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Abstract.  The paper preserts a technique to automatically track the progress of
maintenance or assenbly tasks using body worn sensors.The technique is basedon
a novel way of combining data from accelerometerswith simple frequency matching
sound classi cation. This includes the intensity analysis of signalsfrom microphones
at dierent body locations to correlate environmental soundswith user activit y.
To evaluate our method we apply it to activities in a wood shop. On a simulated
assenbly task our system can successfullysegmen and identify most shop activities
in a contin uous data stream with zero false positives and 84.4% accuracy.

1 Intro duction

Maintenanceand assenbly are amongthe most important applications of wearable com-
puting to date; the useof suc technology in tasks such as aircraft assenbly [17], vehicle
maintenance [4] and other on-site tasks [2,7] demonstratesa geruine utilit y of wearable
systems.

The key characteristic of such applications is the need for the userto physically and
perceptually focus on a complex real world task. Thus in generalthe user cannot devote
much attention to interaction with the system. Further the use of the system should not
restrict the operators physical freedom of action. As a consequencemost corvertional
mobile computing paradigms are unsuitable for this application eld. Instead wearable
systemsemphasizingphysically unobtrusive form factor, hands free input, head mounted
display output and low cognitive load interaction needto be used.

Our work aims to further reduce the cognitive load on the user while at the same
time extending the range of servicesprovided by the system. To this end we shonv how
wearablesystemscan automatically follow the progressof a given maintenanceor assenbly
task using a set of simple body worn sensors.With such context knowledgethe wearable
could pro-actively provide assistancewithout the needfor any explicit action by the user.
For example, a maintenance support system could recognizewhich particular subtask is
being performed and automatically display the relevant manual pageson the system's



head-updisplay. The wearablecould alsorecord the sequenceof operations that are being
performed for later analysis, or could be usedto warn the userif an important step has
beenmissed.

1.1 Related Work

Many wearable systemsexplore context and proactiveness(e.g [1]) as meansof reducing
the cognitive load on the user. Much work has also beendevoted to recognition methods,
in particular the useof computer vision [20,24,25,1615].

The application of proactive systemsfor assisting basic assenbly tasks has been ex-
plored in [22], however this is built on the assumptionof sensordntegrated into the objects
being assenbled, not on the user doing the assenbly.

Activit y recognition based on body worn sensors,in particular acceleration sensors,
has been studied by di erent researt groups [11,14,23]. However all of the above work
focused on recognizing comparatively simple activities (walking, running, and sitting).
Sound basedsituation analysishasbeeninvestigated by Pelton et al. and in the wearables
domain by Clarkson and Pertland [12,5. Intelligent hearing aids have also exploited sound
analysisto improve their performance|3].

1.2 Paper Aims and Con tributions

This paper is part of our work aiming to dewelop a reliable context recognition methodology
based on simple sensorsintegrated in the user'soutt and in the user's artifacts (e.qg.
tools, appliances, or parts of the machinery) [10Q]). It presens a novel way of combining
motion (acceleration) sensorbasedgesturerecognition [8] with sounddata from distributed
microphones[18]. In particular we exploit intensity di erences betweena microphone on
the wrist of the dominant hand and on the chestto identify relevant actions performed by
the user's hand.

In the paper we focus on using the above method to track the progressof an assenbly
task. As described above such tasks can signi cantly benet from activit y recognition. At
the sametime they tend to be well structured and limited to a reasonablenumber of often
repetitiv e actions. In addition, machines and tools typical to a workshop ernvironment
generate distinct sounds. Therefore these activities are well suited for a combination of
gestureand sound{basedrecognition.

This paper describes our approach and the results produced in an experiment per-
formed on an assenbly task in a wood workshop. We demonstrate that simple sensors
placedon the user'sbody canreliably selectand recognizeuseractions during a workshop
procedure.

2 Experimental Setup

Performing initial experiments on live assenbly or maintenancetasks is inadvisable due
to the cost and safety concernsand the ability to obtain repeatable measuremets under
experimental conditions. As a consequencewe have decided to focus on an \arti cial"
task performed at the workbend of wood workshop of our lab (seeFigure 1). The task
consistedof assenbling a simple object made of two piecesof wood and a piece of metal.
The task required 8 processingsteps using di erent tools; these were intermingled with
actions typically exhibited in any real world assenbly task, sud aswalking from one place
to another or retrieving an item from a drawer.



Fig. 1. The wood workshop (left) with (1) grinder, (2) drill, (3) le and saw, (4) vise, and (5)
cabinet with drawers. The sensortype and placemert (right): (1,4) microphone, (2,3,5) 3-axis
acceleration sensorsand (6) computer

2.1 Pro cedure

The assenbly sequenceconsistsof saving a piece of wood, drilling a hole in it, grinding
a piece of metal, attaching it to the piece of wood with a screw, hammering in a nail to
connectthe two piecesof wood, and then nishing the product by smoothing away rough
edgeswith a le and a pieceof sandpaper. The wood was xed in the vise for sawing, ling,
and smoothing (and removed wheneer necessary).The test subject moved betweenareas
in the workshop betweensteps. Also, wheneer a tool or an object (nail screw,wood) was
required, it wasretrieved from its drawer in the cabinet and returned after use.

The exact sequenceof actions is listed in Table 1. The task wasto recognizeall tool-
basedactivities. Tool-basedactivities exclude drawer manipulation, userlocomotion, and
clapping (a calibration gesture). The experiment was repeated 10 times in the samese-
quenceto collect data for training and testing. For practical reasons,the individual pro-
cessingstepswereonly executedlong enoughto obtain an adequatesampleof the activit y.
This policy did not require the complete execution of any onetask (e.g. the wood was not
completely savn), allowing usto completethe experimernt in a reasonableamount of time.
However this protocol in uenced only the duration of ead activity and not the manner
in which it was performed.

2.2 Data Collection System

The data was collected using the ETH PadNET sensornetwork [8] equipped with 3 axis
accelerometemodesand two Sory mono microphonesconnectedto a body worn computer.



action

take the wood out of the drawer

put the wood into the vise

take out the saw

saw

put the saw into the drawer

take the wood out of the vise

drill

get the nail and the hammer

hammer

10 [put away the hammer, get the driver and the screw|
11 |driv e the screwin

12 |put away the driver

13 |pick up the metal

14 |grind

15 |put away the metal, pick up the wood
16 |put the wood into the vise

17 |take the le out of the drawer

18| le

19 [put away the le, take the sandpaper
20 [sand

21 |take the wood out of the vise

Table 1. Steps of workshop assenbly task
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The position of the sensorson the body is shonvn in Figure 1: an accelerometernode on
both wrist and on the upper arm of the right hand, and a microphone on the chest and
on the right wrist (the test subject was right handed).

As can be seenin Figure 1 eadh PadNET sensomode consistof two modules. The main
module incorporates a MSP430149low power 16-Bit mixed signal microprocessor(MPU)
from Texas Instruments running at 6 MHz maximum clock speed. The current module
version reads out up to three analog sensorsignals including ampli cation and Itering
and handlesthe communication betweenmodulesthrough dedicated1/O pins. The sensors
themselwesare hostedon an even smaller 'sensor-malule’ that can be either placeddirectly
on the main module or connectedthrough wires. In the experiment describedin this paper
sensormoduleswere basedon a 3-axis accelerometempadkageconsisting of two AD XL202E
devicesfrom Analog Devices. The analog signals from the sensorwere lowpass ltered
(f cutof + = 50H z) and digitized with 12Bit resolution using a sampling rate of 100Hz.

3 Recognition

3.1 Acceleration Data Analysis

Figure 2 (left) shows a segmen of the accelerationdata collected during the experimert.
The segmen includes sawing, removing the wood from the vise, and drilling. The user
accesseshe drawer two times and walks betweenthe vise and the drill. Clear di erences
can be seenin the acceleration signals. For example, sawing clearly re ects a periodic
motion. By cortrast, the drawer accesg(marked as 1a and 1b in the gure) shows a low
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Fig. 2. Example accelerometerdata from sawing and drilling (left); audio pro le of sanding from
wrist and chest microphones (top right); and clustering of activities in LDA space(bottom right)

frequency\bump" in acceleration. This bump correspondsto the 90 degreeturns of the
wrist asthe user releasesthe drawer handle, retrievesthe object, and graspsthe handle
again to closethe drawer.

Given the data, time seriesrecognition techniques such as hidden Markov models
(HMMs) [13] should allow the recognition of the relevant gestures. However, a closer
analysis revealstwo potential problems. First, not all relevant activities are strictly con-
strained to a particular sequenceof motions. While the characteristic motions assaiated
with sawing or hammering are distinct, there is high variation in drawer manipulation and
grinding. Secondly the activities are separated by sequencef user motions unrelated
to the task (e.g the user scratching his head). Such motions may be confusedwith the
relevant activities. We de ne a \noise" classto handle these unrelated gestures.

3.2 Sound Data Analysis

Considering that most gesturesrelevant for the assenbly/main tenance scenarioare asso-
ciated with distinct sounds,sound analysis should help to addressthe problems described
above. We distinguish betweenthree di erent typesof sound:

1. Soundsmade by a hand-tool: - Sudh sounds are directly correlated with user hand
motion. Examplesare sawing, hammering, ling, and sanding. Theseactions are gen-
erally repetitiv e, quasi{stationary sounds(i.e. relatively constart over time - suc that
ead time slice on a sample would produce an identical spectrum over a reasonable
length of time). In addition these soundsare much louder than the background noise
(dominant) and are likely to be much louder at the microphone on the user's hand
than on his chest. For example,the intensity curve for sanding (seeFigure 2 top right)
re ects the periodic sanding motion with the minima corresponding to the changesin
direction and the maxima coinciding with the maximum sanding speedin the middle
of the motion. Sincethe user's hand is directly on the sourceof the sound the inten-
sity di erence is large. For other activities it is smaller, however in most casesstill
detectable.



2. Semi-autonomoussounds: These sounds are initiated by user's hand, possibly (but
not necessarily) remaining closeto the source for most of the sound duration. This
classincludes sound produced by a machine, such as the drill or grinder. Although
ideal quasi-stationary sounds, soundsin this classmay not necessarilybe dominant
and tend to have a lessdistinct intensity di erence betweenthe hand and the chest
(for example,when a usermovestheir hand away from the machine during operation).

3. Autonomoussounds:Theseare soundsgeneratedby activities not driven by the user's
hands (e.g loud badcground noisesor the user speaking).

Obviously the vast majorit y of relevant actionsin assenbly and maintenanceare assciated
with handtool soundsand semi{autonomous sounds.In principle, these soundsshould be
easyto identify using intensity di erences betweenthe wrist and the chest microphone. In
addition, if extracted appropriately, these soundsmay be treated as quasi-stationary and
can be reliably classi ed using simple spectrum pattern matching techniques.

The main problem with this approad is that many irrelevant actions are alsolikely to
fall within the de nition of hand-tool and semi{autonomous sound. Such actions include
scratching or putting down an object. Thus, like accelerationanalysis, sound{basedclassi-
cation also has problem distinguishing relevant from irrelevant actions and will produce
a number of false positives.

3.3 Recognition Metho dology

Neither acceleration nor sound provide enough information for perfect extraction and
classi cation of all relevant activities; however, we hypothesizethat their sourcesof error
are likely to be statistically distinct. Thus, we dewelop a technique basedon the fusion of
both methods. Our procedure consistsof three steps:

1. Extraction of the relevant data segmems using the intensity di erence betweenthe
wrist and the chest microphone. We expect that this technique will segmen the data
stream into individual actions

2. Independen classi cation of the actions basedon sound or acceleration. This step will
yield imperfect recognition results by both the sound and acceleration subsystems.

3. Removal of false positives. While the sound and acceleration subsystemsare eadh
imperfect, whentheir classi cations of a segmen agree,the result may be more reliable
(if the sourcesof error are statistically distinct).

4 Isolated Activit y Recognition

As an initial experiment, we segmei the activities in the data les by hand and test the
accuracy of the sound and accelerationmethods separately For this experiment, the non-
tool gestures,drawer and clapping, are treated as noise and as such are not considered
here.

4.1 Accelerometer{Based Activit y Recognition

Hidden Mark ov models(HMMSs) are probabilistic modelsusedto represen non-deterministic
processesn partially obsenable domainsand are de ned over a set of states, transitions,



and obsenations. Details of HMMs and the respective algorithms are beyond the scope of
this paper but may be found in Rabiner's tutorial on the subject [13].

Hidden Markov modelshave beenshaown to berobust for represenation and recognition
of speed [9], handwriting [19], and gestures[21]. HMMs are capableof modeling important
properties of gesturessuch astime variance (the samegesture can be repeated at varying
speeds) and repetition (a gesture which cortains a motion which can be repeated any
number of times). They also handle noise due to sensorsand imperfect training data by
providing a probabilistic framework.

For gesturerecognition, a model is trained for ead of the gesturesto be recognized.In
our experimernt, the set of gesturesincludes saw, drill, screw,hammer, sand, le and vise.
Once the models are trained, a sequenceof features can be passedto a recognizerwhich
calculates the probability of eadh model given the obsenation sequenceand returns the
most likely gesture. For our experimerts, the set of features consist of readings from the
accelerometergositioned at the wrist and at the elbow. This provides 6 total continuous
feature values - the x,y and z acceleration readings for both positions - which are then
normalized to sum to one and collected at approximately 93 Hz.

We found that most of the workshop activities typically require only simple single
Gaussian HMMs for modeling. For le, sand, saw, and screw, a 5 state model with 1
skip transition and 1 loop-bad transition su ce becausethey consist of simple repetitiv e
motions. Drill is better represened using a 7 state model, while grinding is again more
complex, requiring a 9 state model. The viseis unique in that it hastwo separatemotions,
opening and closing. Thus a 9 state model is usedwith two appropriate loop-badsto cor-
rectly represert the gesture(SeeFigure 3). Thesemodelswere selectedthrough inspection
of the data, an understanding of nature of the activities, and experiencewith HMMs.

4.2 HMM Isolation Results

For this project, a prototype of the Georgia Tech Gesture Recognition Toolkit was used
to train the HMMs and for recognition. The Toolkit is an interface to the HTK toolkit
[26] designedfor training HMMs for speed recognition. HTK handlesthe algorithms for
training and recognizing the Hidden Markov Models allowing us to focus primarily on
properly modeling the data.

To test the performance of the HMMs in isolation, the shop accelerometerdata was
partitioned by hand into individual examplesof gestures. Accuracy of the system was
calculated by performing leave-one-outvalidation by iterativ ely reserving one sample for
testing and training on the remaining samplesfor eadh sample. The HMMs were able to
correctly classify 95.51% of the gesturesover data collected from the shop experimernts.
The rates for individual gesturesare givenin Table 2.

4.3 Sound Recognition

Metho d

The basic sound classi cation scheme operates on individual frames of length t,, sec-
onds. The approad follows a three step process:feature extraction, dimensionality reduc-
tion, and the actual classi cation.

The features used are the spectral componerts of eat t,, obtained by Fast Fourier
Transformation (FFT). This producesN = %3 tw dimensional feature vectors, wheref ¢
is sample frequency Rather than attempting to classify such large N -dimensional vectors



directly, Linear Discriminant Analysis (LD A)[6] is employed to derive an optimal projec-
tion of the data into a smaller, M dimensional feature space(where M is the number of
classes).n the \recognition phase",the LDA transformation is applied to the data frame
under test to producethe corresponding M 1 dimensional feature vector.

Using a labeledtraining-set, classmeansare calculatedin the M 1 dimensionalspace.
Classi cation is performed simply by choosing the class mean which has the minimum
Euclidean distance from the test feature vector (seeFigure 2 bottom right).

Intensit y Analysis

Making useof the fact that signalintensity is inverselyproportional to the squareof the
distance from its source,the ratio of the two intensities | rist =lchest 1S USedas a measure
of absolute distance of source from the user. Assuming the sound sourceis distance d
from the wrist microphoneand d + from the chest, the ratio of the intensities will be
proportional to

Iwris.t ' (d+ )2 — d2+ 2d + 2 =1+ 2_+ _2
I chest d? d? d

When both microphonesare separatedby at least , any soundproducedat a distance
d (whered>> ) from the userwill bring this ratio closeto one. Soundsproduced near
the chestmicrophone (e.g. the userspeaking) will causethe ratio to approach zerowhereas
any soundscloseto the wrist mic will make this ratio large.

Soundextraction is performed by sliding a window wi, over the f ¢ Hz resampledaudio
data. On ead iteration, the signal energy over wi; for ead channel is calculated. For
thesewindows, the di erence in ratio |y ist =lchest @nd its reciprocal are obtained, which
are then comparedto an empirically obtained threshold thi, .

The di erence lyrist =lchest | chest =lwrist providesa corveniert metric for thresholding
- zeroindicatesafar o (or exactly equidistant) sound;while above or below zeroindicate
a sound closerto the wrist or chest microphone respectively.

4.4 Results

In orderto analyzethe performanceof the soundclassi cation, individual examplesof eath
classwere hand partitioned from ead of the 10 experiments. This provided at least 10
samplesof every class- someclasseshad more sampleson accourt of more frequert useage
(e.g. vise). From these,two samplesof ead classwere usedfor training while testing was
performed on the rest.

Similar work[18] used FFT parametersof f ;=4.8kHz and t,,=50 ms (256 points), for
this experiment t,, wasincreasedto 100 ms. With theseparametersLDA classi cation was
applied to successie t,, frameswithin ead of the classpartitioned samples- returning a
hard classi cation for eac frame. Judging accuracy by the number of correctly matching
frames over the total number of frames in eadh sample, an overall recognition rate of
90.18%was obtained. Individual classresults are shown in the rst column of Table 2. We
then usedintensity analysisto selectthose framescorresponding to where sourceintensity
ratio di erence surpasseda given threshold. With LDA classi cation applied only to these
selectedframes, the recognition improved slightly to a rate of 92.21%/(secondcolumn of
Table 2.)

To make a comparison with the isolated accelerometerresults, a majority decision
was taken over all individual frame results within ead sample to produce an overall
classi cation for that gesture.This technique resulted in 100%recognition over the sound
test data in isolation.



Sound Acceleration
Gesture [LDA |IA+LD A|maj(IA+LD A) |[HMM
Hammer |96.7998.85 100 100
Saw 92.71/92.98 100 100
Filing 69.6881.43 100 100
Drilling |99.5999.35 100 100
Sanding (93.6692.87 100 88.89
Grinding (97.77/97.75 100 88.89
Screwing|91.17/93.29 100 100
Vise 80.1081.14 100 92.30
Overall (90.1892.21 100 95.51

Table 2. Isolated recognition accuracy (in %) for sound LD A, LD A with IA preselection, majorit y
decision over IA+LD A, and for acceleration based HMM

0.500

Fig. 3. HMMs topologies



5 Contin uous Recognition

Recognition of gesturesfrom a cortin uous stream of featuresis di cult. Howewver, we can
simplify the problem by partitioning the continuous stream into segmeits and attacking
the problem as isolated recognition. This approac requires a method of determining a
proper partitioning of the contin uous stream. We take advantage of the intensity analysis
described in the previous section as a technique for identifying appropriate segmeits for
recognition.

Sinceneither LDA nor the HMM are perfectat recognition, and ead is ableto recognize
adi erent setof gestureswell dueto working in di erent feature space,it is advantageousto
comparetheir independert classi cations of a segmei. If the classi cation of the segmen
by the HMMs matchesthe classi cation of the segmen by the LDA, the classi cation can
be believed. Otherwise, the noise classcan be assumed,or perhapsa decisionappropriate
to the task can be taken (such asrequesting additional information from the user).

Thus, the recognition is performed in three main stages:1) Extracting potentially
interesting partitions from the contin uoussequence?) Classifying theseindividually using
the LDA and HMMs, and 3) Combining the results from these approades.

5.1 LDA for partitioning

For classi cation, partitioned data needsto be arranged in continuous sections corre-
sponding to a single user activity. Such partitioning of the data is obtained in two steps:
First, LDA classi cation is run on segmens of data chosenby the IA. Those segmetts
not chosenby intensity analysisare returned with classi cation zero. (In this experimert,
classi cations are returned at the samerate as accelerometerfeatures); Secondly these
small window classi cations are further processedby a larger (seweral seconds)majority
decisionwindow, which returns a single result for the entire window duration.

This partitioning mecanism helps reduce the complexity of contin uous recognition.
It will not give accurate bounds on the beginning and end of a gesture. Instead, the goal
is to provide enoughinformation to generate cortext at a generallevel, i.e., \The user
is hammering" as opposedto \A hammering gesture occurred between sample 1500 and
2300." The system is tolerant of, and does not require, perfect alignment between the
partitions and the actual gesture.The examplealignment showvn in Figure 4 is acceptable
for our purposes.

5.2 Partitioning Results

Analysis of the data was performedto test the system'sability to reconstruct the sequence
of gesturesin the shop experiments basedon the partitioning and recognition techniques
described to this point. Figure 5 shows an example of the automated partitioning versus
the actual events. The LDA classi cation of ead partition is alsoshown. For this analysis
of the system, the non-tool gestures,drawer and clapping, were consideredas part of the
noise class. After applying the partition scheme, a typical shop experiment resulted in
25-30di erent partitions.

5.3 HMM Classi cation

Oncethe partitions are created by the LDA method, they are passedto set of HMMs for
further classi cation. For this experiment, the HMMs are trained on individual gestures



from the shopexperimerts using 6 accelerometeifeaturesfrom the wrist and elbow. Ideally,
the HMMs will return asinglegestureclassi cation for each segmen. However, the segmern
sometimesincludes the beginning or end of the next or previous gesture respectively,
causingthe HMMs to return a sequenceof gestures.In such casesthe gesturewhich makes
up the majority of the segmen is used as the classi cation. For example the segmen
labeled \B" in Figure 4 may return the sequence\hammer vise" and would then be
assignedas the single gesture\vise."

5.4 Combining LD A and HMM classi cation

For ead partitioned segmen, the classication of the LDA and HMM methods were
compared. If the classi cations matched, that classi cation was assignedthe segmen.
Otherwise, the noise classwas returned.

Drawer | Hammer Vice
Actual I i
. B
LDA Partition i I
Fig. 4. Detailed example of LDA partitioning
Workshop dataset #7
T T T T
Vise - — ] o— — b
(Drawen e e -— ——— - — -— - -_ - T
SCrew |(e——— - — - — — - — E
Grind |- o — b
2 Sand| — B
=]
@
3]
o .
Drill - — B
File | - — m
Saw [~ _— -
Hammer - 3 b
L —_ - - + LDA Partition
Nonetee - . - R N o= — =< =| . GroundTruth
| | | | | | | | |
0.6 0.8 1 1.2 1.4 1.6 1.8 2 2.2 2.4 2.6

Data Frame X 104

Fig. 5. LDA partitions versusground truth on a typical contin uous dataset



Gesture HMM LDA HMM + LDA
C|I |ID|S|Acc|C| I [D|S| Acc |C|I|D|S|Acc|P(GjClass)
Hammer| 8 |{2/0|1/66.7{9|1|0|/0| 88.9|8|0[1|0|88.9 1.00
Saw 9/0/0|0]100{9|1|0(0| 88.9|9|0/0|0[100 1.00
Filing [10{0|0(0/ 100{9|7|0|1| 23.2|910|1|0| 90 1.00
Drilling | 9 |7|0]0[22.2{9|1|0|0| 88.9 |9|0(0|0|100 1.00
Sanding| 8 |0|0|1{77.8/9|8|0({0| 11.1 |8|0{1|0(88.9 1.00
Grinding | 11|13/0(0|-18.2/9|0|0(2| 81.8 |9 (0|2 |0(81.8 1.00
Screw | 5 |1(0|4|44.4|19|75/0|/0|-733.34|0|5|0{44.4 1.00
Vise |42|0(0|1{97.7\34{1|2|7| 76.6 (36/0| 7|0|83.7, 1.00
Overall |102/23/0|7|72.5|97|94|2(10| 2.8 |92|0|17|0(84.4  1.00

Table 3. Continuous recognition accuracy per gesture (Correct j Insertions j Deletions j Substi-
tutions j Accuracy) and probabilit y of gesture given classi cation P(GjClass)

Table 3 shows the number of correct classi cations (C), insertions (I), deletions (D),
and substitutions(S) for the HMMs, the LDA, and the combination. Insertions are de ned
asnoisegesturesidenti ed asatool gesture.Deletions are tool gesturesrecognizedas noise
gestures.A substitution for a gestureoccurswhen that gestureis incorrectly identi ed as
a dierent gesture. In addition, the accuracy of the system is calculated based on the
following metric:

Correct | nsertions
TotalSamples

%Accuracy =

The nal column reports the probability of a gesture having occurred given that the
systemreported that gesture.

Clearly, the HMMs and LDA ead perform better than the other on various gestures
and tended to err in favor of a particular gesture.When incorrect, LDA tended to report
the \screw" gesture.Similarly, the HMMs tendedto report \grinding" or \drilling." Com-
paring the classi cation signi cantly helpsaddressthis problem and reducethe number of
false positives, thus increasingthe performanceof the systemas a whole. The data shows
that the comparison method performed better than the HMMs and the LDA in many
casesand improved the accuracy of the system.

6 Discussion

Although the accuracy of the systemin generalis not perfect, it is important to note that
the combined HMM + LDA method results in no insertions or substitutions. This result
implies that when the systemreturns a gesture,that gesturedid occur. While the system
still missessome gestures,the fact that it does not return false positives allows a user
interface designerto be more con dent in his useof positive context.

Of coursefor many applications deletions are just as undesirable as false positives. In
a safety monitoring scenariofor example, any deletions of alarm or warning events would
naturally be unnaceptable.In suc casest would be better for the systemto return some
warning, however erroneous,rather than none at all. On the other hand, if one sensor
is known to produce many false positivesin particular circumstances,whereasanother is



known to be extremely reliable for the same,then somemeansof damping the in uence
of the rst in favour of the secondsensorwould be desirable.

The simple fusion scheme described in this paper could be modi ed to accomalate
theseissueshy weighting sensorinputs basedon knowledgeof their reliabilit y in given cir-
cumstances.Sud weighting, together with decisionlikelihood information from individual
classi ers, would allow a more intelligent fusion schemeto be dewveloped. This will be the
focus of future work.

7 Conclusion

We have shown a system capable of segmeiing and recognizingtypical user gesturesin
a workshop ervironment. The system useswrist and chest worn microphones and ac-
celerometers,leveraging the feature attributes of eadh modality to improve the system's
performance. For the limited set analyzed,the system demonstrated perfect performance
in isolated gesture testing and a zero false positive rate in the continuous case.In the
future, we hope to apply these promising techniques, together with more advanced meth-
ods for sensorfusion, to the problem of recognizing everyday gesturesin more general
scenarios.
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