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Abstract— We presentan architecture and very-large-scale
integration (VLSI) implementation of a microsystem for
neural activity monitoring and time-fr equencyanalysis. The
key functional blocks of the microsystem, the integrated
neural interface and the wavelet transform processor, have
beenprototypedin a 0.35-�m standard complementarymetal-
oxide-semiconductor (CMOS) technology. Its utility is vali-
dated in autonomousearly detection of epileptic seizures in
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

A PPROXIMATELY 50 million peopleworldwide are
epileptic. While epilepsyis the third most common

neurological disorder following stroke and Alzheimer's
disease,it carrieshigher cost to the society than stroke.
Presentday therapy to control epilepsy includes several
strategieswith variousdegreesof ef�cacy.

Pharmacotherapy requiresthe long-termuseof systemi-
cally administereddrugs,which in somecasesaretoxic [1].
Surgery 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 small risk of any invasive
neurosurgical operation.

Approximately 60 percentof epileptic patientssuffer
partial seizures,30 percentof whom are intractableand
do not respondto medication.A signi�cant percentageof
thesepatientsarenot suitablefor surgical therapy. For such
patients,brain stimulationis presentlydonevia peripheral
nerve stimulation (i.e.,vagal) or via implantedelectrodes
using protocols which are often empiric, and have no
directrelationshipto theunderlyingneuronaldysfunctional
activity [2], [3], [4]. Continuousvagal nerve stimulation
is often effective in reducing the number of seizuresin
patientswith intractableepilepsy, but only � ve percentof
treatedpatientshave beenrenderedseizure-free[2]. Deep
brain stimulation of the thalamusand white matter has
recentlybeendiscussed[3], [4]. Several studieshave used
continuousopen-loopelectrical stimulation [5], [6], [7].
Theseand many 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 dynamicallydiffers from
the interictal (i.e.,betweenseizures)and ictal (i.e.,during
seizure) states [8]. We de�ne the onset of a preictal
activity as that when the complexity (as measuredby the
maximum Lyapunov exponent) of the higher frequency
(super gamma)activity begins to decrease,whereasthe
ictal activity is de�ned as that when the complexity of
the higher frequency activity is at its minimum value.
Clinically, when recordingintracraniallyor extracranially,
there are often clear electrographicchangeswhich can
be seen before the clinical seizure starts, although the
opposite also often occurs wherein the clinical seizure
manifestsprior to clearcut electrographicabnormalities.
This is presumedto be in part due to the position of the
recording electrodes,be it near or far from the site of
seizureactivity andonset.

The implication of this distinction in the statesis that
thereis a possibility for seizuredetectionor predictionand
subsequentpreventive intervention. Previous studieshave
reportedalgorithmswhich detectthe ictal stateandstimu-
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Fig. 1. The top-level block diagramof an implantablemedicaldevice
for autonomousprediction and prevention of seizures.The device is
implementedasa dynamiccontrol loop that consistsof feedforward and
feedbackpathwaysto predictandprevent intractableseizuresrespectively.

late to stopit, often leadingto reductionin the numberof
seizures[9] with asmany as17 percentof treatedpatients
renderedseizure-free[10]. Theseimportantresultssuggest
that early detectionof the preictalstatebeforethe clinical
seizuremanifestsitself may further enhancethe ef�cacy
of automatedseizurecontrol. Although preictal statesare
not always apparenton the humanelectroencephalogram
(EEG), they usually are very clearly apparent(exhibit
themselves well) in in vitro and in vivo animal seizure
models.This work employs an in vitro epilepsymodelof
recurrentspontaneousseizuresin mousehippocampalbrain
slices[11]. Thusin the remainderof this work we refer to
our earlyseizuredetectionstrategy 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 stablemanifold. Once
the stable manifold is �rmly established,this becomes
a laborious and challenging task. Consequently, in this
context, theultimateprerequisitefor any control algorithm
is the ability to predict the onsetof undesirabledynamics
prospectively, not to detect it retrospectively. Hence,the
real-timepredictionof statetransitionsbecomesthekey to
a successfulcontrol strategy.

A number of effective methodshave been developed
to �nd the earliest possiblecues to an epileptic seizure
onset.They includepower spectrum,principal component
analysis,phasecorrelations,correlation dimension,Lya-
punov 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
ontoa compactlow-power silicon microchip.Additionally,
WANNs perform well in presenceof differencesamong
subjects,and do not requireparameteradjustmentor any
assumptionsaboutbiologicalsignalswhichareoftenhighly
non-stationary.

In this paperwe presentthe design and experimental
validation of key functional blocks of an implantable
device that senses,ampli�es, adaptively learnsand clas-
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Fig. 2. A Morlet wavelet with a 5Hz centerfrequency.

si�es the abnormalbrain activity of epilepsyin order to
predict seizuresbefore they take place. Figure 1 depicts
a simpli�ed block diagramof the envisionedautonomous
seizurepredictionmicrosystemwith a preventive feedback
shown. Thefeedforwardsignalpathpredictsa seizure.The
feedbackpath activatesa therapeuticintervention upon a
positive prediction.The interventioncanbe in the form of
an electricalstimulation[18], [19], or a chemicalanticon-
vulsantinjection[20]. In thispaperwe focusonaminiature
implantableimplementationof the key componentsof the
feedforward seizure-predictingpath.

The rest of the paper is organized as follows. Sec-
tion II introducesthe WANN seizurepredictionalgorithm.
SectionIII presentsa VLSI implementationof the main
functionalblocksof themicrosystemfor seizureprediction.
SectionIV containsthe experimentalresultsvalidatingthe
functionality andef�cacy of the microsystem.

I I . SEIZURE PREDICTION ALGORITHM

It has been demonstratedin many instancesthat fre-
quency domain information was important for seizure
or seizure-like event (SLE) onset prediction [21], [22],
[23], [24]. Signi�cant changesin power spectraof various
frequency bandshad been found within 20-secondtime
windows precedingtransitionsto SLEs in rats [25], [26].
It was also observed that as the extracellular electrical
�eld recording moved from an interictal state towards
a preictal state, higher frequency componentsappeared
with progressively greaterenergies.Using sensitivity mea-
sures and principles of set theory, it was demonstrated
that delta (< 4Hz), super gamma (100-250Hz) and fast
ripple (250-400Hz) frequency bandsare critical for ac-
curateclassi�cation [27]. This observation suggestedthe
importanceof high frequencies(i.e.,above 100Hz) during
the development of SLEs and that the time-frequency
information can serve as a signi�cant precursor to an
epileptic seizure.Frequency-related information may be
related to the entrainmentof neuronalpopulation �ring.
High-frequency epileptiform oscillation is suggestedto
be useful in localizing regions of seizureonsetsand in
understandingthe mechanismsbehindseizuregeneration.
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Fig. 3. Architectureof the WANN (two layersof the neural network are shown for simplicity). EachWANN output unit generatesan estimate
betweenzero and one, at �x ed time intervals, denotingthe probability of one possiblesystemstate(interictal, preictal or ictal). An exampleof a
seizurerecordingin the seizuredatasetandresultingWANN outputsis shown.

Wavelet transformsare commonly used to generatea
signal spectrumthat is localizedin time. They have been
employed for spike and seizurelocalization [28] and to
determinethe start times of seizures[29], both in multi-
channelsubduralEEG data.Wavelet transformscombined
with arti�cial neuralnetworks (ANNs) arewell suitedfor
predictingseizuresbecauseANNs can learn to generalize
and solve complex problems,while wavelet transforms
cangeneratetime-varying frequency domainfeatures[16],
[23]. TheseWANNs are suitable for processingbiolog-
ical signals becauseof their inherent nonlinearity. The
utilization of time-varying frequency information as the
input featurefor stateclassi�cation was the direct result
of experimental �ndings reported in [21] and [24]. A
major advantageof a WANN is that it capturesvariations
in the recordedextracellular �eld potentials during the
progressionof SLE episodes.The intrinsic characteristics
of the WANN training allow easy elimination of the
“common” frequency information.Therefore,WANN is a
connectionistapproachto understandingthe relationship
betweenthe variation of the frequency 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 Gaussianenvelope [31] as shown in the example
in Figure 2. Appropriatefrequency bandsin the rangeof
0-400Hzareselectedasinput sequencesto the ANN [27].
The WANN utilizes the time-frequency distribution of the
recordedbiological signalsasits input layer andgenerates
the probability of seizurestatesat its output.The synaptic
weightsof theWANN weretrainedusingback-propagation
supervisedlearning[32].

Trainingandtestingof theWANNs wasdoneon in vitro
extracellular�eld recordingsfrom rat hippocampalslices.
The training set includesdata from 14 rats containinga
total of 50 seizureepisodes.Thetestsetconsistsof in vitro

extracellular�eld recordingsfrom thesameratscontaining
52 seizureepisodes.Neural signalswere recordedwith a
commerciallyavailable bench-topinstrumentationampli-
�er at 1kHz samplingrate. Hippocampalslice recordings
were obtained from male Wistar rats (17-25 days old).
Spontaneousrecurrent seizure events were induced by
superfusingthe slice with an arti�cial cerebrospinal�uid
(ACSF)solutioncontaining0.5mM M g2+ [33], [11]. This
seizuremodelhasa characteristicallyshortpreictalphase.
The duration of preictal activities in the data set ranged
between15 secondsand120 seconds.

The wavelet transformwas computedover overlapping
moving time windowsof 9.5secondsthatcapturethetime-
frequency contentof the recordedneuraldataat 2 second
intervals (i.e., there is a 7.5 secondoverlap betweensuc-
cessive time windows). Basedon the data, the optimum
network consistsof 40 input units representingthe power
of the appropriatefrequency bands, a hidden layer of
size100andtheoutputlayerof sizefour. Eachoutputnode
representsone of the possiblestates(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
dataset with an in vitro extracellular�eld recordingover
approximately280 secondscontainingoneSLE is shown.
A correspondingtime-frequency mapwascomputedusing
Morlet waveletswith 40 frequency bins rangingbetween
0Hz and 400Hz. In this example, an ictal state onset
was identi�ed at t=240sas shown 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 thetestset,theWANN
predicted90 percentof SLEs as early as preictal states
startedwith approximately15 percentof falsepredictions.
We have also performed preliminary experiments with
humandata,con�rming the utility of the WANN in early
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seizuredetectionin vivo. Resultsof theseexperimentsonce
completedwill be reportedelsewhere.

A numberof otherwavelet-basedstrategies for classi�-
cationof ictal activities have beenreported[34], [35], [36],
[37], [38], [39]. Daubechieslevel-four wavelet transform
formulatedasa 22-coef�cient �nite impulseresponse�lter
is employed in [34] and [35]. This algorithm involves
selectionof �lter characteristicsappropriatefor a recorded
signal.In ourapproach,theneuralnetwork pruningstrategy
selectsappropriatecombinationof frequency bandfeatures
in an automatedmanner. The topology of the network is
also tunablebasedon standardpruning techniques.Fur-
thermore,the ANN allows for the estimationof nonlinear
relationsbetweenthe different frequency componentand
the observed pathologicalstatesof the brain. In [36] the
importanceof selectingsuitablemotherwavelet andusing
multiple featuressuch as energy, variance and relative
amplitude for classi�cation is addressed.This may re-
quire certain subjectivity, such as in setting appropriate
thresholds.In our case,the thresholdof the output units
of the ANN is selectedbasedon the curvature of the
receiver operatingcharacteristic(ROC) obtainedon the
validationdataset. In [37] waveletsareutilized to isolate
frequency subbands,beforecomplexity and chaoticity are
measured.Bothof thesemeasuresmayrequiresomedegree
of subjectivity in choosingthe linear regions. Compared
to [38] and [39] our network uses a wider range of
frequency andsubsequentlyprunesout irrelevantfrequency
bins.

I I I . VLSI IMPLEMENTATION

The neuralactivity monitoringandtime-frequency anal-
ysis microsystemimplementsthe main componentsof the
WANN seizureprediction algorithm describedabove on
a miniaturelow-power platform. It forms the feedforward
path of the block diagramin Figure 1 consistingof the
neuralrecordinginterfaceand the wavelet processorwith
an ANN.

The envisionedimplantability limits the sizeof the mi-
crosystemto underonesquarecentimeter. Additionally, the
amountof power dissipatedby the microsystemis limited
by tissueheatingconstraints.Preliminary reportssuggest
thatheatdissipationresultingin heatingof thecortex tissue
by onedegreeCelsiusis safe,which correspondsto power
density of approximately80mW/cm2 [40]. This section
presentsvalidation of feasibility of a compactand low-
power VLSI implementationof the neuralrecordinginter-
faceandthewaveletprocessor, with theANN implemented
in software.

A. Neural Recording Interface

Most of thefrequency contentof theextracellularneural
activity in the brain is concentratedbelow 5 kHz. Neural
signalsamplitudetypically rangesfrom a few microvolts
to a few milli volts. The primary function of the neural
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Fig. 4. Architectureof the neuralrecordinginterfacecomprisedof the
neuralpre-ampli�er andband-pass�lter , thesecond-stageprogrammable-
gain ampli�er, the sample-and-holdcell, and the A/D converter.

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

Themain functionalcomponentsof theneuralrecording
interface are shown in Figure 4. The neural signal is
�ltered, ampli�ed anddigitized.The channelemploys two
stagesof ampli�cation with the�rst stageincludingaband-
pass�lter , and the secondstagehaving a programmable
gain. The high-pass�lter (HPF) blocks the randomDC
voltageoffset at the tissue-electrodeinterface in order to
avoid ampli�er saturation.The low-pass�lter (LPF) limits
the effect of out-of-bandnoiseandactsasan anti-aliasing
�lter . The subsequentsample-and-holdcircuit samplesthe
analogvoltageand holds it on a capacitoras neededfor
the analog-to-digitalconverter(ADC).

The tolerableinternal circuit noiselevel of the channel
dictatesthe minimum amountof power consumptionper
channel and minimum dimensionsof each channel. A
critical componentof the neural recording interface is
the �rst-stage ampli�er as it dominatesthe noise,power
and arearequirements.The ampli�er in the �rst stageof
the channel is a wide-swing transconductanceampli�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 in
C f

. Basedon thermalnoiseconsiderations,Cin is chosen
to be 5pF. The 100fF feedbackcapacitorCf yields the
mid-band gain of 50. The low-passcorner frequency is
determinedby the �rst stageandis approximatelyequalto

gm
2� C load

C f

C in
. It is tunablein the rangeof 1kHz to 10kHz

as controlled by the bias currentof the differential input
stage.The high-passcorner frequency is (2� Cf Rf ) � 1,
whereRf is the resistanceconnectedin parallelwith Cf .
To achieve a HPF cut-off frequency below 0.1Hz, a large
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Fig. 5. Micrograph of the main componentsof the integrated neural
interfacefabricatedin a 0.35-� m CMOS technology.

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

The noiserequirementsof the secondstagearereduced
by the gain of the �rst stage.The secondstageemploys
the sameampli�er topology as the �rst stage,but can be
biasedat a lower power. Gainprogrammabilityis achieved
by a con�gurablebankof capacitorsin the feedbackof the
secondstage.Thegainrangesbetween200and5000,with
the outputvoltagerangeof 1.5V.

The sample-and-holdcircuit employs a capacitorwith
input-independentcharge injection, buffered by a source
follower. The ADC utilizes an algorithmic switched-
capacitortopologywith four-phaseclocking insensitive to
capacitormismatch[43]. The ADC resolutionof 8 bits is
suf�cient for epilepticseizurepredictionasdescribedhere
andcanbe extendedat the expenseof moderateincreases
in power dissipationandintegrationareaif neededin other
applications.

A micrographof theneuralrecordinginterfacefabricated
in a 0.35-� m CMOS technologyis shown in Figure 5.
Theexperimentallymeasuredampli�er input-referrednoise
is 13�V r ms over the 10Hz-10kHzbandwidth.This corre-
spondsto less than 0.7LSB at 5mV input voltage range
and8-bit ADC resolution.The two-stageneuralampli�er,
�lter and sample-and-holdcircuit occupy approximately
0.03mm2 area.The two-stageneural ampli�er and �lter
dissipate23� W of power. The sample-and-holdcircuit
dissipates33� W at thesamplingrateof 10ksps.The ADC
occupies0.025mm2 areaanddissipates327� W of power
at 50kspssampling rate as measuredon a separatetest
chip. The resultsarecomparableto characteristicsof other
previously reportedintegratedneuralinterfaces[41], [44],
[45], [46], [47].

The power dissipationand integration area character-
istics of the neural interface allow for its multi-channel
implementationson a singlechip.Simultaneousrecordings
on hundredsof sites in the brain can be performed[48].
Multi-site recordings yield spatial information about a
seizuresuchas its foci andspatialprogression[49]. Such
multi-channel neural interface implementationsyield a

vast amount of data [50], [51]. Due to the prohibitive
computationalcomplexity, 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 where the WANN algorithm is to be invoked. Other
seizurelocalizationmethodsbasedon multi-channelEEG
recordings have been reported [28]. Currently, on-chip
seizuredetectionand prediction in multi-site intracranial
neuralrecordingsremaina subjectof extensive research.

B. WaveletProcessor

The WANN seizureprediction algorithm describedin
SectionII requiresextensive computingresourcesto com-
pute the wavelet transformand to perform weight multi-
plication in the two layersof theANN. The computational
core of theselinear transformscan be expressedin terms
of vector-matrix multiplication (VMM) which implies cal-
culation of products between input vectors and a pre-
determinedmatrix of coef�cients. The requiredcomputa-
tional throughputis beyondthecapabilitiesof conventional
digital processors,particularlygivena smallpower budget,
as they are typically limited by the serial natureof their
architecturesandlow memorybandwidth.Dueto its inher-
ent parallelism,VMM lendsitself well to high-throughput
parallel computingarchitectures.The parallel architecture
of the WANN implementationpresentedhere is depicted
in Figure6 (left). Eachlinear transformis computedon a
correspondingcomputingarray.

The discrete wavelet transform is computedby cor-
relating the input with a set of precomputedwavelets
of different frequenciesstored on an array. Instead of
a conventional tree-basedapproach,wavelet coef�cients
are computed in parallel. The frequenciesof wavelets
dictatethe dimensionsof the array. As shown in Figure2,
most of the energy of the Morlet wavelet falls within an
interval equalto � ve periodsof thewavelet.For the lowest
Morlet wavelet frequency of 5Hz and the sampling rate
of 1ksps,an array with 1024 input dimensionsis needed
(i.e.,N =1024). The highest Morlet wavelet frequency is
400Hz.To accommodate40 frequency 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 millisecondand is of low computational
complexity.

As the wavelet matrix is large, an analog VLSI im-
plementationof the parallel computationalarray of the
wavelet processoris desirableas it canyield high integra-
tion density [54]. In addition to high integration density
analog VLSI implementationscan achieve high energy
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Fig. 6. Parallel WANN architecture(left), circuit diagramof CID computationalcell with integratedDRAM storage(right, top), andcharge transfer
diagramfor active write andcomputeoperations(right, bottom).

ef�ciency [55], [56]. Thesebene�ts may comeat the cost
of reducedaccuracy [54], [56], which is often not critical
in neuralrecordingapplications.

We designed,prototypedandexperimentallyvalidateda
massively parallel mixed-signal(i.e.,analog-digital)VLSI
processorfor computing linear transformssuch as Mor-
let wavelet transform.Internally analog,externally digital
VMM computationcombinesthe energy ef�ciency and
density of analogarray processingwith the precisionof
digital processing,andtheconvenienceof a programmable
andrecon�gurabledigital interface.

Each unit cell in the wavelet processorarray shown
in Figure 6 (right) is comprisedof a dynamic random
accessmemory(DRAM) cell anda charge-injectiondevice
(CID) [57] cell, both sharing transistorM2. During the
write operationthe data to be storedis broadcaston the
vertical bit-lines (BLs), which extend acrossthe array. A
row to be written to is selectedby activating its word-
line (WL) turning transistorM1 on. The output match-
line (ML) is held at Vdd 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-zerorespectively.
Logic-one on BLs correspondsto 0V, while logic-zero
correspondsto Vdd. During the computeoperation, the
input data is broadcaston the compute-lines(CLs) while
MLs, previously prechargedto Vdd, arenow left �oating.
Logic-oneCL bit correspondsto voltage2Vdd, while logic-
zerocorrespondsto 0V. Eachcell performsa one-quadrant
binary-binarymultiplication betweenits storedlogic value
andits CL logic value.An active charge transferfrom M2
to M3 canoccuronly if thereis a non-zerocharge stored,
and if the potential on the gate of M3 rises above that
of M2, to 2Vdd. In this case,the high-impedancegateof
M2 couplesto its channelandraisesabove Vdd by a �x ed
voltagedependingon the charge and capacitanceof M2.
The cell performsnon-destructive computationsince the

transferredchargeis sensedcapacitively on theMLs. Once
computationis performed,the charge is shiftedbackfrom
M3 into the DRAM storagetransistorM2.

Capacitive coupling of all cells in a single row into a
single ML implementszero-latency analogaccumulation
along eachrow. An array of cells thus performsanalog
multiplicationof a binaryvectorwith a binary matrix. The
analog array is interfaced with a bank of on-chip row-
parallel ADCs to provide convenientdigital outputs.The
architectureis scalable,limited only by sensitivity of sense
ampli�ers andaccuracy of row-parallelanalogaddition.It
easily extendsto multi-bit datawith waveletsstoredin a
bit-parallelform in thearray(i.e.,anI -bit wavelet is stored
on I rows of thearray)andinputspresentedbit serially (a
J -bit input takesJ clock cycles to be fed in) [58].

An integratedprototypeof the wavelet processorfabri-
catedin a 0.35�m CMOStechnologyis shown in Figure7.
Morlet wavelet templatesare stored in the four on-chip
128� 256-cellDRAM-basedanalogarraysin a row-parallel
fashion.The arraysare con�gured in a 128� 1024 orga-
nization (i.e.,1� 4 arrays)to accommodatelow-frequency
wavelets as discussedearlier. Input data are presented
serially into the input shift registersof the four arrays.In
every computationalcycle, a 1024-samplewindow of the
input signal is correlatedwith 32 4-bit wavelet templates
storedin the on-chipmemoryin a bit-parallel format.The
wavelet frequency rangesfrom 5Hz to 300Hz.Correlation
is performed in parallel on each array, in 256-sample
segmentsper array. The computedpartial inner products
arequantizedby four banksof 128row-parallelADCs and
addedin digital domainto yield full 1024-componentinner
products. The processorprototype performs 128� 1024
binary multiplicationsandanalogaccumulationsfor every
input sample.At 13.7kHzcomputingfrequency, the four-
quadrantarray delivers 1.8 billion binary multiply-and-
accumulateoperationsper secondand dissipates95� W
of power, which correspondsto computationalef�ciency
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Fig. 7. The wavelet processorprototypemicrographand�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
energy ef�ciency can be achieved by adiabaticclocking,
with the total load capacitanceof the array resonating
with an off-chip inductor in order to generatea sinusoidal
waveform clock [59].

Not included in the power dissipation �gure are the
power dissipatedin theADCs andotherperipheralcircuits
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 domain the ADCs are not needed,but are
included in the current implementationfor convenience
and �e xibility of testing.Other peripheraldigital circuits
areoperatedat kHz clock speedswhich ensurestheir low
power dissipation.

The seizurepredictionalgorithmdescribedin SectionII
utilizes 40 frequency bins with 8-bit encodedwavelet
coef�cients. This is beyond the capacityof the fabricated
processordue to the costsof low-volumeprototyping.To
accommodatetheserequirementsthesmall-scaleprototype
in Figure 7 has to be scaledup by a factor of 2.5 in the
numberof rows (320rows insteadof existing 128, to store
40 8-bit waveletsinsteadof 32 4-bit wavelets).This canbe
easily accomplishedby increasingthe numberof rows in
eachone-quadrantarray to 160 and doubling the number
of arrays, for a total chip area of under 40mm2 and a
proportionalincreasein power dissipation.

C. ANN

The ANN classi�es the underlyingdynamicsof sponta-
neousin vitro eventsinto interictal,preictalandictal neural
activity basedon the Morlet wavelet featuresof the neural
signalcomputedon the wavelet processor. The numberof
hiddennodesof the ANN, P, is 100, and the numberof

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

As the computationalrequirementsand integrationarea
of the ANN are negligibly small comparedto those of
the wavelet transform, it can be easily synthesizedin
digital VLSI domain,with relatively small integrationarea
and power dissipation. Mixed-signal and analog VLSI
implementationsarealsofeasible.In fact,onesimpleway
to implement the ANN is to re-usethe samedesignas
that employed for the wavelet processor. An example of
such an implementationof a neural network is given
in [60]. To multiply 40 inputsby 1008-bit weightseach,a
800� 40 arrayof CID/DRAM cells is suf�cient. Multiply-
ing 100hiddennodesby four weightseachandcomputing
four non-linearfunctionsontheoutputnodesrequiressmall
additionalresources.Furtherreductionin powerdissipation
of thesystemcanbeobtainedby eliminatingtheADC bank
in the wavelet transform processorand by employing a
fully analogANN implementationsuchastheonereported
in [61]. This comesat thecostof reducedprogrammability
andpossiblylimited accuracy.

As the ANN canbe implementedby re-usingthe same
computingtechnologyand requiresnegligibly small com-
putingresourcesandthussmall integrationareaandpower,
its prototypingis not neededto validatethe feasibility of
such a VLSI implementation.To maintain the �e xibility
neededin experimentaltraining andrun-timeoperationof
the prototype,in this work the ANN was implementedin
software.

IV. EXPERIMENTAL VALIDATION

Both the functionality of all main componentsof the
microsystem,and its ef�cacy in seizureprediction have
beenexperimentallyvalidatedasdescribednext.

A. FunctionalityValidation

In orderto validatethefunctionalityof themicrosystem,
the two main components,the neural recordinginterface
andthewaveletprocessordescribedin theprevioussection,
wereexperimentallycharacterizedin seizurerecordingand
time-frequency analysis.

The functionality of the neural recordinginterfacehas
been validated in in vitro extracellular neural activity
recording experiments.The recording channelwas con-
nectedto differential recordingelectrodes.The electrodes
were insertedin a rat hippocampuswhereSLEs were in-
ducedin thepresenceof low M g2+ ACSF[11]. Figure8(a)
shows a SLE recordingin vitro from a rat hippocampus
ampli�ed and �ltered by the neural recording interface
chip.

The neuralrecordingin Figure8(a)wasfed to the input
of the wavelet processor. To validate the functionality of
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Fig. 8. (a): An example of a seizure recording performed by the
neuralrecordinginterfacechip; (b): a correspondingtime-frequency map
computedonthewavelettransformprocessorchip;and(c): resultingANN
outputs.Eachoutputunit generatesan estimatebetweenzeroandone,at
�x ed time intervals, denotingthe probabilityof onepossiblesystemstate
(interictal, preictalor ictal).

thewaveletprocessor, a time-frequency mapof this record-
ing was computedon-chip. The output of the processor
representsthe time-frequency map of the acquiredsignal.
Figure 8(b) depicts the time-frequency map of the SLE
recordingshown in Figure 8(a) computedby the wavelet
processor. The frequency rangefrom 0.6Hz to 25Hz with
the recordingdownsampledby a factor of 10 was chosen
in this experimentin orderto visually validatetheaccuracy
of the time-frequency map.Below 5Hz at the start of the
ictal state,seizureshave two characteristicenergy bands
with their frequencieslinearly decreasingover time. These
bandscanbe clearly observed on the time-frequency map
in Figure 8(b). A software emulationof the processorin
Matlab yields identical results.

Thetime-frequency mapcomputedandquantizedon the
wavelet processorwas fed into the software-basedANN.
Figure8(c) shows the outputsof the ANN classifyingthe
recordingin Figure 8(a) using the time-frequency map in
Figure8(b)asits input.In thisexample,thenetwork detects
the onsetof thepreictalandictal statesadequatelyeven in
the absenceof high-frequency information. As described
in the next section,high-frequency Morlet wavelet coef�-
cientswerecomputedon the waveletprocessorin orderto
validateits ef�cacy in seizureprediction.

B. Ef�cacy Validation

The ef�cacy of the neuralactivity monitoringandtime-
frequency analysismicrosystemin predictingseizureswas
validatedon an in vitro extracellular �eld recordingdata
set.As detailedin SectionII, thelow-M g2+ in vitro model
of spontaneousrecurrentseizure in mousehippocampal
sliceswasutilized. The training and test setsincludedata
from 14 rats containing a total of 102 seizureepisodes
sampledat 1kHz.

Time-frequency maps of in vitro extracellular �eld
recordingsin this dataset were computedon the wavelet
processorshown in Figure7. Time-frequency mapsof time
windows correspondingto 50 seizureepisodeswere used
to train the ANN. The ANN was testedon time windows
correspondingto the remaining52 seizureepisodes.The
microsystemcorrectly detects90 percentof seizureswith
50 percentfalsepositive rate.Theseresultsareidenticalto
thoseobtainedby emulatingthe hardwarein Matlab.

The high false positive rate is due to simpli�cations
in the prediction algorithm made in order to reducethe
integration areaof its on-silicon implementation(32 fre-
quency bins from 5Hz to 300Hzat 4-bit resolution).When
the wavelet processorcapacity is extended to include
40 frequency bins at 8-bit resolution ranging from 5Hz
to 400Hz, it is expectedthat approximately90 percent
of seizureswill be predictedcorrectlywith approximately
15 percentof falsepredictions,asdetailedin SectionII.

To reducethe falsepositive rate in the hardware-based
implementation,the recordedneuralactivity episodesclas-
si�ed asseizuresby the microsystemaresubsequentlyfed
to the WANN seizurepredictionalgorithm trainedon the
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Fig. 9. Receiver operatingcharacteristic(ROC) of the system.

samedata set. The software-basedclassi�cation is only
triggeredwhenever the hardwaremakesa positive predic-
tion. As the number of non-seizureepisodesis usually
much greater than the number of seizureepisodes,this
double-passapproachyields savings in the computational
load of a factorof two which makestheWANN algorithm
suitable for implementingon a low-power digital signal
processor(DSP).

The resultingrelationshipbetweenthe true positive rate
andthefalsepositive ratein seizurepredictionis described
by the ROC curve shown in Figure 9. The depictedROC
demonstratesthat approximately85 percentof seizuresin
the test data set were predictedcorrectly as soon as a
preictalstatestartedwith approximately8 percentof false
predictions.According to Figure 1, this translatesinto an
8 percentoverheadin therapeuticbrainstimulation.This is
asigni�cant improvementin selectivity of brainstimulation
comparedto currently available continuous stimulation
techniques[2].

C. Area and Power Considerations

As described in Section III, the area of the large-
scaleimplementationof theseizurepredictionmicrosystem
accommodating40 frequency binswith 8-bit coef�cients 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 integratedneural interfaceand
an on-chip implementationof the ANN. The total silicon
area is estimatedto be under 45mm2. Such a die size
is well within maximumdie size limitations of the VLSI
technologyasdictatedby yield considerations.

Given theareaof themicrosystem,thepower densityof
80mW/cm2 deemedsafefor thecortex [40] yieldsthetotal
powerbudgetof 36mW. As detailedin SectionIII, thetotal
power dissipationof the large-scaleimplementationof the
seizurepredictionmicrosystemis well within this budget,
ensuringheatdissipationthat is safe for the brain tissue.

TABLE I

SUMMARY OF SYSTEM CHARACTERISTICS

NEURAL INTERFACE
ProgrammableGain 46dB - 74dB
Input-referredNoise 13�V r ms

NoiseBandwidth 10Hz - 10kHz
LPF Cut-off Frequency 1kHz - 10kHz
HPF Cut-off Frequency below 0.1Hz
Max SamplingRate 40ksps
IntegrationArea 0.055mm2

Power Dissipation
Ampli�er 23�W
S/H circuit, 10ksps 33�W
ADC, 50ksps 327�W

WAVELET PROCESSOR
Wavelet Coef�cient Resolution 4-bits
Memory Dimensions 128 � 1024
Wavelet Frequency Range 5Hz - 300Hz
Numberof Frequency Bins 32 bins
IntegrationArea 16mm2

Power Dissipation
Array, 13.7kHz 95�W
ADC bank,15ksps 6.3mW

This makesthe systemsuitablefor early seizuredetection
in vivo. While initial in vivo experimentscanbeperformed
on animalswith implantedrecordingelectrodesconnected
to the systemby an electro-magneticallyshieldedcable,
full implantationwill requireaddingauxiliary circuitssuch
asbiasingnetwork andclock generationcircuitsaswell as
a wired or wirelesscommunicationinterface.

A summaryof experimentalcharacteristicsof thesystem
is given in Table I.

V. CONCLUSION

We have presentedan architectureand VLSI imple-
mentation of a neural activity monitoring and time-
frequency analysis microsystemfor early detection of
epileptic seizures.The microsystemis comprised of a
neuralrecordinginterfacefor acquiringextracellularneural
activity, anda wavelet ANN processorfor real-timetime-
frequency analysisandanticipatingthe onsetof a seizure.
The neural recordinginterfaceand the wavelet transform
processorhave been prototyped in a 0.35-�m CMOS
integratedcircuit technology. The main componentsof the
microsystemwere experimentally validated in recording
electrical activity of the rat brain and its time-frequency
analysis.Performanceof thesilicon prototypevalidatesthe
effectivenessof theapproachin earlydetectionof epileptic
seizures.
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