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ABSTRACT

REAL TIME ACTIVITY MONITORING

Activity monitoring systems (AMS) are responsible for detecting actions performed by
humans. For AMS to be effectively deployed in daily life, they should be operating in real-
time and partition the continuously streaming activity data to determine what activity
corresponds to each partition. In this thesis, a Support Vector Machine based real time
continuous activity monitoring system, named RT-CAM, is proposed. We approach
continuous activity detection problem by modelling the activities as simple and composite
actions. Simple actions being the smallest meaningful actions which can not be further
divided into smaller logical actions whereas composite actions are combinations of simple
actions. The proposed model detects simple and composite activities in real time,
collecting the data with a single 3D accelerometer to produce a non-invasive solution. We
verified our model on hand oriented set of simple actions eat, pour, drink, toothBrush and
turnKey, with real data acquired from human subjects instead of computer generated
synthetic data. We showed that the selected activities can be distinguished in real time
though they generate quite similar patterns to each other. The strength and novelty of the
proposed model lies in the fact that the system does not necessitate being trained with
patterns of transitions and does not run a dedicated algorithm for transition detection. We
carried out experiments on 4 different subjects and present our best achieved results. Intra-
person test results are the following: ToothBrush, drink, drink_toothBrush,
toothBrush_drink and toothBrush_pour are recognized with 100% accuracy.
Drink_toothBrush_pour and toothBrush_drink_pour_turnKey are detected with 80% and
70% accuracy respectively. Inter-person test results are the following: ToothBrush, drink
and pour are detected with 100% accuracy. Drink_toothBrush, drink_toothBrush_pour and
drink_toothBrush_turnKey are recognized with 80% accuracy. Real time overhead
introduced by RT-CAM is 0.055 seconds, which is better than best achieved result in the
literature. Considering all these features, RT-CAM is an applicable solution in real time

continuous activity monitoring.



OZET

GERCEK ZAMANLI AKTIVITE TAKIBi

Aktivite takip sistemleri (ATS), kisilerin aktivitelerinin tespitinden sorumludur. ATS nin
etkinligi, gercek zamanli calisabilmesine ve kesintisiz sekilde akan aktivite verisini
boliimlendirerek her bolimiin hangi aktiviteye karsilik geldigini belirleyebilmesine
baglhdir. Bu tez kapsaminda, RT-CAM olarak adlandirilan, Destek Vektor Makinalari
tabanl bir gercek zamanli kesintisiz aktivite takibi sistemi Onerilmistir. Aktiviteler, basit
ve bilesik hareketler olarak modellenmekte; basit hareketler, anlamli daha kiiciik
hareketlere boliinemeyen aktiviteler olmak iizere, bilesik hareketler basit hareketlerin
kombinasyonlarindan olugmaktadir. Onerdigimiz model, basit ve bilesik hareketleri gercek
zamanl olarak tespit etmekte, giinliik hayata miidahale etmeyen bir ¢6ziim sunmak i¢in
verileri tek bir 3B ivmedlger ile toplamaktadir. Yontemimizi, elin baskin oldugu basit
hareketler olan ye, dok, ic, disFircala ve anahtarCevir aktivitelerinden olusan veri kiimesi
izerinde, bilgisayar tarafindan iiretilmis yapay verilerle degil, insan deneklerle yapilmis
gercek testlerle dogruladik. Secilmis aktivitelerin, birbirine oldukca benzer modeller
iirettigi halde, gercek zamanli olarak ayirt edilebildigini gosterdik. Onerdigimiz yontemin
giici ve yeniligi, sistemimizin, hareketler arasi gecislerin modellerini tutmay1
gerektirmemesinden ve bu gecislerin tespitine tahsis edilmis bir algoritma
calistirmamasindan kaynaklanmaktadir. 4 farkli denek iizerinde yaptigimiz deneylerde elde
ettigimiz en basarili sonuglar asagida belirtilmektedir: Intra-kisisel testlerde, disFircala, ic,
ic_disFircala, digFircala_ic ve disFircala_dok 100% basanyla; ic_disFircala_dok ve
disFircala_ic_dok_anahtarCevir ise sirasiyla 80% ve 70% basariyla yakalanmustir. Inter-
kisisel testlerde, disFir¢ala, i¢ ve dok 100% basanyla, ic_disFircala, ic_digsFircala_dok ve
ic_disFircala_anahtarCevir ise 80% basariyla tespit edilmistir. RT-CAM’in gercek
zamanl isletime getirdigi ek yiik 0.055 saniyedir ve bu sonug literatiirde ulasilmis en iyi
sonugtan daha basarilidir. Tim bu 6zellikleri géz Oniinde bulunduruldugunda, RT-CAM,

gercek zamanl kesintisiz aktivite takibinde uygulanabilecek bir ¢oziimdiir.



Vi

TABLE OF CONTENTS
ACKNOWLEDGEMENTS ......ooiiiiiititeent ettt s I
ABSTRACT ...ttt ettt sttt sttt sbe ettt s bt et bt etesbe et v
OZET .ot \%
LIST OF FIGURES .......ooiiiiiiii ettt st IX
LIST OF TABLES ..o s XII
LIST OF SYMBOLS/ABBREVIATIONS .......cciiiiiiiiiiiieceeeseeceeeee e XVI
I. INTRODUCTION ......ooiiiiiiiiiiiteteeeteet ettt st st 1
L1, Why Desig@n AMS ...ttt ettt ettt e 1
1.2.  Phases of Activity MOnitOring SYStEMS ......ccueeruieeiiiriieiieeie e see et 2
1.3.  Parameters Affecting System Design.........cccceevviriiriiiiiiiniiniiniieeeeeeeee e 2
1.4.  Problem Definition.......cccccoiiiiiiiiiiiiiiiieiieee ettt 4
1.5, Motivation & AlM......c..cocuiiuiiiiiiiiiiiiiciei ettt 4
1.6.  Overview of the Proposed Model ...........ccooouieeiiiiiiiienieeiiie e 5
1.6.1.  CONIIDULION ....eviiiieiiiiieicieet ettt 7
1.7.  Organization of the Thesis .......ccerieiiieiiiiieiee e 8
2. RELATED WORK .....c.cooitiiiit ettt 9
2.1, Data ACQUISTHON. .c..eetiruietitieiteettetertt ettt ettt ettt et sae st sae e saeeaeen 9
2,11, Wearable SENSOTS.......couiiiiiriiiniiertieieenit ettt st 9
2.1.2. Environmental SENSOTS ......ccc.cevieerieriiriiiiieniienie et etee st siee e saeeeneens 16
2.2, KNOWIEAZE DISCOVETY ..ciuiiiiiiiiiiieeiie et eetteeeeesteeeteeesbeeetreesebeeesseessseeensneesnnes 16
2.2.1.  Feature EXtraCtion..........cccooviiiiiiiiiiiiiiiiiiciccieceteee e 17
2.2.2. ClaSSHICALION ...eeiuieriiirieiiieitteete ettt ettt ettt 20
2230 SVM e e 21
2.3.  Continuous Real Time MONItOTINg .........ccceeuiriirriieniiniieieesiteeteeieesie et 23
2.4, Transition DeteCiON ... .cooutiriiriiiieinierieeie ettt sttt st 25
20 TN (<2411 1S3 11 7213 (o) 4 BO OSSR 26
2.6. Approaches Applying A Dedicated Algorithm For Detecting Transitions........... 26
2.7, SUINIMATY .eeeiiiiiieiiiie ettt ettt et e ettt e et e ettt e s bt e e sabeeebbeesabeeeanbeeenbeeenaseeennee 27
3. SUPPORT VECTOR MACHINES........cccciiiiiiiiiiiii e 28

3.1. SUIMIMATY ettt ettt ettt ettt sbt e ettt e sbeesateeateenbeens 35



vii

4. REAL TIME CONTINUOUS MONITORING .......cccccoctmiininiinienieieneeieneeieseenne 36
4.1, KnOWIEdZe DISCOVEIY ..cicviiiiiiieiiieiiiie ettt erteesite et e sireesiteesbeeessbeessbaeesaseesnsneenes 36
4110 SEZMENEALION ..eeeniiiiiiiiiieriie ettt ettt ettt ettt st e e sase st ebeenaees 36
4.1.2.  Adaptation of SVM . ..o 36

N 1 10111121 OO O USRS UPT 41
5. EXPERIMENTAL SETUP ...c.ooiiiiiiiiiiteeeeeestee ettt 42
5.1. Ambient Assisted Living SCENATIO.......ceevuiriuieiieiieeit et 42
5.2, Sensor Data ANALYSIS ...coc.eieiieriieiieeieeie ettt ettt 43
5.2.1.  Data Collection and Processing TOOIS .........ccccoruieriiiiiniiiiiiiienieeeiee e 43
5.2.2.  Data Set GENETAtION .......cccuieiierieeniiirieeieenitenire st et enteeseee et enaeesbeesieesareeneens 43

5.3.  Real Testbed ENVIrONMENt..........cocoevuiiiiiiiiiiiiiiiiiiiiciccecicceeee e 46
5.3.1. System MoOdel ..cc..eooiiiiiiiiiiiiii e 47
5.3.2. MethodOIOZY ....ooouiiiiiiiiieiiee et 47
5.3.3.  TeStDEA SELUP....eeiiiiieriiieiiieeciite et ertee ettt e eereestre e beesbaeeesbaesnneesnseeensneas 48
5.34.  EXAMINAON ....toiiriiiiiiiiiienteetete ettt sttt ettt se e sre e aeeae e 51

5S4, DISCUSSION ..ttt ettt ettt ettt ettt st sa e e et sae s ebe e 51
5.5, SUIMIMATY cneiiiiiiiiettee ettt ettt sttt e sb e sbe e st e bt e sbeesaaeeareenreens 53
6. PERFORMANCE ANALYSIS & EVALUATION.......coceiiiiiiiniiinieeeiceeeaee 55
6.1.  TiPi Detection ACCUTACY ....ccccveieriiieeiiieeniieeitieeeteeeieeesteeeiaeesbeeesreesbeeensseesnseeennns 55
6.1.1.  Simple Action AcCUIacy (SA) ..cooiiriiiiiiiiiieie ettt 56
6.1.2.  Composite Action ACCUTACY (CA)..cccuiriiiiiieiieiieeeeee ettt 56

6.2.  TiP;Detection ACCUTACY ......ccccuiiiiiiiiiiiiiiiiiiiccci e 58
6.2.1.  Simple Action AcCUTaCY (SA) cueeiiiiiieiieiieee ettt 58
6.2.1.1.  DISCUSSION.c..titiiiiitieititeeiieteet ettt ettt sttt sae e sbeeanens 58

6.2.2. Composite Action ACCUIaCy (CA)..ccc.erviiiriiriiriiiiieniene ettt 60
6.2.2. 1. DISCUSSION..c..tiriiiiieniieniie et ettt sttt et e siee ettt e sbeesbeeeste et enbeesanesareens 61

6.3.  Real Time Overhead ............ccccoooiiiiiiiiiiiii e 61
6.4.  Comparison of RT-CAM .....cccccooiiiiiiiiiiiii ettt 62
0.5, SUIMNIMATY ..eeiiiieiieee ettt et ettt e et et e bt eeste e et e bt e sbeesateenseenseans 63
7. CONCLUSION AND FUTURE WORK .......ccccccoiiiiiiiiiniiiiiiiieeciceereecreeee 64
REFERENCES ...ttt ettt ettt sbe et 66
APPENDIX A: NUMERICAL EXAMPLE FOR RT-CAMEKD.....coceeeverieienieieneeieneenene 77

APPENDIX B: DETECTED ACTIVITIES IN TPy TESTS ..o, 79



viii

APPENDIX C: REAL TIME OVERHEAD IN T P; TESTS ....cooiiiiiiiiiiieneeeeeeee, 90



X

LIST OF FIGURES

Figure 1.1.

Figure 2.1.

Figure 2.2.

Figure 2.3.

Figure 2.4.

Figure 2.5.

Figure 2.6.

Figure 3.1.

Figure 3.2.

Figure 3.3.

Figure 3.4.

Figure 3.5.

Figure 3.6.

Figure 3.7.

Figure 3.8.

System architecture of RT-CAM .......cccooiiiiiiieiieiee e 7
Sensor located on the chest for evaluating VESPA [23]......cccooiiiiniiiniiinnnnen. 10
Motion analysis equipment used in the study of Leonard et. al. [26] ............... 11
Accelerometry based proprietary activity monitors explained in the work by

Godfrey et. al. [B0]. oo e 15
eWatch device used in the work by Maurer et. al. [33].......ccccceeviiienieeniinnnnen. 18
The SIMS used in the work by Zhang et. al. [44] .......cccevvvvevciiieiiieieeee e, 21
Sensing module used in the work by Sazonov et. al. [S]......cccccovviviniiiinncns 23
SVM QrhitECTUIE ...cuveeiiiriiiiiieiteiierie ettt ettt eas 29
Elements in sets P (in blue) and N (in red)........cccceeieeviieieiiiiieeeciieee e 29
Three support vectors marked in YelloW .........ccceevevieriieniiieniieeee e 30
The discriminating hyperplane.............ccoceeieeiiinieniiniieeeecce e 31
Set of data points P (in blue) and N (in 1€d)......c.coveerieiiiiiiiiiinieniceiceieeee 32
Feature space representation of data pOints...........ccceveieiiierienieeiieeeeseeeee e, 32
Support vectors in feature space (in YElOW) .....cocceveiiiiiiiiiniiiiiiiienieeieeeee 33

Dicriminating hyperplane calculated for nonlinear example ..........cc.cccoeeneene. 34



Figure 5.1. SenSing AEVICE ......ccoiuuiiiiiiiiieiiit ettt ettt e bee e 43
Figure 5.2. Raw sensor data for toothBrushing and drinking..........c..ccocceeveinieninncnnennen. 44
Figure 5.3. Raw sensor data for turningKey and pouring............cccccoccceviiniinieininncennennne. 45
Figure 5.4. Raw sensor data fOr @ating ..........cccceeiiiiieeiieiieiie ettt 46
Figure 5.5. Histogram modelling the data set from which f is derived ............ccocceeriennne. 47
Figure 5.6. TeStDed OVEIVIEW ...c...cocuiiiiiiiiiiiiiieeit ettt ettt 48
Figure 5.7. Auxiliary objects used in performing the activities..........ccceceevuerievieneeieneennene 48

Figure 5.8. Drinking action as the combination of (a), (b), (¢) and (d) with given order....49

Figure 5.9. POUINE QCHOMN. ....c.ciiiiiiiiiieiieiic ettt 49

Figure 5.10. Eating action as the combination of (a), (b), (c), (d) and (e) with given order

......................................................................................................................... 50
Figure 5.11. Turnin@Key action........cccceiieiiiiiiiiiiieeeeceeteete ettt 50
Figure 5.12. ToothBrushing action ...........cocceiiieiiiiienieee ettt 51
Figure 5.13. Training output for toothBrushing and drinking .............cccocceeiiiiniiininnnnen. 52
Figure 5.14. Training output for turningKey and pouring...........c..ccoccceveeniiniennenneeneennne. 53
Figure 5.15. Training output fOr €ating..........cocueeriiiieriieiieiieeiieete et 54

Figure 6.1. Real time overhead for simple actions .............cecceevieeiiieiiienienie e, 61



Figure 6.2. Real time overhead for composite actions

xi



Xii

LIST OF TABLES
Table 2.1. Results of VESPA [23] in the form of (mean + standard deviation).................. 11
Table 2.2. Results related to the study of Karantonis et. al. [28]........ccccooviiniiiiiiininnnnen. 12
Table 2.3. Best achieved results in the work of Lyons et. al. [29]......c.cccccvvviiiiiiieniirenen. 13
Table 2.4. Properties of commercial accelerometer based activity monitors listed in the
work by Godfrey et. al. [30].....coouiiiiiiiiii e 14
Table 2.5. Sensors and their functionality in the work by Kasteren et. al. [10] .................. 16
Table 2.6. SVM classification accuracy (%) with different kernels in the work by Sazonov
LS 1 R 15 R 22
Table 2.7. Accuracy of transition detection for various transition periods.........c..cccceueeee. 24
Table 2.8. Effect of shrinking and expansion on recognition accuracy in the work by
OKeyo t. @l. [03].eiiiiiieiieeiie et et 25
Table 6.1. Real time classification accuracy of simple actions (TiP}) ......cccoeevvverveenciirnnnnen. 56
Table 6.2. Recognition accuracy of composite actions (TiPi).....cccccoeverviiniinieniiiniinienne. 57
Table 6.3. Recognition accuracy of simple actions (TiPj) ..o 59
Table 6.4. Composite action accuracy results (TiPj) ... 60
Table 6.5. Comparison of RT-CAM with the work by Aiello et. al. [62] .......c..cceevernnee. 63
Table B.1. DINKING «...ooiuiiiiiiiiiiei ettt ettt st 79



xiii

Table B.2. Drinking_ POUTING........ooiouiiiiiieiiiteeiee ettt ettt ettt e e ee s s 80
Table B.3. Drinking_toothBrushing .........ccoceeriiiiiiiiiniiiiiiietctceeeeeeeetese e 80
Table B.4. Drinking_toothBrushing_pOuring.........cccceeeeeieeiienienieeieeieeeesieee e 81
Table B.5. Drinking_toothBrushing_pouring_turningKey.........ccoccoevierieniinieeiieseeeeee, 81
Table B.6. Drinking_toothBrushing_turningKey ..........cccoccoiiiiiiiiiiiiiiiiieeeece e, 82
Table B.7. Drinking_toothBrushing_turningKey_pouring...........cccceevveeviveeniieeenveenieeennen. 82
Table B.8. Drinking_turningKey ........cccocieiiiiiiiiieiiei et 83
Table B.9. POUINE ..c..eiiieiie ettt ettt et 83
Table B.10. Pouring_turningKey ........coccueiiiiiiiiiiiiee e 84
Table B.11. ToothBrushing_drinKing..........ccceecueeeiiieiiiiieniee ittt 84
Table B.12. ToothBrushing_drinking_pouring .........c.cceeceeveerienieeiieeneeneeeie e 85
Table B.13. ToothBrushing_drinking_pouring_turningKey ..........cccccoeeieiiineniienieeee. 85
Table B.14. ToothBrushing_drinking_turnin@Key........cc.cccoceeviiniiniiniiiniinicncicceeee, 86
Table B.15. ToothBrushing_drinking_turningKey_pouring ..........cccccceevvvveerieencieeeneeennnen. 86
Table B.16. TOOthBIUSHING .....ooiuiiiiiiiiiiiee et 87
Table B.17. ToothBrushing_pOuring ........c.ccceeuiiiiiiiiiiiinieeiee ettt 87

Table B.18. ToothBrushing_turnin@Key ...........ccccevieriiiiiiiiiniiniiiieeeceeeeceee 88



X1V

Table B.19. TUININZKEY ..c..veiiiiiiiiiiiiiieieese ettt s 88
Table B.20. TurningKey_POUTING.......c.cooieriiiiiiiiiiieniieete ettt st 89
Table C.1. DINKING «...eoiiieiiiiiee ettt et ettt st e b e 90
Table C.2. DIrinking_POUTINE ....cc.ueiitiiieiieiie ettt ettt ete et et et eseeeeeeseesneeenees 91
Table C.3. Drinking_toothBrusShing ..........cccceeveiiiiiiiiiniiniiiiieieeceeeeeeeeesc e 91
Table C.4. Drinking_toothBrushing_pouring...........cceccceeevveeviieeniieeeiieesiie et 92
Table C.5. Drinking_toothBrushing_pouring_turningKey.........cccccoeveerieniinienieineeneeee, 92
Table C.6. Drinking_toothBrushing turningKey ........c..cccccoceieniiiiniiiininineieneecnee 93
Table C.7. Drinking_toothBrushing_turningKey_pouring.........cccccceeeeveenvierseenecnncnneenne 93
Table C.8. Drinking_turNin@KeY ........ccccieiiiiiriiiieiiieeiie ettt et 94
Table C.O. POUIINE .....eeiiiiiiie ittt ettt ettt et e st e e 94
Table C.10. Pouring_turningKey ..........ccceeiiiiiieiieieiee e 95
Table C.11. ToothBrushing_drinKing...........ccoceevuieiiiniiniiiiiiieeneeeiceieeeesee e 95
Table C.12. ToothBrushing_drinKing_pOuring ...........ccceeeeveervieerieeeniieeniiieesieeesieeesveeennens 96
Table C.13. ToothBrushing_drinking_pouring_turningKey ..........cccccoevieniiniiniiinceniennee. 96
Table C.14. ToothBrushing_drinking_turningKey..........ccccoccevvieiiniiiininicniecneccneene 97

Table C.15. ToothBrushing_drinking_turningKey_pouring ..........ccccccoceeveeniencicnneeneennne. 97



XV

Table C.16. TOOthBIuShing ..........coceoiiiiiiiiiiiiiiiiecceccee et 98
Table C.17. ToothBrushing_pouring .........c.cccocueevuierieniiniiiiieeesteeteeieeie et 98
Table C.18. ToothBrushing_turning@Key ..........cccccoovieriiniiiiiiieeeeeeeeee e 99
Table C.19. TUIMINGKEY ... .eeiiieiieiie ettt ettt ettt et e st et ese e neeenees 99

Table C.20. TurningKey_pOUring...........cceocueeeiiiiriiieeiie ettt ettt 100



LIST OF SYMBOLS/ABBREVIATIONS

AMS
ANN
BT-SVM
RT-CAM
SVM
WSN

Activity monitoring systems

Artificial neural networks

Binary Tree Integrated SVM (BT-SVM)

Real time continuous activity monitoring model
Support Vector Machines

Wireless sensor network

XVvi



1. INTRODUCTION

Elderly and disabled people need assistance of other people in the course of their daily
routines. Assistive technology emerges as a way of substituting the assisting people so that
elderly and disabled people can live without relying on other people’s assistance. Assistive
technology aids people by means of ambient care systems. Featured by the ability of
comprehending the people’s needs and generating responses accordingly, ambient care
systems have to detect what action is being performed by a person at first. Activity
Monitoring Systems (AMS) are the components which are responsible for action detection
in ambient care systems. Though health care is the predominant field where AMS is used,

there are also other application areas such as security [1] and process control.

1.1. WHY DESIGN AMS

Activities performed by people contain a rich spectrum of information about how to
improve or fix problematic situations. Utilizing activity information to come up with such
improvements can be exemplified as follows: Fall detection [2] can be used in determining
a person is about to fall and reacting in a fall preventing manner. Chronic disease
management [3,4], rehabilitation systems [5], disease prevention [6,7], monitoring of
health status [8] are some of the application areas of activity monitoring in the field of
health care. Another aspect where activity monitoring is extensively useful is process
control. Monitoring activities of people responsible for implementing procedures in
production facilities, such as water purification plants, helps output quality increase since
production steps are ensured to be fulfilled as planned. Also in bomb disposal missions [1],
performance of cooling systems integrated to operators’ suits is highly effected by the
operators’ posture which raises monitoring activity as one of the essentials in security
applications. Increasing performance of sportsmen by means of injure prevention [9] is
another domain showing the usefulness of activity monitoring for young and healthy part

of the population.



1.2. PHASES OF ACTIVITY MONITORING SYSTEMS

Activity monitoring systems are composed of data collection and data classification
techniques. Discriminating characteristics of the collected data are determined by feature
extraction methods. To find out which features are more discriminating, feature selection
methods are employed. Selected features are processed with classification techniques and

type of activity is generated.

Sensors utilized in data collection phase can be grouped as environmental and wearable.
Environmental sensors [10-15] are placed on objects and can detect complex activities
thanks to interaction between these objects and people. Nevertheless, they are insufficient
in detecting activities performed without interacting with the objects equipped with
sensors. Cameras [16-19] are also environmental sensors but they are regarded as an
element intervening with the daily life, thus people tend to reject being monitored by AMS
with cameras. Wearable sensors are preferred because of reasons such as not requiring
interaction with objects, not interfering with daily life and not limiting people’s actions.
Accelerometer and gyroscope [20-30] are commonly used wearable sensors. Though
wearable smart systems are frequently utilized in activity monitoring, most of them can not
go beyond prototyped structures and studies are needed to determine problems which will
arise as a result of using these prototypes in daily basis. For this reason, more research
should be done in the fields such as smart signal processing, interoperability of
communication standards, efficiency of electronic components and energy [31]. Statistical
features [32-34], wavelet coefficients [35-37] and custom coefficients [38,39] are examples
of features extracted. Central and independent component analysis [40], forward-backward
selection [41], correlation [33] are methods used in feature selection. Artificial Neural
Networks [42-44], Support Vector Machines [5] [45,46], Bayesian classifiers [47] and

Hidden Markov Models [6,48] can be mentioned as classification procedures.

1.3. PARAMETERS AFFECTING SYSTEM DESIGN

AMS are built considering a number of parameters which effect performance,

interoperability and usability.



e [nvasiveness/obtrusiveness: Some data collection tools incorporated in AMS tend to
limit the actions of people. Such a restriction influences the decision of a person on
using the design. Consequently, sensors are categorized in terms of invasiveness and
obtrusiveness. Cameras are regarded as invasive data collection devices since they
limit the person’s actions by interfering with the privacy. Wearable sensors such as
accelerometers emerge as non-invasive alternatives to cameras. A data collecting tool
which is invisible to user is characterized as unobtrusive such as sensors embedded
within environment. In terms of being comfortably used by subjects, unobtrusive
sensors may seem to be superior to wearable sensors but they have to be placed
anywhere the subject may be which is another infeasibility justifying use of wearable
Sensors.

e Heterogeneity of sensor types: Data collecting tools can also be a WSN (wireless
sensor network) of heterogeneous sensors types. This leads to deciding on whether
data classification had better be carried out in distributed (in-network) or centralized
(on gateway) fashion. Data collecting tool should also satisfy interoperability since
integrating AMS to existing WSNs is preferable to establishing a new WSN specific
to AMS. Incorporating AMS to available WSNs raises other issues like service
differentiation [49].

® Number of sensors and sensor location: Number of sensors and sensor location can
impact classification accuracy however, sensors placed in excessive amounts or
uncomfortable locations may challenge people’s movements.

e Activity set: Activity set to recognize are affected by the subject profile/context and
application scenarios.

e Spatiality: Spatiality of AMS deployment should be taken into consideration as well.
Indoor and outdoor monitoring can differ in terms of technologies to use since some
technologies are not operable in both indoors and outdoors such as GPS. Also, layout
of objects can vary in different environmental settings which results in deviations
between the way same activity is performed.

e Variance in activity practice: Another concern making AMS design intricate is that
same person can perform the same activity differently even under same deployment
conditions in terms of spatiality.

e Uncertainty of sensor data: Uncertainty of sensor data is another source of unstable

data, which enforces loss resilient feature extraction and classification techniques.



o Complexity of the activities: Complexity of activities may require employing
multiple types of sensors, making uncertain sensor data a more challenging problem.
e Availability of data set: Having to acquire excessive amount of training and test data

is another point which makes AMS system design challenging.

1.4. PROBLEM DEFINITION

Activity monitoring is mapping the data representing the activity signal such as
acceleration, pressure, etc. to classes of activity such as walking, sitting, lying and so on.
Activity data are acquired using sensors and sensor data are exposed to knowledge
discovery methods, which are feature extraction and data classification, in order to obtain
activity classes. Real time continuous activity monitoring is a subset of the activity
monitoring problem. Real time monitoring introduces more complexity than off-line
analysis since sensor data acquisition and data classification should be concurrent, which
results in data loss and real time delay. Similarly, continuous monitoring is harder to
handle compared to monitoring individual actions. Continuous monitoring is the
recognition of the sequence of individual actions between which activity transitions exist.
Because continuous data contains both individual actions and transitions, the start and end
point of the actions have to be found within the continuous data, which introduces

segmentation problem.

Mapping the sensor data to activity classes accurately is not enough when real time
continuous monitoring is considered to be deployed in real life conditions. The system
should respond in a reasonable amount of time, therefore a perfectly accurate
classification technique which deteriorates responsiveness is not preferred. Also, the
system should be acceptable by users, hence should not incorporate sensors enforcing

inconveniences for the user.

1.5. MOTIVATION & AIM

Activity monitoring systems are widely studied but in terms of real time continuous
monitoring, still several problems exist in the literature. These problems can be

summarized as the following:



o Segmenting the continuous data: Activity data contain sequences of actions which
makes determining start and end of actions controversial.

o Training the system with patterns of transitions: Methods following this approach are
not suitable for extending the set of actions, damaging scalability and restricting the
system for being used in specific cases.

® Necessitating large amount of training data: Acquiring training data is a very
challenging part of AMS, therefore it is necessary to be able to generate patterns with
minimum amount of training data.

® Necessitating person-specific training data: Monitoring activities of different people
upon training the system with only one subject greatly simplifies deployment of
AMS.

® Real time prediction delay: Since ultimate goal of AMS is operating in real-time,

they should respond as quickly as the application domain necessitates.

Considering the criteria mentioned above, this dissertation aims to produce an applicable
model for real time continuous activity monitoring based on 3D acceleration data from one

sensor on the body.

1.6. OVERVIEW OF THE PROPOSED MODEL

Since activity data are acquired from sensors, activities are represented as row sensor data
in the beginning of activity monitoring procedures. To extract the action sequences and
map raw sensor data to activity labels, actions should be modelled. In this study, activities
are modelled as simple and composite actions. Activities which can not be divided into
meaningful smaller actions are called simple actions whereas combinations of simple

actions are evaluated as composite actions.

The ultimate goal of the proposed AMS is marking simple actions incorporated in a given
composite action in real time since all other AMS requirements are based on continuously
monitoring people. For this reason, a composite action stores two types of knowledge to be
extracted: Constituting simple actions and transitions between those simple actions,

splitting the activity monitoring problem to two subproblems.



Our previous works [50] and [51] present simple and composite activity detection schemes
we proposed prior to this thesis. In the work published in [50], the simple and composite
action model is developed and experimented, classifying walk, sit, lie and stand activities
with 92%, 100%, 88%, 96% accuracy respectively, data collection tool being a single 3D
acceleration sensor. In our other work [51], our model is enhanced incorporating two
sensors, each of which contains a 3D accelerometer, and classifying with a combination of
classifiers to evaluate real time continuous activity monitoring success. Naive Bayes,
Susan Corner Detector (SCD) and Hidden Markov Model (HMM) are combined to form
our hybrid classification module. Our method containing multiple sensors and multiple
classifiers identify simple actions walk, walk while hands in pocket, sit, stand and
wheelchair driving with 94%, 96%, 94%, 94%, 98% accuracy respectively. Though this
model identifies transitions yielding 100% accuracy, due to real time processing delay,
detection success rate of individual actions deteriorate, hence in this thesis we develop a
real time continuous activity monitoring scheme, which we call RT-CAM. RT-CAM,
which stands for real time continuous activity monitoring system, is a solution to identify
the composite actions in real-time. Figure 1.1 illustrates the system architecture of RT-
CAM. Operation of RT-CAM is initiated by sensor transmitting continuous activity signal,
which is composed of cs segments, to the DA (Data acquisition) unit. Each segment,
lasting for the period ¢, is forwarded from DA unit to SAD (Simple action detection)
module. Then, the segment is processed by SAD for being labelled as one of the simple
actions (SA) in the action set after knowledge extraction process is applied. We intend to

address the following features with RT-CAM:

e Transition detection is achieved without training the system with patterns of
transitions. Transition detection model does not necessitate combining features
either.

e Presented results are achieved with real data acquired from human subjects instead of
computer generated synthetic data, resulting in a more realistic proof of model.

e RT-CAM utilizes a single 3D accelerometer which makes it a non-invasive solution.
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Figure 1.1. System architecture of RT-CAM

1.6.1. Contribution

Considering the problems highlighted in Chapter 1.5, the following contributions are
made: We develop a non-invasive solution which we call RT-CAM, pursuing real time
continuous monitoring of hand oriented activities. A preliminary study of this work is
accepted as a publication [52]. RT-CAM does not require generating combinations of
features and carries out transition detection without being trained with patterns of

transitions. RT-CAM is evaluated regarding the following criteria:

Intra-person and inter-person classifiaction accuracy

Successful recognition rate of simple actions

Successful recognition rate of composite actions as a whole

Real time delay

According to our findings, our model RT-CAM is promising for real time continuous
monitoring of hand oriented activities. Also, it does not necessitate large number of
subjects who should provide training data. With regard to the features of RT-CAM

mentioned, the contribution of the thesis can be summarized as follows:

e Designing a tool which can detect transitions

e Recognizing hand based activities with high detection rates



e Distinguishing the selected activities in real time though they are similar to each

other

1.7. ORGANIZATION OF THE THESIS

The rest of the thesis is organized as follows: Chapter 2 presents the related work,
categorizing the activity monitoring studies in terms of data acquisition, knowledge
discovery, continuous real-time monitoring and transition detection aspects. Chapter 3
elaborates on the Support Vector Machines method which we adapt for real time
continuous monitoring. Chapter 4 explains RT-CAM in terms of knowledge discovery.
Chapter 5 defines the experimental setup and Chapter 6 contains the performance analysis
and evaluation of RT-CAM. Finally, Chapter 7 presents the conclusions and future work

regarding RT-CAM.



2. RELATED WORK

In this chapter, activity monitoring studies are investigated considering how they approach

the activity monitoring problem. These studies are gouped by the following criteria:

2.1.

Data acquisition modules/sensors they employ: Since one of the predominant sensor
categorization issues is wearability, we group the data acquisition modules as
wearable sensors and environmental sensors.

Knowledge discovery methods involved: Studies are categorized by feature
extraction and classification techniques. Also, a section is dedicated to SVM since
our proposed method is an SVM based solution.

Continuous real time monitoring: Some studies target only activity detection and
does not perform continuous real time monitoring, hence we seperately investigate
studies on continuous real time monitoring.

Transition detection: Which segmentation policy is used and whether a dedicated
algorithm is needed for transition detection are important in terms of transition
detection, hence studies are reviewed in terms of segmentation and the necessity of

a dedicated transition detection algorithm.

DATA ACQUISITION

2.1.1. Wearable Sensors

Accelerometer has been used in a wide variety of activity monitoring studies. Clarke-

Moloney et. al. [20] used accelerometer (ACtiVPALTM) to measure effect of mobility, age
y y, ag

and ulcer size on ulcer healing. Considering a set of actions including walking, standing,

sitting and lying, they concluded that mobility patterns do not vary remarkably by age

between control group and the patients with leg ulcers.

Bourke et. al. [21] located tri-axial accelerometer sensors on trunk and thigh to

differentiate between falls and activities of daily living (ADL). The tri-axial accelerometer

is formed with two bi-axial Analog Devices ADXL210. They conclude that the most
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suitable location for a fall sensor seems to be the trunk. In another research distinguishing
between falls and ADL by thresholding the vertical velocity of the trunk by means of a
wearable inertial sensor, Bourke et. al. [22] profile the vertical velocity of elderly people in
a home environment. Godfrey et. al. [23] developed a system to evaluate the ability of
detecting postural activity and postural transition using a single triaxial accelerometer
located on the trunk, as shown in Figure 2.1, and an algorithm with lower complexity
compared to the one executed in [53]. They compared their method Velocity Estimate and
Scalar Product Activity (VESPA) to Discrete Wavelet Transform (DWT). Velocity
estimation for VESPA, compares the absolute values of negative and positive peaks around
the time of postural transitions to determine whether the postural transition is stand to sit
(StSi) or sit to stand (SiSt) and detect walking. Results regarding VESPA are shown in
Table 2.1.

Moore et. al. [24] monitored the gait in Parkinson’s disease using combined accelerometer
and gyroscope sensor array located on ankle. They calculated stride evaluating vertical
linear acceleration and pitch angular velocity of the leg with an accuracy of 5 cm. Culhane
et. al. [25] evaluated mobiliy of older adults using an accelerometer based system
consisting two Analog Devices ADXL202 accelerometers. Their monitoring system
detected static activities sitting, standing and lying along with dynamic activities with 92%
accuracy and higher using a threshold setting approach. Leonard et. al. [26] researched on

people with hyperactive, hypoactive and combinations of delirium monitoring them with

Figure 2.1. Sensor located on the chest for evaluating VESPA [23]



Table 2.1. Results of VESPA [23] in the form of (mean * standard deviation)

Action Sensitivity Specifity Total postural transitions Type of subject
(%) (%)
lying 100+0 - -
StSi 92+9 85+ 11 42+0 Young and
SiSt 85+ 11 92+9 healthy
walking 100+ 0 - - (10 subjects)
lying 100 +0 - - Elderly and
StSi 89+ 8 83+11 42 +0 healthy
SiSt 83+ 11 89 +8 (10 subjects)
walking 98+ 1 - -

| I
Discrete

accelerometer system
LY T
e .

Figure 2.2. Motion analysis equipment used in the study of Leonard et. al. [26]

an accelerometer based system during 24 hours. They distinguished between static and
dynamic activities and posture changing frequency. Their motion analysis equipment,
shown in Figure 2.2, incorporates a discrete accelerometer located on the waist and, for
comparison purpose, activPAL™ mobility monitor which can detect sitting/lying, standing
along with stepping [54] and could be found in the market. Kangas et. al. [27] compare
low-complexity fall detection algorithms in a triaxial accelerometer setting where sensors
are positioned in waist, wrist and head. Three algorithms with different complexity are
studied on beginning of the fall, falling velocity, fall impact and posture after fall. Simple
threshold-based algorithms are found to sufficiently detect falls with a sensitivity of 97-

98% and specifity of 100% employing a triaxial accelerometer on the waist or head. Each

accelerometer is formed with three uniaxial capacitive accelerometers (VTI Hamlin SCA
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CDCV1G, amplitude range +12g) [55] and are connected to a distinct data logger, with the
sampling frequency being 400 Hz.

Karantonis et. al. [28] studied on real time classification of movements using a single
triaxial accelerometer located on the waist with embedded intelligence fulfilling most of
the signal processing operations on wearable unit. They tested their system in a laboratory
environment with six subjects and obtained 90.8% overall accuracy. Table 2.2 displays the
results of their study in more detail. Triaxial accelerometer utilized in measurement is a

wireless module with 22x50x50 mm dimensions, except for the antenna, and 51 g weight.

Table 2.2. Results related to the study of Karantonis et. al. [28]

Discrimination Accuracy (%)
Activity - rest 100
Postural orientation 94.1
Walking 83.3
Falls 95.6

Triaxial accelerometer unit is built using two orthogonally united dual axis accelerometers
(MXR7210GL, MEMSIC, Inc., North Andover, MA) with the range + 10g, noise level
5.06 mg rms and bandwidth roughly 100 Hz. Lyons et. al. [29] formed a system
monitoring older adults using an accelerometer based threshold method. The system they
defined can differentiate between static and dynamic activities, also it is capable of
detecting sitting, standing and lying postures. They monitored one older adult subject
during four days for an average seven hours per day with two accelerometers, one of which
is located on the trunk whereas the other is positioned at the thigh. Their testing unit
employed two dual axis accelerometers (Analog Devices, ADXL202) and sampled the
accelerometer signals at 50 Hz. They compared two thresholding techniques and their best

achieved results on a daily basis are shown in Table 2.3.

Godfrey et. al. [30] reviews the studies which measure human movement by
accelerometry. Properties of commercial accelerometer based activity monitors listed in

their research are summarized in Table 2.4 and the products are shown in Figure 2.3.



Table 2.3. Best achieved results in the work of Lyons et. al. [29]

Activity Accuracy (%) x(o)
sitting 93 (7.0)
standing 95 (4.1)
lying 84 (2.3)
moving 97 (1.8)

13
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Table 2.4. Properties of commercial accelerometer based activity monitors listed in the

work by Godfrey et. al. [30]

Proprietary activity monitors by

accelerometry

Features

RT3 tri-axial research tracker kit [56]

Waist mounted

activPAL™ Professional

Uni-axial piezoresistive accelerometer, also
cadence, number of steps and energy

expenditure

ActiGraph GTIM

Single axis piezoelectric accelerometer, auto-

turn on feature upon programming [56]

Cyma Step Watch3

Programmed through a PC, microprocessor
controlled step counter (can record steps for up

to two months)

Dynastream AMP331

Ankle mounted, two accelerometers (one uni-
axial and one bi-axial), data analysis with
SpeedMax technology (Dynastreams), data
downloaded to a PC using an RF protocol
(established commercially by Dynastream) and

available for further processing in Excel.

Ossur PAM: Prosthetic Activity Monitor "

Lower leg mounted, one bi-axial and one uni-

axial accelerometer

IDEEA: intelligent device for energy

expenditure and physical activity®

Identify and differentiate more than 40 types of
activities, including 15 different parameters of
gait. Provides information on the onset,
duration and frequency of each activity and
computes the amount and intensity of these
activities. Multiple sensors on a wide variety of
locations on the upper and lower leg, wrist,

sternum and foot via cables.




15

(a) RT3 tri-axial research tracker kit [56] (b) activPAL ™™ Professional

(c) ActiGraph GT1M (d) Step Watch3

(e) AMP331 Pod and attachment sleeve (f) Ossur PAM: Prosthetic Activity

: ™
Monitor

(g) IDEEA: Intelligent Device for Energy Expenditure and Physical Activity

Figure 2.3. Accelerometry based proprietary activity monitors explained in the work by
Godfrey et. al. [30]
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2.1.2. Environmental Sensors

Kasteren et. al. [10] monitor the activities with a wireless sensor network as well as
generative hidden Markov model and discriminative conditional random field as the
monitoring model. Their proposed system employ reed switches, pressure mats, mercury
contacts, passive infrared (PIR), float sensors and temperature sensors. Table 2.5 shows

how they utilize these sensors for activity monitoring.

Yang et. al. [12] propose an activity recogniton method using simple object information
related to activities. Their method involves a penalized naive Bayes classifier. They
compare their method with hidden Markov models and conditional random fields and
conclude that their method achieves reduction in computation up to an order of magnitude

in both learning and inference, without damaging accuracy.

Table 2.5. Sensors and their functionality in the work by Kasteren et. al. [10]

Sensor type Sensor role in the activity monitoring setting
Reed switches Measuring open-close states of doors and cupboards
Pressure mats Measuring sitting on a couch or lying in bed

Mercury contacts Movement of objects (e.g. drawers)

Passive infrared (PIR) To detect motion in a specific area

Float sensors Measuring the toilet being flushed
Temperature sensors Measuring the use of the stove or shower

2.2. KNOWLEDGE DISCOVERY

Sensor data are mapped to activity labels upon knowledge discovery which incorporates
feature extraction and classification operations. Feature extraction process generates a set
of representative data, namely features, from the sensor data. Feature extraction can be as
simple as calcuating the mean value of the sensor data or other more complex methods
such as signal processing algorithms. Another part of knowledge discovery is data

classification. Features are input to classification schemes to obtain the activity mappings.
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A data classification method processes the features to find which activity class they belong

to.

2.2.1. Feature Extraction

Feature extraction methods utilized in the following studies reviewed can be briefly

explained in the list below, before going on with presenting the studies in more detail:

e Wavelet analysis can provide information on both time and frequency domain
characteristics of a signal unlike Fourier analysis [37].
e Frequency-domain features require transforming a window of sensor data to feature
domain, generally using a fast Fourier transform [37].
e Time-domain features are generally statistical features obtained from a window of
sensor data [37].
e Heuristic features are generated from a fundamental understanding which can be
intuitive [37].
® Median filter affects the energy contained in the signal. A greater length of the
median filter yields a smoother signal, resulting in greater amount of lost energy
[39].
e [ndependent component analysis tries to solve the mixing matrix knowing the
observed signals, that is a sample of the random variable x.
i. n being the number of observed signals (These signals are different linear
mixtures of n statistically independent, non-gaussian source signals),
ii. s being an n-dimensional random vector, whose elements are the sources,
iii. The elements of the observed random vector x are different mixtures of the
sources x=As, where A is an nxn mixing matrix which is to be solved [40].
e Principal components can be calculated using the eigendecomposition of the sample

covariance matrix [40].

Maurer et. al. [33] designed an AMS with multiple sensors on different body positions
identifying activities in real-time. They tested on sitting, standing, walking, ascending
stairs, descending stairs and running with a separate sensing device (eWatch) worn on left

wrist, belt, necklace, in the right trouser pocket, shirt pocket and bag. eWatch, which is
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shown in Figure 2.4, incorporates a bi-axial accelerometer, light and temperature sensors
along with microphone. In their experiments, they used both axes of the accelerometer and
the light sensor, values being recorded at 50 Hz and accelerometer’s both axes functioning
at +2g range. Averaging the percentage of correctly classified feature vectors for all
activities to express the recognition accuracy, they reported the most successful results to
be around 88% with sensing device placed in the bag. This result is achieved in two
different experimental configurations one of which is set up with features from Y axis of
the accelerometer whereas the other one includes features from the x*+y” value of the
accelerometer. Decision tree classifier (C4.5 algorithm) with a 5-fold cross validation is
used. They trained the classifier with the data acquired from six subjects to obtain a general

classifier. The wrist is conveyed to be the best performing sensor location.

Figure 2.4. eWatch device used in the work by Maurer et. al. [33]

Preece et. al. [36] reviews feature extraction techniques targeting acceleration data to
classify dynamic activities. Methods extracting time and frequency domain signal
properties are compared considering two data sets acquired from 20 subjects. They
conclude that although non-stationary activities could be classified using wavelet
transform, dynamic activities of healthy subjects can better be classified with frequency
based features. Success of their study is higher than 95% accuracy in intersubject

classification with the best feature set they experimented.
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Preece et. al. [37] investigates methods applied on data acquired from body-mounted
sensors in order to classify normal activities and falls. They split features into several
groups including heuristic, time-domain, frequency-domain or time-frequency (wavelet).
They state that distinguishing between postures and dynamic activities and identifying falls
accurately is possible with these features and simple classification techniques based on
thresholding, adding that activity sets involving larger number of activities require more

advanced classification methods, sometimes combining different features.

Mathie et. al. [39] differentiate between activity and rest, with sensitivities larger than 0.98
and specifities ranging between 0.88 and 0.94. They applied their method on data collected
from 26 subjects using a single tri-axial accelerometer located on the waist. They studied
three characteristics of the signal: length of a smoothing median filter, width of the

averaging window and the acceleration magnitude threshold.

Mantyjarvi et. al. [40] achieved 83-90% accuracy in recognizing motions using
independent component analysis and principal component analysis, observing ignorable
differences between these two methods. One tri-axial accelerometer is placed on each of
left and right side of the hip, classifying the collected data with multilayer perceptron
classifier. Activities recognized are start-stop points, level walk, down stairs walking and

up stairs walking.

Some studies pursuing activity monitoring with SVM necessitate trying different features

and using combinations of features to increase classification success.

Foubert et. al. [57] detected sitting and lying postures, collecting the data with optical
sensor arrays deployed on bed. In their work, eight types of features extracted from
pressure signal and three classification techniques are experimented. Sitting and lying
postures are detected with 100% accuracy using SVM, but combining different types of

features. Most successful result they achieved is 94% when a single type of feature is used.

Qian et. al. [58] monitored activities using video samples, classifying the actions with
Binary Tree Integrated SVM (BT-SVM). However, the algorithm presented necessitates
determining which features are the best for BT-SVM. With this algorithm regarding best
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classifying features as the best features; static actions such as standing, sitting and
squatting along with walking, jogging, sitting while standing, squatting while standing and
falling are classified with 95% accuracy on the average. The same algorithm classified
walking, jogging, running, boxing, clapping, waving hands actions in Schiildt’s database

with 88.69% accuracy.

Kim et. al. [59] detect running, walking, walking with a stick, crawling, forward boxing,
boxing in standing position and sitting related activity data collected from Doppler radar,
using SVM. In the classification pursued by training SVM with six different features,
success of the features ranges between 30.3% and 70.1%. Most successful result (92.8%) is
achieved combining features. Decision tree structure is integrated to carry out multi-class

categorization with SVM.

2.2.2. Classification

Studies reviewed in terms of classification methods incorporate ANN, Decision Tree and
SVM. ANN employs a mathematical function representing the relationships between
features to classify and classes to which these features belong. An optimization process is
followed to map features to classes. Decision trees introduce a hierarchy of rules to group
features into different hierarchies of classes based on the level of discriminativeness [43].
SVM finds a separating hyperplane between two classes and tries to map test data to one of
these classes considering which region of the hyperplane they are located. The following

are studies employing these methods for classification.

Engin et. al. [42] classified human tremor signals collecting acceleration data from
Parkinsonian, essential and healthy subjects. Linear prediction coefficients, wavelet
transform detail coefficients, wavelet transform based entropy and variance, power ratio
and higher order cumulants are features extracted and then input to artificial neural
network (ANN) classifier. They used scaled-conjugate (SCG) and Broyden-Fletcher-
Goldfarb-Shanno (BFGS) algorithms and concluded that BFGS (91.02%) outperforms
SCG (88.48%) in terms of accuracy.
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Parkka et. al. [43] describes classification methods used in daily activities. They
experimented on 16 people, logging roughly 31 h data in total inside an everyday
environment. Experiments recorded in 2 h sessions with a set of wearable sensors placed
on subjects. They tried three classification algorithms, which are custom decision tree
(82%), automatically generated decision tree (86%) and artificial neural network (82%),
total accuracy being designated in parenthesis. Experimented activities are lying, rowing
(with a rowing machine), cycling with an exercise bike, sitting/standing, running, Nordic

walking and walking.

Zhang et. al. [44] presented an ANN to identify activities level walking, running,
ascending and descending stairs, speeds of activities being determined by subjects as slow,
normal and fast. Accurate identification success is 98.78%, 98.33%, 97.33%, and 97.29%
for walking, running, ascending and descending stairs respectively. Also, speed of walking
and running is estimated with average error 0.050 + 0.747 km/h (mean * standard
deviation). Their data collection device, which is in the form of insole, is the multiple

pressure sensors containing SIMS illustrated in Figure 2.5.

Figure 2.5. The SIMS used in work by Zhang et. al. [44]

2.2.3. SVM

Begg et. al. [45] developed a method to recognize aging based changes in gait using SVM.
In the experiments applied on 12 young and 12 elderly subjects, 91.7% overall accuracy is
achieved in differentiating between two gait patterns. Selecting features from more than
one gait type increases gate recognition success. Differentiating between three age groups
with 100% accuracy is achieved thanks to using features from three data types, selecting
one feature set form each type. Foot-ground reaction forces are logged using AMTI, USA.

For logging lower limb movement, a 3D PEAK (Peak Performance Inc., USA) Motion
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analysis component is used with reflective markers worn on hip, knee, ankle, heel and toe.

Extracted features are basic, kinetic and kinematic gait attributes, totalling 24.

Sazonov et. al. [5] classified postures and activities of subjects suffering from stroke using
a multi-class SVM [60] based method on data acquired through a shoe-based sensing tool.
They achieved the classification accuracy results shown in Table 2.6 for sit, stand, walk,

ascend and descend activities using SVM with linear and Gaussian kernels.

Table 2.6. SVM classification accuracy (%) with different kernels in the work by Sazonov

et. al. [5]
Action name | Linear kernel (%) | Gaussian kernel (%)
sit 100 100
stand 100 100
walk 99 100
ascend 81 96
descend 97 99

Figure 2.6 illustrates a detailed view of the sensing tool used in the work by Sazonov et. al.
[5]. Five force-sensitive sensors are placed within the insole per shoe such that they are in
contact with heel, metatarsal bones and the toe, which significantly effect the contact of the
foot with ground. Sensor data are sampled at 25 Hz and sent to the computer wirelessly.
Their wireless data acquisition tool is on top of Wireless Intelligent Sensor and Actuator
Network (WISAN) [61]. Collected data are composed of 116 segments lasting 15 to 25

seconds, totaling roughly half an hour.
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(b) 3D accelerometer,
(a) Shoe based sensing tool battery and power
switch mounted at

the back of the shoe

(c) Insole specialized for pressure sensing

Figure 2.6. Sensing module used in the work by Sazonov et. al. [5]

2.3. CONTINUOUS REAL TIME MONITORING

Aiello et. al. [62] develops a human activity monitoring system, which is a MAPS (Mobile
Agent Platform for Sun SPOTs) based application. Their system is capable of recognizing
lyingDown, sitting, standingStill and walking in real-time with in-node signal processing.
Their system is built on top of a wireless body sensor network with a pair of 3D
accelerometers, one of them positioned on the waist and the other one located on the thigh.
The waist sensor computes mean of X, Y and Z axis measurements as well as minimum
and maximum of values along X axis while the thigh sensor computes minimum along X
axis. Practising transitions standingStill_walking, walking_standingStill,
standingStill_sitting, sitting_lyingDown, lyingDown_sitting and sitting_standingStill, they
identified all transitions with 100% accuracy when transition period lasts five seconds.
Among transitions completed in less than five seconds, only transition
standingStill_walking can be recognized with 100% accuracy, which puts a restriction on
transition duration as a prerequisite of correct identification. Their study incorporates a K-
Nearest neighbour based classifier where K=1 and Manhattan distance is used. Table 2.7
specifies transition detection accuracy values with corresponding transition periods in the
study of Aiello et. al. [62]. Comparison of our work RT-CAM with Aiello et. al. [62] is

presented in Section 6.4.



24

Table 2.7. Accuracy of transition detection for various transition periods

Transition type Matching percentage Duration of transition period (s)
walking_standingStill 0 <1
standingStill_sitting 0 <1
sitting_lyingDown 0 <1
lyingDown_sitting ~67 <1
sitting_standingStill 90 <4
standingStill_walking 100 Any duration between 0 to 9 seconds

Okeyo et. al. [63] presents a dynamic segmentation model for real time continuous activity

recognition. They utilize varying time windows, benefitting from temporal properties of

the acquired data from sensors. They develop an ontology based prototype and achieve

84.4%, 91.9% and 88.7% accuracy, applying three different methods.. Table 2.8 shows the

effect of shrinking and expanding the window on recognition accuracy. They calculate the

accuracy according to Equation (2.1) where tp, fp, tn, fn indicate true positive, false

positive, true negative and false negative respectively. They feed activity segments to

ontology module.




25

Table 2.8. Effect of shrinking and expansion on recognition accuracy in the work by

Okeyo et. al. [63]

Action name Accuracy (%)
Without shrinking With shrinking With shrinking and
or expansion expansion

MakeTea 95.1 95.1 95.1
MakeCoffee 100 100 100
MakeChocalate 100 100 100
MakePasta 96.6 89.7 72.4
BrushTeeth 73.7 89.5 89.5
HaveBath 67.9 85.7 85.7
WashHands 100 100 100
WatchTelevision 41.7 75 66.7
Average 84.4 91.9 88.7

They experimented on data synthetically generated by a computer application. Activity set
they study includes the actions makaTea, makeCoffee, makeChocolate, makePasta,

brushTeeth, haveBath, washHands, and watchTelevision.

Accuracy=(tp+tn)/(tp+fp+tn+fn) 2.1)

2.4. TRANSITION DETECTION

Muscillo et. al. [64] detect individual actions walking, stair climbing, stair descending and
the transition stair descending to walking with 96%, 98%, 78% and 40% accuracy
respectively. They collect the activity data using a single 2 axis accelerometer and carry
out classification with Markov Chain Model integrated to naive Bayes classifier. They

classify the activities in an off-line manner.

Ganea et. al. [65] detect sit-to-stand and stand-to-sit transitions with accuracy higher than

95% on healthy subjects and 89% on chronic pain subjects.
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2.5. SEGMENTATION

Monitoring activity sequences necessitates determining the start and end of simple actions,
in other words segmentation, in addition to identifying the constituent simple actions.
There exist three commonly preferred methods [66] in order to segment continuous data:
explicit segmentation, time based windowing and sensor event based windowing. In
explicit segmentation [67], sensor data are partitioned such that each segment corresponds
to an action. It necessitates finding the optimal segment size in the training phase where
activity model is extracted. Segments used in prediction phase can be different from
segments generating models in the training phase which can lead to deterioration in
classification performance. In time based windowing [10] [68, 69], each segment lasts for
equal amount of time. Time based windowing makes learning activity models easier in
training phase compared to explicit segmentation. However, it necessitates selecting
optimal time interval. Finally, with sensor event based windowing, each segment contains
equal number of sensor events. Disadvantage of this method is the possibility of placing
events, which are not really related to each other (for instance two sensor events between
which a significant amount of time passed), into the same segment. Despite exhibiting this
problematic behaviour, sensor event based windowing could be a beneficial solution if it is

applied considering the relation between sensor events.

2.6. APPROACHES APPLYING A DEDICATED ALGORITHM FOR
DETECTING TRANSITIONS

Boyd et. al. [70] detect individual actions sitting, standing, walking, reaching for an object
on a table and eating along with transitions sitting-standing-walking-sitting, sitting-
reaching-walking, sitting-eating-walking and sitting-walking-standing with 94% accuracy.
They classify the data acquired through a single tri-axis accelerometer using log-likelihood
ratio test and Hidden Markov Model. They first detect transitions and then actions between
them which necessitates running a dedicated algorithm for transition detection. On the
contrary, our approach first detects individual actions and infers the existence and
identification of a transition based on the type of detected simple actions, eliminating the
necessity of running a dedicated transition detection algorithm. They catch transitions

within a one second delay.
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Jarchi et. al. [71] recognize walking vs reading (90.5%), walking vs lying down and getting
up (95.75%), walking vs lying (82.084%, average over 5 subjects), walking vs falling
(90%, average over 4 subjects), values in paranthesis designating accuracy results.
Transition accuracy they achieve is 90% which is the average over five subjects. They
collect the data using a single ear-worn sensor and apply Singular Spectrum Analysis for

classification. They generate similarity patterns for each transition.

Foubert et. al. [57] recognize lie-to-sit transition on young healthy and older healthy (98
%) and on hip fracture group and stroke group (90 %), with accuracy results designated in
paranthesis. They classify the data using Support Vector Machines with the help of a
combination of features. Their data collection tool is an array of optical pressure sensors

deployed on bed. They run an algorithm dedicated for transition detection.

2.7. SUMMARY

We reviewed activity monitoring systems in terms of fype of sensors (wearable or
environmental sensors) and knowledge discovery modules (feature extraction and
classification) they utilize. Also, we included an investigation of studies performing
continuous real time monitoring of activities, segmentation policies and approaches
applying a dedicated algorithm for detecting transitions. Considering the studies reviewed,
our proposed approach RT-CAM can be placed in the categories in the literature, being
described as follows: Our proposed real time continuous activity monitoring method is an
adaptation of SVM where feature extraction phase is also responsible for most of the
classification phase. To come up with a wearable solution which is non-invasive, we
employ a single accelerometer. We do not run a dedicated algorithm to detect transitions,
instead we infer the existence and type of transition considering the detected types of
actions right before and after the transition. For segmenting the real time continuous data

stream, we pick explicit segmentation as the segmentation policy.
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3. SUPPORT VECTOR MACHINES

In this chapter, Support Vector Machines (SVM) method is explained since RT-CAM is an
SVM based solution. We utilize SVM considering its advantages over the alternatives in
application areas such as image based digit recognition [72,73], text classification [74]

along with person detection and recognition [75].

General SVM architecture comprises generation of a seperating hyperplane comparing
features of two classes for training phase, followed by the prediction stage where test data
features are checked to see on which side of the hyperplane they lie. This procedure is
summarized in Figure 3.1. The concept of support vector indicates the features which
determine the position of the seperating hyperplane. Parameters of seperating hyperplane
are found calculating the solution of systems of equations in the form shown as Equation
(3.1). Aim of SVM is to find X, which is the unknown of this equation. A is the coefficient
matrix and B is the vector containing class labels, which are 1 or -1, since SVM is a binary
classifier, meaning that SVM differentiates between only two classes. For multi-class
problems, one-against-the-rest approach can be used. If M classes exist, M SVM’s are
formed, determining a hyperplane between class k and other classes. In prediction for a
new instance, the decision generated by the SVM which puts the prediction furthest into
the positive region of the instance space is picked [76]. Though solving multi-class
problems with SVM is generally carried out using some voting schemes involving a set of
binary classification decision functions [77,78], methods for multi-class classification

which do not use the combination of binary rules also exist [79].
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S

Figure 3.1. SVM arhitecture
AX=B 3.1)

For a more detailed explanation, a numerical example [80] is presented as follows: Given

the positively labelled data set P and negatively labelled data set N in R*; P= { (i) , (_31)
(i), (_61)} and N= {((1)) , ((1)), (_01), (_01)}, which are illustrated in Figure 3.2. Because

data points are linearly seperable as can be seen in Figure 3.2, a linear SVM, meaning that

kernel function ®() is the identity function, could be used.

N —

e

L
S |
L]

Figure 3.2. Elements in sets P (in blue) and N (in red)
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Figure 3.3. Three support vectors marked in yellow
It could be visually determined that the following vectors are support vectors, considering
Figure 3.3: S= {51:(3) , $2= (i), s3= (_31)}. Vectors will be used with a bias input 1 and

1
they will be denoted by a superscripted d, which means if slz((l)), then s ld:(:(i ) The goal

is finding values for the o; corresponding to Equation (3.2), (3.3) and (3.4).

alq)(S]).(D(Sq)'l‘ Uzq)(Sz).(D(Sl) + (13@(83).(1)(5]):-1 (32)
0 D(5).D(s2)+ crD(8,).D(S,) + 03D(83).DP(s5)=+1 3.3)
o D(s1).D(s3)+ L D(S,).D(83) + a3D(s3).D(s3)=+1 3.4)

Since ®()=I, meaning that kernel function is the identity function, Equation (3.2), (3.3) and
(3.4) reduce to Equation (3.5), (3.6) and (3.7).

d d d . d d . d

0SS 4028y Si 4+ 0383 83 =-1 (3.5)
d . d d _d d . d

0SSy 4+ 028y Sp 4 0383 Sy =+1 (3.6)
d d d . d d . d

0" S3 408y S34 0383 S3=+1 (3.7

After dot products are calculated, Equation (3.8), (3.9) and (3.10) are obtained. Carrying
out algebraic operations, the solution to the system identified by Equation (3.8), (3.9) and
(3.10) is found to be a; =-3.5; 0, =0.75 and a3 =0.75.
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2(11+4(12 +4(X3 =-1 (38)
4oy+110 +90;5=+1 3.9)
40490, +1 1o =+1 (3.10)

In order to find the discriminating hyperplane using the a values, Equation (3.11) is used,

yielding the result shown with Equation (3.12).

w!=Y,ais’ (3.11)

wi=Y,0ist=-3.5 (é)+0.75<§)+0.75(—jl)=( j ) (3.12)

1 1 -2
Last entry in w! corresponds to hyperplane offset b since vectors are augmented with a bias
previously, resulting in seperating hyperplane equation y=wx+b using W:((l)) and b=-2.

The discriminating hyperplane, which successfully classifies the data points, is plotted in

Figure 3.4.

The following is another numerical example [80], which elaborates the nonlinear case:
Given the positively labelled data set P and negatively labelled data set N in R2 : P= { (;) ,
(_22), (:;), (_22)} and N= {(i) , (_11), (:i), (_11)} which are plotted in Figure 3.5. As can
be seen, a discriminating hyperplane to seperate these data points does not exist in the

original input space. Using the kernel function defined in Equation (3.13), data points in

sets P and N are transformed to P’=®(P) and N’= ®(N) respectively as follows:

. 1
- -1
I - ‘S - - :
-2 3 " & iy

— hyperplang

Figure 3.4. The discriminating hyperplane
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P={2).(5). Q). Oy andN={(}). (). (). ()} which are illustrated in Figure
3.6.

(3.13)

X2

[ i

o, (%)=
(x 1) otherwise
X2

*1

Figure 3.5. Set of data points P (in blue) and N (in red)

.l
L5

Figure 3.6. Feature space representation of data points
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Two support vectors exist, which are S= {81=G) , So= (2)} as illustrated in Figure 3.7.

After augmenting vectors with 1 as the bias input, o; values are calculated according to

Equation (3.14) and (3.15).

I

10 1 -

2 m a2 4 & 8 10 i

Figure 3.7. Support vectors in feature space (in yellow)

1D (51).Di(s1)+ 0D i(82).Di(s1) =-1 (3.14)

(3.15)
01D (51).Q(52)+ 0Dy (52). D (52) =+1

Using the kernel function shown in Equation (3.13); the problem is reduced to Equation

(3.16) and (3.17).
arsi’ s a8y’ sp¢ =1 (3.16)

ar st 8ol sy’ sy! =+1 (3.17)

After dot products are calculated, the system of equations shown in Equation (3.18) and

(3.19) are obtained and the solution is found to be o; = -7 and o, = 4.

3ou+50, =-1 (318)
S0 +90, =+1 (3.19)
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Then, the discriminating hyperplane is evaluated using Equation (3.20), yielding the result
designated in Equation (3.21). Hence, seperating hyperplane equation y=wx+b is formed

using W:G) and b=-3, which is plotted in Figure 3.8.

w!'=Y,ais’ (3.20)

wl=Y,aisd =7 (i)+4(§):< 1 ) (3.21)

1 1 -3

o

1o 9 -

o Swg
A 1 ——hypeErmEnne
-2 - ] (™ Z \ -] B 1o 1=z
-

Figure 3.8. Dicriminating hyperplane calculated for nonlinear example

So far, how the seperating hyperplane generation, which is the training phase is explained.
In order to predict the class of the test data, Equation (3.22) is used where o(z) yields the
sign of z, identifying the test data to be in positive or negative class. For instance, the
kernel function being the one shown in Equation (3.13), x=(4,5) is labelled to be in

negative class as illustrated in Equation (3.23).

f(x)=0(3; @i (Si). D (x)) (3.22)

(2) = o(~701().01(2) + 491(). 91(2)

(-1 ()+40)0)

=a(-2)
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What generalization accuracy will be achieved is not certain. If the generalization ability of
the SVM model produced is not satisfactory, this is probably caused by the selection of

kernel function.

3.1. SUMMARY

Being a binary classifier, SVM comprises generation of a seperating hyperplane comparing
features of two classes for training phase, followed by the prediction stage where test data
features are checked to see on which side of the hyperplane they lie. For multi-class

problems, several approaches exist which use and do not use combination of binary rules.
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4. REAL TIME CONTINUOUS MONITORING

In this chapter, operations of RT-CAM components are explained. RT-CAM, employs an
adaptation of SVM to recognize simple actions within the composite action they consitute
and partitions the continuous activity data using explicit segmentation. For avoiding the
use of a dedicated algorihm to detect transitions, RT-CAM relies on accurate classification
of simple actions to infer the existence and identification of transitions based on the types

of recognized simple activities.

4.1. KNOWLEDGE DISCOVERY

4.1.1. Segmentation

We follow explicit segmentation scheme explained in Section 2.5. Hence, each segment
corresponds to a simple action. As elaborated in Section 2.5, optimal segment size should
be determined in explicit segmentation since segment sizes differing in training and
prediction phases can lead to deterioration in classification performance. We apply fixed
sized partitioning on the continuous data where the subjects are made to perform activities

such that each simple action and transition performed fit into the fixed segment size.

4.1.2. Adaptation of SVM

The proposed method, which is formed as an SVM adaptation, differs from the SVM in the

following aspects:

e SVM is a binary classifier, which means only two classes can be differentiated using
SVM. RT-CAMkp approaches differently to the multi-class problem which is multi-
activity differentiation in our context. RT-CAMkp introduces the notion of reference
action and assigns the reference action to be a pseudo class to form a basis of
comparison between the actual classes. An error value, which is the measure of the
difference between the training and test data, is calculated. Then, the action yielding

the smallest error value is assigned to be the detected action.
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e SVM tries to find a seperating hyperplane between two classes to be differentiated
and the type of the test data is determined considering which side of the hyperplane
the test data lie whereas RT-CAMkp avoids seperating hyperplane calculation. By
doing that, the operation of solving systems of equations carried out in SVM is
replaced by the operation of multiplying a matrix by a vector in RT-CAMgp where
inverse matrix calculation, which is necessary for solving systems of equations, is
eliminated.

e SVM maps the data to a new space using proper Kernel functions if the data are not
linearly seperable so that a seperating hyperplane can be found in the new space.
Though RT-CAMkp eliminates the seperating hyperplane calculation, a Kernel
function is still used because we used the same Kernel function in our preliminary
study of this work which is accepted as a publication [52] and we obtained successful

results and we went on using the Kernel function.

Knowledge discovery module of RT-CAM, which we abbreviate as RT-CAMxp is formed
of the procedures explained in Equation (4.1)-(4.5) and Algorithm 4.1 to Algorithm 4.3.

Firstly, Z, av, Kernel and error functions are presented since they are used in the
algorithms that follow. The legend shown below explains the notations used throughout the

algorithms and equations.

e C™":a matrix with size mxn
e C': Inverse of C™"

e c¢(i,2): ith row of C™"
e c¢(:,i): ith column of C™"

e b"=(b,", b,", ..., b,") where b" represents a vector of size n

e A={ay, ay, ..., a5} where A denotes the set of simple actions

e P,":pattern matrix for simple action a

e R™" :reference action where =1 V1 <i<mandvli<j<n

e If C™ is an acceleration matrix, then c(s,1), c(:,2) and ¢(:,3) are x, y and z axis

acceleration values respectively.
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Padding function Z, explained in Equation (4.1), takes two vectors as the input and pads
the vector, having smaller number of elements, with zero until number of elements in two
vectors become equal. In Equation (4.1), V denotes an ordered pair such that V=(a*, b").
When a vector operation necessitates the vectors having equal number of elements but it is

possible that the vectors may not satisfy this requirement, Z function is used.

V'={ (cv,bY)| cy=a* V1 < i < xand cy=0

Vx+1<i<y}y>x

V’=Z(V)=1 V':{ (ax’ Cx) | c*=by V1<i< yand ci*=0 @1

Vy+1<i<ux}y<x

. V'={(a* by)}, otherwise

Equation (4.2) shows av function which adds corresponding entries in two input vectors
after padding them if they have different number of entries. The ordered pair (x",y") is

calculated using Z function.

o =x" +y", Vi<i<randm#n

c’ = av(a™,b" :{ ]
( ) o =a™+b", Vi<i<mandr=m=n

4.2)

(x"y)=Z(a"b")

Equation (4.3) describes Kernel function K which appends a new entry to the input vector.

The appended entry is calculated using the other entries in the input vector.

ti+t = vl ) Vi<isn

" = K(v") = W 43)
¢l = E ; :
1+ e

i=1
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error function, explained in Equation (4.4), finds an average error value to find a measure
of difference between the two input vectors so that the difference between training and the

test data can be determined.

n
1 Z el — tf
- , m=n
n t

i=1

error(t™,e") = <
(e =Z(@x™,e") 4.4)
r r r

1 e — ti .
— - , otherwise
r " tl

n

Algorithm 4.1 explains coreTraining module. The input matrix C™" represents the

acceleration matrix processed as will be described in featureExtraction procedure. Row
vectors ¢(i,:) V 1< i < m/2 belong to one of actual actions whereas c(i,:) V % <i<m

belong to the pseudo class which is the reference action. Each row vector in the input C™"
is exposed to function K. Vectors output by K are compared in terms of number of
elements they contain to pad the one having less elements wih zeros. Dot product (+) of the
padded vectors are calculated and are stored in matrix F™™. Vector b™ is populated with 1
and -1 values indicating the positive and negative class labels. As mentioned previously,
RT-CAMgkp does not calculate a seperating hyperplane, hence RT-CAMgp does not

calculate inverse of F™™

1

to find the unknowns of the system of linear equations. Finally

pattern vector w"* is calculated, using the x™ vector. w™! is the discriminative value
which we calculate instead of the seperating hyperplane and is used in the prediction phase

to compare against the test data.
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Algorithm 4.1. Core training algorithm

wi=0 V1 <i<t
coreTraining(C™")
forifrom I to m
for j from 1 to m
(Po.p1)=Z(K(c(i,)),K(c(j,:)))
fij=po*Pp1
end for

end for

X"=mult(F™™, b™) where b™= {bibf_i: al /Sz VT Smi/ : ? .
for ifrom 1 to m

w™ =ay(W" mult(K(c(i,)).x,"™))
end for

return w™*

featureExtraction procedure merges reference action matrix R™" with acceleration matrix
C™™" whose features are extracted after Kernel function K is applied. Row vectors, which
originate from C™", are the data representing action class whereas the ones originating

D(Zm)x(n+1)

from R™" represent the pseudo class. Then, the resulting matrix shown in

Equation (4.5) is processed in coreTraining procedure to return w! patterns.

K(c(i,:)), v1 <i
K(r(i—m,:)), Vvm+1<i

4.5)

IA
8

d(,: ):{

IA

2m

Training algorithm is explained in Algorithm 4.2. Pattern P,™" for each simple action is
composed of the features of each training sample M;™" belonging to that action where
M;™" represents an acceleration matrix. Hence, each action is characterized by a matrix

whose rows are feature vectors extracted from training samples.

In the prediction phase elaborated in Algorithm 4.3, features of acceleration matrix C™" to
be labelled are extracted. Generated feature vector f**' is compared against each previously

generated pattern P,"™" to calculate an error value for each simple action, which is g(a;),
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using the error function. The simple action yielding the smallest error value is assigned as
the detected action.

Algorithm 4.2. Training algorithm

T,={M;"™", M,™™, ..., M;™ } where M;"™™" is a training sample for simple
action a
training()
for eacha € A
pa(,:)= featureExtraction(M;"™") V M;"™" €T,

end for

A numerical example is given in Appendix A to demonstrate how RT-CAMgp works.

Algorithm 4.3. Prediction algorithm

L:set of error values such that g:A—L

Arg migll g(ai) = {ai|Vy; g(ai) < g(}’)}

prediction(C™")
f"'=featureExtraction(C™");
g(a)«— %Z?:l error(p,(i,:), 1) v a,€A given |

return Arg min g(a;)
g

4.2. SUMMARY

We explained how knowledge discovery module of RT-CAM, which is RT-CAMkp,
works. Being an adaptation of SVM, RT-CAMkyp performs feature extraction phase and
most of the classification phase at once. Unlike SVM, RT-CAMkp can differentiate
between multiple classes, comparing the similarity between actual classes and the psudo
action introduced, which is the reference action. As the segmentation policy to partition
continuous real time data stream, RT-CAMkp follows explicit segmentation where each

segment corresponds to either a simple action or a transition.
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S. EXPERIMENTAL SETUP

In this chapter, experimental context for testing RT-CAM is explained. Firstly, ambient
assisted living scenario is given to elaborate on the activity set, mentioning the way the
actions in the activity set are practiced. Also, the reason why this activity set is chosen is
justified. Secondly, analysis of the sensor data is presented, introducing the data collection

tool and generation of the data set. Then, the real testbed is described.

S5.1. AMBIENT ASSISTED LIVING SCENARIO

The set of simple actions is composed of eating, pouring, turningKey, drinking and
toothBrushing. These actions are selected since they can be the constituents of more
complex actions performed in a natural setting of a smart home environment as well as
professional contexts such as process control. Being hand oriented activities, these actions
are also suitable for our data collection tool since we acquire data using a single 3D
accelerometer placed on the right wrist. The following list explains how these actions can

form more complex activities in different contexts.

e Pouring could be both pouring cornflakes from its package to a bowl for breakfast
and pouring food ingredients to a saucepan for cooking in a home setting while it
could also be performed for pouring chemicals to tanks in water purification plants.

e TurningKey can be for opening the door of a room at home and for starting an engine
in the plant.

e People can perform a drinking-like movement pattern with a glass for clearing the

mouth after toothBrushing apart from regular drinking while eating.

Contextual properties of the simple actions mentioned above enables forming logical

combinations of them.
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5.2. SENSOR DATA ANALYSIS

In this chapter, sensor data structure and the sensor itself are introduced. The nature of the
data set is discussed, elaborating on the conditions under which the activity data are

acquired.

5.2.1. Data Collection and Processing Tools

The raw sensor data are composed of X, Y and Z axis acceleration values acquired from
the 3D accelerometer built in TI Chronos eZ-430 [81] shown in Figure 5.1-a, which is a
CC430 based wearable device. The RF access point illustrated in Figure 5.1-b is connected
to the PC with USB interface and enables wireless communication between the sensor and
PC. Being the unit where data receipt and classification are carried out employing a Java

application, the PC operates with a 3.07 GHz processor and 1.86 GB of RAM.

(a) TI Chronos eZ-430 with built in (b) RF access point

accelerometer

Figure 5.1. Sensing device

5.2.2. Data Set Generation

Fifteen training samples per simple action and ten test samples per simple and composite
action are acquired. Each chunk of data lasts for 2.7 s. A chunk corresponds to a simple
action or the transition between the simple actions when the activity is composite. The raw
sensor data related to simple actions toothBrushing, drinking, turningKey, pouring and
eating are plotted in Figure 5.2-Figure 5.4. The plotted data belong to the training data set.
Time axis whose dimension is denoted to be 1/f s in these plots represents a virtual notion
of time. This means that time axis shows the sequence number of the acceleration vector in

the form of <X, Y and Z> triple; X, Y and Z being acceleration values along corresponding
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Acceleration (5)
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Figure 5.2. Raw sensor data for toothBrushing and drinking
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Figure 5.3. Raw sensor data for turningKey and pouring
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Figure 5.4. Raw sensor data for eating

axes. Though time axis designates sequence number, it can be regarded as a way of
representing time, considering a vector with sNo;,; arrives at the classification unit //f s
later than the vector with sNo;, where f is the transmission frequency. All real time
continuous monitoring experiments are implemented with f=23.26 Hz. Mentioned
transmission frequency value is calculated by averaging the number of vectors across
training data set for a simple action, containing 15 training samples. Figure 5.5 illustrates
the histogram related to the data points from which fis derived. Horizontal axis indicates
the number of 3D vectors acquired as a sample whereas the vertical axis shows how many
training samples contain corresponding number of vectors. Number of 3D vectors acquired

as a sample are the data which manage to reach the classification unit.

5.3. REAL TESTBED ENVIRONMENT

In this chapter, testbed model is elaborated and testing methodology is reviewed,

addressing the test categories. Then testbed setup is presented, emphasizing how the



47

frequency of occurrence
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number of 30 vectors per sample

Figure 5.5. Histogram modelling the data set from which f is derived

actions are practised. Also, the application of testbed is explained, illustrating the output of

the training phase.

5.3.1. System Model

Experimental context is summarized in Figure 5.6. The subject sits by the table, wearing
the sensor on the right wrist. He uses an auxiliary object depending on the action being
performed. The watch (TI Chronos ez430), incorporating the sensor, wirelessly
communicates with the USB access point, which is connected to the PC. The watch with
sensing and transmitting capability comprises the data acquisition unit whereas the PC is

the module where knowledge extraction takes place.

5.3.2. Methodology

We tested our prototype with two kinds of tests named as T;P; and TiP; tests. T;P; tests are
for evaluating intra-person classification accuracy, meaning that system predicts activities
of the person who provides the training data. T;P; tests are for assessing inter-person

classification accuracy, which means the system is trained with the training data acquired
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from person i and predicts activities of another person j. Apart from classification

o))) I

accuracy, real time prediction delay is also measured.

subject sitting
by the table

plastic glass

3D (an example of auxiliary USB access
gccg]erometer materials) point
inside watch e — conntected to
PC

Figure 5.6. Testbed overview

5.3.3. Testbed Setup

Training and test data are acquired in an office setting. The subject sits at a table to
perform the actions with a single sensor worn on right wrist. A glass, a knife, which are
made of plastic, a punched pocket and a key, shown in Figure 5.7, are used to perform the
actions. As shown in Figure 5.8, drinking action is composed of taking the glass from the
table, carrying it upwards then leaving it back to the table. When the glass is at the closest
point to the mouth, the head slightly leans backwards. The time allocated for a chunk

expires when the hand is hooked in the air during the downwards movement.

Figure 5.7. Auxiliary objects used in performing the activities
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Figure 5.8. Drinking action as the combination of (a), (b), (c) and (d) with given order

Pouring action, illustrated in Figure 5.9, is shaking a punched pocket up and down with a
regular rhythm. The subject, who provides the training data, reports that he performs the
upwards and downwards shaking of the punched pocket seven or eight times at a chunk
period. Eating action, shown in Figure 5.10, is carrying a knife upwards, and then
downwards to the point from which it was picked. TurningKey action, illustrated in Figure

5.11, is turning a key placed on the table to the right and then to the left to reach back to

Figure 5.9. Pouring action
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Figure 5.11. TurningKey action

the initial position. ToothBrushing, illustrated in Figure 5.12, is shaking the knife upwards

and downwards right in front of the mouth, considering the knife as a toothbrush. The
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Figure 5.12. ToothBrushing action

subject providing the training data reports that he performs the upwards and downwards

shaking of the knife seven or eight times at a chunk period.

5.3.4. Examination

Figure 5.13 to Figure 5.15 illustrate plots related to training output for the simple actions
toothBrushing, drinking, turningKey, pouring and eating. Since training phase is also the
feature extraction phase, the data points shown in these plots are the features generated for
simple actions. A set of features with five elements are generated per training sample,
which constitute the simple action patterns. Observing the patterns are close to each other,
we can conclude that our training and feature extraction modules yield consistent activity

models.

5.4. DISCUSSION

Using the testbed we set up, we verify that training module of RT-CAM can produce

discriminative features. Also, we observe that RT-CAM is applicable for the ambient

assisted living scenario we formed.
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Figure 5.13. Training output for toothBrushing and drinking
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Figure 5.14. Training output for turningKey and pouring

5.5. SUMMARY

We overviewed the ambient assisted living scenario for which we defined our action set.
Then, we analyzed the sensor data, presenting the tools we used for data collection and
processing, followed by the description of data set generation process. Finally, we
described our testbed and examined how our proposed method processes the experimental

data.
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6. PERFORMANCE ANALYSIS & EVALUATION

In this chapter, we present results obtained upon testing RT-CAM. We evaluate our system
in terms of intra-person accuracy, inter-person accuracy and real time delay. We test for

accuracy in real-time classification for two metrics:

e Simple action accuracy (SA): Correct recognition rate for simple actions
e Composite action accuracy (CA): Correct recognition rate for composite actions as a
whole. A composite action is recognized correctly if all simple actions forming that

composite action are successfully detected.

We tested RT-CAM across four subjects, one female and three male, being numbered from
1 to 4 and referred with these numbers throughout the text. One of the male subjects is the
training subject, who is subject 1, and the female subject is the subject 3. Male subjects,
though their physical profiles are similar, can be ordered from tallest to shortest as subjects
1, 2 and 4 and they are in the same age range. Detailed results of TP, tests regarding

accuracy and real time delay can be seen in Appendix B and C respectively.

Since there are numerous real time tests to be maintained, a testing tool is programmed so
that errors resulting from manual maintanance can be eliminated. However, using this tool
costs 70-90 minute setup for each testing session and a group of 10 tests can be acquired in
approximately 30 minutes. For subjects to practice until they can correctly imitate the
actions, even more time is necessary. Due to the fact that tasks mentioned can not be
completed at a single session, testing phase spreads accross many days, leading to a great
number of sessions. Since acquisition of test samples is such a time consuming operation,

the number of tests presented is restricted.

6.1. TP;DETECTION ACCURACY

T;P; is the term we use to formalize intra-person accuracy. It means that training data are

acquired from subject i and the model is used to predict and classify the activities of
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subject i as well. We carry out TiP; tests on subject 1, meaning that our intra-person tests

are formalized as T P;.

6.1.1. Simple Action Accuracy (SA)

Recognition accuracy for simple actions are shown in Table 6.1. Number of tests column
indicates the number of samples used to calculate accuracy. We also carried out 10 tests on
eating action, obtaining 80% accuracy, but we excluded it from our analysis. Because of
the nature of this action, a single sensor on right wrist is not enough to produce accurate
results though we obtained 80% accuracy. Actions pouring and turningKey are detected
with lower accuracies than eating but they are not excluded since number of tests for
pouring and turningKey are sufficient. The rest of the analysis is based on the actions

shown in Table 6.1 and their combinations.

Table 6.1. Real time classification accuracy of simple actions (T;P;)

Simple action Accuracy (%) | Number of tests
toothBrushing 100 130
drinking 100 130
pouring 61.82 110
turningKey 72.73 110

Composite actions we tested include the simple actions except eating and the accuracy for
these simple actions is calculated incorporating the successful detection accuracy of the

simple actions within the composite action they constitute.

6.1.2. Composite Action Accuracy (CA)

Table 6.2 shows the accuracy of recognizing composite actions with several number of

transitions. Each composite action is repeated ten times to form the test data set and the
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Table 6.2. Recognition accuracy of composite actions (TiP;)

Number of Composite action Accuracy | Number
transitions (%) of tests
1 drinking_pouring 60 10
drinking_toothBrushing 100 10
drinking_turningKey 60 10
pouring_turningKey 80 10
toothBrushing_drinking 100 10
toothBrushing_pouring 100 10
toothBrushing_turningKey 90 10
turningKey_pouring 40 10
2 drinking_toothBrushing_pouring 80 10
drinking_toothBrushing_turningKey 70 10
toothBrushing_drinking_pouring 30 10
toothBrushing_drinking_turningKey 70 10
3 drinking_toothBrushing_pouring_turningKey 20 10
drinking_toothBrushing_turningKey_pouring 20 10
toothBrushing_drinking_pouring_turningKey 70 10
toothBrushing_drinking_turningKey_pouring 30 10

shown results are the mean of ten tests. Comparing the T;P; results related to pouring
action and the composite action drinking_toothBrushing_pouring which contains pouring,
it can be observed that 61.82% and 80% accuracy are achieved for them respectively. The
fact that a composite action results in a better accuracy than a simple action it contains may
seem contradictory. However, as explained before, accuracy for simple actions are
calculated including the successful detection accuracy of simple actions within the

composite actions they constitute.

Considering Table 6.2, we can observe that if a composite action contains one of pouring
and turningKey actions, its accuracy deteriorates compared to its subactions where pouring
and turningKey are excluded, which agrees with the results shown in Table 6.1. The fact
that toothBrushing_drinking_pouring and toothBrushing_drinking_pouring_turningKey

are detected with 30% and 70% accuracy respectively is contradictory in this aspect.
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However, even the same person can not perform the actions the same way all the time,

resulting in such a contradictory observation.
6.2. T;P;DETECTION ACCURACY

TiP; is the term we use to formalize inter-person classification tests. For the tests in this
category, we evaluate RT-CAM, acquiring training data from subject 1 and classifying the
activities of subjects 2, 3 and 4, formalizing our T;P; tests as TP, T,P3;, and TP4

respectively.
6.2.1. Simple Action Accuracy (SA)

Successful recognition accuracy of simple actions are shown in Table 6.3. Height of the
subject also affects successful recognition rate according to our observations. Because
turningKey action was poorly recognized in TP, tests and successful recognition rate for
this action is observed to increase as can be seen in Table 6.3 when subject 4 performs
turningKey action on a higher chair as training subject is taller than subject 4. The column
named as # indicates number of tests acquired to obtain the corresponding accuracy value.
Also in Table 6.3, normalized results calculated for each simple action are shown as norm.
Normalized results are determined using the formula given in Equation (6.1). Test
categories T|P,, T1P3 and T,Ps are shown as c¢; c; and c; respectively. Also, a and n
designate accuracy and number of tests respectively for the corresponding test categories.
If the terms in the formula match the group of tests marked as “Not tested” in Table 6.3,
those terms are ignored in normalized result calculation. Observing the normalized results,
we can say that RT-CAM can predict the activities of different people in a training data

independant way.

1
norm=—————(Qa, n,, + a.. n. + a..n
ey + e, +nc3( cq ey c; 'tey C3 c3) (6.1)

6.2.1.1. Discussion
For SA results, TP, tests are consistent with TP, case. Though turningKey results in

higher accuracy with TP, than TPy, it is still a similar value to what is generated in TP,
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Action TP, T,P; TP, norm
Accuracy # Accuracy # Accuracy
(%) (%) (%)
toothBrushing 100 50 42.86 21 100 84.2
drinking 82.86 70 100 11 57 82.9
pouring 100 10 100 2 Not tested 100.0
turningKey 80 20 Not tested 50 8 71.4

case. The fact that pouring results in a much higher accuracy with TP, than TP, is
contradictory. Nevertheless, test data are collected from subject 1 a couple of weeks later
than acquisition of training data. Therefore, subject 1 may have forgotten the exact way of
how he performed the actions during training data acquisition, which can explain the
reason why subject 2 performs the actions more similarly to the training samples than

training subject.

In T, P; tests, toothBrushing results in much lower accuracy than drinking though these two
actions are expected to generate high accuracy yielding similar values as the TP, case is
considered. This could be explained regarding that toothBrushing is performed differently
from the way the training subject performs during training data acquisition. The fact that
pouring results in such higher accuracy than TP, case could result from either the number
of tests being small or training subject having forgotten the exact way he performed this

action.

TP, results agrees with T|P; category since in the case of subject 4, foothBrushing is
detected with high accuracy and turningKey is detected with accuracy deteriorated. The
reason why drinking is detected with such a poor accuracy compared to foothBrushing in
T,P4 category looks contradictory but subject 4 had much difficulty in performing the

exact action which could be the reason for it.
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Table 6.4 shows inter-person recognition accuracy for composite actions. Subject 2 is

exposed to testing before and after watching the video recordings of training subject, hence

TP, tests are marked as A and B, which indicate after-watch and before-watch cases

Table 6.4. Composite action accuracy results (TiP;)

Number of Test Composite action Accuracy Number
transitions category (%) of tests
1 TP, toothBrushing_drinking B:0 B:10
A:70 A:10
TP, drinking_toothBrushing B:0 B:10
A:80 A:10
T,Ps toothBrushing_drinking 45 11
2 TP, drinking_toothBrushing_pouring B:0 B:10
A:80 A:10
TP, drinking_toothBrushing_turningKey B:0 B:10
A:80 A:10
TP, toothBrushing_drinking_turningKey B:0 B:10
A:60 A:10

respectively. The fact that after-watch success rate is higher than before-watch success rate

is that same action is performed differently by subject 1 and 2 in the before-watch case.

Observing that before-watch case results in false detection and after-watch results are high,

we can say that our method is affected by how the activities are performed. As mentioned

in Section 6.2.1, height of the subject is observed to affect successful recognition rate

according to our observations. Same effect is observed for furningKey tests in TP,

category as training subject is taller than subject 2. Because turningKey action was poorly

recognized in TP, tests, subject 2 is made to perform furningKey action on a higher chair,

hence successful recognition rate for this action is observed to increase as can be seen in

the field marked as A in Table 6.4.
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6.2.2.1. Discussion

It is expected that T;P; accuracy becomes lower compared to TiP; accuracy since different
people  are  monitored. @ Hence, TP, results are  consistent except
drinking_toothBrushing_pouring and drinking_toothBrushing_turningKey which are
observed to be the same and a little higher compared to their T,P; counterparts
respectively. However, the difference mentioned is not extreme, hence a contradiction is
not introduced. In the case of TP tests, the action toothBrushing_drinking is expected to
be detected with an accuracy around the obtained value since TP3 tests for toothBrushing
yields a similar value as can be seen in Table 6.3. Comparing the CA results and values
illustrated in Table 6.3 related to T P, it can be observed that CA values do not exceed the
SA values for simple actions contained in the composite actions yielding the corresponding

CA values which agrees with our expectations.

6.3. REAL TIME OVERHEAD

Real time overhead introduced by RT-CAM is illustrated in Figure 6.1 for simple actions
and in Figure 6.2 for composite actions, bars showing the average real time overhead and
lines indicating the confidence intervals with 95% confidence level. Indicating time taken
for knowledge discovery, real time overhead values illustrated in these plots belong to the
tests whose accuracy results are shown in Sections 6.1 and 6.2 where duration of each
segment is 2.7 s. Figure 6.2 evaluates real time overhead seperately for each type of

segment where a segment type is either a simple action or a transition.
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Figure 6.1. Real time overhead for simple actions
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Si and Ti designate ith simple action and ith transition in the composite action respectively.
The real time overhead is almost the same across simple actions and segment types as

given in Figure 6.1 and Figure 6.2 respectively.
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Figure 6.2. Real time overhead for composite actions

6.4. COMPARISON OF RT-CAM

Finding a study which is evaluated on top of a setting which is equal to ours in terms of
sensor count, sensor locations, etc., is difficult and to present a comparison, we have to
choose a work which we find closest to our study. Hence, we compare RT-CAM with the
work by Aiello et. al. [62] as shown in Table 6.5. Their work employs a pair of 3D
accelerometers, one of them positioned on the waist and the other one located on the thigh
whereas RT-CAM utilizes only a single 3D accelerometer on the right wrist. To create a
better basis of comparison, we tested RT-CAM with the actions shown in Table 6.5 which
are also tested in the work by Aiello et. al. [62]. The results regarding their work belong to

their experiments where transition duration is less than or equal to one second.
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Table 6.5. Comparison of RT-CAM with the work by Aiello et. al. [62]

Action name Accuracy (%)
RT-CAM/single Aiello et. al. SA, SA,
sensor [62]/two sensors

lyingDown_sitting 100 70 100 100
sitting_lyingDown 50 0 100 50
sitting_standingStill 40 90 100 40
standingStill_sitting 30 0 30 90

walking_standingStill 0 0 60 0
standingStill_walking 50 100 50 90

The results belonging to RT-CAM are obtained with duration of each chunk being set to
one second. We acquired 15 training samples and 10 test samples for each action. SA; and
SA; columns denote the SA accuracy of simple action 1 and 2 respectively for RT-CAM.
Namely, if the composite action is lyingDown_sitting, SA; and SA, correspond to
lyingDown and sitting respectively. The comparison between RT-CAM and the work by
Aiello et. al. [62] yields that in actions which are easier to distinguish with waist or thigh
sensors, their method performs better as expected. The only case which contradicts with
our expectations is standing_sitting action. RT-CAM performs better in standing_sitting
action which is the point contradicting with our expectations but this is still a valid case.
Because though RT-CAM performs better in standing_sitting action, it generates a similar

result to what it produces for the reverse version which is sitting_standing as expected.

6.5. SUMMARY

For evaluating RT-CAM, we selected an action set, which is suitable for being captured via
wrist motions. We showed that the selected activities can be distinguished in real time
though they are similar to each other. The successful detection rate is influenced by the
way activities are performed and the physical profile of the subjects such as height. The
proposed method achieves activity recognition in reasonable amount of time, yielding a

light-weight activity recognizer.
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7. CONCLUSION AND FUTURE WORK

We proposed a method, which we call RT-CAM, addressing real time continuous
monitoring of activities which are combinations of a set of hand oriented actions. We
modelled the action set as the simple and composite actions and formalized the transition
detection problem as identifying the sequence of simple actions within a composite action
which they constitute. We carried out data collection using a 3D accelerometer to present a
non-invasive solution. RT-CAM carries out transition detection without being trained with
patterns of transitions. Also, RT-CAM does not require large number of subjects who
should provide training data. We showed that the selected activities can be distinguished in
real time though they are similar to each other. All these features of RT-CAM make it an

applicable solution in real time continuous activity monitoring.

As the future work, we will be addressing the following points: In the literature, various
ways of windowing is studied [63] for partitioning the continuous sensor input, in other
words, for determining the start and end point for simple actions within a data stream
containing composite actions. Contrary to these studies, we are after a method to abandon
the importance of windowing by means of establishing a robust way of simple activity
detection. By doing that, it is expected to achieve correct identification of segments no
matter how improperly the window size is selected. To evaluate our system in this aspect,
we will test our system with the subject performing actions in his natural pace and not

trying to fit in a timely restriction.

Another case which we will study as the future work is training AMS without human
supervision since after deployment, people’s needs may change or extending their
functionality may be desired. AMS should be able to extract knowledge even when
training data include unnecessary, perhaps misleading information since it is expected to
train itself within the home environment of the end user without the support of a

supervising person. Therefore, we will improve RT-CAM targeting this requirement.

Chunk duration is the same for training and prediction data. Hence, it can be questioned

whether it is possible to handle the case of people performing the actions at a different
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speed compared to the training data. To modify our model for handling this case, we can
avoid explicit segmentation by doing the following: A threshold interval can be generated
for each action in the training set, applying our algorithm on the training samples. Then,
the real time activity data are partitioned into much smaller chunks, being a couple of
vectors long only. Then, each segment is exposed to our algorithm to see whether it
corresponds to the threshold interval. As the real time activity data are recived, they are
appended to previously processed chunks and the newly obtained chunk is again exposed
to our algorithm for being evaluated in terms of threshold compliance. Segment checking
lasts until the segment is detected to be in the threshold interval for a simple action which
determines its type. Naming the identified chunk as chunk i, the second step is to identify
chunk i+/ which could be either a transition or continuation of chunk i. If it is the
continuation of the previous chunk, it should be remaining within the specified threshold
interval. If it is a transition, since transitions are not stored in the training set, difference
between the value our algorithm generates for it as the threshold and threashold values for
the simple actions in the training set should become larger and larger as real time activity
data are continuously received. When the difference stops becoming larger and starts
decreasing, then transition is over and chunk i+2 is identified in a similar way to that of
chunk . It is obvious that successful operation of this alternative is possible with obtaining
unique threshold intervals for simple actions and thresholds responding to situations

described as expected which requires further research and development.

Our model infers the existence and type of a transition based on the simple actions which
are predecessor and successor of the transitions. Considering chunks i, i+/ and i+2, where
i is equal to 1, if chunk i and chunk i+2 are detected to be different, then chunk i+/ is
identified to be a transition. It may be questioned that if the person performs the same
action twice, making the explicit classification of chunk i+/ essential. However, since our
aim is identifying transitions, we do not need to know the type of chunk i+/ as long as its
type is identical to that of chunk i. Whether chunk i+2 is a transition or simple action
should also be determined but this issue will be handled with the enhancements, mentioned

in the previous paragraph, are carried out.
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APPENDIX A: NUMERICAL EXAMPLE FOR RT-CAMgp

A={a;, ap, a3, a4, as} where a;, a, a3, a4 and as correspond to drinking, eating, pouring,
toothBrushing and turningKey respectively. Let’s assume that Ta={M,**}Va € 4 and

—-46 3 8
—-46 3 8

operations on other simple actions are handled in a similar way.) To generate the pattern

Mlm :[ ] for a=a;. (We are demonstrating the operations only on a; since

for a;, we start from the fraining algorithm: Pall’“5 «featureExtraction M;*la=a,)

—-46 3 8

_46 3 8] and m=2 and

Then execution swiches to featureExtraction module: C2X3:[

1 1 1
1 1 1

d(4,:)=K((1 1 1)). Taking e=2.72 and using the K function: d;s=

n=3, R2X3=[ ] d(1,)=K((-46 3 8)), d(2.)=K((-46 3 8)), d(3.)=K((1 1 1)),

- +o— 4
1+2.72746 1+42.723

1
1+42.728

—46.000 3.000 8.000 1.047
ixs_|—46.000 3.000 8.000 1.047 ~ ~
D™=l 1000 1.000 1000 0.806|Where2m=4andn+l=4.

1.000 1.000 1.000 0.806

=1.047, diu V2 < i< 4are calculated as dis, yielding

Execution switching to coreTraining algorithm with the input being D"

2191.804 2191.804 —32.698 —32.698
A 2191.804 2191.804 —32.698 —32.698

—32.698 —32.698 4.892 4.892

—32.698 —32.698 4.892 4.892

4449.004 -75.180 -75.180), w’=(-409459.000 26543.660 71033.700 9195.024 11462.050)

,bY=(11 -1 -1), x*=F**=(4449.004

which is the pattern for a,. After w’ is computed, Pall"5 is set to w’.

The prediction algorithm is demonstrated as the following: Since featureExtraction
procedure is numerically explained above, how f™*' is generated from C™" can be skipped.
We assume to have 1 training sample for each simple action as previously mentioned,

therefore u becomes one in g(a;) calculation, yielding:
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ga)=error(p,, (1,: ), h=error((-409459.000 26543.660 71033.700 9195.024

+1
11462.050),f™)
14400459 N A+ _26543.66|  |fBt1-71033.7 N 1 _9195.024 N 2+ _11462.05
~409459 26543.66 71033.7 9195.024 11462.05
5

Similarly, g(a»), g(as), g(as) and g(as) are calculated, finally the simple action yielding the

minimum of these values becomes the detected action.
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APPENDIX B: DETECTED ACTIVITIES IN T,P, TESTS

Table B.1 to Table B.20 illustrate detected activities in T;P; tests. For a more concise
presentation, toothBrushing and turningKey actions are abbreviated as tB and tK
respectively within the tables. testld showing the number of the test, action names given in
the column names indicate the actual type of action whereas action names within the table
entries show detected activity result corresponding to the actual activity whose type is
specified by the related column name. Therefore, when a table entry matches the related
column name, it means a successful detection. The composite action tests incorporate
several columns named as chunk_2, chunk_4 and chunk_6, which represents first, second
and third transitions respectively. Since transition type is inferred considering the simple

actions right before and after the transition, the types detected for them are ignored.

Table B.1. Drinking

testld | drinking
1 drinking
2 drinking
3 drinking
4 drinking
5 drinking
6 drinking
7 drinking
8 drinking
9 drinking
10 drinking




Table B.2. Drinking_pouring

testld | drinking | chunk_2 | pouring
1 drinking | pouring | pouring
2 drinking | pouring | pouring
3 drinking | pouring | pouring
4 drinking | pouring tB
5 drinking | pouring tB
6 drinking | pouring | pouring
7 drinking | pouring | pouring
8 drinking | pouring tB
9 drinking | pouring | pouring
10 drinking | pouring tB

Table B.3. Drinking_toothBrushing

testld | drinking | chunk 2 | tB
1 drinking | drinking | tB
2 drinking | drinking | tB
3 drinking | drinking | tB
4 drinking | drinking | tB
5 drinking | drinking | tB
6 drinking | drinking | tB
7 drinking | drinking | tB
8 drinking | drinking | tB
9 drinking | drinking | tB
10 drinking | drinking | tB
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Table B.4. Drinking_toothBrushing_pouring

testld | drinking | chunk_2 | tB | chunk_4 | pouring
1 drinking | drinking | tB | drinking | pouring
2 drinking | drinking | tB | pouring | pouring
3 drinking | drinking | tB | pouring tB
4 drinking | drinking | tB | pouring | pouring
5 drinking | drinking | tB | pouring | pouring
6 drinking | drinking | tB | pouring | pouring
7 drinking | drinking | tB | pouring | pouring
8 drinking | drinking | tB | pouring | pouring
9 drinking | drinking | tB | pouring tB
10 drinking | drinking | tB | drinking | pouring

Table B.5. Drinking_toothBrushing_pouring_turningKey

testld | drinking | chunk 2 | tB | chunk_4 | pouring | chunk 6 | tK
1 drinking | drinking | tB | pouring tB tK tK
2 drinking | drinking | tB | drinking tB tK tK
3 drinking | drinking | tB | pouring | pouring tK tK
4 drinking | drinking | tB | pouring tB tK tK
5 drinking | drinking | tB | pouring tB tK tK
6 drinking | drinking | tB | drinking | pouring tK tK
7 drinking | drinking | tB | pouring B tK tK
8 drinking | drinking | tB | pouring | pouring tK tB
9 drinking | drinking | tB | pouring B tK tK
10 drinking | drinking | tB | pouring tB tK tK
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Table B.6. Drinking_toothBrushing_turningKey

testld | drinking | chunk_2 | tB | chunk_4 tK
1 drinking | drinking | tB tK tK
2 drinking | drinking | tB tK tK
3 drinking | drinking | tB tK tK
4 drinking | drinking | tB tK tK
5 drinking | drinking | tB | pouring | pouring
6 drinking | drinking | tB tK tB
7 drinking | drinking | tB tK tK
8 drinking | drinking | tB tK tK
9 drinking | drinking | tB | pouring tK
10 drinking | drinking | tB tK tB

Table B.7. Drinking_toothBrushing_turningKey_pouring

testld | drinking | chunk 2 | tB | chunk_4 | tK | chunk_6 | pouring
1 drinking | drinking | tB tK tB | pouring | pouring
2 drinking | drinking | tB tK tK | pouring tB
3 drinking | drinking | tB tK tK | pouring | pouring
4 drinking | drinking | tB tK tK | pouring tB
5 drinking | drinking | tB tK tK | pouring tB
6 drinking | drinking | (B tK tB | pouring | pouring
7 drinking | drinking | tB tK tB | pouring | pouring
8 drinking | drinking | tB | pouring | tK | pouring tB
9 drinking | drinking | (B tK tK | pouring | pouring
10 drinking | drinking | tB tK tK | pouring tB
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Table B.8. Drinking_turningKey

testld | drinking | chunk_2 tK
1 drinking | pouring | pouring
2 drinking | pouring tK
3 drinking | pouring tK
4 drinking | pouring tK
5 drinking | pouring | pouring
6 drinking | pouring | pouring
7 drinking | pouring tK
8 drinking | pouring | pouring
9 drinking | pouring tK
10 drinking | pouring tK

Table B.9. Pouring

testld | pouring
1 pouring
2 pouring
3 tB
4 tB
5 tB
6 tB
7 pouring
8 tB
9 tB
10 tB
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Table B.10. Pouring_turningKey

testld | pouring | chunk_2 | tK
1 pouring | pouring | tK
2 pouring | pouring | tK
3 pouring | pouring | tK
4 tB pouring | tK
5 tB pouring | tK
6 pouring | pouring | tK
7 pouring | pouring | tK
8 pouring | pouring | tK
9 pouring | pouring | tK
10 pouring | pouring | tK

Table B.11. ToothBrushing_drinking

testld | tB | chunk_2 | drinking
1 tB tK drinking
2 tB tK drinking
3 B tK drinking
4 tB tK drinking
5 tB tK drinking
6 B tK drinking
7 tB tK drinking
8 tB tK drinking
9 B tK drinking
10 | B tK drinking




Table B.13. ToothBrushing_drinking_pouring_turningKey

Table B.12. ToothBrushing_drinking_pouring

testld | tB | chunk_2 | drinking | chunk_4 | pouring
1 tB tK drinking | pouring | pouring
2 tB tK drinking | pouring tB
3 tB tK drinking | pouring tB
4 tB tK drinking | pouring tB
5 tB tK drinking | pouring tB
6 tB tK drinking | pouring tB
7 tB tK drinking | pouring | pouring
8 tB tK drinking | pouring tB
9 tB tK drinking | pouring | pouring
10 | B tK drinking | pouring tB

testld | tB | chunk_2 | drinking | chunk_4 | pouring | chunk 6 | tK
1 tB tK drinking | pouring | pouring tK tB
2 tB tK drinking | pouring | pouring tK tK
3 B tK drinking | pouring | pouring tK tK
4 tB tK drinking | pouring | pouring tK tK
5 tB tK drinking | pouring | pouring tK tB
6 B tK drinking | pouring B tK tK
7 tB tK drinking | pouring | pouring tK tK
8 tB tK drinking | pouring | pouring tK tK
9 B tK drinking | pouring | pouring tK tK
10 | B tK drinking | pouring | pouring tK tK
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Table B.14. ToothBrushing_drinking_turningKey

testld | tB | chunk_2 | drinking | chunk_4 | tK
1 tB tK drinking | pouring | tB
2 tB tK drinking | pouring | tK
3 B tK drinking | pouring | tB
4 tB tK drinking | pouring | tK
5 tB tK drinking | pouring | tB
6 tB tK drinking tK tK
7 tB tK drinking | pouring | tK
8 tB tK drinking tK tK
9 tB tK drinking | pouring | tK
10 |tB tK drinking tK tK

Table B.15. ToothBrushing_drinking_turningKey_pouring

testld | tB | chunk_2 | drinking | chunk_4 tK chunk 6 | pouring
1 tB tK drinking | pouring | pouring | pouring | pouring
2 tB tK drinking | pouring tK pouring | pouring
3 B tK drinking | pouring tK pouring B
4 tB tK drinking | pouring tK pouring | pouring
5 tB tK drinking | pouring | pouring | pouring | pouring
6 B tK drinking | pouring | pouring | pouring | pouring
7 tB tK drinking | pouring tK pouring | pouring
8 tB tK drinking | pouring | pouring | pouring | pouring
9 B tK drinking | pouring B pouring | pouring
10 | B tK drinking | pouring | pouring tK pouring
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Table B.16. ToothBrushing

testld | tB
1 tB
2 tB
3 tB
4 tB
5 tB
6 tB
7 tB
8 tB
9 tB
10 |tB

Table B.17. ToothBrushing_pouring

testld | tB | chunk_2 | pouring
1 tB | pouring | pouring
2 tB | pouring | pouring
3 tB | pouring | pouring
4 tB | drinking | pouring
5 tB | pouring | pouring
6 tB | pouring | pouring
7 tB | pouring | pouring
8 tB | pouring | pouring
9 tB | pouring | pouring
10 | tB | pouring | pouring




Table B.18. ToothBrushing_turningKey

testld | tB | chunk_2 tK
1 tB tK tK
2 tB tK tK
3 tB tK tK
4 tB tK tK
5 tB tK tK
6 tB tK tK
7 tB | pouring | pouring
8 tB tK tK
9 tB tK tK
10 | B tK tK

Table B.19. TurningKey

testld | tK
1 tB
2 tB
3 tK
4 tB
5 tK
6 tB
7 tB
8 tK
9 tB
10 | B




Table B.20. TurningKey_pouring

testld | tK | chunk_2 | pouring
1 tK | pouring | pouring
2 tK | pouring tB
3 tK | pouring tB
4 tK | pouring | pouring
5 tK | pouring tB
6 tK | pouring tB
7 tK | pouring tB
8 tK | pouring | pouring
9 tK | pouring | pouring
10 | tK | pouring tB
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APPENDIX C: REAL TIME OVERHEAD IN T,P; TESTS

Table C.1 to Table C.20 show the real time overhead introduced by RT-CAM in T P tests.
testld showing the number of the test, action name given in the column name indicates the
actual type of the action whereas each table entry shows the real time overhead for

determining the detected action specified by the related column and test number.

Table C.1. Drinking

testld | drinking
1 0,05310
2 0,05487
3 0,05584
4 0,05663
5 0,05745
6 0,05856
7 0,05664
8 0,05607
9 0,05586
10 0,05762




Table C.2. Drinking_pouring

testld | drinking | chunk_2 | pouring
1 0,05495 | 0,08276 | 0,08013
2 0,05510 | 0,08431 | 0,08223
3 0,05490 | 0,08153 | 0,07642
4 0,05458 | 0,08232 | 0,07628
5 0,05579 | 0,08498 | 0,08002
6 0,05403 | 0,08135 | 0,07863
7 0,05771 | 0,08631 | 0,08093
8 0,05758 | 0,08551 | 0,08174
9 0,05739 | 0,08064 | 0,08332
10 0,05401 | 0,08295 | 0,08035

Table C.3. Drinking_toothBrushing

testld | drinking | chunk_2 tB
1 0,05393 | 0,08205 | 0,07946
2 0,05300 | 0,08142 | 0,07672
3 0,05290 | 0,08311 | 0,08107
4 0,05786 | 0,08222 | 0,08214
5 0,05279 | 0,08228 | 0,08348
6 0,05521 | 0,08515 | 0,08344
7 0,05401 | 0,08115 | 0,07838
8 0,05738 | 0,08243 | 0,08404
9 0,05423 | 0,08104 | 0,07997
10 0,05894 | 0,08473 | 0,07917
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Table C.4. Drinking_toothBrushing_pouring

testld | drinking | chunk_2 tB chunk_4 | pouring
1 0,05151 | 0,08281 | 0,07960 | 0,10584 | 0,07840
2 0,05548 | 0,08357 | 0,07975 | 0,07875 | 0,07884
3 0,05613 | 0,08344 | 0,08201 | 0,08195 | 0,08206
4 0,05679 | 0,08459 | 0,08590 | 0,08288 | 0,08225
5 0,05309 | 0,08172 | 0,08010 | 0,07966 | 0,07953
6 0,05639 | 0,08095 | 0,07963 | 0,08194 | 0,07941
7 0,05808 | 0,08403 | 0,08186 | 0,08391 | 0,08198
8 0,05235 | 0,07781 | 0,08012 | 0,07900 | 0,07906
9 0,05499 | 0,08479 | 0,08104 | 0,08288 | 0,08220
10 0,05620 | 0,08463 | 0,07963 | 0,08278 | 0,08074

Table C.5. Drinking_toothBrushing_pouring_turningKey

testld | drinking | chunk_2 tB chunk 4 | pouring | chunk_6 tK
1 0,08476 | 0,08151 | 0,08152 | 0,08203 | 0,08042 | 0,08402 | 0,08111
2 0,05732 | 0,08506 | 0,08175 | 0,10901 | 0,08212 | 0,07850 | 0,07914
3 0,05409 | 0,08179 | 0,08184 | 0,11050 | 0,08137 | 0,08075 | 0,08610
4 0,05567 | 0,08430 | 0,08142 | 0,10747 | 0,08041 | 0,07610 | 0,07817
5 0,05542 | 0,08291 | 0,07816 | 0,10885 | 0,07802 | 0,07868 | 0,08230
6 0,05659 | 0,08530 | 0,08269 | 0,10722 | 0,08148 | 0,08230 | 0,08308
7 0,05802 | 0,08514 | 0,08239 | 0,10645 | 0,08443 | 0,07841 | 0,08017
8 0,05350 | 0,08094 | 0,10976 | 0,08249 | 0,08181 | 0,08216 | 0,08100
9 0,05806 | 0,08438 | 0,08217 | 0,10875 | 0,07910 | 0,07996 | 0,08087
10 0,05686 | 0,08078 | 0,08355 | 0,11045 | 0,08089 | 0,08282 | 0,08286
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Table C.6. Drinking_toothBrushing_turningKey

testld | drinking | chunk_2 tB chunk_4 tK
1 0,05523 | 0,08515 | 0,07961 | 0,08106 | 0,07961
2 0,05043 | 0,08063 | 0,08072 | 0,07929 | 0,07645
3 0,05049 | 0,08246 | 0,07848 | 0,08210 | 0,08185
4 0,05631 | 0,08118 | 0,08216 | 0,08167 | 0,07942
5 0,05877 | 0,08696 | 0,08210 | 0,08500 | 0,07981
6 0,05774 | 0,08467 | 0,08279 | 0,08303 | 0,07996
7 0,05451 | 0,08215 | 0,08206 | 0,08421 | 0,08327
8 0,05391 | 0,08175 | 0,07836 | 0,07865 | 0,07773
9 0,05877 | 0,08458 | 0,07796 | 0,07928 | 0,08027
10 0,05415 | 0,08367 | 0,08108 | 0,08214 | 0,08311

Table C.7. Drinking_toothBrushing_turningKey_pouring

testld | drinking | chunk_2 tB chunk 4 tK chunk_6 | pouring
1 0,05700 | 0,08145 | 0,08343 | 0,08504 | 0,10927 | 0,08019 | 0,07894
2 0,05566 | 0,08392 | 0,10766 | 0,08202 | 0,08175 | 0,08032 | 0,07841
3 0,05536 | 0,07937 | 0,08223 | 0,10931 | 0,08301 | 0,08144 | 0,07932
4 0,05151 | 0,08026 | 0,07829 | 0,10960 | 0,07886 | 0,08113 | 0,07880
5 0,05448 | 0,08170 | 0,08071 | 0,10775 | 0,08341 | 0,07793 | 0,07488
6 0,05500 | 0,08179 | 0,07838 | 0,10996 | 0,07854 | 0,07897 | 0,07643
7 0,05568 | 0,08093 | 0,10584 | 0,08496 | 0,07882 | 0,07820 | 0,07484
8 0,05303 | 0,08344 | 0,07937 | 0,10808 | 0,08127 | 0,07940 | 0,07863
9 0,05741 | 0,08255 | 0,08216 | 0,10852 | 0,08329 | 0,08285 | 0,07998
10 0,05460 | 0,08224 | 0,08152 | 0,10957 | 0,08141 | 0,08228 | 0,08202
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Table C.8. Drinking_turningKey

testld | drinking | chunk_2 tK
1 0,05546 | 0,08482 | 0,08308
2 0,05681 | 0,08567 | 0,08112
3 0,05753 | 0,08825 | 0,08320
4 0,05299 | 0,08187 | 0,08123
5 0,05641 | 0,08656 | 0,08230
6 0,05794 | 0,08388 | 0,08037
7 0,05505 | 0,08302 | 0,08010
8 0,05591 | 0,08725 | 0,08453
9 0,05260 | 0,08141 | 0,08049
10 0,05298 | 0,08341 | 0,07939

Table C.9. Pouring

testld | pouring
1 0,05385
2 0,05538
3 0,05566
4 0,05556
5 0,05739
6 0,05330
7 0,05658
8 0,05270
9 0,05018
10 | 0,05621
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Table C.10. Pouring_turningKey

testld | pouring | chunk_2 tK
1 0,05238 | 0,08585 | 0,08337
2 0,05551 | 0,08571 | 0,08239
3 0,04949 | 0,08220 | 0,07938
4 0,05145 | 0,08373 | 0,08068
5 0,04927 | 0,07967 | 0,08034
6 0,05808 | 0,08109 | 0,08271
7 0,05671 | 0,08482 | 0,08227
8 0,05746 | 0,08384 | 0,08340
9 0,05503 | 0,08167 | 0,08015
10 | 0,05416 | 0,08543 | 0,08202

Table C.11. ToothBrushing_drinking

testld tB chunk 2 | drinking
1 0,05451 | 0,08775 | 0,07813
2 0,05468 | 0,08207 | 0,07666
3 0,05583 | 0,08578 | 0,08014
4 0,05371 | 0,08152 | 0,07597
5 0,05095 | 0,08290 | 0,07879
6 0,05528 | 0,08506 | 0,07868
7 0,05489 | 0,08653 | 0,08182
8 0,05445 | 0,08501 | 0,08109
9 0,05506 | 0,08318 | 0,08151
10 | 0,05591 | 0,08651 | 0,08010
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Table C.12. ToothBrushing_drinking_pouring

testld tB chunk_2 | drinking | chunk_4 | pouring
1 0,05408 | 0,08226 | 0,08092 | 0,07967 | 0,07964
2 0,05543 | 0,08290 | 0,08241 | 0,08054 | 0,08241
3 0,05242 | 0,08239 | 0,07679 | 0,08223 | 0,07656
4 0,05686 | 0,08072 | 0,08079 | 0,08118 | 0,07814
5 0,05450 | 0,08271 | 0,07893 | 0,08330 | 0,07805
6 0,05802 | 0,08501 | 0,08023 | 0,08127 | 0,08008
7 0,05521 | 0,08317 | 0,07923 | 0,08046 | 0,07914
8 0,05250 | 0,08187 | 0,07812 | 0,08135 | 0,07957
9 0,05427 | 0,08097 | 0,07890 | 0,08030 | 0,07766
10 | 0,05476 | 0,08299 | 0,08191 | 0,08219 | 0,08395

Table C.13. ToothBrushing_drinking_pouring_turningKey

testld tB chunk 2 | drinking | chunk_4 | pouring | chunk_6 tK
1 0,05666 | 0,08396 | 0,08063 | 0,08179 | 0,08156 | 0,11058 | 0,08019
2 0,05797 | 0,08378 | 0,10757 | 0,07929 | 0,08040 | 0,08154 | 0,07938
3 0,05615 | 0,08088 | 0,08267 | 0,11057 | 0,08034 | 0,08266 | 0,08123
4 0,05822 | 0,08302 | 0,10817 | 0,07972 | 0,07902 | 0,08241 | 0,08377
5 0,05500 | 0,08407 | 0,08155 | 0,10845 | 0,07933 | 0,08146 | 0,07870
6 0,05379 | 0,08324 | 0,10911 | 0,08086 | 0,08040 | 0,08292 | 0,08023
7 0,05571 | 0,08027 | 0,08086 | 0,10630 | 0,07965 | 0,07727 | 0,07659
8 0,05575 | 0,08319 | 0,07592 | 0,10894 | 0,07822 | 0,07937 | 0,07663
9 0,05619 | 0,08306 | 0,10601 | 0,07929 | 0,07734 | 0,07834 | 0,07945
10 | 0,05637 | 0,08134 | 0,10860 | 0,08443 | 0,08036 | 0,07613 | 0,07927
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Table C.14. ToothBrushing_drinking_turningKey

testld tB chunk_2 | drinking | chunk_4 tK

1 0,04964 | 0,08735 | 0,07904 | 0,08296 | 0,08425
2 0,05607 | 0,08294 | 0,08025 | 0,08123 | 0,08301
3 0,05596 | 0,08653 | 0,08242 | 0,08370 | 0,08321
4 0,05627 | 0,08100 | 0,07964 | 0,08516 | 0,07926
5 0,05715 | 0,08219 | 0,08191 | 0,08207 | 0,08313
6 0,05254 | 0,08399 | 0,08291 | 0,08512 | 0,08233
7 0,05779 | 0,08558 | 0,08094 | 0,08202 | 0,08613
8 0,05074 | 0,08557 | 0,08180 | 0,08309 | 0,08289
9 0,05640 | 0,08415 | 0,08192 | 0,08230 | 0,08384
10 | 0,05922 | 0,08592 | 0,08119 | 0,08133 | 0,08571

Table C.15. ToothBrushing_drinking_turningKey_pouring

testld tB chunk 2 | drinking | chunk 4 tK chunk_6 | pouring
1 0,05446 | 0,08193 | 0,07809 | 0,07980 | 0,10863 | 0,07668 | 0,07677
2 0,05493 | 0,08436 | 0,08093 | 0,10605 | 0,08249 | 0,07809 | 0,07911
3 0,05696 | 0,08267 | 0,07993 | 0,10894 | 0,08274 | 0,08004 | 0,08215
4 0,05429 | 0,08355 | 0,08075 | 0,10682 | 0,08233 | 0,07831 | 0,07584
5 0,05362 | 0,08262 | 0,07930 | 0,11352 | 0,08033 | 0,08050 | 0,07632
6 0,05531 | 0,08278 | 0,10563 | 0,08062 | 0,08009 | 0,07898 | 0,07801
7 0,05546 | 0,08236 | 0,10458 | 0,08082 | 0,08018 | 0,08051 | 0,07872
8 0,05304 | 0,08516 | 0,07909 | 0,10774 | 0,07822 | 0,07875 | 0,07559
9 0,05259 | 0,08093 | 0,07953 | 0,11246 | 0,07877 | 0,08255 | 0,08089
10 | 0,05447 | 0,08250 | 0,08047 | 0,10808 | 0,07884 | 0,07808 | 0,07558
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Table C.16. ToothBrushing

testld tB

1 0,05685
2 0,05345
3 0,05206
4 0,05832
5 0,05573
6 0,05247
7 0,05306
8 0,05427
9 0,05720
10 | 0,05832

Table C.17. ToothBrushing_pouring

testld tB chunk_2 | pouring
1 0,05312 | 0,08484 | 0,07802
2 0,05541 | 0,08239 | 0,07863
3 0,05395 | 0,08162 | 0,07612
4 0,05720 | 0,08577 | 0,08271
5 0,05769 | 0,08317 | 0,08172
6 0,05644 | 0,08157 | 0,07880
7 0,05564 | 0,08392 | 0,08230
8 0,05752 | 0,08257 | 0,08233
9 0,05552 | 0,08377 | 0,08087
10 | 0,05803 | 0,08405 | 0,08076
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Table C.18. ToothBrushing_turningKey

testld tB chunk_2 tK

1 0,05868 | 0,08413 | 0,08257
2 0,05185 | 0,08465 | 0,08252
3 0,05474 | 0,08288 | 0,08297
4 0,05864 | 0,08558 | 0,08151
5 0,05478 | 0,08561 | 0,07925
6 0,05464 | 0,07851 | 0,07984
7 0,05666 | 0,08466 | 0,08370
8 0,05526 | 0,08243 | 0,08061
9 0,05023 | 0,08564 | 0,07989
10 | 0,05481 | 0,08077 | 0,07917

Table C.19. TurningKey

testld tK
1 0,05601
2 0,05339
3 0,05611
4 0,05443
5 0,05871
6 0,05565
7 0,05694
8 0,05820
9 0,05491
10 | 0,05627




Table C.20. TurningKey_pouring

testld tK chunk_2 | pouring
1 0,05159 | 0,08237 | 0,07853
2 0,05341 | 0,08304 | 0,08042
3 0,05963 | 0,08051 | 0,08283
4 0,05629 | 0,08236 | 0,08208
5 0,05870 | 0,08420 | 0,08216
6 0,05567 | 0,08095 | 0,07584
7 0,05605 | 0,08301 | 0,08370
8 0,05646 | 0,07856 | 0,07964
9 0,05576 | 0,08651 | 0,08142
10 | 0,05791 | 0,08081 | 0,07829
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