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

Action potentials (APs) were recorded fr om C-fibers in the peroneal
nerve of awakehuman subjects.The APsweredetectedby a matchedfilter
constituting a maximum lik elihood constant false alarm rate (ML-CFAR)
detector.

Usingthe multiple hypothesistracking (MHT) method,the detectedAPs
(targets) in each trace (scan) were associatedto individual nerve fibers
(tracks) by their typical conduction latenciesin responseto electrical stim-
ulation. The measurementswereone-dimensional(rangeonly) and the APs
were spacedin time with intersecting trajectories. In general, the AP am-
plitude of eachC-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 decaywith thr ee
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, target tracking, MHT , multiple
hypothesistracking, parameter estimation,microneurography

I . INTRODUCTION�
MPROVING signalprocessingin a realworld applicationin
anareawheretraditionaltoolsareinadequateoftengenerates

many new challenges.We will heredescribesuchan applica-
tion, arisingfrom theneedto studythestimulus-responsechar-
acteristicsof peripheralunmyelinated(C-) fibersin humanskin
nerves. Key tools for thesolutionwereto be found in a seem-
ingly unrelatedarea,namelyradartrackingof multiple targets.

The action potentials (APs) of the C-axonsare recorded
througha thin needleelectrodeinsertedtranscutaneouslyinto
the nerve [1] [2]. The APs may be detectedas extracellular
spikes in this recording. Yet, the signal-to-noiseratio (SNR)
is ratherpoorandtheamplitudeof someAPsis of thesameor-
derof magnitudeasthepeaksof thenoise[3]. In suchsituations
specialmethodsarerequiredfor thedetection.

Neuronalactivity is evoked by applying sensorystimuli in
the skin area innervated by the fiber of interest. APs orig-
inating from other fibers, however, are also recordedby the
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electrode.1 Their presenceobstructsthe studyof the stimulus-
responsecharacteristicsconsiderablyasit is virtually impossible
to decidewhichAPsoriginatefrom thefiberof interest.

To overcomethisproblem,Hallin andTorebj̈ork introduceda
methodthatshowstheexcitationof aC-fiberby utilizing theso-
calledmarkingphenomenon[4]. Thephenomenonstemsfrom
the slight decreaseof a fiber’s conductionvelocity after an AP
hasbeenconducted.The conductionvelocity thenslowly re-
turnsto its initial value.

The principle of the methodis to apply a distinct stimulus
repetitively, at a low frequency (0.25Hz), into the innervation
territoryof theC-fiberunderstudy. For eachimpulse,onesingle
AP is evokedandappearsin therecordingafteracertainlatency
(Fig. 1, at 303 ms). To documentthe responsecharacteristics
of the C-fiber, a physiologicaltest stimulus(e.g. mechanical,
temperature,chemical)is appliedinto thereceptive field of the
fiber. If sucha stimulusgeneratesadditionalactionpotentials,
the conductionvelocity of the affectedfiber decreases.In this
case,the AP excited by the repetitive stimuli shows a notice-
ableincreasein latency (Fig. 1, trace13 to 40). This changein
latency is usedasa marker to indicatethat the C-unit hasre-
spondedto the appliedphysiologicalstimulus[5]. In addition,
thelatency increaseprovidesasemiquantitativeestimateof the
numberof APsthatweregeneratedby theteststimulus[6].

To enhancethe efficiency of theseexperiments,a computer-
supportedrecordingsystemis used[7]. For therepetitive stim-
uli, electricalimpulsesareusedbecausethey areboth distinct
andexcite all differentkindsof nerve fibers. The impulsesare
deliveredthroughneedleelectrodespositionedin the innerva-
tion areaof the fiber of interest. Often, several fibers areco-
activatedandrecordedsimultaneously, but dueto slight differ-
encesin conductionvelocity of the individual C-fibers,the ac-
tion potentialsarespacedin time in therecordedsignal(Fig. 1,
at 303 ms and360 ms). Using the markingphenomenon,it is
thus possibleto individually identify separateC-fibersand to
studytheir characteristiclatency responses.

In thehumanskinnerves,differenttypesof C-fibersexist [8].
Recently, it hasbecomeevident that the latency increase,due
to a particularnumberof impulses,andthetime courseof their
recoverydiffer in differentclassesof C-fibers[9]. Thisfindingis
intriguingbecauseit maypromotenew insightsinto differential
propertiesof membranesin differentC-fiberclassesin humans.

Previously, theanalysisof therecordedtraceswascarriedout
manually;a task that wasvery time consuming. Therefore,a�

Thesefibers could be either co-excited by the appliedstimuli or sponta-
neouslyactive.
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Fig. 1. The APs of two C-fiberswith latenciesof about303 ms and360 ms,
respectively, areshown. Theresponsesareexcitedby electricalstimuli de-
liveredat0.25Hz into theskin innervationterritoryof thefibers.Successive
responsesaredisplayedin tracesfrom top to bottom. At trace13, the left
unit is activatedin responseto a mechanicalstimulusleadingto a decrease
in the conductionvelocity, i.e. an increasein latency. Following this, the
conductionvelocity recoversgraduallyasindicatedby theAPsreturningto
the latency prior to the activation. The right unit doesnot respondto the
appliedstimuli andits latency is retainedthroughouttherecording.

computerprogramthat detectsthe actionpotentials,discrimi-
natesbetweenAPs originatingfrom differentC-fibers,andes-
timateslatency shiftsandrecovery constantsquantitatively has
beendeveloped[10].

In this paper, we will presenttheanalysisprogramwith em-
phasison thesignalprocessingalgorithmsused.Many of these
arebasedon previous algorithms[11] andareherefurther de-
velopedandanalyzed.

I I . ALGORITHM OVERVIEW

To study the characteristicsof the latency time course,two
major problemsneedto be solved: the detectionof actionpo-
tentialsin noisyrecordingsandthediscriminationof APsorigi-
natingfrom differentC-fibers.

Signaldetectionin noiseis a problemwith well-known solu-
tions[12] andimplementingtheAP detectoris straight-forward.
Thediscriminationproblem,on the otherhand,presentsan in-
terestingchallenge.Wehavefoundthatareliablealgorithmmay
bederivedby exploiting themarkingphenomenonandtracking
theAPsof a particularC-fiber in theresponsesto therepetitive
electricalstimulus,henceviewing thediscriminationproblemas
a targettrackingproblem.

Oncethetimecourseof thelatency correspondingto apartic-
ular C-fiberunit is isolated,a parametricmodelmaybefitted to
thedata.

By merging theseideas,we obtainanapproachthatanalyzes
theC-fiberrecordingsin threesteps,seeFig. 2:
1. Detection– Prior to any furtherprocessing,theactionpoten-
tials mustbedetected.In our implementation,this is doneby a
matchedfilter (MF).

Fig. 2. Sampleresultsfrom the threestepsof the algorithm. Left: the APs
aredetectedby theMF. Middle: theMHT algorithmis applied,resultingin
five tracks.Right: thefinal trajectoriesareobtainedby fitting a parametric
modelto thedata.

2. Tracking – Oncethe actionpotentialsaredetected,the dis-
criminationis carriedout. Althoughthediscriminationmaybe
easyfor anexperiencedanalyst,it is adifficult problemto solve
automaticallyusingacomputer. By regardingtheassignmentas
atargettrackingproblem,wesolveit usingthemultiplehypoth-
esistracking(MHT) method[13].
3. Parameter estimation – Following the tracking/discri-
minationstep,thesteady-statelatency, thelatency shift, andthe
recovery constantareestimatedby fitting the latency modelto
the data. Currently, we usethe simplex algorithmin combina-
tion with theleastsquaresmethod.

Thispaperisorganizedasadescriptionof thethreemainsteps
of thealgorithm.SectionIII describeshow thedetectionis done
andhow theoptimaldetectoris derived. SectionIV dealswith
thetrackingof theAPsusingtheMHT methodandKalmanfil-
tering,anddescribeshow theAP amplitudeis incorporatedinto
the trackingalgorithm. SectionV describesthe latency model
andthe parameterestimation. SectionVI presentsthe charac-
teristicsandperformanceof thealgorithmsthroughsimulations
andtheoreticalanalysis.Finally, SectionVII illustratestheper-
formanceof theapplicationon actualrecordingsobtainedfrom
awakehumansubjects.

I I I . TARGET DETECTION

Detectingsignalshiddenin high levelsof noiseis a delicate
task. If the signal is a memberof a setof signalswith known
shapesandif thecolor of thenoiseis known, thenmatchedfil-
teringconstitutesastandardsignalprocessingtechniquefor op-
timally enhancinganddetectingthesignal[12]. Althoughthese
assumptionsdonot fully applyin thisparticularapplication,the
performanceprovidedby theMF is still good.

A. Matchedfiltering

Let the recordeddiscretetime data �����	� be hypothesizedto
takeon oneof theforms
���
 �����	���������	� (1)


���
 �����	���������	���������	� (2)

where �����	� , �����	� , and �����	� constitutesamplesof the data,the
(deterministic)signal,andthe noise,respectively. They areall -dimensionalvectorsdefinedas�����	�"!�$#&% ���	�(')')' % ���+*  �-,.�0/21 (3)�����	�(!� #43 ���	�"')'2' 3 ���5*  �-,.� / 1 (4)�6���	�(!� #87 ���	�"')'2' 7 ���9*  �-,.� / 1 (5)
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where1 denotesthevectortranspose.It is now assumedthatthe
signal �����	� containswell-separatedactionpotentialsandthatthe
noise �����	� haszeromean.As theAPs aresimilar in shapebut
differ in amplitude,a  -dimensionaltemplate� andanamplitude: areintroducedto describeanAP presentin therecordingat a
particulartimeof detection�	;�����	;.�<� : ��' (6)

The objective is to determinewhetherthereis an actionpo-
tential � presentor not in the measurement�����	� . For a given
matchedfilter impulseresponse= !� #&> ��?�� > �	,.�(')'2' > �  *",.� / 1 (7)

andthefilter output@ ���	�<�BADC �E F8G � > ��HI� % ���5*JHI�K� = 1 �����	� (8)

the decisionthat the prescribedsignal template� is presentis
madewhenever

@ ���	;L� exceedsa given thresholdlevel

@ �
re-

sultingin a maximumlikelihood(ML) detector.
Assumingthenoiseto bewhite,theoptimalimpulseresponse=9M
of the MF andthe outputsignal-to-noiseratio NPORQ�SUT may

becalculatedin termsof theknownsignalvector � andthenoise
varianceVXW accordingto [12] [14]= M � �Y V W � 1 � (9)NPORQ�SUTZ� : WV W � 1 ��' (10)

Combining(6) and(8)-(10),we obtainsomeinterestingproper-
tiesof this matchedfilter, namely[ @ ��� ; ��� � 1Y V W � 1 � [ �\����� ; �]�^����� ; �_�� : � 1 �Y V W � 1 � �Z` NaObQbScT (11)[ed @ ���	;2�9* ` NaORQ ScTPf W � � 1 [ ������� ; �g� 1 ��� ; �_�I�V W � 1 �� VXW2� 1 �V W � 1 � �h, (12)

where
[

is theexpectationwith respectto �����	� . Theserelations
will beutilized below to estimatetheamplitude.

Whenthenoiseis not white,we proceedasdescribedin Ap-
pendixA.

B. Detectionperformance

Using(8) and(9), andassumingthat thenoise �����	� is Gaus-
sian, the MF output

@ ��� ; � is a stochasticvariable having a
Gaussiandistribution with meanasdescribedby (11) andwith
unit varianceasdescribedby (12). The falsealarmprobabilityi+jDk

andthedetectionprobability
i5l

maythusbecalculatedby
meansof thedecisionthreshold

@ �
usingtheGaussiandistribu-

tion densityfunction m��Ino� , seeFig. 3,i+jDk �p,q*�m�� @ � � (13)i+l �p,q*�m d @ � * ` NaORQ ScTPf ' (14)
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Fig. 3. This figure shows the probability densityfunctions(pdf:s) of the two
hypotheses.Under the hypothesisu<v , the datacontainszeromeannoise
only andthecorrespondingpdf is centeredaroundzero.Underthehypothe-
sis u � , theexpectationof theMF outputis equalto w xzy�{]|~} andthepdf
is centeredaroundthatvalue. Thefalsealarmprobability ���z� andthede-
tectionprobability ��� areequalto theareaundertheir respective pdf above
thedetectionthreshold��v , asshown in thefigure.

The false alarm probability
i+jDk

dependson the detection
threshold

@ �
only, meaningthattheMF detectorhasaconstant

falsealarmrate(CFAR). This is adesirabledetectorpropertyin
mostapplications.

C. Noisevarianceestimation

Becausethenoisevarianceis unknown andmaychangedur-
ing theexperiment,it hasto beestimatedfrom therecordeddata.
Therecordingsmay, however, alsocontainhumfrom thepower
supplyandsurroundingequipmentthat yield a bias if not ac-
countedfor. By first removing the hum, usinga notchfilter, a
simplevarianceestimatormaybeused.

Neglecting any APs andassumingthe noisevarianceto be
constantduringthetrace,theML estimateof thenoisevariance�VXW is calculatedusing the notcheddatasamples�q�����	� in one
traceof length O as �V W � ,O � C �E ��G � � W� ���	�z' (15)

This is still a biasedestimate,2 but the biasdecreasesasthe
width of the notch decreases.As most practicalcasesregard
a narrow notchfilter, theinfluenceof thebiasmaybeneglected
andisnotconsideredfurther. Of moreimportanceis thepossible
influenceof the actionpotentialspresentin the recordeddata.
It is known from experience,however, that they only slightly
contributeto thevarianceestimate.

UsingtheML estimate(15)of thenoisevariance,theimpulse
responseandtheSNRof thematchedfilter aregivenby (9) and
(10)with V exchangedby

�V .3

D. Tuning

Thebasicassumptionin deriving thematchedfilter is thatthe
signalto bedetectedis known in advance.Althoughthis is not
the casehere,it is known that the C-fiber actionpotentialsare
similar in shapeand differ mainly by a scalarfactor : . It is�

Noiseenergy is of courseremovedandsomehumenergy is still present.�
Introducingthe ML estimateof the varianceformally implies that a Kelly

test[14] shouldbeusedinsteadof thegeneralizedlikelihoodratio test(GLRT)
usedhere.Moreover, theMF outputthenhasat-distribution insteadof anormal
distribution. However, the numberof datapointsusedin the estimationsis so
largethattheseeffectshave anegligible effect on theresult.
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Fig. 4. Thetemplateof theC-fiberactionpotentialsto bedetected,i.e. thetime-
reversedimpulseresponseof thematchedfilter (left), andthecorresponding
Bodemagnitudeplot (right).

thuspossibleto useany alreadyrecordedactionpotentialasthe
template� to tunethematchedfilter.

To extract sucha templatefrom earlier recordings,several
tracesof goodquality are alignedandaveragedto reducethe
influenceof the noiseandthe backgroundactivity. Furtherre-
ductionof thedisturbancesin thefrequency regionwherenoAP
energy is expectedis accomplishedby low passfiltering theav-
eragedpotential.Fig. 4 shows theresultingsignaltemplateand
thecorrespondingBodeplot.

E. Actionpotentialdetection

The samplingfrequency usedis 31.25kHz andthe spectral
contentof the APs is concentratedto the frequency rangebe-
tween500 Hz and1500Hz. The matchedfilter constitutesan
optimizedbandpassfilter with passbandin this frequency range.
Thefilter outputis smoothandthetime instantswhereAPsare
presentmaybeobtainedusinga simplepeakfinding algorithm
thatreportsall peaksabovethegiventhreshold

@ �
.

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

IV. TARGET TRACKING

Oncetheactionpotentialsaredetected,theAPscorrespond-
ing to a particularC-fiber shouldbe groupedtogether. This
groupingcould be donein variousways. If the shapesof the
APs were different for different units, a bank of matchedfil-
terscouldbe usedfor the grouping,whereeachmatchedfilter
would thenbe individually optimizedto detectAPsoriginating
from oneof thefibersonly.

As mentionedin SectionIII, however, the actionpotentials
are similar in shapeso anothermethodhasto be used. Due
to different conductionvelocity in different units, the latency
containsinformationaboutwhich APsoriginatefrom thesame
unit.

An experiencedeyeeasilyexploits this informationin subse-
quenttracesandforms tracksof APsthatbelongto eachother.
We try to mimic this by solving the associationproblemasa
trackingproblem.

Althoughthetracksmaybefoundusingthelatency informa-
tion only, the trackingperformanceis improved if moreinfor-
mationis utilized. Despitethe differencein shapeis too small
to be useful in the discriminationof the APs, the amplitudeis
in generaldifferent for APs originating from differentC-fiber
units.4 For simplicity, thepeakvalueof thematchedfilter out-�

Thedifferencein amplitudeof differentC-fiberunitscouldbeexplainedby

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

To solve the trackingproblem,we have chosenthe multiple
hypothesistracking(MHT) method,outlinednext. An impor-
tant part of this methodis the target predictor. In the current
implementation,we usea Kalmanfilter for a modelderived in
SectionIV-B.

A. Multiple HypothesisTracking

Multiple hypothesistracking(MHT) [15] is recognizedasthe
theoreticallybestapproachto multitargettrackingproblems.In
applicationswith heavy clutter5 andhigh traffic densities,6 the
performanceof MHT is outstandingcomparedto othermethods,
e.g.nearestneighbor(NN) correlationor joint probabilisticdata
association(JPDA) [16]. Therefore,wechosetheMHT method
for thecurrentimplementation.

A completepresentationof the MHT methodis beyond the
scopeof this paper. However, sincethecurrentimplementation
is stronglyinfluencedby theonepresentedby Blackmanin [13],
interestedreadersaredirectedto this book. TheMHT parame-
tersusedandsomeof thefew “tweaks” to theoriginal work are
presentedin AppendixB.

TheMHT methodis a Bayesianprobabilisticapproachto the
trackingproblem. For eachscanin the recordeddata,the de-
tectedactionpotentialsarecollectedby thetrackingsystem.At
a giventime andwith a givensetof detectedactionpotentials,
thereareseveralplausiblewaysto combinetheAPsinto tracks.
Insteadof choosingonly the most probablepartitioning after
eachscan,the MHT methodgeneratesa numberof candidate
hypothesesto be evaluatedlater whenmoredataarereceived.
Thus,theprobabilityof choosingthecorrectpartitioningof 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 seenthat the latency is eitherconstantor (ap-
proximately)exponentiallydecreasing.Bothcasesmaybemod-
eledby anexponentialmodel.An expedientway to incorporate
this modelin thetrackingmethodis theuseof a Kalmanfilter,
presentedin SectionIV-B.

The drawbackof MHT is that the numberof computations
andthememoryrequirementsareextensive. In our application,
this is of lessconcernasthetrackingis performedoff-line. Fur-
thermore,therequirementsmaybeheldata reasonablelevel by
limiting thenumberof hypothesesevaluated.Thereareseveral
methodsavailablefor this,andthreeof them(gating,clustering,
andpruning)areusedhere. This techniqueworks well for the
presentapplication.

In Fig. 5 ablockdiagramof theMHT algorithmis presented.
For eachtrace, the controlling logic iteratesover the current

thedifferentdistancesbetweentherecordingelectrodeandthenerve fibers.�
Thetermclutter is usedfor detectionsthatareof no interestto theoperator

andthatoftendegradetheperformanceof thetrackingsystem.In radarsurveil-
lancecontexts, for example,clutter is primarily usedfor groundechoes.In our
context, clutterwouldbespuriousAPsandfalsedetectionsthatareuncorrelated
with otherAPs.�

In our case,high traffic densitiesmeansthat different C-fibershave very
similar latencies.
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Fig. 5. A block diagramof the MHT algorithm. Data flow is indicatedby
solid lines; thin for singledataandthick for multiple data. Control flow is
indicatedby dashedlineswhereasotherintimaterelationsareindicatedby
dottedlines.

track set. The track currently selectedis fed to the predictor
wheretheexpectedlatency andtheexpectedamplitudearecal-
culated. A gate is formedaroundthe predictionandall detec-
tions(in thecurrenttrace)thatfall outsidethegatearediscarded.
Thecurrenttrackandthegateddetectionsareusedby thetrack
generatorto both createupdatesof the track andto createen-
tirely new tracks. The tracksproducedby the track generator
arethenfed to thehypothesisgeneratoraswell asstoredfor use
whenprocessingthedetectionsof thenext trace.

At thesametimeasthecurrenttrackwasselected,thecontrol
logic alsoselectedall hypothesescontainingthat track. These
hypothesesareusedtogetherwith thegeneratedtracksto form
updatedhypotheses.The generatedhypothesesarethenstored
in thehypothesisstorage.

When the track iteration is completed,the scores7 of all
hypothesesare calculatedand usedto prune hypotheses(and
tracks)associatedwith alow score.Theprocessis thenrepeated
for thedetectionsin thenext trace.

NotethattheMHT algorithmdoesnotdependonaparticular
predictor. Thesamealgorithmmay, in principle,beusedfor any
trackingproblem.Only thepredictorneedsto bechanged.

Sincethe computationcomplexity grows exponentiallywith
the numberof tracks,the mosteffective way to reduceit is to
separatenon-interactinghypothesesinto independentclusters
[17] [15] (not shown in Fig. 5). Insteadof solving one large
tracking problem,a numberof smaller tracking problemsare
thensolvedseparately.

B. KalmanFilter

From the presentationabove, it is clear that fundamentalin
any tracking systemis the track predictionandfiltering. The�

The hypothesisscore is the logarithmof the a posterioriprobability of that
hypothesisbeingcorrectsoscaledthatanall-false-alarmhypothesishasa zero
score.

two majoralternative methodsusedtodayaretheKalmanfilter
[18] andthefilter basedon interactingmultiple models(IMM)
[19]. The IMM methodis an extensionof the multiple model
(MM) approach[20] [21] to handlemodelswitchingandoften
providesthe bestperformance.However, the IMM methodis
suboptimalandin theapplicationunderconsiderationnomodel
switchesoccur, whichsuggeststhattheMM methodwouldgive
the bestperformance. At present,the Kalman filter is used,
but extendingthis to anMM basedfiltering methodis straight-
forward,if required.8

As theprocessunderstudyis arealphysicalprocessassumed
to be working in continuoustime, a modelis basedon this as-
sumption.To incorporatesucha modelin thetrackingprocess,
a discretetime model is producedby samplingthe continuous
time model.Themeasurements,however, aremodeledasa dis-
cretetime processdirectly. Prior to thepresentationof thedis-
cretetime models,a descriptionof the underlyingcontinuous
timemodelwill begiven.

B.1 Thecontinuoustime model

FromFig. 1 it seemsreasonableto assumethatthemeasured
latency, denoted� � ���	� , maybemodeledby� � ���	� !�$�� � ���	�]�^�����	� (16)�� � ���	� !��� � ���R� Cc���z� � C � �	��� �6 "� � (17)

where �� � ���	� is the true but unknown latency, � � is the latency
at steadystate, � is the latency shift dueto stimulation, ¡ � is
therecovery coefficient, � � is thetime of excitation,and �����	� is
the residualor modelerror. By selectingthe true latency �� � ���	�
andits derivative ¢�� � ���	� asstatevariables,(17)maybewritten in
statespaceform as£ ¢�� � ���	�¤�� � ���	�¦¥ � £ ? ,?§*¨¡ � ¥ £ �� � ���	�¢�� � ���	�K¥ � �6 "� � (18)�� � ��� � ����� � ��� (19)¢�� � ��� � ���p*¨¡ � � (20)

which is an initial valueproblemwith (17) as its solution. It
is simpleto augmentthis deterministicstatespacemodelwith
anadditionalstatethatdescribestheactionpotentialamplitude
assumedto beconstant.

To accountfor errorsin theunknown parameter¡ � andslow
variationsin thelatency andtheAP amplitude,it is conventional
to addnoisetermsto the uncertainstates.9 The deterministic
continuoustime statespacemodel(18) augmentedwith theAP
amplitudeis thusreplacedby a stochasticcontinuoustime state©

In the MM approacha bank of predictionfilters, e.g. Kalman filters, are
mixedto cover abroaderrangeof targetmodels.UsingasingleKalmanfilter is
thereforeidenticalto aMM approachwith a singlemodel.ª

A thoroughpresentationof theseconceptsis givenin [20].
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spacemodel10«]¬+­ ���	����® ¬]­ ���	��¯P�]�B° «]± ���	� � �6 (� � (21)®²!� ³´ ? ,µ??§*¨¡¶?? ? ? ·¸ (22)°¹!� ³´ ?h?,º??§, ·¸ (23)

where
¬ ­ ���	� is thethree-dimensionalcontinuoustime statevec-

tor consistingof the latency �� � ���	� , its derivative ¢�� � ���	� , andthe
squareroot of the SNR at the matchedfilter output NPORQ�SUT
(equal to the true MF output, see(11)). The squareroot of
the SNR is usedbecauseit is proportionalto the amplitudeof
the actionpotentialdetectedandhasa direct relationwith the
matchedfilter peakvalue.Thetwo-dimensionalentity

«]± ���	� is
theWienerincrement[22] of a two-dimensionalWienerprocess± ���	� . The matrix ® is the statetransitionmatrix, in which ¡
shouldbe ascloseaspossibleto the true recovery coefficient¡ � . Note that thelimit ¡(�e? resultsin thecommonfirst order
whitenoiseaccelerationmodeldescribedin [20].

Becausethelatency modelingerrorsarelargestat thestartof
the decayandarealmostzeroat steadystate,the incremental
varianceof ¯�� � ���	� (thefirst elementof

«]± ���	� ) is definedasV W»	¼ ���	��¯P�(!� [ ��¯�� � ���	�	� W��V W»_¼ �	,����2½ � C ½ ¼ � � C � � � ��¯P� � �6 (� � (24)

where ¾ F aretuningparameters.This resultsin a processnoise
thatis highatonsetanddecreasesexponentiallyto its minimum.
Note that this affects the latency part of the systemonly. For
themodelingof theamplitudeestimate,a constantincremental
varianceV W»I¿ ¯�� is used.

Consequently, the incrementalcovariancematrix À����	��¯�� of
theWienerincrement

«5± ���	� is givenbyÀ����	��¯P�6!� [ «5± ���	� «]± 1 ���	��� £ VXW»_¼ ���	�Á?? VXW» ¿ ¥ ¯��z' (25)

B.2 Thediscretetimemodel

The utilization of the marking phenomenon,i.e. emitting
electricalimpulsesperiodicallyandmeasuringthelatency of the
evokedAPs,maybeinterpretedasasamplingof the(continuous
time) latency of theexcitedunitswith a samplinginterval equal
to theperiodof theemittedstimuli. Thetimedifferencebetween
theemissionof theimpulseandthedetectionof theevokedAP
of a particularC-unit is thena measurementof the currentla-
tency of this unit. Any additionalAPs manifestthemselvesby
increasedtimedifferencescorrespondingto anincreasedC-unit
latency in accordancewith themarkingphenomenon.11� v The stochasticdifferential equation(21) may be interpretedas ÂÃ�Ä�Å8Æ�ÇÉÈÊ Ã Ä Å8Æ�ÇzËbÌbÍaÅ8Æ�Ç , whereÍPÅÎÆ�Ç is atwo-dimensionalcontinuoustimewhitenoise
process.�g�

The“sampling” impulsesdo, of course,increasethe latency in exactly the
sameway asotherstimuli thatevoke APs.Thelatency will stabilizeat anequi-
librium, however, wherethe latency increaseandtheunit recovery will cancel
eachother. Therefore,these“sampling” effects may be incorporatedinto the
steadystatelatency Ï�v .

By samplingthecontinuoustimemodelweobtaintheprocess
modelin trace Ð¬ �0Ð��º,L�Ñ�ÓÒ ¬ �\Ð��5�^Ô � �\Ð�� � ÐÕ BÐ � !� � �Ö (26)¬ �\Ð�� !� ¬]­ �\Ð Ö � (27)Ò×!�Ó�LØ 1 � ³´ ,B¡ C � �I,¨*Ñ� Cc� 1 �J?? � CX� 1 ?? ? , ·¸ (28)Ô � �\Ð��(!�ÚÙ 1� � Ø � 1 CUÛ.� ° «5± �0Ð Ö ��Ü�� (29)Ý � �\Ð��(!� [ Ô � �0Ð��gÔ 1� �0Ð�� (30)

where
Ö

is the period of the repetitive electrical stimulation
and the transition matrix Ò describesthe discretetime sys-
tem dynamicsand is derived via the seriesexpansion� Ø 1 �Þ �B® Ö � �Wàß ��® Ö �IWq�á'2')' [23]. The three-dimensionalvectorÔ � �\Ð�� representsprocessnoise12 modeledaszero-mean,white-
noiseGaussianprocesseswith covariancematrix

Ý � �\Ð�� derived
in AppendixC.

B.3 Measurementmodel

Themeasurementmodeldescribeshow themeasurementsare
collectedandis definedasâ �\Ð��(��ã ¬ �\Ð��]�^Ô W �\Ð�� (31)ã !� £ ,º?á??h?ä, ¥ (32)

where â �\Ð�� is a two-dimensionalmeasurementvectorcontain-
ing the latency and the matchedfilter peakoutput. The two-
dimensionalvector Ô W �\Ð�� is themeasurementnoise,modeledas
independentzero-meanwhite-noiseGaussianprocesseswith a
known constantå�æ å covariancematrixÝ W !� [ Ô W �0Ð��gÔ 1W �0Ð��<�èçêé � W ��_� ?? é � W �WëW�ì ' (33)

B.4 Kalmanfilter algorithm

Assumingthe statespacemodel(26)-(33)describesthe true
systemcorrectly, the Kalmanfilter providesthe optimalmean-
squarederrorestimate

�¬ �0Ð�æ Ð�� andtheone-stepprediction
�¬ �0ÐK�,�æ Ð�� accordingtoíâ �\Ð���� â �\Ð��K*Jã �¬ �0Ð�æ Ð�*(,L� (34)î �\Ð�����ãðïÚ�\Ð�æ Ð�*(,L�Iã 1 � Ý W (35)ñ T��\Ð�����ïÚ�\Ð�æ Ð�*(,L�Iã 1 î C � �\Ð�� (36)�¬ �\Ð]æ Ð���� �¬ �\Ð�æ Ðò*(,L�]� ñ T��\Ð�� íâ �\Ð�� (37)�¬ �0Ð��º,~æ Ð��Ñ��Ò �¬ �\Ð�æ Ð�� (38)ïÚ�\Ð]æ Ð����ó� Þ * ñ T �0Ð��Iãô�	ïÚ�\Ð�æ Ð�*(,L� (39)ïÚ�0Ð��º,~æ Ð��Ñ��ÒqïÚ�\Ð�æ Ð��IÒ 1 � Ý � �0Ð�� (40)

where
Þ

is the õUæ õ identitymatrix,

íâ �\Ð�� is themeasurementpre-
diction error, called the innovation, and

ñ T �0Ð�� is the Kalman�\�
In equation(29), the entity ö~÷ Å&ø2ùêËêúaÇ may be interpretedas ÍaÅ&ø)ùûËúaÇ�üzú , whereÍaÅ8Æ�Ç is a two-dimensionalcontinuoustimewhitenoiseprocess.
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filter gain.The õUæ õ matrix ïÚ�0Ð�æ Ð�� , ïÚ�0ÐÉ�º,~æ Ð�� , andthe å�æ å ma-
trix

î �0Ð�� arethe filter error, the one-steppredictionerror, and
the measurementpredictionerror covariancematrices,respec-
tively. They aredefinedasí¬ �0ÐÉ�º,~æ Ð��"!� ¬ �\Ð��-,.�+* �¬ �\ÐÉ�-,�æ Ð�� (41)ïÚ�\Ð���H�æ Ð��"!� [ í¬ �\Ð���Hzæ Ð�� í¬ 1 �\Ð���H�æ Ð�� � H+�ý? � , (42)î �\Ð��"!� [ íâ �\Ð�� íâ 1 �\Ð���' (43)

B.5 Initiation

Beforetheuseof therecursion(36)-(40),initial estimatesof
the stateand its covariancematrix needto be found. An LS
estimateusingtwo measurementsis presentedin AppendixD.

B.6 Consistency

Despitethe robustness(in termsof theMSE) of theKalman
filter, it couldbewell worth theeffort checkingtheconsistency
of thefilter. Theconsistency analysisasdescribedin [20] pro-
videsa goodinsight that is valuablewhenderiving andtuning
thefilter model. For theKalmanfilter to provide consistentes-
timates,thefollowing conditionshave to befulfilled:
1. Thefilter is unbiased,i.e. thestateerrorsarezeromean.
2. Thefilter calculatedcovariancematricesareequalto theco-
variancematricesof theactualstateandmeasurementerrors.
3. Theinnovationsarezeromeanandwhite.
4. Theinitial stateandits covariancematrix aresetto their ex-
pectations.

V. PARAMETER ESTIMATION

Themodelfunction �â �0þU� andthedataâ aredefinedby�â �\þc��� # �� � �0Ð � � þc�"')'2'á�� � �0Ð � C � � þc� / 1 (44)â � # � � �0Ð � �(')')'Ñ� � �\Ð � C � � / 1 (45)�� � �0Ð � þc����� � ���b� CX���&ÿ.Ccÿ � � 1 � Ð���� (46)þ !� # ¡¶� � � / 1 (47)� !���LÐ � � Ð � � '2')' � Ð � C � � (48)

where �� � �\Ð � þX� is aparametrizedmodelof thelatency definedin
accordancewith theassumedtimecourseof thelatency in (17).
Eachelement� � �\Ð F � is the measuredlatency (the first element
of the measurementvector â �\Ð F � ) of the AP assignedto this
track in tracenumberÐ F . Theset � containsall tracenumbers
for which an AP hasbeenassignedto this track and O is the
numberof assignments.

Thesetof (nonlinear)regressionequationsmaythenbewrit-
ten â � �â �\þX����� (49)

where � is an O -dimensionalresidualcolumnvector. This sys-
temof equationsis solvedto find theparameterestimate

�þ that
minimizesthesquaredsumof theresidual� .

In themodel(46) theparameter¡ entersnonlinearly, whereas
thetwoparameters� � and� enterlinearly. Theparametersises-
timatedby aniterativemethodin whichthenonlineartermis es-
timatedusingthesimplex method[24] [25]. For eachstepin the

simplex algorithm, the two linear termsareestimatedthrough
the leastsquaresmethodand the error norm is returned. The
simplex methodthusseekstheparameter¡ through�¡Ñ�
	���
������� Eÿ ��� ��� �

� �\Ð��¦* �� � �\Ð � ¡6æ �� � � ��b� ��� W ' (50)

The two linear terms
�� � and

�� areestimatedwith the least
squaresmethodby solvingtheover-determinedsystemof equa-
tions ��� F � ��¡9� £ �� ��� ¥ � â (51)

where
��� F � is found by deriving the Jacobian[26] of the para-

metrizedmodel.TheJacobianis definedby� �\þX�B!� �� þ 1 �â �\þc�<� #�� � �\¡ � �b� � � F ���\¡+� / (52)

� � �\¡ � �b��� ³���´ ?*��0Ð � *^Ð � � Ö �R� Cc���8ÿ ¼ Ccÿà�	� 1...*��\Ð � C � *^Ð � � Ö �b� Cc���8ÿ �! ¼ Ccÿ � � 1
· """¸ (53)

� � F �]�\¡+��� ³���´ , ,, � Cc���8ÿ ¼ CXÿ � � 1...
...,º� CX���&ÿ �! ¼ Ccÿà�ë� 1

· """¸ ' (54)

Theinitial valueof therecoveryconstant¡ is setto theslope
coefficientof thelinearregressionof thedata.13

In [27], confidenceintervalsof the estimatesarederivedfor
a parametrizedvector function �â �\þ � � where þ � representsthe
trueparametervector. Givena parameterestimate

�þ andsome
scalarfunction #+�0þX� , a confidenceinterval $ A with confidence
level ,q*  of thescalar#+�\þ � � is14$ A ���%#+�0þU�Ræ i �&#+�\þ � �'�($ A �K� ,q*  � (55)�*)+#+� �þ]�!,^� � C.-0/ � C�A21 W ` 3 W �m �3 �m 154 (56)�3 !� d � 1 � �þ]� � � �þ]�If C � (57)�m�!� �� þ 1 #+�\þX� ���� 6 G576 (58)3 W � ,O *Jõ d â * �â � �þ�� f 1 d â * �â � �þ]� f (59)

where� � C.-0/ � C�A21 W denotestheupper ,�*  �8 å critical pointof the
t-distribution with O *(õ degreesof freedom.The confidence
interval of theestimatesis thuscalculatedas$ �:9 � �A � �� � ,�� � C.-0/ � C�A21 W ` 3 W �; �ë� (60)$ � k �A � ���,�� � C<-=/ � C�A21 W ` 3 W �; WëW (61)$ �8���A � �¡�,�� � C.-0/ � C�A>1 W ` 3 W �; -�- (62)���

This resultsin agoodinitial estimatefor short(with respectto therecovery
constant)datasets,but hasthe drawbackof yielding worseestimatesfor long
datasets.� �

Note that thematrix ?@ maybebadlyconditionedandthat thecolumnsinA Å ?B Ç couldneeda rescaling.
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Fig. 6. The estimateddetectionprobabilitiesasa resultof 1000Monte Carlo
simulationswheretwo actionpotentialswith differentlatenciesaredetected
( ��v ÈDC ) at differentsignal-to-noiseratios, -20 dB (dotted),0 dB (dash
dotted),10dB (dashed),and20dB (solid). Thedetectionassignmentswere
madein favor of thefirst AP (left). For small latency differences,theAPs
maynot beresolved andthedetectionprobabilityof thesecondAP (right)
dropsto zero.ThisresultsuggeststhattheMF detectionresolutionis 0.4ms.

where
�; FÎF arethediagonalelementsof

�3
in (57). Unfortunately,

thetheoryis valid only asymptoticallyandtheaboveconfidence
intervals are too large for the relatively short track segments
usedin theapplicationat hand.

VI . SIMULATION RESULTS

Below, simulationsarepresentedfor thematchedfilter asits
propertiesareessentialto thetuningof theKalmanfilter andaf-
fect thetuningof theMHT algorithm.Theconsistency analysis
of the Kalmanfilter is not includeddueto its limited valueto
thepresentationof this paper. It is, however, an importanttool
whentuningtheKalmanfilter, seeSectionVII-B.1 and[20] for
details.

A. Thematchedfilter detector

Throughoutthesimulationsof thematchedfilter, 1000Monte
Carlorunsweredonewith thedetectionthresholdsetto

@ � � , .
A.1 Resolution

An importantpropertyof theMF detectoris its resolutionca-
pability becausethis is a term in the false-target intensitypa-
rameterof the tracker. Moreover, the resolutioncharacteristics
influencesthenecessaryMHT performanceoncrossingtracks.

To estimatethedetectionprobabilityasafunctionof thetime
differencebetweentwo close APs, the numberof detections
within an interval centeredaroundtheexpecteddetectionpoint
werecalculated.The lengthof the interval wasa third of the
width of the main peakin the auto-correlationfunction of the
signaltemplate( ?�' õ ms).

If severaldetectionsweremadewithin theinterval, thedetec-
tion time closestto the oneexpectedwaschosen. If, at small
time differences,thetwo APscompetedfor thesamedetection,
thedetectioncountwasassignedto thefirst AP.

Fig. 6 shows thedetectionprobabilityof two crossingtargets
at differentSNRs.As expected,thedetectionprobabilityof the
secondAP decreasesto zero for small time differences. The
detectionprobability of the first AP increasesinstead,because
the APs addandinterfereconstructively. Surprisingly, thereis
a dip in the detectionprobability between0.2 ms and 0.4 ms
(for both APs) wherethe two APs interferedestructively with
oneanother. Fromthis, we concludethat thetracker shouldbe
robust with respectto changesin the detectionprobability at
trackcrossings.If not, tracksmaybelost or swapped.

For the high SNR case(20 dB), the detectionprobability of
the secondAP is unity for large time differencesand drops
sharply to zero when the time differenceis lessthan 0.4 ms.
Thissuggeststhatthedetectionresolutionof theMF detectorisE �:F � �º?�' G HmsI ' (63)

A.2 Detectionandfalsealarmprobability

In several of the equationsconstitutingthe MHT algorithm,
the detectionandfalsealarmprobabilitiesarekey parameters.
Theoreticalexpressionswerepresentedin SectionIII-B assum-
ing thepositionof thesignalis known, i.e. theMF only detects
whetherthesignalis present, not where it is.

This assumption,however, doesnot hold in this application.
Instead,whenever theMF outputpeaksandexceedsthecurrent
threshold,a signal is assumedto be presentat the peakloca-
tion. This maymakea differenceto thetheoreticallycalculated
probabilities,andin this section,the detectionandfalsealarm
probabilitiesareestimatedasfunctionsof the SNR levels and
comparedto thetheoreticalvalues.

Thesimulationresultsin Fig.7 show thattheestimateddetec-
tion andfalsealarmprobabilitiesarewithin the95%confidence
intervalsexceptfor thedetectionprobabilityat low SNRs.This
discrepancy is expectedbecausetheimplementationabovetakes
advantageof thecorrelationin theMF output. For example,if
theMF outputattheexpectedlatency is justbelow thethreshold,
it maybeabove the thresholdin a neighboringsamplewherea
detectionwould be reported.Thus,the actualdetectionproba-
bility is increasedcomparedwith the theoreticalvaluefor low
SNRlevels.

Whencalculatingthe falsealarmprobability, the correlation
of the MF outputhasto be considered.Experiencehasshown
that the falsealarmprobability

i+jDk
may successfullybe esti-

matedthrough Ji jDk !�LKO E �:F �åNM (64)

whereK is thenumberof erroneousdetections,O is thenumber
of MonteCarloruns,and M is thelengthof theinterval.

A.3 Accuracy

To tunetheKalmanfilter properly, it is importantto know the
varianceof the latency measurements,i.e. the accuracy of the
MF detector.

As statedin SectionIII-E, the latency is found by search-
ing for peaksin the MF output. Becausethe APs are unsyn-
chronouslysampledcontinuoustime signals,the peaksin the
MF outputarealsounsynchronousto, andnot alignedwith, the
samplinginstants.Moreover, the varianceof the latency is ex-
pectedto be just a few samplingperiodsandso thesamplepe-
riod quantizationmaynot beneglected.

Becauseof this, the resolutionof the latency measurements
hasto be increasedbeforeestimatingthe latency variance.For
this, it wasconsideredsufficient to oversamplethe MF output
10 times (interpolation). Also, the MF impulseresponsewas
first shiftedafractionof asampleperiodto locateits “time con-
tinuouspeak”at a sampleinstant.Whenviewing histogramsof
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Fig. 7. The figure shows the estimateddetectionand falsealarm probabili-
tiesfrom 1000MonteCarlosimulationsasa functionof theSNR.Thethe-
oretical valuesareshown (dotted)aswell as the 95% confidenceregions
(dashed).As clearly shown, the resultscorrespondwell to the theoretical
probabilitiesexceptfor thedetectionprobabilityat low SNRlevels. By tak-
ing advantageof the MF outputcorrelation,the MF detectorincreasesthe
resultingdetectionprobabilityslightly. TheMF thresholdusedis �bv ÈTC .
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Fig. 8. Thefigureshowstheestimatedvariance(solid)of thedetectionlatencies
from1000MonteCarlosimulationswheretheMF outputhasbeenoversam-
pledtentimesprior to thedetection.For decreasingSNRlevels,thevariance
increasesasymptoticallytowardsthevarianceof auniformdistribution over
thedetectioninterval (dashed).

thelatency errors,it seemedreasonable,for high SNRlevels,to
assumethatthey wereGaussianandzeromean.

As Fig. 8 shows, the varianceis small for high SNRsand
increaseswhenthe SNR decreases.As expected,the variance
approachesthevarianceof a uniform distribution over thesim-
ulatedinterval.

VI I . EXPERIMENTAL RESULTS

As statedin the introduction,theobjective of theapplication
is to detectlow amplitudeactionpotentials,combinetheminto
tracks,andestimatethe latency shift parametersandtherecov-
ery constants.

In this section,theperformanceof thesethreestepswhenap-
plied to realrecordingsfrom humansubjectsis illustrated.First,
it is madeclear that the MF outputhasan improveddetection
capabilitycomparedto the original recording. Following that,
theperformanceof theMHT tracker is illustratedin two differ-
entscenarios,onesimplerandoneharder. Finally, theestimated
parametersof oneof the active units found by the tracker are
given.

440 450 460 470
Latency [ms]

Fig. 9. Theoutputof thematchedfilter (top) whenappliedon a partof scan5
in the recordingin Fig. 11 (bottom). With thesamethresholdsetting,four
detectionsarereported(+). Notealsothe50Hz humin therecordeddata.

A. Thematchedfilter

Previously, a non-linearfilter wasused[28] to aid thedetec-
tion of theAPsin noisyrecordeddata.It is calleda “noise-cut”
filter, becauseit amplifiesonly thepartof a signalthat is above
a certainmagnitudeandthusremovesthemiddle,noisyportion
of thesignal.

The noise-cutfilter works well for larger spikes,but hasthe
drawbackof not beingusefulwhentheAPsareof thesameor-
der of magnitudeasthat of the noiseitself. To achieve better
performance,the matchedfilter hasto detectAPs of the same
magnitudeasthenoise.

In Fig. 9 a partof thefifth scanin Fig. 11 is shown. As may
be seenfrom Fig. 9, the matchedfilter output is an improve-
mentto theoriginaldata.With thedetectionsfrom severalscans
(seeFig. 11), it may beconcludedthat the four reportedpeaks
(markedwith +) couldcorrespondto four AP detectionsandthat
eventhe low amplitudeAPs is detectedwithout decreasingthe
detectionthresholddown to thenoiselevel.

From Fig. 9 it is clearthat a notchfilter mustbe usedto re-
move the 50 Hz hum in orderto avoid a biasednoisevariance
estimate(15).

B. Multiple hypothesestracking

Themostcritical partof theoverall systemis thetrackingof
thedifferentC-units.For this applicationto beuseful,thenum-
berof trackingerrorshasto besmall. Someerrorsareallowed
becauseerroneousassignmentsmaybecorrectedmanuallyprior
to thestatisticalanalysis.

B.1 A two unit recording

This basic example involves two well-separatedunits, one
with high andonewith low amplitude,seeFig. 10. First, both
unitsareinactiveandtheir latenciesareconstantatabout303ms
and360ms,respectively. At scan13, thehigh amplitudeunit is
activatedby amechanicalstimulusandits latency increasesdra-
matically. The latency thenslowly recoversto the level before
theactivation.

As shown in Fig. 10, thealgorithmis ableto trackall of the
APs originating from the high amplitudeunit andmostof the
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Fig. 10. Thefigureshows theconfirmedtracksof thetracker whenappliedto thetwo C-fiberunit recordingin Fig. 1. Thetwo perspectivesshow thetime course
of thelatenciesof theunits(left) andtheamplitudeinformationof thedetectedAPswherethedifferencebetweenthetwo unitsis clearlyseen(right). TheAPs
with anMF peakoutputabove 11 (dash-dotted,right) aremarked(x). For commentson thetwo markedAPsin trace13and14,seethetext.

APs originating from the low amplitudeunit. The detection
thresholdis setto

@ � �
U . Notethatthetrackof thelow ampli-
tudeunit is not lost eventhoughits SNRis only slightly above
thenoiselevel.

Notealsothetwo hig amplitudeAP detectionsin trace13and
14 not assignedto any track. They probablyoriginatefrom the
high amplitudeunit, but becausethey are found in the traces
directly after activationof the unit, it is not clearwhetherthey
correspondto theelectricalimpulses,the mechanicalstimulus,
or somespuriousaftereffectsof themechanicalstimulus.

If only thehighamplitudeunit is of interest,thetrackingmay
besimplifiedby choosinga higherthreshold.For example,us-
ing

@ � �h,�, , only thex-markedAPsin thediagramsof Fig. 10
would bedetectedandprocessed.

Thegoodresultdespitethelow thresholdis a strengththat is
importantin morecomplex situations.

To tunetheKalmanfilter settingsappropriately, theparame-
tersof the active unit’s recovery trajectorywereestimated,see
TableI. Usingtheconsistency analysisdescribedin SectionIV-
B.6 and[20], theKalmanfilter wassubjectively tunedto giveas
consistentestimatesaspossible.Thechosenparameterswere¡ �Ó?�' ?PõRV�U HmsC � I ¾ � ��?�' ?�UWHmsC � IVXW»	¼ �×å�na,2? C.X HmsC � I é � W ��_� ��?�' ?�UWHmsW0IVXW»g¿ �ó,2? C<Y HmsC � I é � W �W_W �p,¾ � �Óõ (65)

Notethat é � W ��_� wasselectedlargerthanthevarianceof theresid-
ualsin TableI. Thispartlyaccountsfor thenon-Gaussianresid-
ualsandimprovestheconsistency somewhat.Notethatthefilter
is still notconsistentwith thedata.This is, however, thebestwe
mayexpectwithout reworking theKalmanfilter.

B.2 A multi-unit recording

A morecomplex andmorerealisticexamplewill now bepre-
sented,whereseveral C-units are recordedand have crossing
trajectories.Severalof theunitsareinactive during therecord-
ing, andoneof the units (drawn with a thick line) is strongly
activatedbetweenscan11 andscan12, seeFig. 11. Moreover,
therearetwo spontaneouslyactivesympatheticC-unitsthatmay
berecognizedby theirmoreirregularbehavior.

It is evident from Fig. 11 that a good trackingresult is ob-
tainedfor theactivatedunit aswell asfor the inactive ones.In
this example,no parameterestimationwasdoneto tunetheal-
gorithms.Instead,thealgorithmparametersareidenticalto the
onesusedin thepreviousexample.

Moreover, the importance of the amplitude information
shouldbe obvious as the latency trajectoryof the active unit
crossesthetwo sympatheticunits,but their amplitudesdiffer.

Notealsothetracker’sability to discriminatebetweenthetwo
tracksat about440ms(trace20-30)despitetheir closenessand
low SNRlevels.

Note,finally, the lost trackbetweentrace45 and46 (latency
440ms). This trackingerrormay, however, becorrectedby the
operatorbeforetheparameterestimationis done.

C. Parameterestimation

Fitting an exponentialcurve to the active unit’s trajectoryin
Fig. 10 resultsin the parameterand confidenceintervals pre-
sentedin TableI. As statedin SectionV, theconfidenceinter-
valsaretoo large. With this in mind, therelatively smallconfi-
denceintervalspresentedin thetablesuggestthattheparameter
estimationprocedureis accurate.

TABLE I

PARAMETER ESTIMATION OF THE ACTIVE UNIT IN FIG. 10. NOTE THAT

THE RESIDUALS ARE NEITHER WHITE NOR GAUSSIAN.

Parameter Value Conf. interval� � [ms] õ�?�U�' G H õ�?�U�'Î, � õP?RU�'ZV[I� [ms] ,[\�' G�G H ,[\�' ?�] � ,2\�' ^�å%I¡ [msC � ] ?�' ?Põ�\P? H ?�' ?Põ�]�\ � ?�' ?NG�,P,>I3 W [msW ] ?�' ?�åN] N/A

VII I . DISCUSSION

An applicationof matchedfiltering andmultiple hypothesis
trackingappliedto humannerve C-fiber actionpotentialswas
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Fig. 11. A resultof thecurrentalgorithmwhereseveralunitswererecordedwith crossingtrajectories.Boththetimecourse(topleft) andtheamplitudeinformation
(top right) of thedetectedAPsareshown. Thetrackingresultis includedandtheactivatedunit is markedwith a thick line (bottomleft andbottomright). The
methodhandlescrossingtrackswell becausetheamplitudeof theAPsdiffer.

presented.Theobjectiveof theapplicationwasto quantitatively
estimateconductionlatency shifts and post-stimulusrecovery
constantsof humannerveC-fibers.

The APs weresuccessfullydetectedby meansof a matched
filter constitutingan optimal ML-CFAR detector. Even APs
with amplitudesof the sameorder of magnitudeas the peaks
of thenoiseweredetectedcorrectly.

The discriminationbetweenAPs originating from different
C-fiberswascarriedout usingtheMHT methodasdescribedin
[13]. Only someminor changeswere introducedto adaptthe
methodto the applicationdescribed.The resultscorresponded
well with whatanexperiencedphysicianwouldconsiderto bea
“correct” result.

Onesetof thetwo desiredparameters,latency shift andrecov-
ery constant,wereestimatedfrom a tracked recovery usingan
exponentialdecaymodel.A goodfit wasfoundthrougha com-
binationof the simplex methodand the leastsquaresmethod.
Using non-linearstatistics,confidenceintervals were derived
and presented.The residualswere small and the exponential
curvecorrespondedwell with therecovery.

In spiteof the goodperformance,someminor aspectscould
still be improved. In thematchedfilter derivation,for example,
thenoisewasassumedto bewhite. As this is not thecase,the
colorof thenoiseshouldhavebeenconsideredwhentheMF im-
pulseresponsewastuned.Despitethis deficiency, thematched
filter detectorhasshown to perform well for non-whitenoise
recordingsaswell asto berobustto a wide rangeof AP shapes.

Themostobviousdrawbackof theMHT algorithmis its ex-
haustive computationalandstoragerequirements.In the cases
consideredsofar, theserequirementshave,however, not beena
limiting factor. If they were,thetrackorientedMHT implemen-
tation could be usedas its computationalandstoragerequire-
mentsarelessexhaustive[29] [30].

Thereasonfor choosingtheMHT methodin spiteof its com-
plexity is that it is consideredto be one of the best tracking
methodsregardingto performance.Othermethodshave vari-
ous shortcomings,for example,the low track maintenanceof
the nearestneighbor(NN) associationmethod,andthe typical
trackswitchingbehavior of the joint probabilisticdataassocia-
tion (JPDA) methodarenot acceptable[16].

Anotherdrawbackof the currentimplementationis its sen-
sitivity to errorsin the modelparameter¡ that representsan a
priori valueof the recovery time constantof the latency. It is
reasonableto believe,however, that introducingrobustfiltering
methods[31] [32] or replacingthe Kalman predictorwith an
MM-basedpredictor, the filtering could be madelesssensitive
to differencesin the recovery constant.ImplementingtheMM
approachwouldprobablybethemoststraight-forward,because
thenumberof observationsto initiatethepredictorcouldbekept
low. Otherwise,someiterative initiation procedurewouldprob-
ably haveto beincluded.

The parameterestimation residuals, finally, were neither
Gaussiannor white due to model errors in the model. Also,
the estimatedconfidenceintervals of the parametersestimated
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werelargerthanthetrueconfidenceintervals(not shown in the
paper).T

_
o improveonthemodelerrorsin theparameterestima-

tion, onecouldfit anexponentialfunctionwith two exponential
terms. By doing so, an improvedresult in termsof the model
errorsis obtained. However, the alreadyoversizedconfidence
intervalsbecomeevenlarger; too largeto beuseful. Thesede-
ficienciesexist becausethe parameterestimationis basedon a
theorythatis only asymptoticallycorrectandbecausethetrajec-
tory lengthsconsideredin this typeof applicationaretoo short
in this regard.

To further improve the performanceof the algorithm,future
work should include a noisecovariancematrix estimatorand
an MM-basedtarget predictor. If possible,a bettermodel of
thelatency recoverytogetherwith amoreappropriatestatistical
analysisof theparameterestimationwouldbevaluable.

To sumup, the goal of simplifying and improving the effi-
ciency of theanalysisof thehumannerveC-fiberrecordingshas
beenreached. The computerapplicationdevelopedbasedon
this paperhasalreadyshown to beusefulto the researchteam.
In thepracticalcasesconsideredsofar, theoverall performance
of theapplicationhasbeenpromising.
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APPENDIX

A. THE MATCHED FILTER FOR COLORED NOISE

In caseswherethecolorof thenoisemaynotbeneglected,the
optimal impulseresponseandthe outputSNR of the matched
filter shouldbereplacedby=9M � ` C �a�a �b � 1 ` C �a�a �dc NPORQ�SUT�� : W � 1 ` C �a�a � (66)

where ` a�a is the  æ  covariancematrix of the noise �����	� , see
(5).

B. MHT PARAMETER AND ALGORITHM SPECIFICS

For theinterestedreader, theMHT parametersettingsusedin
this paperarelistedin TableII.

Since the detectionprobability
i l

may changeduring the
experiment,it is estimatedusingtherecursion�i5l �0Ð��B!�ó�	,q*fe O�P � �i+l �\Ð�*",.���ge ORP �i+l �\Ð�� (67)�i l �0Ð��B!�p,q*�m�� @ � *fh 1W �¬ �\Ð�æ Ð��_� � Ð�iBÐ � (68)

where e ORP is a forgettingfactorand h 1W is thesecondrow in the
measurementmatrix ã . This estimatehas,however, a positive
biasfor smallAPsastheMF outputvaluesbelow thethreshold
do not contribute. Thebiasmaybecalculatedandtheestimate

TABLE II

MHT PARAMETERS

Description Parameter Value

A priori det.prob. j� � Å&ø v Ç k[l m
Min det.prob. j����n |po q k[l r
Max det.prob. j����n |ts&u k[l v0v0v0v
Forgettingfactor w�x P k[lyC
New target intensity z�{�| [ms} � ] C~k } �
Falsetarget intensity zP��| [ms} � ] � l r��0C~k } �
Gatesize � C �
Deletionscore ������� k
Deletionmisscount y ����� �
Confirmationscore � ÄZ� q\} m
Rootnodedepth y��&��� q~� �
Max # hypotheses y |ts&u C~m
Lat. processvariance � �� ¼ [ms} � ] � �0C~k } �
Ampl. processvariance � �� ¿ [ms} � ] C~k } �
Processnoiseconstant zav �
Processnoisedecay z � k[l k0r
Lat. meas.variance �2� ����g� [ms

�
] k[l k0r

Ampl. meas.variance �2� ����g� C
Max lat. derivative ÂÏ�� �&�|ps&u �
Recovery constant � [ms} � ] k[l k ��� r
Stimulationperiod ù [ms] �

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

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

Following [29], thetrack scoremaybecalculatedrecursively
as M F �\Ð��Ñ��M F �\Ð�*",.��� E M F �0Ð�� � Ð�iBÐ � �-, (69)E M F �\Ð�� !� �� ��� �5�	,q* i+l � � not updated� �f� O�P½ Q¡  W¡¢ Y £ ¤N¥:¦§£:¨ *J¯�WF � � updated

(70)M F �\Ð � �(!� � �f�g,�� ¾ � 1¾ j 1 ¨ (71)M F �0Ð � �º,L� !� � � ¾ � 1¾ j 1 � � �ª© i+l¾ j 1 åN« ` æ î F � æ+¬ * � �¨¯ WF � (72)

where¾ j 1 and ¾ � 1 arethefalsealarmandthenew sourceden-
sity, respectively, and ¯�WF � is the normalizeddistancefor the ­ th
observation of track H . As the trackingfilter needsoneupdate
(two observations)to initialize,all potentialtrackswith amissed
detectionarerejected.This resultsin a simplified scorecalcu-
lation of tentative tracksas given (72). Also, experiencehas
shown that betterperformanceis achievedwhen � �¨¯�WF � is used
insteadof only ¯�WF � . This givesaslight preferenceto trackswith
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a stablelatency.
Usingthe trackscore,thehypothesisscoreat scanÐ maybe

written MR�0Ð��K� ��®E FÎG � M F �\Ð��]� íM (73)

whereM F �\Ð�� is thetrackscore,

íM is theresidualhypothesisscore
dueto tracktermination,and K ÿ is thenumberof targets(tracks)
associatedwith this hypothesisatscanÐ .

C. DERIVATION OF THE DISCRETE TIME PROCESS NOISE

COVARIANCE MATRIX

Thecovariancematrix
Ý � �\Ð�� of thesampledprocessnoiseis

definedby (29) and(30). As
«]± �§¯�� and

«5± ��Ü�� are indepen-
dentfor ¯f°�hÜ , we obtaintheexpression(76) wherethematrix
elementsé FZ± , and ² FZ± aregivenby (77)-(79),and(80)-(83),re-
spectively. The diagonalcovariancematrix À��\Ð Ö � is given by
(25),andthediagonalmatrices³��0Ð Ö � , and ³ � aregivenby³��0Ð Ö �^� ³´ ,B?h??ä,º??á?h? ·¸ V W» ¼ � ½ �zC ½ ¼ �&ÿ.Ccÿà�ë� 1 (84)

³ � � ³´ VXW»	¼ ? ??¹VXW»	¼ ?? ? VXW»g¿ ·¸ ' (85)

D. DERIVATION OF THE LS-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 statevector

�¬ �\Ð � �ýå�æ Ð � �h,L� andits covariancematrixïÚ�\Ð � �(å�æ Ð � �º,L� is�¬ �\Ð � �(å�æ Ð � �-,.�^�µ´ £ â �\Ð � �â �0Ð � �º,L� ¥ (86)ïÚ�\Ð � �(å�æ Ð � �-,.�^�´ £ Ý W·¶�WëW¶�WëW Ý W ¥ ´ 1 � Ý � �\Ð � �º,L� (87)´Á!�ÓÒ W �§¸ 1� ¸ � � C � ¸ 1� (88)

where ¶ FZ± is a H�æ ¹ dimensionalzeromatrix and ¸ � is the Gcæ õ
partialobservability matrix definedas[33]¸ � !� £ ããðÒ ¥ ' (89)

If oneaccountsfor theprocessnoise,thefollowingmatrix
Ý �

should(formally) beaddedto ïÚ�\Ð � ��å�æ Ð � �-,.�´ � !��ÒÉ�º¸ 1� ¸ � � C � ¸ 1� £ ¶ W -ã ¥ (90)Ý � !�ó�&$�*�´ � � Ý � �\Ð � �-,.���&$É*�´ � � 1 ' (91)

The intermediatestatevector
�¬ �\Ð � �ä,~æ Ð � � and its “covari-

ance”matrix ïÚ�\Ð � �º,~æ Ð � � areneededfor thegatingof thefirst

candidateupdate,but they maynotbeproperlycalculated.Nev-
ertheless,practicalvalues,althoughad hoc, may be calculated
through �¬ �\Ð � �-,�æ Ð � ��� ³´ ,º??h??§, ·¸ â �\Ð � � (92)ïÚ�\Ð � �-,�æ Ð � ��� £ ï �ë� ¶ W �¶ � W ï W_W ¥ (93)ï �ë� !� £ ,º??h? ¥ � ¢� � � �S F¼» Ö �IW½ (94)ï WëW !�Óå é � W �WëW (95)

where ¢� � � �S F¼» is the maximumlatency derivative that shouldbe
allowedin thegatingconditionand

½
is thegatesize.
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