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Preface

AfMany atoms disintegrate themselves spontaneously
(i.e. He nucleus). This is what we usually call the phenomenon of radioactivity discoveredB®cquerel in

1896 PB7]. Thedisintegration rate is governed by a statistical law that states that giagrms at the time,

the number oburviving atoms at timeis N(t) = N exp(at) . Thea-constant is a characteristic of the intended
atom(or nucleus). This law provide us with an useful model to predict radioactivity intensity in the future (or in
the past, thinking to the C14 dating methwsed by anthropologists) and to anticipatory know what will be the
guantity of remained atoms afradiating matter in close or far future (something of interest to every scientist
of atoms). For example we know that atoms will be the half exactly at the time T& [1(2). Once

calibrated the parametexe ver yt hi ng is known. 0

In movement science we do not have any generic model that could be considered asqrac@aatefor
movement classificatiorMany different explanations of specific aspects of ement have been proposed

They are very interesting, but none of them are generally explicative of what is going on in a semantic sense
[6,7,8,10,11,15,20,21, 22,25,27,34,47]When wedeal withthe movement recognition/classification area we

do not evenhave asatisfying model of specific aspects that can be considered generally predictive
[3,23,26,28,29,33,35,37,38,39] And in the area of movement recognitiowith inertial sensors, many
technological questions arise: technological diversity, caldramatters, sensors errors, sensor models,
orientation and position of sensor in space, and a lot of numerous specificities that, with all the above aspects,
andthe lack ofsufficiently generic and semantically ripliblic Test 8t, contribute to create strong barrier to

any generic approach to eovement classificationwith wearable sensors at the moment (so far)
[3,4,5,23,26,29,30,37

We have also to netthat a movement is a phenomenon explicitly or implicitly (voluntary or involuntary)
controlled by brain. The human and the individual freeill introduce a further problem when we want to
temporary predict the movements looking at ¢tese pasfl,23,%6]. Any patterns can change when you can
change situation, ambient, psychological context,, @dgsiological o pathological changés the body

attitude and will of the subject.

On the other hanthachine learning techniques seems quite promiSndgy], but for some reasons they still

lack generality, as far can see, and amot intended tosolve the specifical matters that arise in movement

classification area with inertial sensaren inworks and research of area specialiSt23].
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Also a movement, an action, is something that is semantically undefineyone intuitively knowsvhat is a
movement, or an action but when we have to observatively say what a person is doing, when we naturally
speaking classify a movement, we have to define well what is a movementjtvetars whenit ends, and

when - this is adifficult problemi we can consider two movemerttifferent, in the sense they pertains to
different movementslas®s [16,17,18,19,23,24].

To a normal eye tw@eoplewalking straight in an aisle for 1€tepsare doing the same actions. But slight
differences appear (cdme evident) to the eye of a physicians or a physiotherapistrifdta difference
between a physiological movement and a pathologica]ildh&3,31,36,6], and the two actions that we so far
considered to pertain to to same class, suddenly happefabin two distinctively different categias.

Semantics matters, engineggr questions, quality of outcome information, quality of indogndata, lack of

general models and the necessitygive a generic explanation, or method, valid in thermfdion area, are

the questions that kia been considerednd facedthat in my opinion create a factual and conceptual barrier to
any innovative approach (scientific improvements) in the diealack of generality is the main barrjghe

lack of a model extensithe problem andarise some interesting question like whattlee semantis of a
movement, and the technological question does not help to search for a generic solution useful in different
domairs or situations.

For all these reasons brsidered that a semantiftakical approach to movement recognition with sensors,
using on instancéasedmachine learning techniques could be a promising way to solve some of these
challengs and problems. And so it was.

| was initially inspired the byvorks of G.Guerrdilho and Y.Aldmonosthat- going through other works in

the field of medicine and biology and neurolegyropose a correlation between thetor grammar and the
naturallanguage grammaf47,18,24,28,4Q]Their work is specificd a programmatic grammar (something that
could be mechanidgl handled) and does not try to understand how this grarooudal be createth the human

brain, nor how it could be present and why, but the idea behind was connaturatdirso dirgct obsevation

and seems interesting.

A language is a complex object, with information about future and past, where relations between subject and
objects are described, and where emotions and metaphors are present. And a lot of other questions that are still
behind our comprehension.

The main idea is that people share a common representation of the reality through the laBguageat do

they share?What they are talking about: mfmation, emotions, facts evhat else? A conceptual space is
possiblyirv ol ved? And i f something | i ke fAa grammar of m
between this grammand the natural language, and which are the differences?

Talking about semantic ahovements you can represefitsand consequently stei information about

actions. You can classify things dcekoe, Aftsahka knign gs ohree
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maybe even you can classify information |nerev ofiutsoo.a
Connecting themau can create a sequence of phrases, like in a natural language that mepheddntgoing

onin the reality, a concrete represaitnsof reality. You cannot depict anythin
il arger than | i f eodt:h emeftnhoavpehnoernst al reare grotedggendpecifivheftha p h o r
natural language. But some aspects are common to movements and the natural language. For example the
lexicon.

Before creatinga grammar of movemerit is important to understand i.e. to acquirei a lexicon of
movements[1,2,37] The dictionarycreatesthe common space of information, the basic brick of any
representation of the realityfiwhat am | doing no@ In recent literature, actions are acquired using diverse
technologies, akqually good or bad dependently from the situation.

In this thesis wearable inertial sensors has been used to classify movements, the choice has been driven by
technological and practical advantagidmy are cheap, light, anddifferently from videocameras are not

prone to the hidden face problems, or luminance problems, and4®,48,46,3,54]. The main idea is to use

inertial sensa to understand what a person is doing for amkigetligent, healthcare, medicand sport
applications.

A lot of literature has beenritten about the use of inertial sensors to classifyanments, with different results;

many of the proposed methodoiegare very specific to problems or applications or to the given technology,
sometimes ardifficult to translate into practiceuse minimal dictionaries {8 actions). Moreover they do

not give a general representation or explanation of the classification[3f2e

In thisthesis, my principal conceis to propose a method thiatnot centered mtechnology but on data, that

could bea general framework and couddso give a general regsentation of movement spacseful in other

area of researche.g.in reasoning ]. Inertial sensors are treatpbt as an example of sensors, a particula

type of sensors not different from others, the method is new, reusable, sinapleamdk the accuracy results

very interesting2,4].

| used atraditional machine learning method where data coming from sensgr heen represented like

vectors then | wheighted the featuse introducinga transformation of this spacedriven by two simple

conceps. give the features a weightiaged to theirability to discriminat andgereralizg1,2].

Thanks to this transformatiomectors representing an actiare grouped imore denseand separatedusters
classification results a2 @Qoputrtrat2leaeni wnsh. Agr ec
The method is generic, fré®f ana priori semantic in order not to fall into theoblem of semantic questions

(What is a mvement? What ithis movementn what it differs from othefd; and, finallyit is technological
independentand highly accurat@.he thesis contains, | believee hewandinteresting general representation of

themovement space, usefko forother area of research,4]. This is thegenerakontet of thisthesis.






Summary

Summary

The goal of the thesis is to recognize activities, interpreting data generated by wearable inertial sensors.

To this aimit is possible to develop specific alithms able to identify the most specific characteristic of a set

of actions, executed by one or more people. The idea is to automatically identify movements and activities,
avoiding the use of videocameras, any direct intervention of a persofor all the applicatios where
movements recognition is required.

Movement recognition with inertial sensors proved to be useful for social surveillance appli¢d}joims
neurosciencgl?] and for tracking activitie§3,37,40]. Inertial sensors can also bsed for sport analysis, for

gait and posture analysis, for human computer interaction and in motion recognition and capture
[3,2327,37,41,45,59. To dassify movements with inertial sensors could also be an important step to recognize
human emotions frohody movements and postyds,19].

On the one hand, inertial sensors require a certain amount of user cooperation and could be considered invasive
and cumbersome. On the other hand, since hardware is becoming smaller and smaller the user acceptability of
bodyworn sensors has improved and will continue to impfeyg8,60. Moreover, inertial sensors have many
advantages since they can be directly placed on specific body segments or in clothes. This has many
implications: we know with certainty to whichggaent of the body the data collected by the sensors refers to,

we do not have to solve fAhidden partso problems ¢
issues. Also, we do not have to interpret/understand the surrounding environmentnjgeeseparate the body
information from the background information, and identify pe@52,54]

In this work attention is focused on movement recognition with inertial sensors for movement classification,
using a generic method, semantically flexilalad technological independeiihe method was tested with two

very different technologies and vocabularies of actions and in all itgze$ormed with very high accuracies.

[1,2]. I will show that the given methodology is not only general, an technalofixible, but also improwe

intracluster and intercluster similarity reaching a very high accuracyasithple method of classification.

The Methodology

To create a test set, a given set of astisnexecutedy a set of people, then features axtracted from the
generated data, action by action, sample by sample; the given features values are filed in a vector. The set of
featuresvectors of a action executed by a population constitutes the pattern of the given action. Some features

aremorf r equent within the popul ati on, ot hers can be |
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take into account this aspect s, t wo weights HKRave b
(Al nver s eFedtad a e g lu @ ralpeg arg quantized, and FF and Réfecalculated.

The FF takes into account how frequent a featirethe given populatioslass byrising the importance of the

features that appear the same class of movemerithe IVH- takes into account howequent a featuris in

the dictionary. A feature that is present in more actions is considered less discriminative, and its weight is
lowered.

We have to note tha@FxIVFF space is different than the originehlues space: some dimensions can be
canceled p enhanced depending on the role of features in the dictionary and population. The FFFxIVF
transform the original space in a space where clusters appear to be more dense and more separated. This
approach will allow to reach high accuracy (the highestitarature as far as | know), using very simple
algorithms of similarity. The algorithmic costs of the similarity algorghare low, theaccuraciesare
interestingly high, giving to the methodology a promising appeal for real time applications.

The Datads

In order to test the proposed method, | used two different database: NIDA 1.0 (Nomadis internal Database of
Actions) the internal of the Nomadis Laboratory of the University of MiBimzoca used for this thesis and

other tests, and the WARD 1.0N¢arable Action Recognition Database) created at UC Berkele. oy |

Yang et al. 2009]. Theswvo databaseare quite representative of a typical database of actions, are big in
dimensions (270 and 1200 samples) and in number of actions (13 andni2idyed to most databadenown

in literature. Also, the two databasare quite different for sensors technology, dimension of the vocabulary of
actions, number and type of samples, and the granularity of low level data.

A great number of classifition dgorithm has been testeth different conditionsusing the Leave One Out

Croos Validation (LOOCV) methodology, anesults are very interesting.

Test and Results

The methodologyhas been applied as is - without significant changes to both the detss, and accurdes

are very high in both caseResults are the higlein literature, as far as | can know. The accuracy of our
methodology on the I&. Berkely WARD 1.0 database outperforms the results of tl@ Berkeky
researchers, reduciiy four times theerror rate (from 6.6% to 1.57%) using their dataset.

Also, a lot of tests has been done to test the accuracy reducing the number of wearable sensors, to check the
sensitivity to sensor numtgrand resultstill arevery interestingWith the U.C. Berkeley database WARD 1.0

using 3 sensors on the pelvis, the right wrist and ankle | egarhaccuracy of 97.63%higher than the 93.4%
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obtained atJC Berkely with all the 5 sensousing the same databagend | reached 93.62% of accuraasing

only onesensor, againshe 93.4 % of UC. Berkeleyobtained on the same databasth all the 5 sensors.

Further Analysis

Both the WARD 1.0 and NIDA 1.0 multidimensional space have been reduced to a three dimensional space
representation using Pripal Component Analysis methodology. The analysis of three dimensional reduction
confirm the peculiar Al exical o characteristic of t|
the Intracluster and Intercluster measures confirm theEfx&/F transformation create space where clusters

are more dense and well separated, justifying the higher accuracies obtained in the tests sections with the
LOOCV methodology.

Conclusions

Conceptual clearnesshigh accuracy, technology independentyy sensitivity tothe number of sensor
variation, and the use of fast algorithms, gitkis new methodology a great appeal. Also, the FFxIVFF
generating a space where clusters are more dense and separateithealk®of very simple algorithms. The

method opes an interesting path to activity recognition with inertial sense#sich is general, flexible,
technologicdly independent, accurate, and creates a bridge between the instance based techniques, the

applications and the semantic domains.
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State of the art

Many different approaches were used in the movement recognition area with inertial sensors, we can roughly
divide them in two differentypes: the approachewhere researchers usespecific set of features that have
heuristically ben proven to bsuitable for characterizing a chosen set of movenjdn®/, 3, 49, 53 andhe
approaches where machine learning technigues are used to recognize a m{veR3rt6,37, 45, 52]. An
interesting survey can be found 8137. Therearealsoapproaches thatterpret a movement as a sequence of
hidden states utilizing Hidden Markov ModéHMM) to predict movement from observabl@§,[39]. HMM
works wellin some situationsbut we have to note théttr HMM to work at their begheynead a great quantity

of information, every singlehange in the chain of observables needswastatistically significant quantity of
samples. Also you have to traindifferent HMM for every single adbn: the introduction ofa new action
forces along process of retrainingsghanging thevhole vocabulary of actions requs@ great quantity of work.
Finally, simple actiosthat are not composed by a chain of obsenghle not well recognize@3 26.

Many different technologies and sensors have beed, Usoth inquality and quantity: ame preferto use
differentmono dimensional sensor37], others a singlénertid unit mountedat a specific placen the body
[4,37]. Othersresearcherprefer multimodal approachesonjunctly using audio and inertiaknsors 23,26].
Recently, a new technique was proposed by. Xang et al. of the U.Qof Berkeley called Distributed Sparsity
Classifier p]. For thisresarch a public database of movement has been madiablea the WARD 1.0
databasel. used theJ.C. Berkeley WARD 1.0 database to test the accuraegyofproposed methadogy and

to compare my results with tlmterestingresults ofthe U.CBerkeleyresearchers

If a generaldefect could be founth these approaches tisatthey often are specificto the chosen technajg

and problem (the dictionary of actions). The lack of a flexible and general approach, that could be useful in
different situatios or with different technologies, amtifferent vocabularies, isin my opinioni the operissue

of the area.Given the greatlifferences of technologies and dictionaries the moment thenethodolges are
quite opportunistics, and thisasiimpediment to reacfdefinitived and general progresses in this fig3¢37].

Also, even if great accur&s are sometimeslescribedn literature,the results are related to testionewith
limited vocabulaes (thredo five actions), an@bove allpublic databasareneverused(as far as | know)there

is noa direct confrontatiorand that sometimes maké difficult to compare the proposed methods.

Finally, some of the proposed methodaésgocus on the ability to discriminate, not on the im@orte of the
features, hence theyse very complex nthine learning technology, with high computational costs

[5,23,26,45,52 And this is an impediment wase them in real time application.
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In the next sectionsl give a syntheticoverview pinpointing the differences of approachés the activity
recognitionareausing inertial sensorgar to beexhaustivat shows some interestingand representativesults

in the fieldfrom a methodological point of viegefr. also[5,37). None of these research use a public database
to tests results, anthfortunatelythis is quitecommon

Many dfferent methodologes are used sometimeghey are appliedo not a great number of subjectéusually

they doesnat exceed the number of ten subjectsje different technologiesith different approaches and
above alloftenuse a limited vocabularyor example some rese&drriesto recognizgust threeactionslt comes
easily that accuracies must be fAnormalizedod by the
50% in a vocabulary of two actions is not significattell a random choice has an accuracy @%b

In every listed referencénas been indicatedthe Recognized activities, Accuracy, sed algorithms or
Methalology, and Numerosity of the populatian

Reference:[41]]

Activities: Walking, Ascending stairs, Descendingiss

Accuracy: 92,85 %- 95,91%

Method: fuzzy sets bGaussian distributions based on feature for each activity; samples classified as activity
with the highest likelihood given activity distribution

Number of subjects 8 (6 male, 2femal@

Reference:[45]

Activities: Standing, WalkingClimbing stairs

Accuracy: 83%- 90%

Method: 3 Multiplayer Percefmn Neural Network trained for 3 activities using back propagati6+old cross
validation used to test classifiers.

Number of subjects 6

Reference [52]

Activities: Walking, Ascendingstairs Descending stairs, Sitting, Standing, Lying supine, SkTialkiing,
Bicycling, Typing

Accuracy: 95,8% éubjects performa scripted sequence of activitje$6,7% (auralistic daty

Method: weighted sum of lasolute differences between featureueal and activity reference patterns; sample
classified as nearest activity reference using distance metric.

Number of subjects 24
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Lying Sitting Sitting- Typing Standing Walking Descending Ascending Cycling
Talking stairs Stairs

Lying 16 0 0 0 0 0 0 0 0
Sitting 2 6 2 0 2 0 0 0 0
Sitting- 0 2 0 0 0 0
Talking
Typing 0 16 3 2 1 0 0 0 0
Standing 0 0 0 0 114 3 0 0
Walking 0 0 0 0 6 107 4 4 0
Descending| 0 0 0 0 2 80 26 1 0
Stairs
Ascending | O 0 0 0 3 20 1 25 0
Stairs
Cycling 0 0 0 0 0 0 0 0 13

Table 1 Confusion Matrixrelative to reference 2

The Confusion Matrx in Table 1 showsthatit is difficult to discriminags i mi | ar actions i
Awal ki ng ;cimilany,stisdiffiqultstaddiscriminatei si t t i ng @] ki &ig®ttyepidgnsgiot t i ng

Reference:[5]]

Activities: Lying, Sitting, Standing, Locomotion
Accuracy: 89,30%

Method: Decision Treausing feature set

Number fo subject 5

Reference:[39]

Activities: 3 types of karatemartial arts movemetnscuts, elbows and punch blocks

Accuracy: 96,77%

Method: 9 Hidden Markov Modelso identify 9 subgestures3 Markov Modelon sequence of suiestures
used to for each of the 3 major gestures

Number of subject: 1, a MartialArt Instructor

Reference:[44]
Activities: Walking, Ascending stairdDescendingstairs
Accuracy: 83%1 96%
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Method: Nearest neighbor classificatiarsing Euclidean Distance between featuretareand personalized
referance feature vector fo each avtivity; eferen@d vectorscalcuated as average of trainig sgles feature
vectors.

Number of subjects 6

Reference:[50]

Activities: Walking, Running Ascending stairdDescendingtairs Sitting, Standing Bicycling

Accuracy: 42% - 96%. In paticolare: walking ( 75% ), running ( 78%), ascendingrsté 426), descending
stairs ( 64%).

Method: bidimensionaKohonen Mapwith 20 x 20 neurondrained on the feature set

Number of subjects:. 1, researcher.

Reference:[49]

Activities: Walking, Runimng, Ascending stairs, Descending stairs, Sitting, Standing.
Accuracy: 85%1 90%

Method: Single layer neural netwotkained using 4 features

Number of subjects. 10

Reference [37]

Activities: Walking, Walking carrring, Sitting and relaxing, Working onmgauter, Standing still, Eating or
drinking, Watching TV, Reading, Running, Bicycling, Stretching, Strenght m@irtolding laungy, Laying

down, Brushing teetf Climbing stairs, Riding elevatoRiding escalator.

Method and Accuracy. i De ci s i oanc ctuarbalceyd ,49. 95 %. I BL (Al nstance
Neighboro), accuracy 70, 33%. #nADecision Tree C4.50,
Number of subjects: 20

Reference:[29

Activities: Standing, Walking, Running Ascending stairsDescending stairs, Sifps, Vacuuming, Brushing

teeth

Method and Accuracy: (settings 4: leave one oufiDecision table |, a ¢ ¢46,33%.¢1 yecision Treed ,
accuracy 57%. APlurality votingodo, accuracyinBabvennB
Bayeso, accuracy 64%

Number of subjects 2



Reference:[26]
Activities: Sitting, Standing, Walking, Jogging, Walking upstairs, Walking downstairs, Driving a car, Riding a

bicycle, Riding elevator down, Riding elevator up.

Accuracy: Overall accurac®5%

Method: Decision stumpandHidden markov models

State of the artfiZ I

Number of samples about & hour of data per activity aradound 100 instances per activity

Sitting

Stand

Walking

Jogging

Walking

upstairs

Walking

downstairs

Riding

Bicycle

Driving

car

Riding

elevaor

down

Riding
Elevator

up

Sitting
Standing
Walking
Jogging
Walking
upstairs
Walking
downstairs
Riding
bicycle
Driving car
Riding
elevator
down
Riding

elevator up

89.8%

38.5%

0.5%

0.4%

33.4%

10.1%

50.8%

1.4%

0.1%

7.4%

97.7%

5.2%

2.5%

100%

94.8%

0.5%

97.5%

3.3%

99.6%

66.6%

100%

100%

Tabe 2 Hmmclassifieraccuracy
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Reference:[5]

Activities: Stand, Sit, Lie down, Walk forward, Walk lefircle , Walk rightcircle, Turn left, Turn right, Go
upstairs, Go downstairs, Jog, Jump, Push wheelchair.

Accuracy: 93.5%

Method: DistributedSparsity classifieran important operation of feature projection is needed to work

Number of subjects 20 (7female 13 male

Stand  Sit Lie Walk Walk Walk Turn Turn Up Down  Jog Jump Push
Down  forward left- right - left right stairs  stairs wheel
circle circle chair
Stand 87.2 102 : 0.7 0 0 0 0.1 1.8 0 0 0 0 0
Sit 25.2 66.8 | 6.8 0 0 0 0.1 0.1 0 0.1 0 0.1 0.7
Lie down 2.6 5.1 91.8 0 0 0 0 0 0 0 0 0.1 0.3
Walk 0 0 0 92 2.5 1.6 0.2 0.2 0.4 0.7 0 0.2 0.3
forward
Walk left- 0.1 0 0 0.2 97.3 0 0.6 0.3 0.3 0.1 0.1 0.2 1
circle
Walk 0 0 0 0.1 0.1 95.7 0.2 0.4 0.4 04 0.5 0.2 2
right -circle
Turn left 0 0 0 0.6 0 97 2.3 0 0 0 0 0.1
Turn right 0 0 0 1.6 31 95.2 0 0 0 0 0
Upstairs 0 0 0 0 0 98 0.1 1.6 0.1 0.2
Downstairs | 0 0 0 0.2 0.1 0 0.1 98.3 0 0.5 0.8
Jog 0 0 0 0 0.5 0 99.3 : 0.1 0.1
Jump 0.1 0 0 0 0.3 0.6 0.5 97.9 0.5
Push 0.3 0.1 0 0.1 0.2 0.1 0.1 0.1 0 0.2 0.2 0.1 98.6
wheelchair

Tale 3 Confusion Matrixfor Distribute arsity Classifier Values are in percent.



Single Action Analysis JEZZJEE

Single ActiorAnalysis

The main idea of this thesis is to create@gnitionmechanismthe coutl be as genericas possible The goal

is of being able to recognize any type of action with a high degree of accuracy regardless of the type of action
executedan athletic gesture, @aily life acitivity, etc) and this has to be done in different tsts regardeless

of the used thechnology. Befostartingto analyze a set of different type of actome have to identify a
process to transform data related to a single sample to more useful actions. The idea is at first to filter data to
eliminate nise, and to identify other aspects of the movement like the change of velocity, change of
accelerationsthan to extract featres from the filtered information.

Hence, for every single action data has been filtered and fehawelseen extracted.

Filters

Filters have a rolén the feature extraction procegs, clean the signal from micichangeghat bring in the
signal background noise that affects the informatinraddition,filters are usefuto enhancesomeof features

that are not evident in the raw signal. The used filters are:

- Smoothing
- Low Pass Filter
- Variance

- Newtondbés Di fnf(leirstPericaive)Qu ot i e
- Newtonbés Dif f®coadedvativeQuoti ent (

Appendix B containsa detailed description of ttigters used in théeature extraction process

Features

To catchspecific aspects of movemewtry genericfeatureshas been used. Theea is that the reweighting
process will help to understand which of these generic fesitiraore helpfulavoding the burden to analyze

every actiorfor the most promising onerl he features used in tifeature extraction procease:
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- Maximumvalue

- Minimum value

- Startingvalue

- End value

- Mean

- Variance

- Zero Crossing Rate
- Mean Crossing Rate
- Skewness

- Kurtosis

In Appendix C a detailed description of ttidters used in théeature extraction process

Body Sensor Profiling

In human movement analysis the position and number of sensors is ofgreat importance.

In line of principle, we can think that we shouyddsition an inertial unit on every single segmeinthe bodyto

capturea very significant usefuamount of information for deity recognition. Br example,with enough

sensors weould capture the movemeot the forearm in respect the arm, or the movement of thead and

neck in respect of the torsar, even the fine movements of every single finger.

In sport activitiesthe sensorsd& combinati on tishtetonewherel sengparey € mo r
attached to the body segment that carries out these aciionsxampleif you want to recogniz&arate moves

like apunch a front kick or side kickve couldignore tte limbs on the left side of the body (if the person is not
left-handed of course), and focus on thght side wrist, shoulder, hip, knee and ankle.

If you want to recognizgeneric movents dfaily life, it would be more useful to place the sensorsal the

arms, using both the left and right side of the body.

Nontheless, there is no a clear evidence in literat@a®far as | know if we really need all these sensors, and

of how many sensors are really necessargccurately classify and identily movementd.g, an activity of

daily living, or a sport activit)y. As we will see there is no a necessity to place sensors on every segment of
body, for an accurate recognition. In general we will see that with the proposed methodology, three sensors

work as well as five sensors, even if thery are placed on the left side and the actionhamdgd. Still with a
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single sensor we have very interesting raghltimprove onthe resuls presented in literature (seedt Results
p.59).

The choice to use five sensors, one for every limb and one for tlaedopding to a X scheme (right wrist, left
wrist, pelvis, right ankle, ankle left) as showrHig. 1, was driven by theeedto create a profile useful in many
different situations, and test it.e$ts will also verify the accuracy of the recognition varying the number of

SEensors.

Fig. 1¢ Position of sensaron the body.

Body Profile and Human Profile

Another aspect to consides i t Body Pridfiled. This term refers to the physical characteristics of the person.
The idea is that we have a uniform population in term of body characteristics, so the profiling should be
fimodele® on the basis of age, weight and height.

Once clarifiel the scope of usef sensors, it is important tivide the subjectonsidering the motor skills

( AHuman Pyaufigihéakhgpgrson with no physical problemand an elderly person with difficulties

to move, execute the same action in a veifgidint way.

Our research tests have been applied to peafpdgie between 19 years and 79 yearswith normal motor

skills, butusers havalifferent heights and weighttn otherwords, our group of people is formed by people

quite etherogeneous foodly profile, but contains only healthy people, with normal motor skills.
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Vocabulary of Actions The Methodology

The goal is to propose a methdldxible, technology independent, aadgeneral apossible The main ideas

to analyzefeaturesusinga method able to enhance the most importanies and diminuish or invalidate the
less important, using an approach that is not spedfificsingledomain andthat could beeusedn multiple
contexts. To this aim | will operate on the featws@singa method that could be reusable in many different
context and as general as possible.

In andomainspecificapproachyou want to identify theype of actionto be recognized iits specific context
for aspecificpurposeln sports activities like karat, there may be actions that diffestin the way you can hit
your opponentfor exampleby kicking andér using punches On the other sidethe actionswe want to
recognize imeurology andherehabilitationfields are completely different anthn varydepending on the type
of diseasef which the person is suffieg (neurology,posttraumatic, possurgery) thatwe want to recognize
or measureDaily activities ae obviously the more generic aptobablythe more studied type of actiondgth
inertial sensorsand have completely differedbaracterizindeatures, and differentapplicationcontext.

Many of the currentapproacksare baseeither ona long workof featureanalysig[4, 37, 39, 49, 53in seach

for the best feature for each specific donmain; others use sophisticatedclassification methodologiesor
methodolgieghat are domairspecific or arespecificfor the particular movementhat is being acquirednd
recognize [4, 23, 26, 41, 45, 52].

The methodhere proposed idomain indifferentdoes nouse biomechanical models of the bodgy require an
apriori knowledge of the movementdomainscience aspectfocusing onthe analysis of the value déatures
within a set of actions that we call vocabulary or dictionargations

The firststep of the proposed method requires the construatiarnvocabulary of actionsA series of actions
exeatedby a group of individuals belonging to a population thatdiailar Human Profile(motor ability)and

a differentBody Profile (different ags, wheights, and heightgensors are positioned according to the more
appropriatesensory profilefor our goals,that is the more generic profile possible. Specifically, sersave
been placed accordintp a X scheme (right wrist, left wrist, pelyisght ankle, ankle left) as shownking. 1. |
proceeédto acquire the raw datan store theninto the file system.These data constitute the vocabulary of
data, theNIDA 1.0 database, which subsequently widl bsedor the recognition phasén a second phase the

public database WARD 1.0 was used for confrontatith results present in literature



Vocabulary of Actions The Methodology

Feature Extraction

Roughly speaking, t h e featursaane camseleeth aw goy-dh@nmast@romsisnt e c t
feature for a specific set of actions, that means that you have to study the problem and identify the most useful
feature for the given domain; otherwise you can use some very generic features and exploit criteria to reweight
their role n given application domain (in the given vocabulary of actions).

The proposed approach is to use very generic features, usually considered helpful in lit€rastuneajor
advantage is to keep the mechaniasgeneralas possible, and to eliminate theoplem to considewhat
featuresare more suitableach time you change the application domain (the vocabulary of actiOns)he

other hangdit is necessary to generatdamge number of featuresi n o r d estatistically cértaia that

among the rany valuesit could be possible to findomevery distinctive features useful for the analysis and
recognition process. The more are the feafuttlee more difficultit is to efficiently classify activitiesin
particular if we want to create a methodologiseful also atruntime. Hence, there ia tradeoff between
generality of the methodology, technology indipemae and accuracy and efficiency of recognitias.we will

see the proposed methotbgy can dal well both with the two competing paxdf the problem:generality and

accuracy.

Thefeatureextractionproposed here is a process that iterativelyiappt everylevel all thefilters and features
described in the sectioBingle Action Analysis. An actionin orderto be recognized can by acquired the
database or directy executed. Frewery nertial senswaw dataare extractedThentheir 2D and 3D magnitude
is calculated. The obtained datare transformed using thiiters presentedbeforeobtaininga greainumberof
distributions Finally featuresareextractedFig. 2).

The result is aseries of real values (7350 in the exampld-ig. 2) that represent thdéeature valuesof the
executed actionThen values arguantizedin order tomake easier the #weighting process In Fig. 2 the

schema offeaturesextractionprocessised with MTxsensors
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sensor compon. dimension filter feature interval
. raw maxvalue >> 100
‘ Acc. X _ 90 << 100
Gyr. Y smoot. minvalue 80 << 90
Mag. 7 DFT first value 70 << 80
average lastvalue 60 << 70
IXY] g 50 << 60
IXZ| var.on raw average 40 << 50
1YZ| 1st derivative variance 30 << 40
2nd derivative Z.C.R. 20 << 30
5sensors [XYZ| 10 << 20
M.C.R. 0 << 10
3 * 5 = 15 Components Skewness -10 << 0
kurtosis -20 << -10
-30 << -20
-40 << -30
15* 7 =105 dimensions _50 << -40
-60 << -50
-70 << -60
105 * 7 = 735 distrib. -80 << -70
-90 << -80
-100 << -90
735 * 10 = 7350 features << -100

7350 * 22 = 161700 binaryvalues

Fig.2 - Theiterative procesf feature extraction
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FeatureQuantization

Feature value®f every single action constite a pattern and we want to compireith the clases pattern.
Hence,these values should hesed during the analysiandalso duing the recognition processlo usethese
data, valueshave been quantized,to make thecomparison between the values much easiempugtional
quick) asthey can be compared usiimgervals.

Theintervals in whichto divide the featuwes can not be chosen at random, for example they chariob small,
to avoid the risk thaany patterrcould beself specific, and this will give not a reliable significancéhe data.
On the other sidentervals canot be too large, because otherwtsaill be highly likely that toomany feature
values will bequantized witin the same interval.

Theinterval dimensionsnay not beequalfor all the observedlistributions because every component's senso
has its own scale of valuesghich is oftenvery different from the otherd8ut roughly speaking it has been
decided to dividethe domains into 20+2 interval&or example, for theSkewnesshis is the interval

guantization

>>5
45<<5
4<<45
3.5<<4
3<<35
25<<3
2<<25
15<<?2
1<<15
05<<1
0<< 0.5
-05<<0
-1<< -05
-15<< -1
-2<< -15
-25<< -2
-3<< -25
-35<< -3
-4<< -35
-45<< -4
-5<< -45
<< -5

When the value exceeds the maximum (or minimudim)s simply represented with eitherthe values

>> 5 <<-5,
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Features Extraction- Data Dimensions

The number offeaturesexctraced from every actiordepend orsomefactors.The number of sensofs on the
body, the number of device®; in the sensg the number of, components, the number Bffilters usedfor

theanalysis, theumber ofs featureschoose fothe analysis.TheN total number of generated features is:
N=S§x*Djx Cx E,*x g

For example, the MTx sensors used in dagsetNIDA 1.0 are technologicaly different from tlsensos of
dataset WARD 1.0, that haveonly a 3D a&celerometer and a 2D gyroscope, the total number of extracted
features for a single actions in the two dataset is different.

The number of intervals is not easily calculated, since for each feature there are a numberaofisgb

intervals As said before, in averadgiee intervds are 22.

Weighting Features. Population andDictionary

The recognition phase is quite simple if thecabulary of actios consists of a very small sef actiors
performed by one person. When tm@mber ofactions(classes) growand the number of individuals grows,
goodresults are nogasily obtained Therefore, wavould like a feasible way andneefficient mechaism that
shouldbe able to tell us whickeaturesare more suiébleto distinguishan actionby another (discrimative
powerof the featurg and whichfeaturesare characteristics of a specific action for the given populaimare
not specific of an individuaf{generalization power of the feature)

The solutiorproposedo this poblem is to weigh th&eatures using an approackery similar to whats done in
Information Retrieval and in TeXining [9].

In the firstphase | will extracthefeaturevaluesof every action anéverypersonof the given population
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MAX VALUE

SENSOR 1

RAW SMOOT FFT

action 2 action 2 action 2
Acc X | 10<<20  10<<20  0<<10 | 0<<10 10<<20  0<<10 0<<10 10<<20  0<<10
AccY 10=<<20  0<<10 0<<10 10<<20  0<<10 0<<10 10<=20  0<<10 0<<10
AccZ 0<<10 0<<10 0<<10 0<<10 0<<10 0<<10 0<<10 0<<10 0<<10
Acc | XY 10<<20  10<<20 0<<10 10<<20  10<<20 0<<10 10<<20 10<<20 0<<10
Acc |XZ| 10<<20 10=<20  10=<<20  10=<<20 10<<20 O=<10 10=<20  10=<20  10=<<20
Acc |YZ| 10<<20 0<<10 0<<10 10<<20 |0<<10 0<<10 10<<20  0<<10 O<<10
Acc | XYZ| 10<<20  10<<20 10<<20 10<<20 10<<20 0<<10 10<<20  10<<20  10<<20
Gir X 1<<2 0<<1 O<<1 D<<l O<<1 D<<l 0<<1 D<=l D<<l
Giry 0<<1 0<<1 O<<1 D<<1 0<<1 0<<1 0<<1 0<<1 D<<1
GirZ 0<<1 1<<2 O<<1 D<<1 0<<1 0<<1 0<<1 1<<2 D<<1
Gir | XY | 1<<2 O=<1 D<<1 1<<2 D=<1 D=<1 1<<2 D<<1 D=<1
Gir |XZ| 1<<2 1<<2 O<<1 1<<2 O<<1 D=<<1 1<<2 1<<2 O<<1
Gir |YZ| 12 1<<2 Dol 1e<2 D<<l De<l 1<<2 12 De<l
Gir | XYZ| 1=<2 1=<2 D<=l 1<<2 D=<l D=l 1<<2 1<<2 D=l
Mag X -0,5<<-0,4 -0,8<<-0,7 -1<<-0,9  |-0,5<<-0,4/-0,8<<-0,7 -1<<-0,9  -0,5<<-0,4 -0,8<<-0,7 -1<<-0,9
Mag Y 0,8<<0,9 0,7<<0,8 -0,3<<-0,2 0,8<<0,9 0,7<<0,8 -0,3<<-0,2 0,9<<1  0,7<<0,8 -0,3<<-0,2
Mag Z 0,1<<0,2 0<<0,1  -0,5<<-0,4 0,1<<0,2 0<<0,1  -0,5<<-0,40,1<<0,2 0<<0,1  -0,5<<-0,4
Mag | XY | =S | =5y | 1<<1,1 31 =5 | 1<<1,1 =5y | o | 1<<1,1
Mag |XZ| 1<<1,1 0,9<<1 1=<1,1 1<<1,1 0,9<<1 1<<1,1 1<<1,1 0,9<<1 1<<1,1
Mag |YZ| 1<<1,1 0,7<<0,8 0,53<<0,6 1<<1,1 0,7=<0,8 0,5<<0,6 Il=<<1,1 0,7<<0,8 0,5<<0,6
Mag |XYZ| =x] =1 le<l,1 =31 =1 l=<1,1 ==l S 1<<1,1

Fig.3 ¢ Fedure-Action representation. Actions have different feature values

fAll featureshave been created equialbut effectively they ar@ot equal. Theydo not play the same rolie
different actions and that dipend®n two different competitive contexs: the fipopulatiod (intraclass
distribution)and t h e f(dtérdassidistribation)Gven anAction (class), somefeatures are more
frequent, othersare more frequentin the Dictionary of actions not all the featureshave the same
discriminativeor generalizationpower A value of afeature that appears onlynionespecificaction(class)in
the vocabulary is certainlyery importart in terms of its discriminativeapability, butif it is infrequent in the
population,it has not afigeneralizingabilityo. Vice versaif a featurevalue appeas quite oftenin the given
Action (class)it may have astrongii p ower of g,ebut & it & Ipresera in ievery action of the
vocabulary,it is completely useless teeparateone action (class)from another Thesetwo factorshavebeen

taken into account to reweight faeds using a simple methodology inspired bytTing techniques
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walk run jump fall opendoor punch  frontkick lateralkick ..
feat. 1 ol ol ol al ol ol al ol
feat. 2 ol ol ol ol ab a2 a2 a2
feat. 3 ol ol ol a2 a3 a3 a3 a3
feat. 4 o5 ol gl ol ol ol gl gl
feat. 5 o3 as ol g2 o2 a2 gl a7
feat. 6 g2 a2 o2 o2 o2 a2 g2 g2
feat. 7 ol a2 o3 g2 o2 ol ol ol
Fig.4 ¢ Vocabulary relevance offeatures: a6 valueis specific of thebopen the dooé | Q iiskdBofiminativepower is very high

The a1 value of the featurel is present in every action of the Dictionanys discriminative power is null.

In order to capture population relevance amtabulary relevance of featsre two wheightshave been
introduced.The first is called~eature FrequencyFF) and the seconbhverse Vocabulary Feature Frequency
(IVFF), these wights are inspired byText Mining methodolog [9]. Feature Frequencyindicates how
frequentis the value of deaturein the populationclass by classandit is calculated using the following

formula

Ff, = = (eq.1.1)
ij = |P| q. 1.

wheren;, ; is the number of occurrences of hefeature inthe actiona; , and |P| is thepopulationcardinality.
The values of th&F go from a value close teerg to a maximunof 1.
InverseVocabulary Featurd-requencyindicates the general importance of the featarthe dictionaryif the

the featurehasthe ability to discriminate an action (cladg) the vocabularyThe formulais as follows:

Al

IVFf, = log—————
Ji= gy e a]

(eq.1.2)

where|A| represents the cardinality of the vocabulary, Had o; € a}| the number of actions where feature
o; assumes values.

The values of théVFF goes from zero(if the featurein appears in althe Actions)to a maximum olog |A|
whichindicates that the featugpotentiallyhave a great power to discriminate the aciamwhichtheyappear.

The overall weight of a single featuregisenby theproduct

W, ;= Ff,j* IVFf,  (eq.13)

Hence,our actionsarerepresented as-dimensionafeaturevectorsin anN-dimensional vector space.
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In Fig. 5 an example of the spacefefitures TheF1, F2axesrepresenthefeaturesintervals (in this casewe
have onlytwo feature for simplicity), and actionsare vectors ofthis space (three actions A1 A2 A3 are
represented). The coordinates of &fe A2, A3,vectorsare given bythe FFxIVFF weights of the actioron the

featureintervalsF1, F2

Al

A2

v

F2

Fig.5 ¢ Conceptual reresentdion of theactions in the feature space

It is important tosay that theFF xIVFF formula transform the originavaluesvector spacento a different
space TheFF takes into account how frequént featureintervalis hit actionby rising the importancefdahe
valuesthat appear in the same classnodvements (Eq.1). The IVFF takes into account how frequent is a
featureinterval in the dictionary. A featurevalue that is present in more actions is considered less
discriminative, and its weight is lowagtaccording to the formuléEqg. 1.2.). Note thatdistances in the interval
frequency space (tHeF x IVFF space) could be very different than in the feature value space: ifEx&/FF
space dimensions can be canceled or enhanced depending on the fidgLaanty of features in the dictionary
andin the actions (classes)

The expected behavithat similaractionswill beclosein thefeaturespace Si mi | ar acti ons
i.e. will share the same subspaceutivally orthogonahctions willbe dissimilar the orthogonality between

two vectors ismaximumwhen twoactions have no dimensi@in common
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In FFXIVFF space what is taken into account are not the feature values, but the frequency -infearatdés
hit. That means that in theFxIVFF space, actions are close when have sinkixIVFF values, i.eif they
havesame frequency, on the same intervals

The expected effect of tHeFxIVFF operationis to modify the dimensions and separability of the cluster of data
representing amction (class) (sedntraclusterand Intercluster Similarity p.136). As we will see, this will
grately improve the accuracies (SesstResults, 19, p.100).

In this space where cluster are more separated and more deissppssible to use simplelassifies like
distance and similarity classifiers to recognize actions with great accuracyC@eausions p.132. Simpler
classifies have low computational costseeComputational Costp42) .

Also, FFxIVFF values are context dependent, they depend from Dictionary and PopouBatiagiven the
database their values can be automatically calculated.assureshat the methodology is usable in different

domainsandwith vocabularies of different dimensians
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RecognitiorProcess

Thesamples are retrieved from the database class by cléesatures are extracted with the previously explained
method(seeFeatures Extractiqrp28) and storedn vectors.

Features Intervals Interval touched Features values

MtxSensor_1_Accelerometer_¥_Axis_Raw_Max >=50
Af<<50
304l
20==<30
10<<20
Oe<10
-10<<0
-20<<-10
-30<<-20
-A0-30
-S40
<<-50

MixSensor_1_Accelerometer_¥_Axis_Raw_Min >=50
A0<<50
30<=<40
20<<30
10=<20
(<10
1010
-20<<-10
-30<<-20
-A0-30
-S40
-5

6,928335

i}

10,17414

L= = = = R = = I = L= = I = I =R = R = Rl = R = Rl = Rl = R = R = R = R = R = |

Fig.6 ¢ Here a partof the array of features representing an action

Given the featurevectorsof every person and every actjoit is possible to build th&raining Settable that

continsthe collection of informatiogreatedduring the operation déatureextraction
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rise from bed walk, open doar
interval walue FF Interval value FF Interval value FF VEF
Miadasniee 1 Accslercrmater X Axis Biw Max | 0 0 »Ed 0 (] WL (=] =] 0
A=t o [ e ] 0 &) -] -] 0
it ] o [P 0 0 ROl 1 0.3333%3 1G]
L] o 0 M=c30 0 0 P03 ] ] 0
El il o o L0230 1] a L] @ ] L]
[ A li] 1 0.,333133 Q=<1D o 0 O=<iD ] 5] 10r5a51
i S o 0 <10l 1 0333333 Q<D ] =] 105351
<10 o [ w10 o o Ioc-10 o ] o
30 H) o o 00 o o 3030 ] =] o
A< 30 o o =30 o o A0k e300 o (] 0
S<-a0 o o L o o SO-40 ] =] L
££=50 o 0 =3 o 0 <30 ] Q o
MitSensor 1 _Acceleromeler X_Axis Faw _Min =50 o o >0 1 0.333333 ¥ -} (-] 105861
Aol o 0 &) o 0 &0 Q Q L
=l 2 QGEEET  Becal o L 1 033811 DACa Y
Futols ) o LU s 0 a o] 2 Q L
Flode] 0 0 eocH) ] 0 100 o -] 0
Seaif o 0 eocid 0 0 Ochi) =] =] i
11 ] 1] (I [ i 1 0333333 ~ Gl =] =] 10551
- M- 10 o 0 -Iwe-10 0 0 -Mwe-10 1 0333333 10ds1

Fig.7 - Portion of the Training Settable

Theresults are storedn a table with a number of rows equals to the number of extracteddedinrour case
161,7®M) anda number of columns equal to the number of Actions (clagsesfrig. 7) . In this table, for each
pair of iFedtuéntenal i 0 ni Aafetrepesented bothe FF valueand am;; valug (see Eqg.
1.1).In addition, for each interval tH&¥FF valueof all the actions is calculated and stored on the last column.
By analogy with Text Miningterminology t he acti on to be rAnadionndbe ed i
recognizedis executedat runtime, or retrigd from tte datdbase.The query ation is an ndimensional vector
member of the same space of theaining St (seeFig. 9).

Since we assume that similar actiongl be metrically closeto recognize what actioisthe most similar to the
given action (the quer), we should measurewhich action isthe nearestin the FFxIVFF space
To this aim differensimilarity, distance and correlatidunctionshave been usedhe recognitionaccuracy has
been calculateddur i ng t hi s popeaasdeactioneby dction (elass by class), the FF values hit
by the query in th@raing Setable

Not all the interval are represented in every action ofTtiaéng Settable If the interval hit by the query is
the gven action(class) an FF valuesis present,in the opposite case, - is associated with thaterval: this

is marked usingn n value (null) (Sed-ig. 8).
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MitxSensor_1_sccelerometer X_Axis_Raw_Max
MixSensor 1 Accelerometer X Axis Raw Min

MixSensor_1_Ascelarometer X Axis Raw_Starting Value
MixSensor_1_Accelerometer_X_axis_Raw_Ending Value

MtxSensor 1 Acceleromaeter X Axis Raw Awerage
MixSensor_1_Accelerometer X_Axis_Raw_Varianoe

MitxSensor_1_Accelerometer_X_Axis_Raw_Tero Crossing Rate
MixSensor_1_Acceleromater X Axis Raw_Mean Crotsing Rate

MiuxSensor_1_Accelerometer X _Axis_Raw_Skewness
MixSensor_1_Acceleromeber X_Axis_Raw_Eurtosis
MuxSensor_1_Accelerometer X _Axis_Smoothing_Max
MixSensor_1_Accelerometer_X_Axis_Smoothing_Min

MuxSensor_1_Accelerometer_X_Axis_Smoothing_Starting Value
MixSensor_1_Accelerometer X Axis_Smoothing Ending Value
MuxSensor_1_Accelerometer_X_Axis_Smoothing_Average
MixSensor_1_Accelerometer X_Axis_Smoothing_ Variance
MixSensor_1_Accelerometer X_Axis_Smoothing Zero Crossing Rate
MixSensor_1_Accelercmeter_X_Axis_Smoothing_Mean Crossing Rate
MixSensor_1_Accelerometer X Axis_Smoothing Skewness
MixSensor_1_Accelerometer_x_Axis_Smoothing_Kurtosis

MixSensor_1_Accelerometer_x_Axis_Fourier_Max

rise from bed
FF*IVFF  IVFF

011211 0154151
0058096 0,134131
1923853 2,351375
0,03331% 0873

] 1]
0,385135 0247298

3 0134151
n 2351375
0, 2 0405465

130728 Leag2l8
0038885 0271934
0035434 004873
1552108  1,9459]
004879 004872

o Q

045555 1252763
0,03931% 004879
1435085 1433085
0,123806 0,271934
0405455 0405465
0,110581 Q405465

Recognition Proces{iECIIEEN

rise From chair

FE*IVEF  IVFF

0,140137 0,154151
0, 37 0,154151
004879

0084355 004879
o o

(n:‘;;:)a. 154151
10137 0,154151

0213761 2351375
0073721 0,405465
0150748 16382128
0045842 0271934
5 0.04879
004879

0024355  0,02879
o o

Q;‘) 0,04879
DIEITES  0,04879

01304862 1435085
0074164 0271934
0110581 0,4054565
QOFITIL 0800405

Fig.8 ¢ Portion of the Training SefTabk. The execution of ajuery.

We can seeepresenteth Fig. 24 the results of a possible execution ghiaryonthe Training Set The term
fi n @ull) indicates thaan intervalis present in thguerybut not in the giver\ction (class)of the Training
Set. If an i n alueis presentt is not possiblealcdatethe FFxIVFF andthesimilarty of a given Action
(class) in respect to the givgnoery:.

To dealwith thefi n iaterval problem, dferent polidges can be adopted thkgad to verysignificant variations
in accuracyTheused policy is as follows:

o _[FyxIVEfi  ifFfiy#n
W =0 if Ff,;=n
lfFfl,] Fn

IVFf;
Yi =

Max(IVFf;) if Ffij=n

Max(IVFf;) = log|D|
Where 1<i< N e1l<j<D vary onthe number ofN features and actions(classes)resentin the
vocabulary [D| is the cardinality of the vocabulary of actioftee number oftlassel x;; represents the
weight of theo; feature of thed; actionof the Training-Set y; is thelVFF value of the correlatednterval

feature
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In short, if the value ofF is missing, the valug;; approaches zero, while tlyg value is seequal to the
maximum possible value ¢¥FF. The role of x; ; and y; in the calculusof similarity has beenexplained in

detail in he n&t section (sealsoAppendix D - Classifiers).

Fla
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A2

1
1
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1
1
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[}
I
1

> 2

Fig.9 - A to-be-recognized sample is calleduety, this is a vectorin the featureinterval space.

The Training Settable (shownin Fig. 8) can be viewed as a set of column vectdise algorithm compares the

guery vector with each of these vectors, amgla classificatiorfunctionand returing a sorted result.
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Classitrs

A large number otlassifies that belong tdhe followingcategoriedas been tested

A Similarities
A Distances

A Correlation

That was doneni order to understandhich differences are presemrind what could be the role of these
classifiers Different measures of distance or similarity are convenient for different types of anayaie. will
see TestResults p. 59) someimportant differences in term of results aregant in some cases, but usually the
average resultarequite similar. In fact, the operation dFFxIVFF feature weightindias the effect tehange
the density and distance of the clusters (s¢mclusterand Intercluster Similarit, p. 127). Given that in the
FFXIVFF space clusters are more dense and separaiedpdssible to use computationatiyick classifiers,

with verygood results.The complete lisof classifiesis:

- Similarity: - Distance:
Ranking Euclidean
Cosine Similarity Manhattan
Tanimoto Camberra
Simpson Chi-Quadro
Braun-Blanquet Hellinger-Quadro
Kulczynski 1 Hamming
Kulczynski 2 Bray-Curtis
Dice Min variance
Otsuka
MountFord - Correhtion:
Nclassifier
Nweightclassifier Pearson
Entropy

For a detailed description ofthe given classifiers s&fppendix D - Classifiers
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GComputational Costs

Thegivenclassifies operate on a data structure organized as follows:

A Ar e, Awm Q
T, T
f
fy T, ! T,
T T
f, f2
fy fi

Fig.10 - Training Set andQuery data structures

Wheer f;, f,... fy are the features T; T, €& |Tare theintervatfeaturese A; A,.. Ay are the Actions of the
Training Set N is the number of features, M the number of actions.

Given aqueryQ, and an action A the classiers checkif the intervalTs of thefeature f; is in theTraining
Set.Then, it executes a simple matmaticaloperation (sumproduct,subtractim, division using theFF and
IVFF weights One compared the query widtl the Actionsof Training Setthe algorithmorder the obtained

values

In first approximation, ssuming that mathematicabperations have costant complexityof O(1), the
computational cost dheclassifier is:

ON*M)+ O(M *logM)

whereO (N = M) is the cost to ruthrough the bidimensionalTraining Settable andd (M * log M) is the cost of
sorting the results.
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There is no reason think thatthe number ofeaturesshouldindefinitely grow, actually theumber of features

is usually reduced witthe operation of features reductiddnder thiscondition we can considét as a costant,
andO(N = M) becomeD (M), hence the prevailing cost is the sortoogtO (M * log M).

On the other sidepf small \alues ofM, when N > M, theprevailing cost iSO(N * M).

Given that some classification algoritetike the Pearsoncorrelation,Min variancerun through theTraining

Set tablemore than ondime, the computational cost of thealgorithmsis higher for a constant factor

In general wecansay tha the describegimilarity and distance classifier have low computational ;@std
correlationclassifier have a higher computational cost.

From a computational point of viewve can hardlymaginesituations in whichM ( t he number of ac
has an order of magnitudeally high In some particular contexts, suchgrofessionakarate, we can imagine

to havea numbenf actions of the order of 10

In principle, we could imagine a situatiom which every action is a combination of twWor more) basic
gestures, performed by differestibjects.In this way wecould createa set of basicgestures to expanithe
actual size of the dictionary of actiorthat could be recognized. In this cas&csi we are providingthe
Cartesian product of thgiven basic gesturesf thetraining set, the actual number of recognizable actions may
rise to reallyimportantdimensions, even using relatiyesmall Training Setables.

The next chaptergives a desdption of the two databases used to test the performance degwribed

classification algorithms.






NIDA Database [lZEN

NIDADatabase

The NIDA 1.0 (Nomadis Internal Database of Actions) database contains movements acquired by the
NOMADIS Laboratory of the University oMilano-Bicocca. These acquisitions have been obtained using 5
MTx sensors positioned on the pelvis, on the right and left wrist, and on the right and lefiNdDRencludes

21 types of actions performed by 7 people (5 males and 2 females) rangingofton#4yearold, repeated

twice time,for a total of 273 actiong.he database has a rich vocabulditye complete list is the following:

1. Get up from bed.

2. Get up from a chair.

3. Open a wardrobe.

4. Open a door.

5. Fall.

6. Walk forward

7. Run.

8. Turn left 180 degrees.
9. Turn right 180 degrees.
10. Turn left 90 degrees.
11. Turn right 180 degrees.
12. Karate frontal kick.

13. Karate side kick.

14. Karate punch.

15. Go upstairs.

16. Go downstairs.

17. Jump.

18. Write.

19. Lie dowron a bed.

20. Sitting on a chair

21. Heavily sitting on a chair
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WARDDatabase

WARD 1.0 (Wearable Action Recognition Database) wesatedat UC Berkeley. Acquisitions have been
obtained positioning 5 sensors on the pelvis, on the right and lett amd on the right and left anklEach
sensordiasa 3axial accelerometer and aaRial gyroscope magnetometerarenot present.

Data have been calibrated amokrmalized(mapped)to their appropriate unit of measure before using them for
the trainirg phaseas suggested by tleeeatorsof the databaskb].

WARD contains 13 types of actions performed by 20 people (13amdry womepranging from 20 to 79
yearsold with 5 repetitios per action, for a totalfadl300 sample. The complete list of actie is given in the

next section.

Warable sensor network

WARD acquisitions habeen done through avearable sensor network his network of sensors is based on a
platform called DexterNet (se®]]. DexterNet is an opesource platform for sensors thatopts a thregier
architecture to control a group of heterogeneous sensors mounted on th€heottyee levels aréody sensor
layer, global personal network layandnetwork layer

In terms ofbody sensor layerthe platform is able to integrate aodntrol various types of sensors including
MICAz, SHIMMER and GPS. In terms of personal network layersa mobile station (eg a PDA or
SmartPhone) is used to communicate and to process the sensof dasingle subjectin terms ofglobal
network layey subjects are interconnected via the Internet, to provide wirelessagevfor the monitoring of
both indoors and outdoosstivities

The Fivesensordhavebeen postioned witthe same Sensérofile used in ourdatabase(see Fig.1). Sensors
communicée with the mobile station connected to a computer sefweugh a USB portEach sensor has a
triaxial accelerometer and a dwslial gyroscope.For each axis the values vary in the rangetdfg and

+ 500°/s respectively for accelerometers and gyroscopes.
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Fig.11¢ Thesensor boardf U.C. Berkeley

WARD database

The WARD database respsthe following criteria:
1. The database containsignificantnumberof subjects with people of different ages

2. Thegivenactivities cover typical actions of dailije.
3. TheSensoProfile used for WARDIs identical to theBodySensor profileof theNIDA database

The WARD database can be download&dhétp://www.eecs.berkeley.edu/~yang/software/WAR/

Dataare related t@0 subjects (7 men, 13 women) rangfngm 19 to 75 years and includes the following 13

categorie®f actions

Rest at Standing- (at least10 sec)

Rest at Sitting- (at least 10 sec)

Rest at Lying (at least 10 sec)

Walk forward- (at least 10 sec)

Walk forward leficircle - (at least 10 sec)

Walk forward rightcircle - (at least 10 sec)

Turn left- (the subject remains on platening right for more than 10 seconds

© N o o0 bk w DN

Turn right- (the subject remains in place and tumgleft for more than 10 seconds


http://www.eecs.berkeley.edu/~yang/software/WAR/
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9. Go upstairs (the subject gesup a flight of stair¥

10. Go downstairs (the subjecyoesdown a flight of stairs

11. Joging - (at least10 sec)

12. Junpingi (the subject remains on place and jumps more than 5 times)

13. Push wheelchair (the subject is seated in a wheelchair and moves for more than 10 Seconds

For the acquisition® sensors were used in Xnconfiguration (see Figuré). The sensors were respectively

placed:

A sensor 1 and 2 on the left wrist and right:;
A 3 sensor on the side;
A sensor 4 and 5 on the right and |l eft ankl es.

Given 13 types of actions 20 subjects, anthateach subject execithe same action 5 times (fjiathe tdal

number of sampkeis 20 * 5 * 13 = 1300The aquistionhas beerstored in MATLAB format Each file
contains a MATLAB structure that stores the datahe five sensorsEach sensor contairs * t , wheret
represents the length of the segee

The database contains some actions with a loss of information caused mainly by insufficient battery power or
packet loss in the transmission networke3¢files are indicatedn MATLAB with "Inf". The total number of
thesecorrupted samples is 2#d theywere not used fathe analysis.MATLAB datawere converted to CSV

files and acquirethto our analysis servdor training and recognition
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WARD Data Analysis

T h eweafable sensors used by U.C. Berkely are subject to the drifting prollgenin the samaype of
actionin subsequent trialof the same subject, usirthe same sensor a stifin be observeid themean values
of acceleratias and gyroscopes

It was necessary to appropriately map the datthe range of valuesised by théVITx sensorsin order to start
the recognition process, without change any part of the architecture udddxorhe process is described in
details inAppendix E T Calibration
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Fig. 12 ¢ Magnitude of accelerometertrial 4 of Subject 9leftwrist, a w& &1 G &0 yRA Yy 3¢
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Fig. 13 ¢ Magnitude of accelerometertrial 5 of Subject 9IS F i 6NAR &G = awS&ad G &0l yRAY3

In fig. 12 and Fig.13 itis possible to setthe magnitude of theccelerometarof two different trials, thegliffers
in average byboutl100 values. This should not happen in actilike Restat Standing Restat SittingandRest

at Lying, wheremagritude ofthe accelerometsrshould be similar.
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this problem, it wasuseda procedure otalibration and normalizatiofmapping).Data mu

adFyRAYIE D

Since the gyroscope measures the ratarof we expect that in the first three measures the average value of the
gyroscope in the X and ¥hould beclose to zero As we can see ifrig. 15, thisis not always truero resolve

st bealibrated and

appropriately mapgeon the range of valuesised by theMTx sensorsin orderto start the training and
recognition process, withowhangingany part of the architecture used fdifx. The process is describéd
detailsin Appendix E - Calibration .
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Testng Methods

To check theeffects of the=FxIVFF operation and to teshé performarncef thegiven classificationfunctions
in the FFxIVFF spacdor themovementecognition several testhave beenperformed.Test wee donewith an
"off-line" analysisapproach using the two formerly descrilsiedabase@NIDA 1.0 and WARDL.0, p44).

Two type of approadts has been used for testseave One Out Crosgalidation (LOOCV)and Majority
Voting Combinations (MVQ)

Leave One Out Crossalidation (LOOCV)

The Leave One Out Crosédalidation (LOOCV) leaveonesample in thélestSet and allthe otherssample in
theTraining Set In our tests we leave all the sampleagfersonin theTestSet and al |l t he ot her
in the Training SetLOOCVwas preferredo other approachdseause of thaelatively low number of samples
presenin the two dabasases.

For every action of th&est Set(query) the classification functioreturns afirst what is considered thaost

similar action in thegiven Training St, thenall the otheractions in ordeof importance (fronthe most to the

least similay.

The resultsgiven by different classi€ation functionduring the recognition phase gpgausibly comparable

when classification function performs well

For exampleif the Training Setcontains thdollowing actions

Action Identifi er
Walk 0
Run 1
Going Downstair 2
Jump 3
Going Upstair 4

Tabe 4 ¢ example ofTraining Set
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A classification willproducea similar output:

Test Set 1
Executed Action | Recognized
0 0 4 1 3 2
1 1 3 4 0 2
2 2 4 0 3 1
3 3 1 0 4 2
4 4 0 3 1 2
Tabe 5 ¢ example of resuls of a classificationon TestSet 1
Test Set 2
Executed Recognized

0 0 1 4 3 2
1 1 3 0 4 2
2 2 4 0 1 3
3 3 1 0 4 2
4 4 0 1 3 2

Table 6 ¢ example of resuls of a classificationon TestSet2

In Table 6 and Wwe can seén thefirst columnthe labelrelative toexecuted actiongie Ground Truh), in the
second columnbjue) the labels of theecognizedactions In this exampldhe classifier has correcttgcognized
all the actions of thewo Test Set Finally, all the results are collected in a so call@ohfusion Matrixthat
displays how may times a particular action has been recogniaedll therun.

The Confusion Matrihas the advantage t@presenthetestsresultin a synoptic way
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Tabe 7 ¢ example ofConfusion Matrix of Tes Set 1 Tes tSet2
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Given theConfusion Matrixof the classifierthen theaccuracy is calculated as follows

>N | ConfusionMatrix(i, i)

120, ConfusionMatrix(i, )

Accuracy = 100

whereConfusionMatrix(i, j) indicates the ,j, elermrent of the matrix, N is the numbeof rows (and columns)

of thematrix.

Majority Voting

In line of principle, f we have differentlassifer with a goodaccuracythat gives different resulisis possble
to decide which ishe most similar actiothrougha Majority Voting For exampleggiven the threelassifies:

Classfier 1
Execued Recognized
0 0 0 2 1 3
1 1 3 4 0 2
2 2 4 0 3 1
3 3 1 0 4 2
4 4 2 0 3 1
Classifier 2
Executed Recognized
0

o O] o] ~| O
W} | W O]
RN RPN W

1
2
3
4
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Classifier 3
Executed Recognized
0 2 2 1 3
1 1 3 4 0 2
2 2 4 0 3 1
3 1 3 4 2
4 4 2 0 3 1

TheMajority Votingreturns

Executed Recognized

0

1 1
2 2
3 3
4 4

Tabe 9 - Majority Voting of the givenresults

In case of parity, for example when ik classifies recognize different actionsthe chote is donegiving a
preferece to a specific classifierln Tab. 9 Majority Voting has been applied ith a prefererce for
Classifier.

This method produsegood results only if the most part of the clagsi§ have agood accuracy, and if the

classifies make errorsn different regios of the spacgi.e. on different actions.
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Majority Voting Combinations

TheMajority Voting Combinationss an extensionf the LOOCYV test. It erforms allthe possible combinations

of Majority Votingamong all the classifiers, varyiag every rurthe classifieof preference

The purpose of this test is to find the best combination of algorithms that maximize accuracy.
Since it is possible that different combinations of cléssifgive the same accuracy, in case of patigs been
preferred the combination withe lower computational cost$he methodfind the combination thaninimizes

the timeof executiorandmaximizes theaccuracy

For example, given 3 genegtassifersA;, A,.e A; the number o€; combination withpreference is 6.

Preference A, Preference A, Preference A
€= 4 C; = A (3 = A3
Preference A; Preferenza A, Preferenza As
Ay Ay Ay
C4— = AZ CS = Az C6 = AZ
Az Az Az

Combinationswith preferenceof cardinality 2 gives the same results ¢fie combinations with cardinalitl, so
they are notaken into account

The methodevaluates the accuracy of each combinativeate theviajority Confusion Matrixand if there are
combinations with same accuracgsultsare ordeedby computational cost.

The tdal number of combinatitis given by the formuta

NumAlg
o NumAlg\ .
Combinations = ( . ) * |

i=1,i#2

l

Where NumAlg is the total number otlassifies, (N”";Alg) are the combinations without repetition, and

becausat each execution we hawgelassifierof prefeenceis set, the binomial factor is multiplied by. As

already said, @mbinations with cardinality are not used.
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Classifiers Total
Number combination

3 6
4 20
5 60
6 162
7 406
8 968
9 2.232
10 5.030
11 11.154
12 24.444
13 53.092
14 114506
15 245.550
16 524.048
17 1.113.840
18 2.358.990
19 4.980.394
20 10.485.380
21 22.019.676
22 46.136.882

Tale 10 - Theexploding number of tests using combinations of classifierdMajority Voting Combination

Performing this test is cmputatonal expensive, in fact the number of combinations increaeeg quickly,
increasinghe number of usedassifiers (see Tab 10).

To decrease the number of combinations you can select only the clashifiergerforms best as single
classifiers (ths can beeasilyestablisheflor exclude tb classifersthatgive the same false positisen the same

actions
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Test ResultdNIDA

Testshavebeen donaisingbothWARD 1.0andNIDA 1.0 databases order to understanithe effects of the
FFEXIVFF opeation and to test the accuraoy the givenclassificationfunctions, and their combined use in the
FFXIVFF space.

As we saw in previous chapters, the two databases differ in the number of acquisitions (the size o1 WARD
is almost 5 timeghe dimension oNIDA 1.0) and the type and number a€tions(WARD 1.0 contains 13
actions againghe 21 of NIDA 1.0). Testshas also been performedrying the number of sensars order to

see howvarythe accuracy afecognition.

These tests are important becauseytBhow us how a loly part is involved in recognition of a particular
movement, and can tell us how many sensors are actually necessary to recognize an action and where they can
be positioned Testsresultsgives theConfusion Matrixand Accuracyof everysingle test

For tests with a reducedumber of sensors, has begsedthe classifier that has the highest accurarythe

given dataset.

Test usingNIDAdatabase

The tests performed on the NIDdatabasere as followsAt first all theformerly descrbed classifies have
been takemnd testdone at the time (Test 1jhen they have been tested combirtimgm(Test2):

e Test 1i LOOCYV: all classifierswith all the sensors

e Test2 - Majority Voting Combinationsof all classifierswith all the sensors

Then the single classifier with the best accurd@s been takenthe BrayCurtis, andhe accuracyhas been

testedvarying the number angbsition of sensors on the body:

Test 3- LOOCYV with hip, right wrist, right anklesensors
e Test 4- LOOCV hip, left wrist,left ankle sensors

e Test 5- LOOCYV right wrist,right anklesensors

e Test 6- LOOCYV left wrist left ankle sensors

e Test 7- LOOCV hip, right wrist, left ankle sensors

e Test 8- LOOCYV hip, left wrist, right anklesensors
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e Test 9- LOOCV right wrist,left ankle sensors
e Test 10- LOOCYV left wrist right anklesensors
e Test11- LOOCV hip sensor

e Test 12- LOOCYV right wrist sensor

e Test 13- LOOCV right ankle sensor

Thelegendao identify theactionsis as follows:

Action Identifi er

Get up from bed 0
Get up from a chair 1
Open a wardrobe 2
Open a door 3

Fall 4

Walk forward 5
Run 6

Turn left 180 degrees 7
Turn right 180 degrees 8
Turn left 90 degrees 9
Turn right 180 degrees 10
Karate frontal kick 11
Karate side kick 12
Karate punch 13

Go updairs 14

Go downstairs 15
Jump 16

Write 17

Lying down on a bed 18
Sitting on a chair 19
Heavily sitting on a chair 20
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Test 1z LOOCV All Classifier s with All the Sensors

RankingclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

0

0 12

13

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 89,74%
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Cosine SimilarityclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

12

13

10
11
12
13
14
15
16
17

Accuracy = 95,23%
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TanimotoclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

13

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 95,60%
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SimpsortlassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

Accuracy = 0%
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Braun-BlanquetclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

13

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 95,23
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Kulcynskil classifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

13

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 95,60%
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Kulcynski2 classifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

Accuracy = 0%
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Dice classifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

13

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 95,60%
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9 10 11 12 13 14 15 16 17 18 19 20

8

OtsukaclassifierConfusion Matrix
2
0
0

12
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

Accuracy = 95,23%
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MountfordclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 20,14%
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NClassifierclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

0

0

13

10
11
12
13
14
15
16
17

Accuracy = 95,60%
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NWeightClassifieclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

13

10
11
12
13
14
15
16
17

Accuracy = 92,30%
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EntropyclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

0

0
0 12- 0
10

13

10
11
12
13
14
15
16
17

Accuracy = 88,27%
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Euclidean DistanceclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

0

0

13

10
11
12
13
14
15
16
17

Accuracy = 95,23%
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ManhattanclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

0

0

13

10
11
12
13
14
15
16
17

Accuracy = 95,23%
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CamberraclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

13

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 94,13%
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Chi-SquareclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

0

0

13

10
11
12
13
14
15
16
17

Accuracy = 95,60%
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Hellinger-SquareclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

0

0

13

10
11
12
13
14
15
16
17

Accuracy = 95,23%
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HammingclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

13

10
11
12
13
14
15
16
17

Accuracy = 93,77%
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Bray-Curtis classifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

13

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 96,70%
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Min varianceclassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

13

10
11
12
13
14
15
16
17

Accuracy = 93,77%
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Pearson correlatiortlassifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

12

13

10
11
12
13
14
15
16
17

Accuracy = 95,23%
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Test 1 z Results and First Considerations

Thebest classifier isBray-Curtis with anaccuracyof 96.70% Then Tanimoto, Dice, Kulczynski 1, Nclassifier
andChi-squarewith 95.60% Then Cosine Similarity, BrawBlanquet,Otsuka, Euclidean Distance, Manhattan
Distance, HellingersquareandPearson correlatiorwith 95.23%.

In general we seemost of the classifiers recognize more than 90% of actions, except fétatiiéngand
Entropy. A special case is tHdountfordclassifer with 20.14%, then Kulczynski 2andSimpsorthat reach zero
accuracy.Most classifiersconfu® sometimesl80e and 9@ turns but even if not correctly classifiethese
errors fall in an aressemantically close" with respect to tBeound Truth

We have to notéhatin the FFxIVFF spaethi classifiers arerery good to distinguish versimilar actiondike
"going upstairs", Yoing dowrstairs" and "walking" performed Iphysicallydifferent people We have also to
consider that the presence ofaatively great number of tygeof actionsin the Dictionary usuallytendto

fconf useo Iokedngthdgensral acCuragnoretheless the obtained accigaare very high.
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Test 2 - Majority Voting Combinations of All Classifiers with A |l the Sensors

The Majority Voting Combinationkas been done usign the follmgiclassifies:

e Ranking

e Cosine Similarity
e Tanimoto

e Braunblanquet

e Kulczynski 1

e Dice

e Otsuka

e NClassifier

¢ NWeightClassifier
e Entropy

e Distanza Euclidea
e Manhattan

e Camberra

¢ Chi-Quadro

e Hellinger-Quadro
¢ Hamming

e Bray-Curtis

e Min variance

e Sum variance

e Pearson correlation
Best resultsise theollowing combinations:
1) Cosine Similarity, Manhattan, Diceatberrae Bray-Curtis, preference foCosine Similarity

2) Cosine Similarity, ManhattaBraunBlanquefCamberrae Bray-Curtis, preferenzaCosine Similarity

3) Cosine Similarity, Manhattan,Kegynski 1Camberrae Bray-Curtis, preferenzaCosine Similarity
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With thefollowing Majority Confusion Matrix:

9 10 11 12 13 14 15 16 17 18 19 20

8

13

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 97,43%

Then

1) Camberra, BrayCurtis e Nclassifier preferenc&€amberra

2) Tanimotq Bray-Curtis e Nclassifier preferemwe Tanimoto

3) Dice, Bray-Curtis e Nclassifier preferenceéDice
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Herethe Majority Confusion Matrixof the case 1)

9 10 11 12 13 14 15 16 17 18 19 20

8

13

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 97,04%
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Herethe Majority Confusion Matx of the cases 2) arR):

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
ol]23 o o 0 0 O OO O OO O O O O O O O O O O O
1| o[13] o] of o] o] o] o] o] o] o] o] o of o] o o of o] of o
2l 0o 018 o 0 O OO O OO O OO O OO O O O O O O O
3l o o 00183 0 0 0O O OO O OO O O OO OTG OTG OTGOFUO
4l 0 0 0 018 0 0 0O O O O O O O O O O O O O O
5/ o/l o/l ol ol ol138] o o| ol o| o o| o| o ol ol ol o o o o
6/ o o o o 0 018 0 0O O O O O O O O O O O O O
7170 o o o o o 018 0 O O O O O O O O O O O O
8| o] o] o] o[ o] o] o8 10| © ol ol o] o] o| o] of o] of o
9/ o o o0 0 0O O O O O 12 O 0 0O OO O O O O O
10l 0 0 0 0 0 0O 0O 0 O O O 0 0 OO 0O O O O O
11/ 0 0 0 0 0 0 O 0 0 0 0 12MN 0 0 0 0 0 0 0 O
120 o o o o off@ o o o o 012 0 0O 0O O O O O O
13l 0 0 o0 0 0 0O O 0O OO O O O 0O13 0 O O O O O O
4/, 0 0 0 0 0O O O O OO O OO O O 013 0 0 0 0 0 O
15| o] o] o] of o] ofjf o] o] o] o[ o] o] o[ o]12] o] o] o] 0] O
%6/ 0 0 0O O OO OO OO O O O O O 018 0 0 0 O
171 0 0 0 0 0 0O O O O O O O O O O O 013 0 0 O
18] o] o| o o] o] o] ol o] ol o] o] o] o] o o] o] o] of13] o] O
19/ o 0 0 0 0 O O O OO OO O O O O O O 013 O
20 0/ 0, 0] 0 0 0O O[]0 0/ 0O 0O 0 O O 0] 0 0 0 O 12

Accuracy = 97,04%

From the resultswe note that using combinatiotise accuracyincreasesof about one percent compared to the
best single classifieresults Clearly, we must find the right compromise betweatcuracyperformance and
computationhcoss.

The following tests show the results obtained using thediestifier (Bray-Curtis), varying the number and

positioning of sensors on the body.
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Test 3 zZLOOCWip, right wrist, right ankle

Bray-Curtis classifierConfusion Matrix:

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
o[13] o| of o| o] o] o] o] o] o] o] o] o] o] o o o] o] o] o] o
1/ 0/12 o o o O O O O O O O O O O O O O O 0
2l 0o 0018 0 0 0O O O OO O O OO O O O O O O O O
3l o o 018 0 0 0O 0O O O OO OO OO O O O O O O O
41 ol ol ol of138] o| ol o] o o] o] o] o] o] o] o] o] of o] o] o
5| o o o o 018 0 O O O O O O O O O O O O O O
6/ 0 o o 0 0 018 0 O O O O O O O O O O O O O
7] o]l o| o of o of o[23] o| o| o o o| o o] o o of o] of o
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9l o0 o o o 0o 0 0 0 O 1294 0 O 0O 0O O O 0 0 0 O
10/ 0 0 0 0 0 0 0 OfNN 012 0 0/ 0 0 0 0 0 0 0 O
11/ 0 0 0 O O O O O O O O 12 0O 0 0 00O 0 0 O
120 0 0 0 0 0 0 0 0 0 OB 1 0 0 0 0 0 O 0 O
13 0 0 0 0O O O OO OO 0O O 018 0 0 0 0 0 0 O
14| o] o| o] o] o] ol of o o] o o] o o] of23] o] o o o] o] ©
15/ 0 0 0 0 0 OfWN o 0o 0 0 0 0/ 0/ 012 0 0 0 0 O
16/ 0 0O 0 0O 0O O O O OO O OO OO O O 018 0 0 0 O
17| o] o| o| o] o] ol of o o] ol o] o o] of o] o] o[238] o] o] ©
18/ 0 0 0 0 0 O O O OO O OO O OO O O O 0/2138 0 O
9] o 0o 0 0 0 0 0O O O O OO O O O O O O O 013 O
2000/ 0 00 0 0 0 0 0O O O 0 0 0 0 0O 0 0 OfEI2

Accuracy = 94,87%

From the results we see that with this configuration of serfdoee sensorsjheaccuracydecreasedy about

2.5 percentpointscompared tdhe bestesults obtained usirgray-Curtiswith all the sensorsin this case, the

Bray- Curtis classifier tends to make more mistakes in recognizing actiefisse froma c hai r 0, At ur
90¢eloef th t umghtturh80®a a d A k a rickd Respiteithebeserroks, the performaes arestill

very high
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Test 4 - LOOCYV with hip, left wrist, left ankle sensors

Bray-Curtis classifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

0

0

0 12

13

10
11
12
13
14
15
16
17

Accuracy = 94,13%

With this configurations (three senstine accuracydecreaseby about 2.7 percerdtompared tdahe bestesult

obtained with BrayCurtis andall the sensors.The Bray-Curtis classifier tends to make more mistakes in

ifkarate pur

kBO kO,

actieensfAikaragbtftonhth

t he

ng

recogng i



BN Test Results NIDA

Test 5 - LOOCVright wrist, right ankle

Bray-Curtis classifierConfusion Matrx:

9 10 11 12 13 14 15 16 17 18 19 20

8

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 91,94%

With this configurations (three sensor) #ecuracy decrease by aboutSpercent pointsompared tdhe best

resultobtainedwith Bray-Curtis andall the sensorsThe Bray-Curtis classifier tends to make more mistakes

ng

sitti

recognizing actions "ringfrom the chair”, fall", "karate side kick", andi he av y"
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Test 6 - LOOCMeft wirst, left ankle

Bray-Curtis classifierConfusion Matrix:

9 10 11 12 13 14 15 16 17 18 19 20

8

o

10
11

16
17
18
19
20

Accuracy = 89,01%

With this configurationt(vo sensor) the performance decredsgabout7.5 percent pointsompared tahe best

resultobtainedwith Bray-Curtisand all thesensors. The classifier tends to make more mistakes in recognizing

kick"

front kick, ™" "karate side

kar at e

actiors "turn left 9 "



e Test Results NIDA

Test 7 - LOOCWnip, right wrist , left ankle

Bray-Curtis classifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

0

0 12

13

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 94,87%

With this configuration (three sensoex)curacydecreaseby about 2.8 percentage points than the besgults

with Bray-Curtis using allthe sensorsThe classifier tends to make more mistakes in recognizing the action

"turn lef t

k

si de

"kar at e

ki ck?" and

front

"kar at e

€

90
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Test 8 - LOOCWhip, left wrist, right ankle

Bray-Curtis classifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

13

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 96,33%

With this configuration (three sensord)et performance decreases by about 0.4 percentage poingared to

the best resudtobtained withBray-Curtis using all sensordlith this configuration, the accurady very close

to the lesults obtained usingll the sensors.
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Test 9 - LOOCVright wrist, | eft ankle

Bray-Curtis classifierConfusion Matrix

9 10 11 12 13 14 15 16 17 18 19 20

8

11

16
17
18
19
20

Accuracy = 91,20%

With this configuration (two sensorsaccuracydecreasg by about 5.3 percenpoints compared tadhe best

result obtained witlBray-Curtis using all sensors.The classifier tends to make more mistakes in recognizing

karate fr

right 90e", "

"turn

n
I

the chair

from

ri se
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Bray-Curtis classifierConfusion Matrix

Test Results NIDAJEEIEEGS

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
o[13] o| of o| o] o] o] o] o] o] o| o] o] o] o] o] o] o o] o] O]
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Accuracy = 93,40%

With this configuration (two sensord)aaccuracydecreass by about 3.3ercent pointscompared tdhe best

result obtained with Bragurtis using all semss. The Bray Curtisclassifier tends to make more mistakes in

recognizingthe actions'rise from the chair",

sitting on a chair".

non

tur

right

180¢e

tUtorheft gBhDe90es
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Test 11 - LOOCWip

Bray-Curtis classifierConfusion Mé&ix:

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
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Accuracy = 81,31%

With this configuration (one sensofhetaccuracydecreaseby about 15percent pointscompared tdhe best
result obtained with Bragurtis using all sensar3heBray Curtisclassifierheretends to make more mistakes
in almost every action, however, considerthg dimensions of thdictionary of actions anthat the test was

run with only the sensamn the pelvis, thaccuracis arestill good
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Test 12 - LOOCWright wrist

Bray-Curtis classifierConfusion Matrix:
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Accuracy = 82,78%

With this configuration (one sensor) thecuracydecreasgeby about 14percentpoints compared tadhe best
result obtained with BragZurtis using all sensar3 he Bray Curtis classifidreretends to make more mistakes
in almost &ery action, however, considering the dimensions ofdibionary of actions and that the test was

run with only the sensor othe wrist theaccuraciesire still interesting.
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Test 13 - LOOCWright ankle

Bray-Curtis classifierConfusion Matrix:

9 10 11 12 13 14 15 16 17 18 19 20

8

10
11
12
13
14
15
16
17
18
19
20

Accuracy = 83,15%

With this configuration (one sensor) thecuracydecrease by about 14 percentage points than the best result

obtained using all sensors. The Bray Curtis clasdiigetends to make more mistakes in almost every action,

however, onsidering the dimensions of thietionary of actions and that the teghs run with only onsensor,

theaccuraciesre stillgood
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NIDA Tests First Considerations

Given the series of tests done using the NIDA dataseatan say that

1. The accuracys very high onseveral single classifiers using all the sensors:teeBray-Curtis with
96.70% (sedest1)

2. The Majority Voting Combinatiorwith the bestaccuraciege.g. Cosine, Manhattan, Dice, Camberra,
with preference Cosine) enhance the itesef aboutl percent poin{97.43%)comparedo Bray-Curtis
(see Test2).

3. The results obtainedith Bray-Curtis classifierusingfewer sensors are really interesting because in
fact, despite the size of the dictionary of actions, the performancecogmition remain highFor
example using only threesensors positioned on the right side of the body, the accurakighs
(94.87%) .
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Test Result§VARD

The publidy availabe Database WARD1.€ontains1300 actiongsee [5]) The tests performed dhe WARD
1.0databaseare as followsAt first all the describedlassifier has been takemd tested onat the time (Test 1)
and therthey are testedombingthem (Test2):

e Test 1i LOOCYV all classifierswith all the sensors

e Test2 - Majority Voting Combinations of all classifiers with all the sensors

Then the single classifier with the best accuracy, therBBlanquet has been takeand its accuracy varying
the number and position of sensors on the l@dybeen tested:

Test 3- LOOCYV with hip,right wrist, right ankle sensors
e Test 4-LOOCV hip, left wrist, left ankle sensors
e Test 5 LOOCV left wrist, keft ankle sensors

e Test 6- LOOCYV right wrist, rightankle sensors

e Test 7- LOOCYV hip, right wrist, left ankle sensors
e Test 8 LOOCYV hip, leftwrist, right anklesensors
e Test 9- LOOCV right wrist, left ankle sensors

e Test 10- LOOCYV left wrist, right ankle sensors

e Test11- LOOCV hip sensor

e Test 12- LOOCYV right wrist sensor

e Test 13- LOOCYV right ankle sensor
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Thelegendato identify theactionsis as follows:

Action Identifi er
Rest at standing 0
Rest at sitting 1
Rest at ying 2
Walk forward 3
Walk forward left -circle 4
Walk forward right -circle 5
Turn left 6
Turn right 7
Go upstairs 8
Go downstairs 9
Jog 10
Jump 11
Pushwheelchair 12
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Test 1 z LOOCVAII Classifiers with All the Sensors

Rankingclassifer Confusion Matrix

9 10 11 12

8

)i/

98

79

99

12

Accuracy = 97,55%

Cosine Similarityclassifer Confusion Matrix:

9 10 11 12

8

99

10
11
12

Accuracy = 97,63%
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Tanimotoclassifer Confusion Matrix:

9 10 11 12

8

98

98

o-o

86

99

10
11
12

Accuracy = 98,42%

Simpsortlassifer Confusion Matrix:

9 10 11 12

8

Accuracy = 0%







