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Abstract

Children with autismoften exhibit self-stimulatory(or
“stimming”) behaviors. We presentan on-bodysensing
systemfor continuousrecognition of stimmingactivity. By
creating a systemto recognizeand monitor stimmingbe-
haviors, we hope to provide autismresearchers with de-
tailed, quantitativedata. In this paper, we compare iso-
latedandcontinuousrecognition ratesof emulatedautistic
stimmingbehaviors usinghiddenMarkov models(HMMs).
Weachievedanoverall systemaccuracy68.57%in continu-
ousrecognition tests.However, theoccurrenceof stimming
eventscanbedetectedwith 100%accuracybyallowingmi-
nor frame–level insertionerrors.

1 Intr oduction
Autism is a developmentaldisorderaffecting a child's

socialdevelopmentandability to communicate.Children
with autismwill oftenexhibit behaviors,suchasvocalstut-
tersandbrief boutsof vigorousactivity (e.g., violently strik-
ing thebackof thehands)to copewith everydaylife. De-
pendingon thechild's level of functioning,thesehighly in-
dividualized,self–stimulatory(“stimming”) behaviors can
be disruptive and socially awkward. Caregivers and re-
searcherswould like to explore the correlation between
thesestimmingbehaviorsandenvironmentalfactors,behav-
ioral treatments,mood,or otherphysiologicalmarkers.

To assistin thisanalysis,weaimto automatetherecord-
ing andanalysisof thesebehaviors. Althoughit is impracti-
calfor aresearcheror therapistto monitoragivenchild con-
tinuouslyfor episodesof stimming,an intelligentmonitor-
ing systemcouldcollectdatadaily from thechild and�lter
it to highlight just the stimmingepisodes.Theseepisodes
could then be analyzed,or even replayedalongsideother
capturedinformation such as video. An automateddata
collectionsystemmay provide insight into a given child's
mentalandphysiologicalstate,andmay provide detailed,
quantitative datafor researchersin the �eld (which is cur-
rently rare).

The systemdoes not need to be 100% accurate. A
therapistor researchercan ignore a certain low percent-
ageof falsepositives. In this sense,therecognitionsystem
shoulderr on the side of including too many episodesas
opposedto incorrectly ignoring episodesthat shouldhave
beenrecorded.

Becausewe are interestedin monitoring the everyday
livesof childrenwith autism,themonitoringsystemmustbe
mobile andnon-invasive. We believe sucha systemcould
be implementedwith small 3-axisaccelerometermodules,
possiblyembeddedin the child's shoes,belt, wristwatch,
or clothing. Datafrom thesensormoduleswould betrans-
mittedwirelesslyto a PersonalServer locatedin thechild's
pocketor backpack[3]. Boththesensormodulesandserver
couldbechargeddaily, andthedatadownloadedfor analy-
sis.

Analysisof this datapresentsinterestingresearchchal-
lenges. Our approachis to use hidden Markov models
(HMMs) to distinguishbetweentypesof stimmingbehavior
aswell asto determinewhenstimmingis not occurring.In
this paper, we presenta proof-of-conceptprototypeof such
asystem.

2 RelatedWork
Bao and Intille recentlycomparedseveral sensorposi-

tionsandmethodsfor recognizingfull-body activities. Re-
sultsshowedtheuseof two accelerometerspositionedatthe
waistandupperarmweresuf�cient to recognize20distinct
activities using the C4.5 decisiontree learningalgorithm,
with overall accuracy ratesof 84%[1]. Thepurposeof our
systemis to monitor stimming behavior so that it can be
correlatedwith variousfactors(i.e. therapies,variedstress
levels, etc.). Similarly, researchersat the GrodenCenter
investigatedcorrelatingtelemetricheartratemeasurements
with video for the assessmentof stressresponsesfor chil-
drenwith autism[2].

3 Data Setand Collection System
Wecollecteddatafrom asingle,neurotypicaladultmim-

icking someanecdotallycommonautisticself-stimulatory



behaviors. Autism is a highly individual disorder. The
self-stimulatorybehaviors of onechild with autismareof-
tendramaticallydifferentfrom thoseof anotherchild with
autism.For thisreason,oursystemis designedto betrained
for an individual. However, a commonfactoramongchil-
drenwith autismis thatphysicalself–stimulatorybehaviors
areoften dramatic,abruptmotions,departingfrom that of
normalactivity. For this reason,weuse3–axisaccelerome-
tersto collectthedata.

3.1 Data Set
Ourdatasetconsistsof accelerationdatageneratedfrom

mimicking autistic stimming behaviors while performing
unscriptedactivities. Sevenstimmingbehaviors andan in-
termediaryactivities“garbage”classarede�ned below.

² Drumming (dr) : Repeatedlytappingasurface.

² Hand Flapping (hf): Repeatedlyshakingthehands.

² Hand Striking (hs): Repeatedlystriking thetopof onehand.

² Pacing (pc): Walkingapathin acon®nedspace.

² Rocking (rk) : Swayingbackandforth while standing.

² Spinning (sp): Spinningin circleswhile standing.

² Toe Walking (tw): Walking with shortenedstepsup on the toes.
Pacingcanoftenoccurwhile toewalking.

² Garbage: Any activity not listed above. For mostdatacollection
sessionsthis involved sitting, standing,writing, handmotionsin-
volvedwith talking,andjumping.

The individual was adornedwith threewirelessBlue-
toothaccelerometerspositionedon theright wrist, theback
of the waist, and the left ankle. The individual was in-
structedto partake in normaldaily activities (e.g. walking,
writing, skipping,etc... ), while intermittentlyperforming
oneof thestimmingactionsuponreceiving anauditorycue.
The researcherperformedthis actionuntil noti�ed to stop.
Thestimmingbehaviors werecuedin cyclic orderonceev-
eryoneto threeminutes.Thecueingsystemusedto prompt
thesubjectalsoautomaticallyprovidedgroundtruth label-
ing informationfor thebehaviorsof interest.Eachsequence
of stimmingbehaviors andintermediaryactivities wascol-
lectedover 15 trials — resultingin 15 x 7 = 105stimming
examplesand105examplesof non–relevantactivities.

3.2 Data Collection Hardware
Figure 1 shows one of threewirelesssensorsusedfor

datacollection1. Thesensorcontainstwo perpendicularly
mounteddual–axisADXL202JEaccelerometerswhich are
sampledat100Hzby aPICmicrocontroller(via anon–chip
analog–to–digitalconverter). Data is sentto a remotere-
ceiving deviceusingaBluetoothlink.

For all experiments,thesensorsestablishedaconnection
via a USB D-Link Bluetoothadaptorto an IBM x31 Pen-
tium M laptopwith 256MB of RAM. An hourof datacol-
lection producesapproximately36MB of ASCII text data.

1(http://www.cc.gatech.edu/ccg/resources/btacc/)

Figure 1. Wireless–b luetooth acceler ometer .

The laptopwasplacedon thesupportsof a falseceiling in
the centerof the room. This placementallowed for max-
imum coverageandhelpedprevent datatransmissionfail-
ures resulting from the occlusionof radio signalsby the
body. Datawasalsosuccessfullycollectedwhenthelaptop
wascarriedin abackpackfor additionalexperimentationin
mobilesettings.

4 Experimentsand Results
For this paperwe make minor assumptionsallowing us

to useHMMs to modelthe data. We assumethat the data
andmodelof the world arestationary. We further assume
that the accelerationof humanbody movementsis gener-
atedfrom a singlehiddenvariablerepresentingthe behav-
ioral activity of theperson(e.g., swaying,spinning,or pac-
ing). For eachexperiment,eightHMMs wereconstructed,
trained,andtestedusingtheGeorgia TechGestureToolkit
[4]. Thesemodelsrepresenteachof thesevenstimmingbe-
haviorsandone“garbage”model(for all otherintermediary
activities). In all experiments,weusedleft–right topologies
with self transitions,a singleloop backto a previousstate,
andoneallowableskip at eachstate.At eachstate,a nine–
elementvector, representingthe3–axisreadingsfrom each
of the threesensorscanbe observed. The garbagemodel
consistedof 20 stateswhile six of the seven stimmingbe-
haviorsweremodeledwith identicaltopologiesof 10states.
Dueto thelimited amountof data,modelsweretrainedand
testedusing leave–one–outvalidation using every permu-
tation of the dataset with one example “left out” of the
training set. The resultsof eachiteration are then tallied
to computeoverall statisticsof themodels'performance.

Two types of experimentswere conducted: isolated
recognitionusingHMMs, andcontinuousrecognitionusing
HMMs. With isolatedrecognition,the groundtruth label-
ing producedduringdatacollectionis usedto createsingle–
activity examples.Recognitionis thenperformedonly on
theseisolatedexamples,oneat a time, aligning the single
observation to themostlikely model. Continuousrecogni-
tion involvesaligning a streamof observations(including
numerousrelevant and irrelevant activities) with multiple
models.Alignment is performedby constructingthe most
probablepath throughall possiblesequencesof the mod-
elsin parallel.Recognition(alignment)accuracy is de�ned
as:Accuracy = N ¡ S ¡ D ¡ I

N where:Substitutionerrors
(S) occurwhenthesystemincorrectlyclassi�esabehavior;
Insertionerrors(I ) occurwhenthesystemrecognizesanin-



Table 1. Confusion matrix for isolated recognition using
HMMs. The ver tical axis represents ground truth

dr gb hf hs pc rk sp tw accuracy
dr 14 0 0 1 0 0 0 0 93.33%
gb 7 92 1 2 0 0 1 2 87.62%
hf 0 1 12 2 0 0 0 0 80.00%
hs 0 0 1 14 0 0 0 0 93.33%
pc 0 0 0 0 15 0 0 0 100.00%
rk 0 0 0 0 0 15 0 0 100.00%
sp 0 0 0 0 0 0 15 0 100.00%
tw 0 0 0 0 5 0 0 11 73.33%

stanceof a behavior thatdid not occur;Deletionerrors(D)
arisewhenthesystemfails to recognizetheoccurrenceof a
behavior within astreamof data;andN representsthetotal
numberof examples.It shouldbenotedthat insertionand
deletionerrorscanonly occurduring continuousrecogni-
tion.

4.1 HMM IsolatedRecognitionExperiments
To test the validity of the HMM models,we ran iso-

latedrecognitiononthesegmentedraw sensordata.Results
showedanaccuracy of 90.95%.Table1 providestheover-
all confusionmatrix (with groundtruth astheverticalaxis)
andaccuracy breakdown.

Walking-relatedactivities, suchastoewalking (tw) and
pacing(pc), were sometimesconfused. Similarly, wrist–
articulatedhandmotions,suchashand�apping, handstrik-
ing, anddrumming,werealsoconfused.TheHMM models
accuratelyclassi�ed all datasamplesfor the pacing(pc),
rocking (rk), and spinning(sp) classes. Only one exam-
ple (of thehand�apping class)is misclassi�edasgarbage.
Givenourapplication,it is importantthattheoccurrenceof
self–stimulatoryeventsbeidenti�ed, evenif they areincor-
rectly labeled. Misclassifyinga self–stimulatorybehavior
asgarbage(ie: ignoring it) is worsethanmisclassifyingit
asanotherself–stimulatorybehavior.

4.2 ContinuousRecognitionExperiments
For continuousrecognition,we trainedthemodelsusing

15 sequences.Eachsequencecontainedinstancesrepre-
senting14 activities (7 distinct self–stimulatorybehaviors
and7 irrelevant activities interspersed).Becauseour sys-
temactsasaguide,anactivity is consideredto becorrectly
identi�ed if over half of the datasamplesgeneratedfrom
that activity (referredto asframes)areproperlyclassi�ed.
Our modelsdetectedall 105 instancesof the seven self–
stimulatoryactivities (100%correctpositive rate)andcor-
rectly identify 92.86%of the eventswhenirrelevant activ-
ities (garbage)werealsoconsidered.However, themodels
wereunableto accuratelyidentify the exact boundariesof
thebehaviors (i.e., theexactframewhereanactivity started
andstopped).Errorsmadeby thesystemarenotre�ectedin
the event detectionaccuracy, but ratherby the overall sys-

Table 2. Activity level confusion matrix for contin uous
recognition. The table re�ects the results of all perm u­
tations of leave–one–out validation. The ver tical axis
represents ground truth.

dr gb hf hs pc rk sp tw Del
dr 15 0 0 0 0 0 0 0 0
gb 0 90 0 2 2 1 2 8 0
hf 0 0 15 0 0 0 0 0 0
hs 0 0 0 15 0 0 0 0 0
pc 0 0 0 0 15 0 0 0 0
rk 0 0 0 0 0 15 0 0 0
sp 0 0 0 0 0 0 15 0 0
tw 0 0 0 0 0 0 0 15 0

Ins 59 233 280 185 45 14 72 53

temaccuracy (asde�ned in Section4).
Table2 shows thecontinuousrecognitionconfusionma-

trix. Note the high numberof insertionerrors(displayed
in the bottom row). The majority of insertionerrors re-
sultedfrom sporadicsingle–frameinsertions,thoughsome
resultedfrom larger contiguous,multi–frame insertions.
We reducedthe numberof insertion errors by imposing
an insertionpenaltyon the modelalignmentprocess— a
capability provided by the Georgia Tech GestureToolkit
which helpsreducethe likelihoodof insertionerrors. Fig-
ure2 showsthetypical resultsof �rst imposinganinsertion
penaltyandthensmoothingtheresultswith aGaussianker-
nel to eliminateremaining,minor insertionerrors.

tw hs hf pc sp dr rk

waist

ankle

wrist

Toe Walking Hand St r iking Hand Flapping Pacing Spinning Drumming Rocking

Figure 2. Results of contin uous recognition with an inser ­
tion penalty and smoothed results. Results are indicated
by the thin horizontal stripe belo w the signal.

An inverserelationshipexists betweencorrectactivity
detectionandthe insertionpenalty. For example,increas-
ing the insertionpenaltyto 500 during the alignmentpro-
cessdecreasesthe correctpositive rate(activity detection)
to 70.95%.Insertionerrorsarereducedandoverall system
accuracy increasesto 68.57%. The bottomhalf of Figure
3 shows that, as the penaltyincreases,the numberof in-
sertionsdecreasesexponentially, while thenumberof dele-
tions increasesalmostlinearly. As a result, the event de-
tectionratealsodecreases.The insertionpenaltydoesnot
dramaticallyeffectthesubstitutionrate.Thetophalf of Fig-
ure3 shows astheinsertionpenaltyincreases,theaccuracy



0 100 200 300 400 500 600 700 800 900 1000

-350

-300

-250

-200

-150

-100

-50

0

50

100

Insertion Penalty

P
er

ce
n

t

Overall Accuracy and Activity Detection vs Insertion Penalty

correct positive 
activity detection
overall accuracy

0 100 200 300 400 500 600 700 800 900 1000

0

50

100

150

200

250

300

350

400

450

500

Insertion Penalty

N
u

m
b

er
 o

f 
O

cc
u

rr
en

ce
s

Hits, Deletions, Substitutions, Insertions vs Insertion Penalty

Hits

Deletions

Substitutions

Insertions

Figure 3. Top: The effects of the inser tion penalty on
correctness of event identi�cation (dashed red squares)
and overall accurac y (solid blue crosses). Bottom: The
effects of the inser tion penalty on the number of hits,
deletions, substitutions, and inser tions.

ratelogarithmically increases.However, asthepenaltyin-
creases,thecorrectnessof activity detectiondecreasesdue
to anincreasein deletionerrors.

4.3 Discussion
Figure2 shows thatourprototypecorrectlyidenti�ed all

stimmingeventsin astreamof data,eventhoughalignment
wasnot frame–level accurate.While deletionandinsertion
errorsoccurredona frame–by–framebasis,HMMs aligned
well enoughto avoid deletion errors at the macro level.
Even whena high numberof frame–level insertionerrors
exist, a mild insertionpenaltyandpost–alignmentsmooth-
ing canallow for correctindexing of thedatastream.This
mild insertionpenaltyhelpsreduceinsertionerrorswhile
minimizing the risk of introducingdeletionerrorsduring
the alignmentprocess.A correctbalanceof this trade–off
canensurethatnostimmingbehaviorsareignored.

Ourresultsshow thatthesystemcanautomaticallyindex
datain a way that is usefulfor caregiversandresearchers.
While thealignmentwill notbeexact,theindexing canstill
guidethe caregiver to the approximatepositionof a stim-
ming behavior instancewithin a datastream.Searchingthe
immediateareaof a streamwill still be fasterthansearch-
ing theentirestreamunassisted.With nodeletionerrors,the
caregiverwill only needto view dataindexedby thesystem,
ratherthansearchingthroughthestreamfor missedevents.

While thesystemwill sometimesidentify an uninteresting
eventasastimminginstanceatherapistor researchercanig-
noremostof thesefalsepositivesandstill potentiallybene�t
from thesystem'sguidance.

5 Futur eWork
In the next phase,we will collect more authenticdata

by out�tting a child with autismwith our sensors.We will
evaluatetheability of oursystemto index themoreauthen-
tic data,andwill usethe resultsto drive improvementsto
thesystem.

Additional future work involves experimenting with
wearableplatformdesignfor thedatacollectiondevice (i.e.
shrinkingthedevice soit canbestoredin thechild's back-
packor pocket). We alsowish to investigatewaysto cap-
ture and index vocalizedself–stimulatorybehaviors (e.g.,
screaming,clicking thetongue,andgiggling).

6 Conclusions
In this paperwe presenteda proof-of-conceptsystem

capableof collecting, modeling, and recognizing self–
stimulatorybehaviors using on–bodywirelessaccelerom-
eters. Our initial results indicate an automatic index-
ing systemfor stimming activity is feasable.Seven self–
stimulatory behaviors, mimicking those of a child with
autism,wereperformedby a neurotypicaladult andmod-
eledusingHiddenMarkov Models.Weexploredtheperfor-
manceof thesemodelsin both the isolatedandcontinuous
settings. The isolatedHMM experimentsassumedslight
noisein datasegmentationandachieved accuracy ratesof
90.95%.In thecontinuousrecognitionexperiments,detec-
tion of theself–stimulatoryeventwasachievedwith 100%
correctness(92.86%correctnessincluding identi�cation of
non–self–stimulatoryactivities). While exactsegmentation
was not possibledue to frame–level insertionerrors, we
wereableto improvesegmentationbyusinginsertionpenal-
tiesandsmoothing.
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