelsiusis safe,which corresponds$o power
density of approximately80mW/cm? [40]. This section
presentsvalidation of feasibility of a compactand low-
power VLSI implementatiorof the neuralrecordinginter-
faceandthewaveletprocessamwith the ANN implemented
in software.

A. Neurl Recoding Interface

Most of the frequeng contentof the extracellularneural
activity in the brain is concentratedelonv 5 kHz. Neural
signalsamplitudetypically rangesfrom a few microvolts
to a few millivolts. The primary function of the neural
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Fig. 4. Architectureof the neuralrecordinginterface comprisedof the
neuralpre-ampli er andband-pasdter, the second-stagprogrammable-
gain ampli er, the sample-and-holdell, andthe A/D corverter

recordinginterfaceis to amplify suchweak neuralsignals
with minimal circuit noise and non-linearitiesaddedto
the output. Due to electro-chemicakffects at the tissue-
electrodeinterface,DC voltageoffsetswith several orders
of magnitudeabove the actual signal level are common
acrossdifferential recording electrodesand have to be
removed.

The mainfunctionalcomponent®f the neuralrecording
interface are shavn in Figure 4. The neural signal is
Itered, ampli ed anddigitized. The channelemploys two
stagef ampli cation with the rst stageincludingaband-
pass lter, and the secondstagehaving a programmable
gain. The high-pass Iter (HPF) blocks the random DC
voltage offset at the tissue-electrodénterfacein orderto
avoid ampli er saturationThe low-pass Iter (LPF) limits
the effect of out-of-bandnoiseandactsas an anti-aliasing
Iter . The subsequensample-and-holdircuit sampleshe
analogvoltage and holds it on a capacitoras neededfor
the analog-to-digitalconverter (ADC).

The tolerableinternal circuit noiselevel of the channel
dictatesthe minimum amountof power consumptionper
channeland minimum dimensionsof each channel. A
critical componentof the neural recording interface is
the rst-stage ampli er asit dominatesthe noise, power
and arearequirementsThe ampli er in the rst stageof
the channelis a wide-swing transconductancampli er
with the current-mirrortopology optimized for low-noise
operationunder power and area constrains[41]. In the
closed loop con guration, the overall midband gain of
the ampli er is determinedby the ratio of the capacitors
C'" . Basedon thermalnoiseconsiderationsCi, is chosen
to be 5pF The 100fF feedbackcapacitorCs yields the
mid-band gain of 50. The low-passcorner frequeny is
determined)y the rst stageandis approximatelyequalto

gm c. . It is tunablein the rangeof 1kHz to 10kHz
as controlled by the bias currentof the differential |nput
stage. The high-passcorner frequeny is (2 C; Rf)
whereR; is the resistanceconnectedn parallelwith Cs .
To achieve a HPF cut-off frequeny below 0.1Hz, a large
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0.17mm

Fig. 5. Micrograph of the main componentsof the integrated neural
interfacefabricatedin a 0.35- m CMOS technology

resistanceas implementedas a MOS device biasedin the
subthresholdegion of operation[42]. As preservinglocal
eld potentialsis importantin seizureprediction,the gate
of the high-resistancepMOS transistorsis connectedto
Vdd. In general,the HPF cut-off frequeng can be tuned
by varying this voltage.

The noiserequirement®of the secondstageare reduced
by the gain of the rst stage.The secondstageemplgys
the sameampli er topology asthe rst stage,but canbe
biasedat a lower power. Gain programmabilityis achieved
by a con gurablebankof capacitordn the feedbackof the
secondstage.The gainrangesbetween200and 5000, with
the outputvoltagerangeof 1.5V.

The sample-and-holctircuit employs a capacitorwith
input-independenthage injection, buffered by a source
follower. The ADC utilizes an algorithmic switched-
capacitortopology with four-phaseclocking insensitve to
capacitormismatch[43]. The ADC resolutionof 8 bits is
sufcient for epilepticseizurepredictionasdescribechere
and can be extendedat the expenseof moderateincreases
in power dissipationandintegrationareaif neededn other
applications.

A micrographof the neuralrecordinginterfacefabricated
in a 0.35- m CMOS technologyis shawvn in Figure 5.
The experimentallymeasure@mpli er input-referrechoise
is 13V rms over the 10Hz-10kHzbandwidth.This corre-
spondsto lessthan 0.7LSB at 5mV input voltage range
and 8-bit ADC resolution.The two-stageneuralampli er,
Iter and sample-and-holctircuit occupy approximately
0.03nm? area.The two-stageneural ampli er and lter
dissipate 23 W of power. The sample-and-holdcircuit
dissipates33 W at the samplingrate of 10ksps.The ADC
occupies0.025mm? areaand dissipates327 W of power
at 50kspssampling rate as measuredon a separatetest
chip. Theresultsarecomparabldo characteristic®f other
previously reportedintegratedneuralinterfaces[41], [44],
[45], [46], [47].

The power dissipationand integration area character
istics of the neural interface allow for its multi-channel
implementation®n a singlechip. Simultaneousecordings
on hundredsof sitesin the brain can be performed[48].
Multi-site recordingsyield spatial information about a
seizuresuchasits foci and spatialprogressior[49]. Such
multi-channel neural interface implementationsyield a

vast amount of data [50], [51]. Due to the prohibitive
computationacomplexity, thesedatagenerallyhave to be
reducedbefore an on-chip seizure prediction algorithm
can be applied. Multi-channel spike detectionhas been
employed for neural data reduction[52] but may be of
limited use for seizure prediction. Another approachis
to perform on-chip temporal differentiation of recorded
signals [53] in order to identify an optimal recording
site wherethe WANN algorithmis to be invoked. Other
seizurelocalizationmethodsbasedon multi-channelEEG
recordings have been reported[28]. Currently on-chip
seizuredetectionand predictionin multi-site intracranial
neuralrecordingsremaina subjectof extensve research.

B. WaveletProcessor

The WANN seizure prediction algorithm describedin
Sectionll requiresextensve computingresourceso com-
pute the wavelet transformand to perform weight multi-
plicationin the two layersof the ANN. The computational
core of theselinear transformscan be expressedn terms
of vectormatrix multiplication (VMM) which implies cal-
culation of products betweeninput vectors and a pre-
determinedmatrix of coefcients. The requiredcomputa-
tional throughputs beyondthe capabilitiesof corventional
digital processorsparticularlygivena small power budget,
asthey aretypically limited by the serial natureof their
architecturesandlow memorybandwidth.Dueto its inher
ent parallelism,VMM lendsitself well to high-throughput
parallel computingarchitecturesThe parallel architecture
of the WANN implementationpresentechereis depicted
in Figure 6 (left). Eachlinear transformis computedon a
correspondingcomputingarray

The discrete wavelet transformis computedby cor-
relating the input with a set of precomputedwavelets
of different frequenciesstored on an array Instead of
a corventional tree-basedapproach,wavelet coefcients
are computedin parallel. The frequenciesof wavelets
dictatethe dimensionsof the array As shavn in Figure 2,
most of the enegy of the Morlet wavelet falls within an
interval equalto ve periodsof the wavelet. For the lowest
Morlet wavelet frequeny of 5Hz and the samplingrate
of 1ksps,an array with 1024 input dimensionsis needed
(i.e., N =1024). The highest Morlet wavelet frequeny is
400Hz. To accommodatelO frequeng bins in this range,
the array has 40 outputs (i.e.,M =40). A correlation of
the input vector with the set of wavelets is computed
for every sample,every 1ms. The outputs of the array
are accumulatedby the accumulatorover the duration
of the input moving window. The accumulatorperforms
one addition per millisecondandis of low computational
compleity.

As the wavelet matrix is large, an analog VLSI im-
plementationof the parallel computationalarray of the
wavelet processoiis desirableasit canyield high integra-
tion density [54]. In addition to high integration density
analog VLSI implementationscan achieve high enegy
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Fig. 6. ParallelWANN architecturg(left), circuit diagramof CID computationakell with integratedDRAM storage(right, top), and chage transfer

diagramfor active write and computeoperationgright, bottom).

efciency [55], [56]. Thesebene ts may comeat the cost
of reducedaccurag [54], [56], which is often not critical
in neuralrecordingapplications.

We designedprototypedand experimentallyvalidateda
massiely parallel mixed-signal(i.e., analog-digital)VLSI
processorfor computing linear transformssuch as Mor-
let wavelet transform.Internally analog,externally digital
VMM computationcombinesthe enegy efciency and
density of analogarray processingwith the precision of
digital processingandthe corvenienceof a programmable
andrecon gurabledigital interface.

Each unit cell in the wavelet processorarray shavn
in Figure 6 (right) is comprisedof a dynamic random
accessnemory(DRAM) cell anda chage-injectiondevice
(CID) [57] cell, both sharingtransistorM2. During the
write operationthe datato be storedis broadcaston the
vertical bit-lines (BLs), which extend acrossthe array A
row to be written to is selectedby actiating its word-
line (WL) turning transistorM1 on. The output match-
line (ML) is held at VVdd during the write phasecreating
a potential well under the gate of transistor M2. This
potentialwell is lled with electronsor emptieddepending
on whetherthe BL is logic-oneor logic-zerorespectiely.
Logic-one on BLs correspondsto 0V, while logic-zero
correspondgo Vdd During the compute operation, the
input datais broadcasbn the compute-lineqCLs) while
MLs, previously prechagedto Vdd, arenow left oating.
Logic-oneCL bit correspond$o voltage2Vdd while logic-
zerocorresponds$o OV. Eachcell performsa one-quadrant
binary-binarymultiplication betweenits storedlogic value
andits CL logic value.An active chage transferfrom M2
to M3 canoccuronly if thereis a hon-zerochage stored,
and if the potential on the gate of M3 rises above that
of M2, to 2vdd In this case,the high-impedanceayate of
M2 couplesto its channelandraisesabove Vdd by a x ed
voltage dependingon the chage and capacitanceof M2.
The cell performsnon-destructie computationsince the

transferrecchageis sensectapacitvely on the MLs. Once
computationis performed the chageis shifted backfrom
M3 into the DRAM storagetransistorM?2.

Capacitve coupling of all cellsin a singlerow into a
single ML implementszero-lateng analogaccumulation
along eachrow. An array of cells thus performsanalog
multiplication of a binary vectorwith a binary matrix. The
analog array is interfacedwith a bank of on-chip row-
parallel ADCs to provide corvenientdigital outputs.The
architecturds scalableimited only by sensitvity of sense
ampli ers andaccurag of row-parallelanalogaddition. It
easily extendsto multi-bit datawith wavelets storedin a
bit-parallelform in the array(i.e.,an| -bit waveletis stored
on| rows of the array)andinputs presentedit serially (a
J-bit input takes J clock cyclesto be fed in) [58].

An integratedprototypeof the wavelet processoifabri-
catedin a0.35m CMOStechnologyis shavn in Figure?.
Morlet wavelet templatesare storedin the four on-chip
128 256-cellDRAM-basedanalogarraysin arow-parallel
fashion.The arraysare con gured in a 128 1024 orga-
nization (i.e.,1 4 arrays)to accommodatdow-frequeng
wavelets as discussedearlier Input data are presented
serially into the input shift registersof the four arrays.In
every computationalycle, a 1024-samplevindow of the
input signalis correlatedwith 32 4-bit wavelet templates
storedin the on-chipmemoryin a bit-parallelformat. The
wavelet frequeng rangesfrom 5Hz to 300Hz. Correlation
is performedin parallel on each array in 256-sample
segmentsper array The computedpartial inner products
arequantizedby four banksof 128 row-parallelADCs and
addedin digital domainto yield full 1024-componerihner
products. The processorprototype performs 128 1024
binary multiplicationsand analogaccumulationgor every
input sample.At 13.7kHz computingfrequeng, the four-
guadrantarray delivers 1.8 billion binary multiply-and-
accumulateoperationsper secondand dissipates95 W
of power, which correspondgo computationalef ciency
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Fig. 7. The wavelet processomprototypemicrographand oorplan. The
die wasfabricatedin a 0.35- m CMOS technologyandoccupiesan area
of 4mm  4mm.

of over 19 billion binary operationsper secondfor every
milliw att of power. A further 25-fold improvement in

enegy efciency can be achiezed by adiabaticclocking,
with the total load capacitanceof the array resonating
with an off-chip inductorin orderto generatea sinusoidal
waveform clock [59].

Not included in the power dissipation gure are the
power dissipatedn the ADCs andother peripheralcircuits
suchas control logic, shift registersand senseampli ers.
The bank of 512 ADCs dissipates6.3mW at 15ksps
sampling rate. When the ANN is implementedin the
analogVLSI domainthe ADCs are not needed,but are
included in the current implementationfor corvenience
and e xibility of testing. Other peripheraldigital circuits
are operatedat kHz clock speedswhich ensuregheir low
power dissipation.

The seizurepredictionalgorithmdescribedn Sectionll
utilizes 40 frequeny bins with 8-bit encodedwavelet
coefcients. This is beyond the capacityof the fabricated
processomue to the costsof low-volume prototyping.To
accommodatéheserequirementshe small-scalgorototype
in Figure 7 hasto be scaledup by a factor of 2.5in the
numberof rows (320 rows insteadof existing 128, to store
40 8-bit waveletsinsteadof 32 4-bit wavelets).This canbe
easily accomplishedvy increasingthe numberof rows in
eachone-quadranarray to 160 and doubling the number
of arrays,for a total chip areaof under 40mm? and a
proportionalincreasein power dissipation.

C. ANN

The ANN classi esthe underlyingdynamicsof sponta-
neousin vitro eventsinto interictal, preictalandictal neural
activity basedon the Morlet wavelet featuresof the neural
signal computedon the wavelet processarThe numberof
hiddennodesof the ANN, P, is 100, and the numberof

the output nodes,Q, is 4 as shavn in Figure 6 (left). It
performsoneclassi cationperinput moving window, every
2 seconds.The computationalcompleity of the ANN is
four orders of magnitudeless than that of the wavelet
transform(oneorderin matrix dimensionsandthreeorders
in time).

As the computationakequirementsand integration area
of the ANN are negligibly small comparedto those of
the wavelet transform, it can be easily synthesizedin
digital VLSI domain,with relatively smallintegrationarea
and power dissipation. Mixed-signal and analog VLSI
implementationsre alsofeasible.In fact, one simpleway
to implementthe ANN is to re-usethe samedesignas
that employed for the wavelet processarAn example of
such an implementationof a neural network is given
in [60]. To multiply 40 inputsby 100 8-bit weightseach,a
800 40 arrayof CID/DRAM cellsis sufcient. Multiply-
ing 100 hiddennodeshy four weightseachandcomputing
four non-linearfunctionsontheoutputnodesrequiressmall
additionalresourceskurtherreductionin power dissipation
of the systemcanbeobtainedby eliminatingthe ADC bank
in the wavelet transform processorand by employing a
fully analogANN implementatiorsuchasthe onereported
in [61]. This comesatthe costof reducedprogrammability
and possiblylimited accurag.

As the ANN canbe implementedby re-usingthe same
computingtechnologyand requiresneggligibly small com-
putingresourcesndthussmallintegrationareaandpower,
its prototypingis not neededto validatethe feasibility of
sucha VLSI implementation.To maintain the e xibility
neededn experimentaltraining andrun-time operationof
the prototype,in this work the ANN was implementedn
software.

IV. EXPERIMENTAL VALIDATION

Both the functionality of all main componentsof the
microsystem,and its efcacy in seizure prediction have
beenexperimentallyvalidatedas describednhext.

A. Functionality Validation

In orderto validatethe functionality of the microsystem,
the two main componentsthe neural recordinginterface
andthewaveletprocessodescribedn the previoussection,
wereexperimentallycharacterizeéh seizurerecordingand
time-frequenyg analysis.

The functionality of the neural recordinginterface has
been validated in in vitro extracellular neural activity
recording experiments.The recording channelwas con-
nectedto differential recordingelectrodesThe electrodes
were insertedin a rat hippocampusvhere SLEs were in-
ducedin thepresencef low M g>* ACSF[11]. Figure8(a)
shawvs a SLE recordingin vitro from a rat hippocampus
amplied and ltered by the neural recording interface
chip.

The neuralrecordingin Figure 8(a) wasfed to theinput
of the wavelet processarTo validate the functionality of
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Fig. 8. (a): An example of a seizure recording performed by the

neuralrecordinginterfacechip; (b): a correspondindime-frequeng map
computedbnthewavelettransformprocessochip; and(c): resultingANN
outputs.Eachoutputunit generatesn estimatebetweenzeroand one, at
x edtime intenals, denotingthe probability of one possiblesystemstate
(interictal, preictal or ictal).

thewaveletprocessqra time-frequeng mapof this record-
ing was computedon-chip. The output of the processor
representshe time-frequeng map of the acquiredsignal.
Figure 8(b) depictsthe time-frequeng map of the SLE
recordingshawvn in Figure 8(a) computedby the wavelet
processarThe frequeny rangefrom 0.6Hz to 25Hz with
the recordingdownsampledby a factor of 10 was chosen
in this experimentin orderto visually validatethe accurag
of the time-frequeng map. Below 5Hz at the start of the
ictal state,seizureshave two characteristicenegy bands
with their frequenciedinearly decreasingver time. These
bandscan be clearly obsened on the time-frequeng map
in Figure 8(b). A software emulationof the processoiin
Matlab yields identical results.

Thetime-frequeng mapcomputedandquantizedon the
wavelet processomwas fed into the software-basedANN.
Figure 8(c) shawvs the outputsof the ANN classifyingthe
recordingin Figure 8(a) using the time-frequeng map in
Figure8(b) asits input. In this example thenetwork detects
the onsetof the preictalandictal statesadequatelyevenin
the absenceof high-frequeng information. As described
in the next section,high-frequeng Morlet wavelet coef-
cientswere computedon the wavelet processoin orderto
validateits ef cacy in seizureprediction.

B. Efcacy Validation

The ef cacy of the neuralactvity monitoringandtime-
frequeng analysismicrosystemin predictingseizuresvas
validatedon an in vitro extracellular eld recordingdata
set.As detailedin Sectionll, thelow-M g?* in vitro model
of spontaneougecurrentseizurein mouse hippocampal
sliceswas utilized. The training and test setsinclude data
from 14 rats containing a total of 102 seizure episodes
sampledat 1kHz.

Time-frequeng maps of in vitro extracellular eld
recordingsin this datasetwere computedon the wavelet
processoshavn in Figure7. Time-frequeng mapsof time
windows correspondingo 50 seizureepisodeswvere used
to train the ANN. The ANN was testedon time windows
correspondingo the remaining52 seizureepisodes.The
microsystemcorrectly detects90 percentof seizureswith
50 percentfalsepositive rate. Theseresultsareidenticalto
thoseobtainedby emulatingthe hardwarein Matlah

The high false positive rate is due to simpli cations
in the prediction algorithm madein order to reducethe
integration areaof its on-silicon implementation(32 fre-
gueng binsfrom 5Hz to 300Hz at 4-bit resolution).When
the wavelet processorcapacity is extended to include
40 frequeng bins at 8-bit resolution ranging from 5Hz
to 400Hz, it is expectedthat approximately90 percent
of seizureswill be predictedcorrectly with approximately
15 percentof falsepredictions,as detailedin Sectionll.

To reducethe false positive rate in the hardware-based
implementationthe recordedneuralactiity episode<las-
si ed asseizureshy the microsystemare subsequentlyed
to the WANN seizurepredictionalgorithm trained on the
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samedata set. The software-basedclassi cation is only
triggeredwhenerer the hardware makes a positive predic-
tion. As the number of non-seizureepisodesis usually
much greaterthan the number of seizure episodes,this
double-pasapproachyields savings in the computational
load of a factorof two which makesthe WANN algorithm
suitable for implementingon a low-power digital signal
processo(DSP).

The resultingrelationshipbetweenthe true positive rate
andthefalsepositive ratein seizurepredictionis described
by the ROC curve shavn in Figure 9. The depictedROC
demonstrateshat approximately85 percentof seizuresn
the test data set were predicted correctly as soon as a
preictal statestartedwith approximately8 percentof false
predictions.According to Figure 1, this translatesnto an
8 percentoverheadn therapeutidrain stimulation.Thisis
asigni cant improvementn selectvity of brainstimulation
comparedto currently available continuous stimulation
techniqueqd?2].

C. Area and Power Consideations

As describedin Section lll, the area of the large-
scaleimplementatiorof the seizurepredictionmicrosystem
accommodatingO frequeng binswith 8-bit coefcients is
dominatedby the array computingthe wavelet transform.
The wavelet transform processoris estimatedto occupy
over 90 percentof the silicon area,with the remaining
10 percentutilized by the integratedneuralinterface and
an on-chip implementationof the ANN. The total silicon
areais estimatedto be under 45mm?. Such a die size
is well within maximumdie size limitations of the VLSI
technologyasdictatedby yield considerations.

Giventhe areaof the microsystemthe power densityof
80mW/cm? deemedsafefor the cortex [40] yieldsthetotal
power budgetof 36mW. As detailedin Sectionlll, thetotal
power dissipationof the large-scalémplementatiorof the
seizurepredictionmicrosystemis well within this budget,
ensuringheatdissipationthat is safe for the brain tissue.

TABLE |
SUMMARY OF SYSTEM CHARACTERISTICS

NEURAL INTERFACE

Programmabléain 46dB - 74dB
Input-referredNoise 13V ims
Noise Bandwidth 10Hz - 10kHz
LPF Cut-off Frequeng 1kHz - 10kHz
HPF Cut-off Frequeng belov 0.1Hz
Max SamplingRate 40ksps
Integration Area 0.055mm?
Pawer Dissipation

Ampli er 23W
S/H circuit, 10ksps 33W
ADC, 50ksps 327W
WAVELET PROCESSOR
Wavelet Coefcient Resolution 4-bits
Memory Dimensions 128 1024
Wavelet Frequeng Range 5Hz - 300Hz
Numberof Frequeng Bins 32 bins
Integration Area 16mm?
Pawer Dissipation

Array, 13.7kHz 95w
ADC bank, 15ksps 6.3mW

This malkesthe systemsuitablefor early seizuredetection
in vivo. While initial in vivo experimentscanbe performed
on animalswith implantedrecordingelectrodesonnected
to the systemby an electro-magneticallyshieldedcable,
full implantationwill requireaddingauxiliary circuitssuch
ashiasingnetwork andclock generatiorcircuits aswell as
a wired or wirelesscommunicationinterface.

A summaryof experimentalcharacteristicef the system
is givenin Tablel.

V. CONCLUSION

We have presentedan architectureand VLSI imple-
mentation of a neural actvity monitoring and time-
frequengy analysis microsystemfor early detection of
epileptic seizures.The microsystemis comprisedof a
neuralrecordinginterfacefor acquiringextracellularneural
activity, and a wavelet ANN processoffor real-timetime-
frequeng analysisand anticipatingthe onsetof a seizure.
The neuralrecordinginterface and the wavelet transform
processorhave been prototypedin a 0.35-m CMOS
integratedcircuit technology The main component®f the
microsystemwere experimentally validated in recording
electrical actvity of the rat brain and its time-frequeng
analysis Performancef the silicon prototypevalidatesthe
effectivenesof the approachn early detectionof epileptic
seizures.
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