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Abstract—We describea multiple target tracking (MTT) application in
microneurography that estimateconduction velocity changesand recorery
constantsof human nerve C-fibers. Resultsusing the tracking systemon
real data are presented.

Action potentials (APs) were recorded from C-fibers in the peroneal
nerve of awake human subjects. The APs were detectedby a matchedfilter
constituting a maximum lik elihood constantfalse alarm rate (ML-CF AR)
detector

Usingthe multiple hypothesistracking (MHT) method,the detectedAPs
(targets) in each trace (scan) were associatedto individual nerve fibers
(tracks) by their typical conduction latenciesin responseo electrical stim-
ulation. The measuementswere one-dimensional(range only) and the APs
were spacedin time with intersecting trajectories. In general,the AP am-
plitude of each C-fiber differed for different fibers. Amplitude estimation
wastherefore incorporated into the tracking algorithm to improve the per-
formance.

The target trajectory was modeledas an exponential decay with three
unknowns. Theseparameters were estimated iteratively by applying the
simplex method on the parameters that enter nonlinearly and the least
squaresmethod on the parametersthat enter linearly.

Keywords—Detection, matchedfiltering, targettracking, MHT, multiple
hypothesistracking, parameter estimation, microneurography

|. INTRODUCTION

MPROVING signalprocessingn arealworld applicationin
anareawheretraditionaltoolsareinadequat®ftengenerates
mary new challenges.We will heredescribesuchan applica-
tion, arisingfrom the needto studythe stimulus-responsehar
acteristicof peripheralunmyelinated C-) fibersin humanskin
nenes. Key toolsfor the solutionwereto be foundin a seem-
ingly unrelatedarea,namelyradartrackingof multiple targets.
The action potentials (APs) of the C-axonsare recorded
through a thin needleelectrodeinsertedtranscutaneouslinto
the nene [1] [2]. The APs may be detectedas extracellular
spikesin this recording. Yet, the signal-to-noiseratio (SNR)
is ratherpoorandthe amplitudeof someAPsis of the sameor-
derof magnitudeasthe peaksf thenoise[3]. In suchsituations
specialmethodsarerequiredfor thedetection.
Neuronalactiity is evoked by applying sensorystimuli in
the skin areainnenated by the fiber of interest. APs orig-
inating from other fibers, however, are also recordedby the
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electrodet Their presencebstructsthe study of the stimulus-
responseharacteristicsonsiderablasit is virtually impossible
to decidewhich APsoriginatefrom thefiber of interest.

To overcomethis problem,Hallin andTorebprk introduceda
methodthatshavstheexcitationof a C-fiberby utilizing the so-
calledmarkingphenomenoif]. The phenomenorstemsfrom
the slight decreasef a fiber's conductionvelocity afteran AP
hasbeenconducted. The conductionvelocity then slowly re-
turnsto its initial value.

The principle of the methodis to apply a distinct stimulus
repetitvely, at a low frequeny (0.25Hz), into the innenation
territory of the C-fiberunderstudy For eachimpulse,onesingle
AP is evokedandappearsn therecordingafteracertainlateny
(Fig. 1, at 303 ms). To documentthe responsecharacteristics
of the C-fiber, a physiologicaltest stimulus(e.g. mechanical,
temperaturechemical)is appliedinto the receptve field of the
fiber. If sucha stimulusgeneratesdditionalaction potentials,
the conductionvelocity of the affectedfiber decreasesin this
case,the AP excited by the repetitive stimuli shavs a notice-
ableincreasén lateng (Fig. 1, trace13to 40). This changen
lateng is usedasa marler to indicatethat the C-unit hasre-
spondedo the appliedphysiologicalstimulus[5]. In addition,
thelatenq increaseprovidesa semiquantitatie estimateof the
numberof APsthatweregeneratedby theteststimulus[6].

To enhancehe efficiency of theseexperimentsa computer
supportedecordingsystemis used[7]. For therepetitive stim-
uli, electricalimpulsesare usedbecausehey are both distinct
andexcite all differentkinds of nerne fibers. The impulsesare
deliveredthroughneedleelectrodegositionedin the innena-
tion areaof the fiber of interest. Often, several fibers are co-
activatedandrecordedsimultaneouslybut dueto slight differ-
encesin conductionvelocity of the individual C-fibers,the ac-
tion potentialsarespacedn time in the recordedsignal (Fig. 1,
at 303 ms and 360 ms). Using the marking phenomenonit is
thus possibleto individually identify separateC-fibersandto
studytheir characteristi¢ateng responses.

In the humanskin nenes,differenttypesof C-fibersexist [8].
Recently it hasbecomeevident that the lateng increase due
to a particularnumberof impulsesandthetime courseof their
recoverydifferin differentclasse®f C-fibers[9]. Thisfindingis
intriguing becausé may promotenew insightsinto differential
propertief membrane differentC-fiberclassesn humans.

Previously, theanalysisof therecordedraceswascarriedout
manually; a task that was very time consuming. Therefore,a

I Thesefibers could be either co-excited by the applied stimuli or sponta-
neouslyactve.
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Fig. 1. The APs of two C-fiberswith latenciesof about303 ms and360 ms,
respectiely, areshavn. Theresponsesareexcited by electricalstimuli de-
liveredat0.25Hz into theskininnenationterritory of thefibers.Successie
responsesgredisplayedin tracesfrom top to bottom. At trace13, the left
unit is actvatedin responseéo a mechanicaktimulusleadingto a decrease
in the conductionvelocity, i.e. anincreasen lateng. Following this, the
conductiornvelocity recorersgraduallyasindicatedby the APsreturningto
the latengy prior to the actvation. The right unit doesnot respondto the
appliedstimuli andits lateny is retainedthroughoutherecording.

computerprogramthat detectsthe action potentials,discrimi-
natesbetweenAPs originating from differentC-fibers,and es-
timateslatenq shifts andrecovery constantgjuantitatvely has
beendeveloped10].

In this paper we will presenthe analysisprogramwith em-
phasison the signalprocessinglgorithmsused.Many of these
are basedon previous algorithms[11] andare herefurther de-
velopedandanalyzed.

Il. ALGORITHM OVERVIEW

To studythe characteristicof the lateng time course,two
major problemsneedto be solved: the detectionof action po-
tentialsin noisyrecordingsandthediscriminationof APsorigi-
natingfrom differentC-fibers.

Signaldetectionin noiseis a problemwith well-known solu-
tions[12] andimplementinghe AP detectotis straight-forvard.
The discriminationproblem,on the otherhand,presentsanin-
terestingchallenge We havefoundthatareliablealgorithmmay
be derivedby exploiting the markingphenomenomndtracking
the APsof a particularC-fiberin theresponseso therepetitive
electricalstimulus,henceviewing thediscriminationproblemas
atargettrackingproblem.

Oncethetime courseof thelateng correspondingo apartic-
ular C-fiberunit is isolated,a parametrianodelmay befitted to
thedata.

By memging theseideas,we obtainanapproachhatanalyzes
the C-fiberrecordingsn threesteps seeFig. 2:

1. Detection- Priorto ary furtherprocessingtheactionpoten-
tials mustbe detectedIn our implementationthisis doneby a
matchedilter (MF).
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Fig. 2. Sampleresultsfrom the threestepsof the algorithm. Left: the APs
aredetectedby the MF. Middle: the MHT algorithmis applied,resultingin
five tracks. Right: the final trajectoriesare obtainedby fitting a parametric
modelto thedata.

2. Tradking — Oncethe action potentialsare detectedthe dis-
criminationis carriedout. Althoughthe discriminationmay be
easyfor anexperiencedanalystiit is adifficult problemto solve
automaticallyusingacomputer By regardingtheassignmenas
atargettrackingproblem,we solveit usingthe multiple hypoth-
esistracking(MHT) method[13].

3. Parameter estimation — Following the tracking/discri-
minationstep,the steady-statéateng, thelateng shift, andthe
recovery constantare estimatedy fitting the latengy modelto
the data. Currently we usethe simplex algorithmin combina-
tion with the leastsquaresnethod.

Thispaperis organizedasadescriptiorof thethreemainsteps
of thealgorithm.Sectionlll describefhiow thedetectioris done
andhow the optimal detectoris derived. SectionlV dealswith
thetrackingof the APsusingthe MHT methodandKalmanfil-
tering,anddescribesiow the AP amplitudeis incorporatednto
the trackingalgorithm. SectionV describeghe lateny model
andthe parameteestimation. SectionVI presentghe charac-
teristicsandperformancef thealgorithmsthroughsimulations
andtheoreticalnalysis.Finally, SectionVIl illustratesthe per
formanceof the applicationon actualrecordingsobtainedfrom
awake humansubjects.

I11. TARGET DETECTION

Detectingsignalshiddenin high levels of noiseis a delicate
task. If the signalis a memberof a setof signalswith known
shapesandif the color of the noiseis known, thenmatdedfil-
tering constitutesa standardignalprocessingechniqueor op-
timally enhancinganddetectinghe signal[12]. Althoughthese
assumptionslo notfully applyin this particularapplication the
performancerovidedby the MF is still good.

A. Matchedfiltering

Let the recordeddiscretetime dataz(t) be hypothesizedo
take on oneof theforms

HO H Z(t)

H1 : Z(t)

(1)
(2)
wherez(t), s(t), andn(t) constitutesamplesof the data, the

(deterministic)signal,andthe noise,respectiely. They areall
p-dimensionalectorsdefinedas

= n(t)
s(t) +n(t)

z(t) £ (2(t) ... 2(t—p+ 1))T (3)
s(t) 2 (s(t) ... s(t—p+1)" (4)
n(t) 2 () ... nt—p+1)" (5)
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where” denoteghevectortransposelt is now assumedhatthe
signals(t) containswell-separatedctionpotentialsandthatthe
noisen(t) haszeromean. As the APs aresimilar in shapebut
differin amplitude ap-dimensionatemplates andanamplitude
~ areintroducedto describean AP presenin therecordingat a
particulartime of detectionty

s(tq) = 7s. (6)
The objective is to determinewhetherthereis an actionpo-

tential s presentor not in the measurement(t). For a given
matchedilter impulseresponse
A T
h = (h(0) h(1) ... h(p—-1)) (7)
andthefilter output
p—1
m(t) = Z h(i)z(t —i) = h1z(t) (8)
=0

the decisionthat the prescribedsignal templates is presents
madewheneer m(t;) exceedsa given thresholdlevel mq re-
sultingin amaximumlikelihood(ML) detector

Assumingthenoiseto bewhite, theoptimalimpulseresponse
h, of the MF andthe outputsignal-to-noisegatio SNR,,; may
becalculatedn termsof theknown signalvectors andthenoise
variances? accordingto [12] [14]

hy = ——— 9
Vo2sTs ©
2
SNRpy = LsTs (10)
ag

Combining(6) and(8)-(10),we obtainsomeinterestingoroper
tiesof this matchedilter, namely

sT

vo2sTs

E(s(ta) +n(ta))
vsTs

Vorsts v NFms

sTE(n(tan” (ta))s
02sTs

Em(tq)

(11)

E (m(td) - \/5']\77}37#)2

0'2$TS

=1 (12)

02sTs
whereE is theexpectationwith respecto 7(t). Theserelations
will beutilized below to estimatehe amplitude.

Whenthe noiseis not white, we proceedasdescribedn Ap-
pendixA.

B. Detectionperformance

Using (8) and(9), andassuminghatthe noisen(t) is Gaus-
sian, the MF output m(t4) is a stochasticvariable having a
Gaussiardistribution with meanasdescribedy (11) andwith
unit varianceasdescribedy (12). The falsealarmprobability
Pr4 andthedetectiorprobability Pp maythusbecalculatedy
meanf thedecisionthresholdng usingthe Gaussiamistribu-
tion densityfunction®(-), seeFig. 3,

1-— <I>(m0)

1= 8 (mo — /SNRyy ) -

Pry
Pp

(13)
(14)

pdf

HO Hl

‘ PFA

1 \ } > m(ta)
mo

/SNR s

Fig. 3. This figure shaws the probability densityfunctions(pdf:s) of the two
hypotheses.Underthe hypothesisHy, the datacontainszero meannoise
only andthecorrespondingdf is centeredaroundzero. Underthe hypothe-
sis H1, the expectationof the MF outputis equalto /SNR,,,; andthe pdf
is centerecaroundthatvalue. Thefalsealarmprobability P4 andthede-
tectionprobability Pp areequalto theareaundertheirrespectie pdf above
thedetectiorthresholdmg, asshavn in thefigure.

The false alarm probability Pr4 dependson the detection
thresholdmg only, meaningthatthe MF detectothasa constant
falsealarmrate(CFAR). Thisis adesirabledetectopropertyin
mostapplications.

C. Noisevarianceestimation

Becausdhe noisevarianceis unknavn andmay changedur-
ing theexperimentjt hasto beestimatedrom therecordedlata.
Therecordingsnay, however, alsocontainhumfrom the power
supply and surroundingequipmentthat yield a biasif not ac-
countedfor. By first removing the hum, usinga notchfilter, a
simplevarianceestimatomaybe used.

Neglectingarny APs and assumingthe noisevarianceto be
constanduringthetrace,the ML estimateof the noisevariance
62 is calculatedusing the notcheddatasamplesw, () in one
traceof lengthV as

N-1
wy (1)
t=

&° =

1
N (15)

This is still a biasedestimate’, but the biasdecreasesasthe
width of the notch decreases As most practicalcasesregard
anarrav notchfilter, theinfluenceof the biasmaybe negglected
andis notconsideredurther. Of moreimportances thepossible
influenceof the action potentialspresentin the recordeddata.
It is known from experience however, that they only slightly
contributeto thevarianceestimate.

Usingthe ML estimatg15) of thenoisevariancetheimpulse
respons@ndthe SNR of the matchedilter aregivenby (9) and
(10) with o exchangedy 4.3

D. Tuning

Thebasicassumptionn deriving thematchedilter is thatthe
signalto be detecteds known in advance.Althoughthis is not
the casehere,it is known thatthe C-fiber action potentialsare
similar in shapeand differ mainly by a scalarfactory. It is

2Noiseeneny is of courseremaed andsomehumenegy is still present.

3Introducingthe ML estimateof the varianceformally implies that a Kelly
test[14] shouldbe usedinsteadof the generalizedikelihoodratio test(GLRT)
usedhere.Moreover, the MF outputthenhasat-distribution insteadof anormal
distribution. However, the numberof datapointsusedin the estimationss so
largethattheseeffectshave a nggligible effect ontheresult.
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Fig. 4. Thetemplateof theC-fiberactionpotentialso bedetectedi.e. thetime-
reversedmpulseresponsef thematchedilter (left), andthecorresponding
Bodemagnitudeplot (right).

thuspossibleto useary alreadyrecordedactionpotentialasthe
templates to tunethe matchedilter.

To extract sucha templatefrom earlier recordings,several
tracesof good quality are alignedand averagedto reducethe
influenceof the noiseandthe backgroundactivity. Furtherre-
ductionof thedisturbancem thefrequeng regionwhereno AP
enepgy is expecteds accomplishedby low pasdfiltering the av-
eragedotential. Fig. 4 shavs theresultingsignaltemplateand
thecorrespondindg@odeplot.

E. Actionpotentialdetection

The samplingfrequeny usedis 31.25kHz andthe spectral
contentof the APs is concentratedo the frequeng rangebe-
tween500 Hz and 1500Hz. The matchedfilter constitutesan
optimizedbandpaséilter with passbanih thisfrequeng range.
Thefilter outputis smoothandthetime instantswhereAPsare
presenimay be obtainedusinga simple peakfinding algorithm
thatreportsall peaksabove the giventhresholdmy.

In SectionVI-A the performanceof this MF is analyzedin
termsof resolution,variance,detectionprobability, and false-
alarmprobability.

IV. TARGET TRACKING

Oncethe actionpotentialsaredetectedthe APs correspond-
ing to a particular C-fiber should be groupedtogether This
groupingcould be donein variousways. If the shapef the
APs were differentfor differentunits, a bank of matchedfil-
terscould be usedfor the grouping,whereeachmatchedfilter
would thenbe individually optimizedto detectAPs originating
from oneof thefibersonly.

As mentionedin Sectionlll, however, the action potentials
are similar in shapeso anothermethodhasto be used. Due
to different conductionvelocity in differentunits, the lateng
containsinformationaboutwhich APs originatefrom the same
unit.

An experiencecdeye easilyexploits this informationin subse-
guenttracesandformstracksof APsthatbelongto eachother
We try to mimic this by solving the associatiorproblemasa
trackingproblem.

Althoughthetracksmaybefoundusingthelateng informa-
tion only, the tracking performances improved if moreinfor-
mationis utilized. Despitethe differencein shapeis too small
to be usefulin the discriminationof the APs, the amplitudeis
in generaldifferentfor APs originating from different C-fiber
units? For simplicity, the peakvalueof the matchedfilter out-

4Thedifferencein amplitudeof differentC-fiber units could be explainedby

putis usedasanamplitudeestimate As maybeseerfrom (11),
this estimateis unbiasedonly if the recordednoisevarianceis
constantover time. Although this is not necessarilytrue, the
(biased)amplitudeestimatehasshown to performwell.

To solve the tracking problem,we have chosenthe multiple
hypothesigracking (MHT) method,outlinednext. An impor-
tant part of this methodis the target predictor In the current
implementationwe usea Kalmanfilter for a modelderivedin
SectionlV-B.

A. Multiple Hypothesislracking

Multiple hypothesigracking(MHT) [15] is recognizedasthe
theoreticallybestapproachto multitargettrackingproblems.in
applicationswith heavy clutter® andhigh traffic densities® the
performancef MHT is outstandinggomparedo othermethods,
e.g.nearesheighbor(NN) correlationor joint probabilisticdata
associatiofJPDA) [16]. Thereforewe chose¢he MHT method
for the currentimplementation.

A completepresentatiorof the MHT methodis beyond the
scopeof this paper However, sincethe currentimplementation
is stronglyinfluencedby theonepresentedby Blackmanin [13],
interestedeadersaredirectedto this book. The MHT parame-
tersusedandsomeof thefew “tweaks”to theoriginal work are
presentedn AppendixB.

The MHT methodis a Bayesiarprobabilisticapproacho the
tracking problem. For eachscanin the recordeddata,the de-
tectedactionpotentialsarecollectedby the trackingsystem.At
a giventime andwith a given setof detectedactionpotentials,
thereareseveralplausiblewaysto combinethe APsinto tracks.
Insteadof choosingonly the most probablepartitioning after
eachscan,the MHT methodgenerates numberof candidate
hypotheseso be evaluatedlater whenmore dataare receved.
Thus,the probability of choosingthe correctpartitioningof the
datainto tracksandfalsealarmsis increased.

To evaluatethe probability of eachhypothesis,a model of
how the AP latencieschangefrom scanto scanis needed.In
Fig. 1 it may be seenthatthe lateng is eitherconstantor (ap-
proximately)exponentiallydecreasingBoth casesnaybemod-
eledby anexponentialmodel. An expedientway to incorporate
this modelin the trackingmethodis the useof a Kalmanfilter,
presentedn SectionlV-B.

The drawback of MHT is that the numberof computations
andthe memoryrequirementgreextensve. In our application,
thisis of lessconcernasthetrackingis performedoff-line. Fur
thermoretherequirementsnaybeheldatareasonabléevel by
limiting the numberof hypothesesvaluated.Thereareseveral
methodsavailablefor this, andthreeof them(gating,clustering,
andpruning)areusedhere. This techniqueworks well for the
presentpplication.

In Fig. 5 ablock diagramof the MHT algorithmis presented.
For eachtrace, the controlling logic iteratesover the current

thedifferentdistancedetweertherecordingelectrodeandthe nene fibers.

5Thetermclutter is usedfor detectionghatareof no interestto the operator
andthatoftendegradethe performanceof thetrackingsystem.In radarsuneil-
lancecontexts, for example,clutteris primarily usedfor groundechoes.In our
context, clutterwould bespuriousAPsandfalsedetectionghatareuncorrelated
with otherAPs.

S1n our case,high traffic densitiesmeansthat different C-fibers have very
similar latencies.
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Fig. 5. A block diagramof the MHT algorithm. Dataflow is indicatedby
solid lines; thin for singledataandthick for multiple data. Control flow is
indicatedby dashedines whereaotherintimaterelationsareindicatedby
dottedlines.

track set. The track currently selecteds fed to the predictor
wherethe expectedatengy andthe expectedamplitudearecal-

culated. A gateis formedaroundthe predictionandall detec-
tions(in thecurrenttrace)thatfall outsidethegatearediscarded.
The currenttrack andthe gateddetectionsareusedby thetrack

generatorto both createupdatesof the track andto createen-

tirely new tracks. The tracksproducedby the track generator
arethenfedto thehypothesigieneratoaswell asstoredfor use

whenprocessindhedetectionf thenext trace.

At thesametime asthe currenttrackwasselectedthecontrol
logic alsoselectedall hypothesegontainingthattrack. These
hypothesesre usedtogethemwith the generatedracksto form
updatedhypothesesThe generatedypothesesrethenstored
in thehypothesistorage.

When the track iteration is completed,the scoes’ of all
hypothesesre calculatedand usedto prune hypothesegand
tracks)associateevith alow score.Theprocesss thenrepeated
for thedetectionsn thenext trace.

Notethatthe MHT algorithmdoesnotdependn a particular
predictor Thesamealgorithmmay; in principle,beusedfor any
trackingproblem.Only the predictorneedgo be changed.

Sincethe computationcomplexity grows exponentiallywith
the numberof tracks,the mosteffective way to reduceit is to
separatenon-interactinghypothesesnto independentlustess
[17] [15] (not shawn in Fig. 5). Insteadof solving onelarge
tracking problem,a numberof smallertracking problemsare
thensolvedseparately

B. KalmanFilter

From the presentatiorabove, it is clearthat fundamentain
ary tracking systemis the track predictionandfiltering. The

7The hypothesisscoe is the logarithmof the a posterioriprobability of that
hypothesideingcorrectso scaledthatanall-false-alarmhypothesihasa zero
score.

two major alternatve methodsusedtodayarethe Kalmanfilter
[18] andthefilter basedon interactingmultiple models(IMM)

[19]. TheIMM methodis an extensionof the multiple model
(MM) approacH?20] [21] to handlemodelswitchingandoften
providesthe bestperformance.However, the IMM methodis
suboptimalndin the applicationunderconsideratiomo model
switchesoccur which suggestshatthe MM methodwould give
the best performance. At present,the Kalman filter is used,
but extendingthis to anMM basedfiltering methodis straight-
forward, if required®

As theprocesainderstudyis arealphysicalprocessassumed
to be working in continuougtime, a modelis basedon this as-
sumption.To incorporatesucha modelin thetrackingprocess,
a discretetime modelis producedby samplingthe continuous
time model. Themeasurement$iowvever, aremodeledasa dis-
cretetime procesdirectly. Priorto the presentatiorof the dis-
cretetime models,a descriptionof the underlyingcontinuous
time modelwill begiven.

B.1 Thecontinuoudime model

FromFig. 1 it seemgeasonabl¢éo assumehatthe measured
lateng, denotedy (t), maybemodeledby

7(t) +e(t)
yo + Ae—ao(t—to)’

y1(t)
71(t)

(16)

2 (17)

t > to

whereg, (t) is the true but unknawn lateng, y, is the latengy
at steadystate, A is the lateng shift dueto stimulation,«aq is
the recovery coeficient, ¢ is thetime of excitation,ande(¢) is
the residualor modelerror. By selectingthe true lateng 71 (t)
andits derivative jj; (t) asstatevariables{17) maybewrittenin
statespaceorm as

git)y _ (0 1 71 (t)

(B0) = (0 ) (B0) 20 @
Ji(to) = yo+ A (19)
y1(te) = —aA (20)

which is aninitial value problemwith (17) asits solution. It
is simpleto augmenthis deterministicstatespacemodelwith
anadditionalstatethat describeghe action potentialamplitude
assumedo be constant.

To accountfor errorsin the unknowvn parametery, andslow
variationsin thelatengy andthe AP amplitudejt is corventional
to add noisetermsto the uncertainstates’ The deterministic
continuougime statespacemodel(18) augmentedvith the AP
amplitudeis thusreplacedy a stohasticcontinuougime state

8In the MM approacha bank of predictionfilters, e.g. Kalmanfilters, are
mixedto cover abroaderangeof targetmodels.Usinga singleKalmanfilter is
thereforeidenticalto aMM approachwith a singlemodel.

9 A thoroughpresentatiomf theseconceptss givenin [20].
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spacemodef° By samplingthecontinuougime modelwe obtaintheprocess

modelin tracek
dx.(t) = Ax.(t)dt+ Gdw(t), t>to (21)

01 0 x(k+1) = Fx()) +wi(k), k>h272  (26)
A2 [0-a0 (22) A
000 x(k) = xc(kT) @7)
00 1 at(1-eoT) 0
g2 |10 23) F=er=10 e T 0 (28)
01 0 0 1
A T
wherex., (t) is thethree-dimensionatontinuougtime statevec- v1(k) 2/ AT Gdw(kT + 1) (29)
tor consistingof the lateng #;(t), its derivative ¢, (t), andthe A 0
squareroot of the SNR at the matchedfilter output SNR, s Qi (k) = Evi(k)v] (k) (30)

(equalto the true MF output, see(11)). The squareroot of ) ) . . . .
the SNR is usedbecaust is proportionalto the amplitudeof whereT is th.e. period Qf the repe.tltve elec.tncal st|.mulat|on
the action potentialdetectedand hasa direct relationwith the a1d the transition matrix F describesthe discretetime sys-
matchedilter peakvalue. Thetwo-dimensionakntity dw(t) is €M dynamllcsand s derived via the seriesexpansione™” =
theWenerincremen{22] of atwo-dimensionaWienerprocess L+ AT + 5/(AT)" + ... [.23]2. The three-dimensionafector
w(t). Thematrix A is the statetransitionmatrix, in whicha V! (k) representprocessioise? modeledaszero-meanwhite-
shouldbe as close as possibleto the true recovery coeficient

noiseGaussiamprocessewith covariancematrix Q (k) derived
ag. Notethatthelimit o = 0 resultsin the commonfirst order

in AppendixC.
white noiseacceleratioomodeldescribedn [20].

Becausdhelatengy modelingerrorsarelargestat the startof .
the decayand are almostzero at steadystate,the incremental T hemeasuremenhodeldescribesiow themeasurementare

B.3 Measurementodel

varianceof dw; (t) (thefirst elementof dw(t)) is definedas collectedandis definedas
o2 (H)dt £ E (dwy (1)) y(k) = Hx(k) + v2(k) (31)
" A (100
= oo, (L+ P Pmhar, 1>ty (24) "= (o 0 1) (32)

wheref; aretuning parametersThis resultsin aprocessoise wherey(k) is a two-dimensionameasurementector contain-
thatis h|gh atOnselanddecreasea(ponential|yt0 its minimum. |ng the |aten(y and the matchedfilter peakoutput_ The two-
Note that this affectsthe lateny part of the systemonly. For  dimensionalectorv, (k) is themeasurementoise,modeledas
the modelingof the amplitudeestimatea constanincremental independentero-meam\/hite-noiseGaussiarprocessegvith a

varianceo?, dt is used. known constan®|2 covariancematrix
Consequentlythe incrementalcovariancematrix A(t) d¢ of

theWienerincrementdw(t) is givenb (2)
(0 1sgivenby QEEwmvim =9 0 ). @9
A a2 (t) 0 0 a5
A(t)dt = Edw(t)dw’ (t) = ( el > )dt. (25)
0 o B.4 Kalmanfilter algorithm
B.2 Thediscretetime model Assumingthe statespacemodel (26)-(33) describeghe true

systemcorrectly the Kalmanfilter providesthe optimal mean-
squarecerrorestimatex(k|k) andtheone-stepredictionk (k +
1|k) accordingto

The utilization of the marking phenomenonj.e. emitting
electricalimpulseseriodicallyandmeasuringhelateng of the
evokedAPs,maybeinterpretecasasamplingof the(continuous

time) lateng of the excited unitswith a samplinginterval equal y(k) = y(k) — Hx(k|k — 1) (34)
to theperiodof theemittedstimuli. Thetime differencebetween S(k) = HP(k[k - )HT + Q (35)
the emissionof theimpulseandthe detectionof the evoked AP - 2

of a particularC-unit is thena measuremenof the currentla- Ks(k) = P(klk—1)H"S™'(k) (36)
teng of this unit. Any additionalAPs manifestthemselesby x(k|k) = x(klk—1) +Ks(k)y(k) (37)
increasedime differencesorrespondindgo anincreasedC-unit %(k + 1|k) = Fx(k|k) (38)
latengy in accordancevith the markingphenomenort? P(klk) = (I— K (k)H)P(k[k—1) (39)

10 o . . . . B

Axe () £ Gt wherea(?) 5 amo-dmvensionabontindeudime whis noise P(k+1[k) = FP(kRF" + Qu(k) (40)
process.

11The “sampling” impulsesdo, of coursejncreasethe lateng in exactlythe Wherel is the3|3 identity matrix, y (k) is themeasuremergre-
sameway asotherstimuli thatevoke APs. Thelateny will stabilizeatanequi- diction error, calledthe innovation, and Kf (k) is the Kalman
librium, however, wherethe lateny increaseandthe unit recovery will cancel
eachother Therefore these*sampling” effects may be incorporatednto the 12|n equation(29), the entity dw (kT + 7) may be interpretedase(kT +
steadystatelateny yo. 7)d7, wheree(t) is atwo-dimensionatontinuousiime white noiseprocess.
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filter gain. The3|3 matrix P (k|k), P(k + 1|k), andthe2|2 ma-
trix S(k) arethe filter error, the one-steppredictionerror, and
the measuremenpredictionerror covariancematrices,respec-
tively. They aredefinedas

%(k+1|k) £ x(k+1) — x(k + 1|k) (41)
P(k+ilk) £ Ex(k +ilk)xT(k +ilk), i=0,1(42)
S(k) £ Ey(k)37 (k). (43)

B.5 Initiation

Beforethe useof therecursion(36)-(40),initial estimatef
the stateand its covariancematrix needto be found. An LS
estimateusingtwo measurements presentedn AppendixD.

B.6 Consisteng

Despitethe robustnesgin termsof the MSE) of the Kalman
filter, it could be well worth the effort checkingthe consisteng
of thefilter. The consisteng analysisasdescribedn [20] pro-
videsa goodinsight thatis valuablewhenderiving andtuning
thefilter model. For the Kalmanfilter to provide consistenes-
timates thefollowing conditionshave to befulfilled:

1. Thefilter is unbiasedi.e. the stateerrorsarezeromean.

2. Thefilter calculatedcovariancematricesareequalto the co-
variancematricesof the actualstateandmeasuremerdrrors.
3. Theinnovationsarezeromeanandwhite.

4. Theinitial stateandits covariancematrix aresetto their ex-
pectations.

V. PARAMETER ESTIMATION
Themodelfunctiony (#) andthedatay aredefinedby

7(0) = (51(ko,0) ... Ga(kn-1,0))"  (44)
vy = (ko) ... yi(knor))” (45)
71(k,0) = yo+ Ae~*k=k)T ¢ K (46)
02 (ay A (47)

K 2 {ko, ki, ..., kn_1} (48)

wherejy; (k, 0) is aparametrizednodelof thelateng definedin
accordancavith theassumedime courseof thelateng in (17).
Eachelementy; (k;) is the measuredateny (the first element
of the measuremenvtector y(k;)) of the AP assignedo this
trackin tracenumberk;. ThesetK containsall tracenumbers
for which an AP hasbeenassignedo this trackand N is the
numberof assignments.

Thesetof (nonlinear)regressiorequationsnay thenbewrit-
ten

y=5(0) +¢ (49)

wheree is an N-dimensionaresidualcolumnvector This sys-
tem of equationss solvedto find the parameteestimatef) that
minimizesthe squaredsumof theresiduale.

In themodel(46) the parametery entersonlinearly whereas
thetwo parameterg, and A enterinearly. Theparameteris es-
timatedby aniterative methodin whichthenonlineartermis es-
timatedusingthesimplex method24] [25]. For eachstepin the

simplex algorithm, the two linear termsare estimatedthrough
the leastsquareamethodandthe error norm is returned. The
simplex methodthusseekghe parameter through

. R ~ 12
& = argmgn Z ‘y1(k) —y1(k, algo, A) (50)

keEK

The two lineartermsg, and A are estimatedwith the least
squaresnethodby solvingthe over-determinedystemof equa-

tions
Jiin(a) (ZE ) =

wheredJ,;,, is found by derving the Jacobian26] of the para-
metrizedmodel. The Jacobiaris definedby

(51)

A 0 _ .
J(O) = WY(O) = (Ja(a,A) J“n(a)) (52)
0
—(ky — ko) T Ae—o(k1—ko)T
JalonA) = : (53)
—(kn_1 — ko)T Ae—(kn—1—ko)T
1 1
1 e_a(kl—ko)T
i e_a(kN.—1—ko)T

Theinitial valueof therecovery constanty is setto the slope
coeficientof thelinearregressiorof thedata’®

In [27], confidencentervals of the estimatesare derived for
a parametrizedrector function y (6y) where@, representshe
true parametewector Givena parameteestimateé andsome
scalarfunction ¢(8), a confidenceinterval I, with confidence
level 1 — p of thescalarg(8,) is'*

I, = {#(0) | P(¢(6o) € I,) =1 —p} (55)
= [¢(é) tin 31-p2V Sz‘i)c‘i’T] (56)

= (JT(é)J(é))A (57)

p 2 0

$ = 80T¢(0) s (58)

# = s (v-90) (-50) 9

wheret y_3,1_p,/» denotesheupperl —p/2 critical pointof the
t-distribution with N — 3 degreesof freedom. The confidence
interval of the estimatess thuscalculatedas

Izgyo) = o T tn_s1-p/2V 5% (60)
IIEA) = A+ tN-3;1-p/2V 82C22 (61)
Iz(;a) = GFty_31-p/2V 533 (62)

13 Thisresultsin agoodinitial estimatefor short(with respecto therecosery
constant)datasets,but hasthe dravback of yielding worseestimatesor long
datasets.

14 Note thatthe matrix C may be badly conditionedandthat the columnsin
J(8) couldneedarescaling.
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Fig. 6. The estimateddetectionprobabilitiesasa resultof 1000Monte Carlo
simulationswheretwo actionpotentialswith differentlatenciesaredetected
(mo = 1) at differentsignal-to-noiseratios, -20 dB (dotted),0 dB (dash
dotted),10dB (dashed)and20 dB (solid). Thedetectionassignmentaere
madein favor of thefirst AP (left). For smalllateny differencesthe APs
may not be resoled andthe detectionprobability of the secondAP (right)
dropsto zero.Thisresultsuggestshatthe MF detectiorresolutionis 0.4ms.

whereé;; arethediagonalelementof Cin (57). Unfortunately
thetheoryis valid only asymptoticallyandtheabove confidence
intervals are too large for the relatively short track sgments
usedin theapplicationat hand.

VI. SIMULATION RESULTS

Below, simulationsarepresentedor the matchedilter asits
propertiesareessentiato thetuning of the Kalmanfilter andaf-
fectthetuningof theMHT algorithm. The consisteng analysis
of the Kalmanfilter is not includeddueto its limited valueto
the presentatiorof this paper It is, however, animportanttool
whentuningthe Kalmanfilter, seeSectionVII-B.1 and[20] for
details.

A. Thematdedfilter detector

Throughouthesimulationsof thematchedilter, L000Monte
Carlorunsweredonewith thedetectiorthresholdsettomg = 1.

A.1 Resolution

An importantpropertyof the MF detectotis its resolutionca-
pability becausehis is a termin the false-taget intensity pa-
rameterof the tracker. Moreover, the resolutioncharacteristics
influenceghenecessarMHT performanceon crossingtracks.

To estimatethe detectionprobabilityasafunctionof thetime
differencebetweentwo close APs, the numberof detections
within aninterval centerecaroundthe expecteddetectionpoint
were calculated. The length of the interval was a third of the
width of the main peakin the auto-correlatiorfunction of the
signaltemplate(0.3 ms).

If severaldetectionsveremadewithin theinterval, thedetec-
tion time closestto the one expectedwas chosen. If, at small
time differencesthetwo APscompetedor the samedetection,
thedetectioncountwasassignedo thefirst AP.

Fig. 6 shavs thedetectionprobability of two crossingtargets
at differentSNRs. As expected the detectionprobability of the
secondAP decreaseso zero for small time differences. The
detectionprobability of the first AP increasesnstead,because
the APs addandinterfereconstructvely. Surprisingly thereis
a dip in the detectionprobability between0.2 ms and 0.4 ms
(for both APs) wherethe two APs interferedestructvely with
oneanother Fromthis, we concludethat the tracker shouldbe
robust with respectto changesn the detectionprobability at
trackcrossingslf not, tracksmaybelost or swapped.

For the high SNR case(20 dB), the detectionprobability of
the secondAP is unity for large time differencesand drops
sharplyto zero whenthe time differenceis lessthan 0.4 ms.
This suggestshatthe detectiorresolutionof the MF detectoris

[ms.

A.2 Detectionandfalsealarmprobability

Ay = 0.4 (63)

In several of the equationsconstitutingthe MHT algorithm,
the detectionandfalsealarm probabilitiesare key parameters.
Theoreticalexpressionsverepresentedn Sectionlll-B assum-
ing the positionof the signalis known, i.e. the MF only detects
whetherthe signalis presentnotwheriit is.

This assumptionhowever, doesnot hold in this application.
Insteadwheneerthe MF outputpeaksandexceedghe current
threshold,a signalis assumedo be presentat the peakloca-
tion. This may make a differenceto the theoreticallycalculated
probabilities,andin this section,the detectionandfalsealarm
probabilitiesare estimatedas functionsof the SNR levels and
comparedo thetheoreticalvalues.

Thesimulationresultsin Fig. 7 shav thattheestimatedietec-
tion andfalsealarmprobabilitiesarewithin the 95%confidence
intervals exceptfor the detectionprobabilityat low SNRs.This
discrepang is expectecbecaus¢heimplementatiorabovetakes
adwantageof the correlationin the MF output. For example,if
theMF outputattheexpectedateng is justbelow thethreshold,
it may be above the thresholdin a neighboringsamplewherea
detectionwould be reported. Thus,the actualdetectionproba-
bility is increasecdcomparedwith the theoreticalvaluefor low
SNRlevels.

Whencalculatingthe falsealarm probability, the correlation
of the MF outputhasto be considered.Experiencenasshavn
that the falsealarm probability Pr4 may successfullybe esti-
matedthrough

~

AN Alat
FA ~F

~ N 2L

(64)

wheren is thenumberof erroneousletectionsV is thenumber
of MonteCarloruns,andL is thelengthof theinterval.

A.3 Accuragy

To tunetheKalmanfilter properly, it is importantto know the
varianceof the latengy measurements.e. the accurag of the
MF detector

As statedin Sectionlll-E, the latengy is found by search-
ing for peaksin the MF output. Becausethe APs are unsyn-
chronouslysampledcontinuoustime signals,the peaksin the
MF outputarealsounsynchronouso, andnot alignedwith, the
samplinginstants.Moreover, the varianceof the lateng is ex-
pectedto be just a few samplingperiodsandsothe samplepe-
riod quantizatiormaynotbe neglected.

Becauseof this, the resolutionof the latenyy measurements
hasto beincreasedeforeestimatingthe lateng variance.For
this, it was consideredsufiicient to oversamplehe MF output
10 times (interpolation). Also, the MF impulseresponsevas
first shiftedafractionof asampleperiodto locateits “time con-
tinuouspeak”at a sampleinstant. Whenviewing histogramsof
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Fig. 7. The figure shavs the estimateddetectionand false alarm probabili-
tiesfrom 1000Monte Carlosimulationsasa functionof the SNR. Thethe-
oretical valuesare shavn (dotted)aswell asthe 95% confidenceregions
(dashed).As clearly shavn, the resultscorrespondwell to the theoretical
probabilitiesexceptfor the detectionprobabilityatlow SNRlevels. By tak-
ing adwantageof the MF outputcorrelation,the MF detectorincreaseshe
resultingdetectionprobability slightly. The MF thresholdusedis mg = 1.
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Fig. 8. Thefigureshavstheestimated/ariance(solid) of thedetectiorlatencies
from 1000Monte Carlosimulationsvherethe MF outputhasbeenoversam-
pledtentimesprior to thedetection.For decreasingNRIlevels,thevariance
increasesisymptoticallytowardsthe varianceof a uniformdistribution over
thedetectionintenal (dashed).

thelateng errors,it seemedeasonabldor high SNRlevels,to
assumehatthey wereGaussiarandzeromean.

As Fig. 8 shows, the varianceis small for high SNRsand
increasesvhenthe SNR decreasesAs expected,the variance
approachethe varianceof a uniform distribution over the sim-
ulatedinterval.

VIlI. EXPERIMENTAL RESULTS

As statedin theintroduction,the objective of the application
is to detectlow amplitudeactionpotentials,combinetheminto
tracks,andestimatethe lateng shift parametersindthe recov-
ery constants.

In this section the performancef thesethreestepswvhenap-
pliedtorealrecordingfrom humansubjectss illustrated.First,
it is madeclearthatthe MF outputhasan improved detection
capability comparedo the original recording. Following that,
the performanceof the MHT tracker is illustratedin two differ-
entscenariospnesimplerandoneharder Finally, theestimated
parameter®f one of the active units found by the tracker are
given.

450 460 470
Latency [ms]

440

Fig. 9. Theoutputof the matchedilter (top) whenappliedon a partof scan5
in the recordingin Fig. 11 (bottom). With the samethresholdsetting,four
detectionsarereported(+). Notealsothe 50 Hz humin therecordeddata.

A. Thematdedfilter

Previously, a non-linearfilter wasused[28] to aid the detec-
tion of the APsin noisyrecordeddata.lt is calleda“noise-cut”
filter, becauseét amplifiesonly the partof a signalthatis above
a certainmagnitudeandthusremovesthe middle, noisy portion
of thesignal.

The noise-cuffilter works well for larger spikes, but hasthe
drawbackof not beingusefulwhenthe APs areof the sameor-
der of magnitudeasthat of the noiseitself. To achieve better
performancethe matchedfilter hasto detectAPs of the same
magnitudeasthenoise.

In Fig. 9 a partof thefifth scanin Fig. 11is shovn. As may
be seenfrom Fig. 9, the matchedfilter outputis animprove-
mentto the original data.With thedetectiongrom severalscans
(seeFig. 11), it may be concludedhatthe four reportedpeaks
(markedwith +) couldcorrespondo four AP detectionsandthat
eventhe low amplitudeAPs s detectedwvithout decreasinghe
detectionthresholddown to the noiselevel.

FromFig. 9 it is clearthat a notchfilter mustbe usedto re-
move the 50 Hz humin orderto avoid a biasednoisevariance
estimatg(15).

B. Multiple hypothesetradking

Themostcritical partof the overall systemis the tracking of
thedifferentC-units. For this applicationto be useful,the num-
ber of trackingerrorshasto be small. Someerrorsareallowed
becauserroneousssignmentmaybecorrectednanuallyprior
to the statisticalanalysis.

B.1 A two unitrecording

This basic example involves two well-separatedinits, one
with high andonewith low amplitude,seeFig. 10. First, both
unitsareinactive andtheirlatenciesareconstanatabout303ms
and360ms,respectiely. At scanl3, the high amplitudeunit is
activatedby a mechanicastimulusandits lateng increasesira-
matically Thelateny thenslowly recoversto the level before
theactivation.

As shown in Fig. 10, the algorithmis ableto trackall of the
APs originating from the high amplitudeunit and mostof the

Personaluseof this materialis permitted.However, permissiorto reprint/republishthis material for advertisingor promotionalpurposesor for creatingnew collectiveworksfor resale
or redistribution to servesor lists, or to reuseany copyrightedcomponenbof thiswork in otherworksmustbe obtainedfromthe IEEE.



PARTS OF THIS WORK HAS BEEN SUBMITTED TO THE IEEE FORPOSSIBLEPUBLICATION. COPYRIGHTMAY BE TRANSFERREDWITHOUT NOTICE, AFTERWHICH THIS VERSIONWILL BE SUPERSEDED. 10

320 330 340 350 360
Latency [ms]

290 300 310

20

iy
[$))
T
X

F peak value

M
=
=}

é90 300 310 320 330 340 350 360
Latency [ms]

Fig. 10. Thefigureshaws the confirmedtracksof the tracker whenappliedto thetwo C-fiberunit recordingin Fig. 1. Thetwo perspectiesshav thetime course
of thelatencieof theunits(left) andtheamplitudeinformationof the detectedAPswherethedifferencebetweerthetwo unitsis clearlyseen(right). The APs
with anMF peakoutputabove 11 (dash-dottedright) aremarked (x). For commentnthetwo marked APsin tracel3 and14, seethetext.

APs originating from the low amplitudeunit. The detection
thresholds setto my = 5. Notethatthetrack of thelow ampli-
tudeunit is not lost eventhoughits SNRis only slightly above
thenoiselevel.

Notealsothetwo hig amplitudeAP detectionsn tracel3and
14 notassignedo ary track. They probablyoriginatefrom the
high amplitudeunit, but becausehey are found in the traces
directly after activation of the unit, it is not clearwhetherthey
correspondo the electricalimpulses the mechanicaktimulus,
or somespuriousaftereffectsof themechanicaktimulus.

If only thehighamplitudeunitis of interestthetrackingmay
be simplified by choosinga higherthreshold.For example,us-
ing my = 11, only thex-marked APsin thediagramf Fig. 10
would be detectecandprocessed.

The goodresultdespitethe low thresholds a strengththatis
importantin morecomple situations.

To tunethe Kalmanfilter settingsappropriatelythe parame-
tersof the active unit’s recovery trajectorywere estimatedsee
Tablel. Usingthe consisteng analysisdescribedn SectionlV-
B.6 and[20], the Kalmanfilter wassubjectiely tunedto give as
consistenestimatesaspossible.The choserparametersvere

a = 0.0375 [ms!] B = 0.05 [ms!]
o2 = 2-107° ms'] ¢? = 0.05 [me]

2 -7 1 (2) (65)
o;, = 10 [ms] gy =1

Bo = 3

Notethatqﬁ) wasselectedargerthanthevarianceof theresid-
ualsin Tablel. This partly accountdor thenon-Gaussianesid-
ualsandimprovesthe consisteng somavhat. Notethatthefilter
is still notconsistenwith thedata. Thisis, however, thebestwe
may expectwithout reworking the Kalmanfilter.

B.2 A multi-unit recording

A morecomplec andmorerealisticexamplewill now bepre-
sented,where several C-units are recordedand have crossing
trajectories.Several of the units areinactive duringtherecord-
ing, and one of the units (drawn with a thick line) is strongly
activatedbetweerscanll andscanl?2, seeFig. 11. Moreover,
therearetwo spontaneouslgctive sympatheticC-unitsthatmay
berecognizedy their moreirregularbehaior.

It is evident from Fig. 11 that a good trackingresultis ob-
tainedfor the activatedunit aswell asfor the inactive ones.In
this example,no parameteestimationwasdoneto tunethe al-
gorithms. Instead the algorithmparameterareidenticalto the
onesusedin the previousexample.

Moreover, the importance of the amplitude information
shouldbe obvious as the lateng trajectory of the active unit
crosseghetwo sympathetianits, but their amplitudediffer.

Notealsothetracker'sability to discriminatebetweerthetwo
tracksat about440ms (trace20-30)despitetheir closenesand
low SNRIevels.

Note, finally, thelost track betweertrace45 and46 (lateng/
440ms). This trackingerror may, however, be correctedby the
operatombeforethe parameteestimationis done.

C. Parameterestimation

Fitting an exponentialcurve to the active unit’s trajectoryin
Fig. 10 resultsin the parameteiand confidenceintervals pre-
sentedn Tablel. As statedin SectionV, the confidencdnter
valsaretoo large. With thisin mind, the relatively small confi-
denceintervals presentedn thetablesuggesthatthe parameter
estimationprocedurds accurate.

TABLE |
PARAMETER ESTIMATION OF THE ACTIVE UNIT IN FIG. 10. NOTE THAT
THE RESIDUALSARE NEITHER WHITE NOR GAUSSIAN.

Parameter || Value Contf interval
yo [ms] | 305.4 | [305.1,305.7]
A [ms] 19.44 || [19.06,19.82]
a [ms~!] || 0.0390 || [0.0369,0.0411]
s [ms?] || 0.026 N/A

VIII. DISCUSSION

An applicationof matchedfiltering and multiple hypothesis
trackingappliedto humannene C-fiber action potentialswas
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Fig.11. A resultof thecurrentalgorithmwhereseveralunitswererecordedwith crossingrajectories Boththetime course(topleft) andtheamplitudeinformation
(top right) of the detectedAPsareshavn. Thetrackingresultis includedandthe actvatedunit is marked with a thick line (bottomleft andbottomright). The

methodhandlescrossingrackswell becausehe amplitudeof the APsdiffer.

presentedTheobjective of theapplicationwasto quantitatizely
estimateconductionlateng shifts and post-stimulusrecovery
constant®f humannerve C-fibers.

The APswere successfullydetectedby meansof a matched
filter constitutingan optimal ML-CFAR detector Even APs
with amplitudesof the sameorder of magnitudeas the peaks
of thenoiseweredetectectorrectly

The discriminationbetweenAPs originating from different
C-fiberswascarriedoutusingthe MHT methodasdescribedn
[13]. Only someminor changeswvereintroducedto adaptthe
methodto the applicationdescribed.The resultscorresponded
well with whatanexperiencedghysicianwould considerto bea
“correct” result.

Onesetof thetwo desiredparameterdateng shiftandrecov-
ery constantwere estimatedrom a tracked recovery usingan
exponentialdecaymodel. A goodfit wasfoundthrougha com-
bination of the simplex methodand the leastsquaresnethod.
Using non-linear statistics,confidenceintervals were derived
and presented. The residualswere small and the exponential
curve correspondedvell with therecovery.

In spite of the good performancesomeminor aspectsould
still beimproved. In the matchedilter derivation, for example,
the noisewasassumedo be white. As this is notthe case the
colorof thenoiseshouldhave beenconsideredvhenthe MF im-
pulseresponsavastuned. Despitethis deficiengy, the matched
filter detectorhasshown to performwell for non-white noise
recordingsaswell asto berobustto awide rangeof AP shapes.

The mostobviousdrawbackof the MHT algorithmis its ex-
haustve computationabnd storagerequirements.In the cases
consideredofar, theserequirementhave, however, not beena
limiting factor If they were,thetrackorientedVIHT implemen-
tation could be usedasits computationaland storagerequire-
mentsarelessexhaustve [29] [30].

Thereasorfor choosinghe MHT methodin spiteof its com-
plexity is thatit is consideredo be one of the besttracking
methodsregardingto performance.Other methodshave vari-
ous shortcomingsfor example, the low track maintenanceof
the nearesineighbor(NN) associatiormethod,andthe typical
track switchingbehavior of the joint probabilisticdataassocia-
tion (JPDA) methodarenot acceptablgl6].

Anotherdravback of the currentimplementationis its sen-
sitivity to errorsin the modelparameter: thatrepresentsan a
priori value of the recovery time constantof the lateng. It is
reasonabléo believe, however, thatintroducingrobustfiltering
methods[31] [32] or replacingthe Kalman predictorwith an
MM-basedpredictor the filtering could be madelesssensitve
to differencedn the recovery constant.Implementingthe MM
approactwould probablybethe moststraight-forward,because
thenumberof obsenationsto initiate thepredictorcouldbekept
low. Otherwise someiterativeinitiation procedurevould prob-
ably haveto beincluded.

The parameterestimation residuals, finally, were neither

Gaussiamor white due to model errorsin the model. Also,
the estimatedconfidenceintervals of the parametergstimated
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werelargerthanthe true confidencentervals (not shawvn in the

paper).To improve onthemodelerrorsin theparameteestima-
tion, onecouldfit anexponentiafunctionwith two exponential
terms. By doing so, animprovedresultin termsof the model

errorsis obtained. However, the alreadyoversizedconfidence
intervals becomeevenlarger;too large to be useful. Thesede-

ficienciesexist becausahe parameteestimationis basedon a

theorythatis only asymptoticallycorrectandbecause¢hetrajec-

tory lengthsconsideredn this type of applicationaretoo short
in thisregard.

To furtherimprove the performanceof the algorithm, future
work shouldinclude a noise covariancematrix estimatorand
an MM-basedtarget predictor If possible,a bettermodel of
thelateng recoverytogethemwith amoreappropriatestatistical
analysisof the parameteestimationwould be valuable.

To sumup, the goal of simplifying andimproving the effi-
cieng of theanalysisof thehumannerne C-fiberrecordingshas
beenreached. The computerapplicationdevelopedbasedon
this paperhasalreadyshown to be usefulto the researchheam.
In the practicalcasesconsideredsofar, the overall performance
of theapplicationhasbeenpromising.
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APPENDIX
A. THE MATCHED FILTER FOR COLORED NOISE

In casesvherethecolorof thenoisemaynotbenegglectedthe
optimal impulseresponseand the output SNR of the matched
filter shouldbereplacedy

—1
Rons
17
J—
\/sTRyys

whereR.,,,, is the p|p covariancematrix of the noisen(t), see

(5).

B. MHT PARAMETER AND ALGORITHM SPECIFICS

h, = SNRms =7*s" R s (66)

For theinterestedeaderthe MHT parametesettingsusedin
this paperarelistedin Tablell.

Since the detectionprobability Pp may changeduring the
experiment,it is estimatedusingtherecursion

I
>

(1= Apy)Pp(k — 1) + Ap, Pp (k)
1 — ®(mo — cE x(k|k)), k> ko

(67)
(68)

5 4
where)p, is aforgettingfactorandc? is the secondow in the
measuremenmnatrix H. This estimatehas,however, a positive
biasfor small APsasthe MF outputvaluesbelow thethreshold
do not contritute. The biasmay be calculatedandthe estimate

12

TABLE Il
MHT PARAMETERS

Description Parameter Value
A priori det. proh Pp(ko) 0.6
Min det. prob Pp . min 0.5
Max det. proh PD max 0.9999
Forgettingfactor APy 0.1
New targetintensity BNT [ms—1] 10-7
Falsetargetintensity Brr [ms=1] | 2.5-105
Gatesize G 12
Deletionscore Ly 0
Deletionmisscount Nge 3
Confirmationscore L conf 6
Rootnodedepth Nprune 3
Max # hypotheses Nrmaz 16
Lat. process/ariance o2, [ms~1] 2.10~5
Ampl. processariance | o2, [ms—1] 10-7
Processoiseconstant | Sp 3
Processoisedecay B1 0.05
Lat. meas.variance qul) [ms?] 0.05
Ampl. measvariance qﬁ) 1
Max lat. derivative y% 3
Recwery constant o’ [ms—1] 0.0375
Stimulationperiod T [ms] 4

corrected,but it is believed to be of smallimportance(to the
trackingresult)andis thereforenot considered.

The actualdetectionprobability, from the tracker’s perspec-
tive,is themutualprobabilityof theMF detectiorandthegating.
Normally, only large gatesareinterestingandthe effect of the
gatingis consequentlygylected.

Following [29], thetradk scole may be calculatedecursvely
as

Li(k) = Li(k—1)+ ALi(k), k>ko+1 (69)
In(1 - Pp), notupdated
In |:5FT2W\/|ST:| dz’la Updated
Li(kg) = In [1 + /Bﬂ] -
BFr
Bt Py 2

wherefrr andfgnr arethefalsealarmandthe new sourceden-
sity, respectiely, andd?, is the normalizeddistancefor the ith

obsenation of tracki. As the trackingfilter needsone update
(two obsenations)toinitialize, all potentiatrackswith amissed
detectionarerejected. This resultsin a simplified scorecalcu-
lation of tentative tracksas given (72). Also, experiencehas
shawvn that betterperformances achiered whenln d, is used
insteadof only d2, . This givesa slight preferenceo trackswith
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astablelateng.
Usingthetrack score the hypothesiscoreat scank may be
written

L(k) = Zk: Li(k) + L (73)

whereL; (k) is thetrackscore, L is theresidualhypothesiscoe
dueto tracktermination,andny, is thenumberof targets(tracks)
associateavith this hypothesisat scank.

C. DERIVATION OF THE DISCRETE TIME PROCESS NOISE
COVARIANCE MATRIX

Thecovariancematrix Q (k) of thesampledorocessoiseis

definedby (29) and (30). As dw(v) anddw(r) areindepen-

dentfor v # 7, we obtainthe expression(76) wherethe matrix
elementsy;;, andp;; aregivenby (77)-(79),and(80)-(83),re-
spectvely. The diagonalcovariancematrix A(kT') is given by
(25),andthediagonalmatricesX:(k¥T"), andX, aregivenby

100
S(kT) = [ 010 | o2 ePomPrlk=ko)T (84)
000
o2 0 0
So=1 0 o2 0 (85)
0 0 o2

€2

D. DERIVATION OF THE L S-ESTIMATES OF THE INITIAL
STATE VECTOR AND ITS COVARIANCE MATRIX

By direct iteration of the model (26)-(33) and assuminga
correctmodel, i.e. no processnoise, the LS-estimateof the
initial statevectorx(ky + 2|ko + 1) andits covariancematrix
P(k‘o + 2|k’0 + 1) is

. _ y(ko)
x(ko +2|ko + 1) = u(y(ko-(:-l)) (86)
P(ko +2lko +1) =
u(Q2 022)uT+Q(k +1) 87)
022 Q2 1o
u = Fo7o)'of  (89)

where0;; is ai|j dimensionalzero matrix and O; is the 4|3
partial obsenability matrix definedas[33]

A H
02 ().

If oneaccountdgor theprocessoise thefollowing matrix Qg
should(formally) beaddedo P (ko + 2|ko + 1)

(89)

U 2 FOT0,) 0T (OI?I3> (90)
Qo = (I —Uy)Qu(ko +1)(T —Up)T. (91)

The intermediatestatevector x (ko + 1|ko) andits “covari-
ance"matrix P (ko + 1|ko) areneededor the gatingof thefirst

candidataupdate put they maynotbeproperlycalculated Nev-
erthelesspracticalvalues,althoughad hoc, may be calculated
through

10
X(ko +1lko) = | 0 0 | y(ko) (92)
01
P, O
P+ 11k) = (o o2 ) (93)
(1) 7m\2
A 10 m,a.zT
P, = (00)% (94)
P22 S 2(153) (95)

Whereyﬁ,l,gz is the maximumlateng derivative that shouldbe
allowedin thegatingconditionandG is thegatesize.
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