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Introduction [ g) I 3

Background

1. In realworld HumanActivity Recognition (HARpplications, 3. Preprocessing7] observed data

missing value$b] results in loss oflata integrity [6], usingsemanticg19] information 5 B e =
misleading conclusionf20], with appropriateinference[24] eTelelololole] To] Tel-|s
andunfair performance[22]. adjustment ‘ =
2. Torecovermissing valuesstatisticalrecoverymethods[2] ng] A m
2 |55 |55 |Sa|S5|5|5|5a|5|Sw L
improveprediction accuracy[4] in classification tasks, e Goelolelelelelolelelel o
_ o _ o _ can addresslassificationin time T T
making the modelgess efficientby ignoringinternal semantics seriesprediction problems.
Existing Methods [55]
ﬁ Ignores Semantics
Sensorbased A Deal mplty Classification with
Data, == 2, Missing Values
:. oy By _ ncomplee U0 T Decreased ) tor
Multlmodal N - Preprocessing Data Accuracy A maccurate
Sensory Incomplete — Classification
Data Data How to recover Missing values? Methods

A Human Erro
A Interruptlon
Visionbase A Privacy

Frames A Understand Semantic
A Retains Consistency
A Monitor Patterns

Consistent
————————— Im p roved A Accurate
Accuracy Robust
Recoverea

Proposed Methods
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Motivation, s,

For building a viablpredictive model[6] preprocessingf missing values during dapseparation
IS an important and critical step.

Followingbenefits propel us to perform this work: j=:=
Accurate estimatiorfor statistical analysis [7]. Accurate
Preservation of intewariablesemanticg17-18].

Minimize thebiasbetween the missing and complete data [7].

Samplingof different andirregulartime-series datd15].

Reduction of misleadinigferences[16].

Handlingvariety of Data [7]. Preserved

Semantics

Existing Approaches Proposed Research Research Outcomes

E Numerous Statistical Enrich semantic Improves
methods exists [Methodology properties of data Data Quality
Missing values Bias Ehsures
B2  mostly deleted or ~~

: : Bl i Minimization DataConsistency

X4 correlations ignored .g
* L L 3
77 2 o

?fg;y KYUNG HEE E Reasons [[®) Characteristics Advantages 06/11/2020
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Motivation s,

Sensor Object State
— Data Imputation:
S Close Recovery of Missing
_ Binary Rafrigerator 3';‘,: s values in
Variety of Data Sensors | microwave |—oPe" 4 Structured & Unstructured
Formats in smart © sl;snrlﬁnch:n Movement /| datasetsis important Step
homes environment - =

o m© oor SensFloor (ot
] | T = (40 Modules)
I | E g Capacitance
: : wn Excellent
. A Structured 5 e Cood
1 . | W Proximity Fair
A Discrete . Cata = . [/
I (Numerical) : Object Type* FweweTe F F (1818 18 '° F 1B PDrPOF LB POr ' LB LB F/8 LB F W
I A 1 | 1 F 1 Fa | &
I Continuous | * Food Cupboard (FC), Fridge (F), Laundry Basket (LB), Medicine Box{MB}, Pot Drawgr (PD), Pyjamas O}
| ) k ;

(Numerical) I Acceleration = A {

1 . 1 x-axis, y-axis,
' A Nominal ! Data vais | OO ; . _
1 (Categorical | Time for AD2: 2017-10-31 (11:18:36 to 11:21:54) | 11.18.30[11.18.40] 11.18.50] 11.15.00] 11.15.10[ 11.19.20[ 11.19.30}41.15.40[ 11.19.50] 11.20.00] 11.20.10[ 11.20.20[ 11
I n - > —y
I : Time series analysis for example Prepare breakfastin UCam/ dataset [11]
' A Unstructured -
: : g W . 4 Classification Medel
A P 2R @ BB B B B B B

st A L B B R L 2 -‘

‘B - - : : - 8 - - : 8 - - L &

= N\
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Motivation s,

Data
Imputation
|
Knowledge-based Estimation-based
Modeling Modeling
+ Preserves the Data * Uncertainty * Accurate
and easy to use. Inclusion, learning estimations of
+ Give better ability, able to past, present and
estimates represent complex future states
= Decreases variance relations - Det.relo'pment a.nd
i MCAR = Human Expertise validation require
— requirement time & effort
unnecessary .
correlations ** Examples: ontology %+ Examples: Kalman
% Examples: Mean, rules, decisions filter based methods
Regression etc. with variable etc.

P 4 relationships. \
y ®
‘7 \'
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Introduction

Research Taxonomy, us s «

1
List-wise, pairwise, delete 1
1
1

1
Case Deletion | columns [MCAR)
1

Data . Explicit Modeling : Mean, Mode'::;:::is:'i.lon, stnchastic:
Imputation Single b !

Vd

Vi

X

Imputation I Hot Deck [5], Cold Deck, Naive Bayes)

Substitution, LOCF [5], N/LOCB
] {MCAR) !

Implicit Modeling

Deep Learning /
Auto-encoders

Direct Imputation

]

1 Probabilistic Bayesian Model [5], :

4: Rubin-Schafer method [5], 1
| multivariate imputation by chained !

e ! equations (MICE), (MAR) |
Multiple .

. i i ! KNN, Decision Tree, Clustering, !
ImPUtatlon MaCh'ne Learnlng : Kernel Methods, Hybrid, ensembles,;

Models I neural networks, PCA, Tensor :
L

Ir regression-based, likelihood-based ':
1 (EM) [5], and linear discriminant 1
analysis (LDA)-based Imputation :

X
X
X

___________________

_______ (MARL _______i
|

Figure Imputation Methods in a representative Taxonomy e | Domain o
Models Ontology .

Estimation-based o _: Kalman filter based :
models : prediction & estimation :
[ 1

i Choose

The explicit modeling imputation

[6] methods:

(i) preserves the data,

(i) gives better estimates and are
better suitedfor numeric
datasets.

MAR : Missing at random
MCAR :Missing completelat random
MNAR: Missing notat random

x Knowledgebased imputation models allows [42]:

' (i) Solution for uncertainty,

Different tuple, cardinality, entity !
relationship, Spatial/temporal : (||) easy to implement’
1

relationship

e e————____X (i) cater data semantics,

e

syntax based, structuralbased, ! (1V) represents complex data semantics
Semantic-based, Deductive : (V) I’ObUSt tO nOISy data
1
N

Algorithms

x In visionrbased approach, provides accurate
state estimation [28]

\.

KYUNG HEE
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Introduction 8

ProblemStatement

In the real world environment, building atcurate activity recognition moddll,2] remains a problemdue
to missing data[7], which cause®ss of semanticthereafter resulting imeducedoverallperformance[3]
androbustnesd4,5] of the smart home environment.

How to minimizethe missingvaluesand maximizethe quality of datasetsby keepingsemanticsintact?
[7.8]

Howto provide an empiricalmethodto prove data consistencyandimproveaccuracyfor structuredHAR
data?[16]

Howto prove HARrobustnesdor unstructuredHARdatasetg]

qug% KYUNG HEE 06/11/2020



Related work

Related Works

Categories

Knowledge
based
Modeling

Methodologies

[SDI] Semantic based data
Imputation [42]

Multiple Data
Sources

Semantic Data
Enrichment

Extract New

Data Biasness handling Knowledge

Benefits

Low Computation Cost

Limitations

Cannot deal with Numerical Data, Tirhased
data

[CEL] Ontologies based ADL [9]

Automatic feature generation

Cannot handle tim@ependent missing value

[RADL] Recognizing ADLs using
ontology [8]

Discovers new patterns

Lacks handling of missing data and associajed

rule simplification

[KCAR] Knowledgeased
Concurrent Activities  [43]

Models Sensor events in
ontology

Lack capability to distinguish
activity models

[OSCAR] Ontologgriven
Concurrent Activities [1]

Datadriven & knowledgedriven

Hard to achieve action sequences and miss
data handling

[TSSD] Semantic Sensor Data
Modeling [38]

Provides semantic similarities

ML methods with ontology approach ignore:
most of information with biased results

Estimation
based
Modeling

Semantie
aware Data
Modeling

[RKN] Uncertainty Integration
[33]

Accurate uncertainty estimates

Uses filter process which lacks to handle
estimation & data association

[RSM] Detection Tracking &
Classification [32]

Foreground segmentation & MU
Feature extraction

Single user method lacking support for mulf
user data association

[DMF] Morphological Filtering [27

Semanticaware Data

Imputation

Unstructured &
Structured

Semantic enriched
Data Preparations

Ontology Modeling &
State Modeling

Inferencing
Support

Effective for binary images

Accurate &Robust

Lack method for explicit feature extraction

Prior knowledge of
Data Domain

Limitations of
Existing Work

9 KYUNG HEE

UNT¥ERSITY

A Lack method to keep thimternal semantics

A Lack of support to handieultivariate data
A Lack methods for keeping the datansistent

A Not fully compliance wittmissingnesdor data completeness

o Do Do o

No proven method foexplicit featuresfor objects per frames

Lack techniques to handle per frame objdeta association

Less attention to tracenissed detectiorper frame

Few methods deal with detectiong-identification, tracking and \

classification

06/11/2020
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Related work

Our Approach: Limitation, Objective, and Proposed Solution

Limitations and Challenges Proposed Solution Objectives

Challenge: 1

Multivariate data modelingby
keeping the internalsemantics

Challenge: 2

DataConsistency Completeness

N
Challenge: 3
A 4 )
Objectdata associatiorper frame Multioccupant State Imputation Impute missing statesn
with preserved semantics and usingLow resolution thermal > unstructured data representing
identification of missing objects frames multioccupant per frame
N J AU 4

Implicit knowledge discovery
through inference using
SemIimputOn©Ontologyby
modelling datasets

g ~

Apply semantic structural and
instance properties withMulti -
strategy ImputationMethods

Recognition ¢

HS%
\ﬁp‘% KYUNG HEE

UNIVERSITY

Understandaccuratelysemantics
for multivariate HAR data

Retainconsistencyafter Structural
and missing values imputation
resulting incomplete data

Human Activities over Semantically Imputed HAR dataset

06/11/2020
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Thesis Map
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Input

e —

x Uncertainty
x Lack of

|

|

1

|

|

|

|

|

. . I
multivariate :
semantics :
]

|

|

|

|

|

|

|

|

|

|

x Incompleteness
x Inconsistent
x Accurate

estimation

_______________

¥ KYUNG HEE

UNT¥ERSITY

Structured Data

Solution @

Algorithm 1
SemimputOnt
Modelling

:rProbIem Multivariate :
! Semantics? I
'Output: Transform I
Structured data
into instance i
based Knowledge!
model :

Uses relational data
based statistical
models butiack

inferencemechanism

Solution @

Algorithm 2
Multi -strategy
Imputation Method

' Problem Inconsistency &
Missingness

Output: Completeness
Consistency &
Multivariate
Semantic
preservation

Single / Multiple
Imputation methods
most often involve
implicit correlations
leading tobiasness

Unstructured Data

Solutione

Algorithm 3

—_—

Algorithm 4
Multioccupant
State Imputation

Multioccupant
Feature Vector
C [3]
'Problemt Per Frame Object

Semantics

Qutput: Array of
morphological
features for
multioccupant pe
frame

i
|
|
|
|
|
|
|
|
I

l
|
|

—————————————————————— 1
|

Output: Detects, Tracks, Ré
identify, impute |
object per frame
with data
association

Extract implicishape
basedand motion-
basedfeatureson high
resolutionRGBFrames

[2] RazzagMuhammad Asif, et alSemImput: Bridging Semantic Imputation with Deep Learning for Complex Human Activity RecoghM&PI, Sensorg0.10 (2020): 2771

Existing Methods Existing Methods

CV\tbased classificatiorn

methods ignoreobject

semanticsfor missed
detections

131 RazzaaMuhammad Asif et aliiIMoDT an unobtrusive muloccunant detection and trackina usina robust Kalman filter for-tiez activity recoanition 'Sonrinaer Multimedia Svstems Journzé 5 (2020

Output

& Data Association

Outcomes

x High Accuracy
x Increased
Robustness

-

I
Outcomes

x Loss of efficien

x Poor Accuracy
x Data Analysis
Complications

06/11/2020




Proposed methodology

Proposed Solutions
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[1,8,9,38,43EXisting
methodologies mainly
usesstatisticaldata
imputation methods by
ignoringmultivariate
semanticdeading to
unnecessary
correlations biasness
andinconsistencin the
data after imputation,
which leads to
inaccurateresults.

2 Y

[27,32,33]EXxisting
approaches mainly deal
with RGB images for
HARwithout describing
data associatia per
framebyignoring

Multimodal DataSources

Obtrusive

Unobtrusive

Data Sources

Data Sources

@Proposeda practical

Semantic Imputation Method schemefor keeping
multivariatesemantics

Solutionla . )
Intact amongst time

series HAR data.

Algorithm la: Proposedan
SemlmputOnt Modeling fficientimputation
approachfor Data
consistencyafter
replacing missing
Solution-1b values.

2 Y

Algorithm 1b:
Multi -strategyImputation

Introduced arobust
HAR approach with
multi-occupant state
estimation using real

Solution-2

Algorithm 3: Algorithm 4: time privacy preserved
Multioccupant Multioccupant State techniquewith per

semantlcsiurlng Feature Vector |mputati0n frame Occupantdata
detectionandtracking. association.
o? AL
[1] RazzagMuhammad Asif, et amICAF Multi-level crossdomain semantic contextusioningfor behavior identification" MDPI, Sensor$7.10 (2017): 2433. \ o
[2] RazzagMuhammad Asif, et alSemImput: Bridging Semantic Imputation with Deep Learning for Complex Human Activity RecoghM®PI, Sensor20.10 (2020): 2771 @®
" [3] RazzagMuhammad Asif, et aluMoDT. an unobtrusive multioccupant detection and tracking using robust Kalman filter for reémhe activity recognition" Springer, Multimedia Systems Journ2é.5 (2020.

“\fa 9 KYUNG HEE

UNT¥ERSITY

06/11/2020
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Solutionla: SemimputOnModelling

Workflow for SemimputOnt Modelling

13

Input
StucturedData

HAR Knowledge base

Extract Formal

I Semantics
{k

RDB Schema
ol

Incomplete
HAR Datasets

L Instance

Mapper

4

-
®uclaoL | |
P |
@ semsorType H.Lmaa‘m ] [@re ] i

y

SemimputOnt Modelling

Solution-la

| -
! Terminology-BOX :

|
: | TDB
: Domain Specific |
: Ontology Model o
| |
: ¥ :
1 1 1
1 1 1
L e eeeeo o fmmmm I

Subsumption | 1 Reasoner
|
Tt . i
! AssertionBOX :
1
1 |
! Instance «
I Instantiator :
: .
Le - e |
Semantic Complete

Data

Multi-Strategy Imputation

Solution-1b

Data

Multioccupant State Imputation

¥ e'% KYUNG HEE Razzag, Muhammad Asif, et @lCAEFMulti-level crossdomain semantic contextusioningfor behavior identification” MDPI, Sensor7.10 (2017): 2433

UNT¥ERSITY

Solution-2

T~

» Output
Semantic Data

v

r
[om | [ smataregions |

| o
- —
|. DataSources ]—<J—| ® UCaml g— —
‘ \D\
@ Objects @ Inhabitant

06/11/2020
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Workflow for SemIimputOnt Modelling Highlights of the idea

HAR Knowledge base A ldentifiesthe ClassConceptsRelationshipgObject

Properties & Data properties).

1
: Terminology- BOX N > . o
Inpu('; | | 9y STy : Output A Constructs thesemantic rulesdefining individual
red D . mantic D iviti
Stictured Data | Concept Domain ! TDB Semantic Data complexhuman activities
Extract Formal : Mapper % Ontology Mode| | A Semimput Ontology modehaps timeseriesHAR
Semantics : Rulest = r' datasets bynderstanding semantics
7'} I Concept a I
: Equivalence RoleMapper | »
RDB Schema] | ' 5 x | = Different to existingapproaches
@5 R B S i ] g
@ souns ) (8 toain ] [0 7m0 ] S ) [Rimmm ] . . o
é‘;’;‘;ﬁg:}: : ASFS*;’:EO” 1 Reasoner ... "= | A Datausually stored fiat files or relationaldatabases
Incomplete e Tt - T -F------ : using relational dependencies.
! ssertion-
HAR Dataset ! ! - . . .
e : ! ! : A Statistical models introdudeiasnessn the data by
I I 0 - . -
Instance =! Concept Role :4_ selectingequality neighborsfor data repair.
Mapper I i i !
bp : Instantiator Instantiator | A Statistical Imputation increases unnecessary
I ! correlations which lead tgperformancedegradation
L e e e e e e e e e -

SemimputOnt Modelling Se[r;; ?gt'c Multi-Strategy Imputation Cotr)g F:;ete Multioccupant State Imputation HAR \ o\

Solution-la Solution-1b Solution-2

¥ e@ KYUNG HEE Razzag, Muhammad Asif, et @lCAFE Multi-level crossdomain semantic contextusioningfor behavior identification” MDPI, Sensor&7.10 (2017): 2433. 06 / 1 1 /2020
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Workflow for SemIimputOnt Modelling

HAR Knowledge base ' Analy_seandsamplethe raw sensor timébased to isec and !
e , Store in temporary DB. I
-t TTTToTTTTTTTT T TeTTTTTTT 1 1 1
| Terminology- BOX I 'A Identify core vocabularyto represent the complex concurrent |
' | OWL v ! I sensortemporal patterns. '
: Concept Domain | TDB - -_-_-_-_-_-_-_-E) ------ 9_ ------------------------------------------------------ '
GExtract Formal | Mapper é Ontology Mode| | %‘ Design and:onstructSemlmpu_tOntontoIogyusmg extracted |
Semantics ! RgesT 2 :" | knowledge ag-Boxterminologies. !
4 oncept o ! o : .
i : Equivalerr)me ~ Role Mapper : :A Identifies formalstructural semanticsmappings forcorrelated :
: 7y 7'y ! 1 variablesthrough SemimputOnt HARowledgebase for each |
RDB Schemaf | | , , | I . I
@5 I I I i Lol |
—caerce Tt v s e V| S T T T T T T S T S T T T T o T T T T o T T .
g;’;crﬁg;: ! Asigfion 1 Reasoner Each ofmultivariate variablecomprising an activity idefinedby i
Incomplete 9‘ """ : - ,&s_s_e r_ti:) r_l_B_C;X_ ': """" } , aseparate conjunctiorfor every involvedensors "
HAR Datasets I | I !
I ! ! I :A Ensures eacbf activity structure and instancs linked with :
L Instance . Concept Role o I ranges oftime. !
Mapper | Instantiator Instantiator | iplpiplpluluivloioluluiuivioiulutuioioioluiutpivioiotuiututotolplututotololulut
, , Performsthe consistencychecking for each of thebject and :
:_ | : instance usingreasoner I
___________________________________________________________________ |
: Semantic : . Complete . .
SemimputOnt Modelling Multi-Strategy Imputation P Multioccupant State Imputation HAR \ o\

Data Data
Solutionla Solution-1b Solution-2

L 0% KYUNG HEE Razzag, Muhammad Asif, et @lCAFE Multi-level crossdomain semantic contextusioningfor behavior identification" MDPI, Sensor$7.10 (2017): 2433. 06 / 11 /2020
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Structured Data Unstructured Data

Salutior

nmmm 1
Semimputont
- Model

15 de]'! es “UE lﬂ-ll L I
HAR Knowledge base — L 1 . N\BI 1_ q:l U\J M ! OU }\ Q;\ U }\lc
s : hasBmarySensorObJect.SensorKltchenMoveh
FTTTTTTT T T TSI T T T T T T T T 1 ey ::EEE?M{EE,@EJ o i nt\I M hasBinarySensorStatovementU |
: Terminology- BOX | - L=r : ! | NoMovemen}\l M hasAccelerometefx\l y\ :
: o | OWL WV : i : 2)\I M hasDevicdDevicell Device2\l M I
| Concept Domain . TDB \ hasFloorCapacitand€1y C2U C3U C4\ C !
] @ \I C6\l C7\I C8\l VhasBLESens@Fap\l M
Mapper 2 [Ontology Mode| ! p I
Extract Formal_|]| Rules?o = gy e | hasRSSI.RSSFoodCupboart M hasRSSI.RSS
Semantics I c n s I : U Fridge\l M hasRSSI.RSSWaterBottle\l M :
A 1 once i i
| o p a RoleMapper ! ; hasRSSI.R$SIV hasDaySession.Morning !
I guivalence , e |
RDB Schema | ! b b : ;
@ | X X : Se_mantlc
Concept' : Role  Reasoner Equwalance
Asserﬂon. pAsserton L || _mEs o N
Incomplete r== =TT | T, o 1 i \ © Breaklast
HAR Datasets : ! Assertion- BOX ! : g
! ] ] !
L Instance o Concept Role o
Mapper | Instantiator Instantiator |
|
: .
|
. Semantic .
HAR SemlimputOnt Modelling Data Multi -Strategy Imp
DRIEEE Solution-1a Solution1b

9 KYUNG HEE

UNT¥ERSITY
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Structured Data Unstructured Data

Solution °
Algorithm

<owl:NamedIndividual

=Syt Rttt e e e R R e e IS e | rdf:about="http://www.semanticweb.org/ontologies/2020/8/SemIimputOnt#Breakfastinstance1">
.Concept relations T-BOX | - - @ SensorkitchenMo o <rdf:type rdf:resource="http://www.semanticweb.org/ontologies/2020/8/SemImputOnt#Breakfast"/>
1 . A 1 Eement <SemImputOnt:hasBinarySensorObject
1 Iattlce bUIIdlng hasSensorKitchgn " o rdf:resourct,t"http://www.semanticweb.org/ontologies/ZOZO/B/SemImputOnt#SensorKitchenMovemenle
Movement Sl <SemImputOnt:hasBinarySensorState
) Breakfast | Breakfast rdf:resource="http://www.semanticweb.org/ontologies/2020/8/SemIimputOnt#movement1"/>
------------------- —_—— hasBinaryState—l xsd:str I ‘ URI: hittp: /v, E js/20: <SemImputOnt:hasAccX
—— o e rdf:datatype="http://www.w3.0rg/2001/XMLSchema#float">93.22</SemimputOnt:hasAccX>
Breakfast T p—— | g/‘ Braakfast To Activities and Object soma
IR\ hasAccelerometgr sd-float = Sence ) o o emlmoutonthasA
. NoMavemant)}) and (h Samaler some
---------------- hasAcc?}eromet xsd:float Class Expressio Dot e RS
. DisjointClassas: Breakfast, Brush_teeth, Dinnar, Dressing, Eat_a_snack, .
Concep A BOX Role AXlOmS Entar_the_Smarllab, Go_t_the_bed, Leave_the_Smarlab, Lunch, Main Thread Activity
Assertio - Assertion Play_a_videngame, Prapare_Breakfast, Prepare_Dinner, Prapare_Lunch, Put_was. ain Thre Breakfast
— —
ppghasSensorKitcherf] Sensor Kitcher)y o Thread 2 BinarySensorObjeet----——---- O (®)
Movement 1 Movement T @ sensorKitchenMo
Sensor - 1 vement e Thread 3 BinarySensorState—— .—@.—@ ————————————————— .—@ ——————
Kitchen Movement ~ 9322 10721 X hasB'narystatH Dl || . e ' o
o Movement 1 ?retakfastl_ I 1 Accelerometer - { J c
—— == nstance 1 . : | S
hasAccX 93.22
Sensor ! ashce H |: L,u Broakfast I BLESensors E 2..
Kitchen Movement ~ 93.25  107.24 X 1 P 1 _8 o
Movement 1 hasAccY 107.21 1 ) ." : Tap ('D a
| =
. - T L ek ettt Y= [ = 5
hasSensorKitch¢n| Sensor Kitchery | 1 e
Movement Movement | / : Fridge @
- —— pis
. P & Breakfastinstan Breakfastinstance 1 -
Breakfast_ hasBinaryStat Movement ek ::i:‘“:;mﬂy ““rﬁ'“, ) . | WaterBottle
Instance2 hasAceX 93.25 1 hasBi Objact Sensork 1 Thread n Session
. - 1 i 1 —p Time
Object Properties Datatype | oun mopery assarons:
) hasAccY 107.24 . Brasklastinstancal hasAcoX 93 221 ([ ) Open @ Closed
Axioms expressions 1 hashocy 107211

Inconsistencies Analysis

Highlights of the idea Different to existingapproaches w IOVjalidOpensensor state | £ Sy Qa bab@IY LI2
(%) Z?\MalldCIosedsensor state ' logic orimitives
A Identify mappingsof structural data with ontology knowledge w 3Starttime of Next,sensor state gep
base for each of instance representing Activities. A Most of the statistical methodgitialize inter-variable mappings w 40gensor havingpenstate within the sliding window
A Perform theconsistencychecking for each of the instance in a implicitly which introduces unnecessamfations. w BOgensor havinglosedstate within the slidingvindow
sliding window (3Sec) A No mechanisnof checking dat@onsistencyexists until the @ Olj c-time and tiltlbensensor states \
A Each ofonjunctionrepresents and initializes thread for each process of classification is achieved. @ Qlj T-time Bui lokkdisensor states ®
involved sensor w QI! ytike thiyStl Opensensor states
w Olj diie BiyCRsedsensorstates

KYUNG HEE Razzag, Muhammad Asif, et @lCAE Multi-level crossdomain semantic contextusioningfor behavior identification" MDPI, Sensor$7.10 (2017): 2433. 06 / 11 /2020
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Proposed methodology & Ex; 18

Solutionl1b: Multi-Strategylmputation

Multi -Strategylmputation Method

|
: x :
HAR ! Q :
Knowledge A Sensor Data | + Structural :
base " Retrieval - Imputation :
|
: |
TDB [ :_ _________________________________________________ ] Complete
I_ ___________ \ A N B A - ': Data
i |
< I !
Reasonerjer— | |- Sensor Data Instance :
! Expansion X Imputation :
| 0 :
. < :
g g g 5
SemimputOnt Modelling EmET Multi-Strategy Imputation AR Multioccupant State Imputation HAR \ o\

Data Data
Solution-la Solution-1b Solution-2

¥ e'% KYUNG HEE Razzag, Muhammad Asif, et &eémlImput: Bridging Semantic Imputation with Deep Learning for Complex Human Activity RecoghM@®P|, Sensor20.10 (2020): 2771. 06 / 1 l /2020
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Proposed methodology & Ex; 19

Highlights of the idea

i Sensor Data Retrieval é Structural Imputation | A Identifies the structures_ of the Ia_lbelled data and ensures
HAR ' || SPARQDuery |_| Temporal Data] @ Discrete L Continuous | | structural completenessn targetinstances.
> . : ., ] : :
Kn%v;L(eedge : Engine Retrieval Dita Data i A Based on the nature ahcomplete dataappropriate strategyto

! . - v : accomplishnstance repairis selected.
! Sensor Object Row Vector L =) L =) ]
1 | [_Identification Function —rr 0 L | A Instance Imputatioluses timebasedSPARQtonstructs.

< ! |

b8 pialalielutel fielaltelteielietaeteltutelvied ptaliute ittt A Data remainsonsistentafter multi-strategy imputation.
I I
i i 1 E = o
! "SensorData Expansion g J Instance Imputation | | Different to eX|st|ngapproaches
: Subsumptions Mapping O I
Reasoner|« ! . e i) LOCF Mean initi i i
| Retrieval Manager = ! A Drawssamplesand initiateunnecessanattribute relations
! v__ . y v \ A Lackgformal theoreticajustification.
| Conjunction | Matrix NOCEB Max |
! Separation Transformation | A Incompatibility of fully conditional specifications for which no
I — ¥ : properjoint multivariate distribution exists.
: »| Inconsistent Imputed |
! Assertions Matrix |
LI ————— 11— Complete Data
Semantic Complete ‘

SemimputOnt Modelling Data Multi-Strategy Imputation Data Multioccupant State Imputation HAR \ ®°
Solution-1a Solution-1b Solution-2
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Proposed methodology & Ex; 20
Structured Data Unstructured Data

souion ()

Solutiorrlb: Multi -Strategylmputation(2,4)

_PW S.l"‘.l.(.\’iI'CIMLUIATJD\‘ ________________
rora umestampt =110 T do 1
o I function Impuh BinSens(A,,,CQ,A,T) & BinSens g4 with their state |
. lmpulauon
Sensor Data Retrieval X Structural Imputation I for (c,cCQ) do _ I
1 O @ I | BinSens sy — execute(eq;). filter(BinSens, A,,) & using SPARQL |
HAR ' || SPARQRuery |_| Temporal Datal |m & Discrete L Continuou . "‘“‘" T Bt & e ] U B B T ST
S : . BS,ee & BinSensauriy
Knowledge | Engine Retrieval - Data Data ! | Ansit  BinSensturg !
1 9: mu:(Ix,) i~ Compute Z“( ABSiars ABSaye) > Equation (10) 1
base | + * | 110: Aps,.. + Aps,, U(Aps,ar \ Aps,,,) © Update missing BinSens Attribute
1 - I dlim [ L L .L{:lulé:.;a.-.,,,,,,;,,f—_rz.Ll.dn.:.:.mqppmqa.l lt.l\sl{j;dbui‘;.‘;x.; _Bm.Stl;uuu.;x.u.).
12: while Aps, . (state) = ¢ do > Loa ated BinSens attributes.
! Sensor Object Row Vector L — L — I o o = S S e e T B s = 7
1 |dent|f|cat|0n FunCtIOH —rm (_D ) —Fr (_D ) : ' 15? S T e i l :x: ot I4I—(llr’;:ult (1{2'3'“’)””( LastState.(Aps,,,) :
1 | 16 else;f( ABs,, In Bm”S: nslzsl\m »1z) then 1
<& g S i ).retrieveNext, State.(Aps,,,)
TDB [* gy g g g B e g g . G L L L | ] detedaeclntounaenon smethsesd _ _ _ _ _ '
Fr——————f ———————————————— = -4-----t+t---—-——-—-—-—--—--——-bF---- - 19: | endif
1 20 ‘ end while
o . 21 for
9 SensoiData Expansion Instance Imputation ! 2| || Reum Inpucd Aps
1 \ 4 < A 4 A 4 | 23: end function
| Subsum thﬂS Ma |n O 9 1 a | | function I'mputeProximity(A,,,CQ)> Imputation for Proximity Sensors and lhur 1
Reasoner|« : Retri P o Y bpIng o LOCF Mean | M, s for (c0:<CQ) do et ) I
26: Apror  execute(cq;). filter(Proximity, Ap,
1 etreva anager < | 127: P{'u.r,,“,, - mazxValue(Apror) ) ¥ !
| + * * 1 128 d'll’m, ¢ Update Aprox(Prozmar) I
29: end for
' Conjunction Matrix : i afanctian” " AP |
| 31 end function
| Separatlon > Transformatlon NOCB Max : : :‘24 fungg::x{.;'r:: zél)taf‘olum-(z\,,,.(,'(), A) & Imputation for Floor sensors and their values :
1 I | M4: | Amflonr  execute(cq;). filter(Floor, Am)
1! |
! * : : 3s: Atfroor = execute(cq;). filter(Am fioor, A) ]
1 . 36: mean( floortuples) < Compute Zsi( Ay fioor, Am fioor) > Equation (13)
. > |n00nS|Stent Imputed 1 137 ] Aftoor +Update Ay, sroor U me {l"(}[{ﬂ)l"ﬁlph') o © update using mean for :
. . tuples
I Assertions Matrix | ! | g for I
| 1 > 1
I_ __________________________________________________ 4 v Complete Data 14 | 1 | function I'mpute Accelerometer(A,,,CQ., A) > Imputation for accelerometer |
142 vplues for (cq;cCQ) do |
. . ] 43 A :I,,,.;,, «— execute(cq;). filter(Ace, Ap) |
Structural Imputation Instance Imputation 4 Atpec  execute(cq,). filter(Apace. A) I
o Lo} 45: ml'un(n('('luph s) « Compute Lsi( A sce. Appaee) |
vx B{=) NiiER) G A ) S L g | | s Um0
5= oL = T 377
© © Bﬁ = H I("= I='=h m ) o ® 48: T Rglum Imputed A 4.,
== s a = 49: end function
g 55 B = - — EX - 55 a* T ?n,.,,,:)?','lff'”','.',,' """""" N o\
= = : Am " « Aps || Aproz || Aficor || Adce
Z 52: mu‘cmgm tby 3 sec
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Proposed methodology & Fx; 21

Solution1b: Multi-Strategy Imputation,,, (Proof of Concept)

Structured Data Unstructured Data

souion ()

pressrvation

http://www.semanticweb.org/ontologies/2020/8/SemImputOnt

Breakfastlnstancel

:BreakfastInstancel rdf:type owl:NamedIndividual,
:Breakfast ;
:hasBinarySensorSbject : NULL ;
:hasBinarySensorState : NULL ;
:hasBLESensor : NULL ; | I e [ i I'o
‘RasRSSI " " [obidetail | state | i | object [rssi [devicer] c1 [-//-] 8 [ = [y [ 2]

hesheck 70 S e e Structural Imputation

B E!_EE 11- 1, -0.1] -9.73] -0.97 Act(5 | Consistent

N o 11 0, -0.1] -5.73] -0.57 Act05 | Consistent
http://www.semanticweb.org/ontologies/2020/8/SemImputOntd

hx
3]
2
i 3 . i o Z -~ SIS b -

- i FOODCUPBOARD | -85 4. al—//- -1 021 -5.72-111 Actos| consistent = ) r] G: h=D) m C t t
e e R I R L | {=o v onsisten
:Breakfastlnstancel rdfitype owl:NemedIndividual , B.

:Breakfast ; = : < urn
:hasBinarySensorObject O x € x a( Aﬁ' )
= =) =) (=) § &) 8=)

Structural Similarity

sd:float - Tz N wOL o]
~xsd:float ; ;

I NULL o] o
11:22:14| Sen K Mov | No movement fc0agl_ WATERBOTTLE

22:16 52N K Mov] No 06039 FOOD CUPBOARD |
| 11:22:15 Sen K Mov] Movement |b924d  TOOTHBRUSH

T_NULL | NULL[—//—TNULL] 0.21] -5.72] -1.11] Act0S|
| { 6]

a_os] 1 03 571

:SensorkitchenMovement ;
:hasBinarySensorState :lNo Movement ;
:hasBLESensor :WaterSottle ;
:hasRSSI " "

ement_[fc0a6] WATERBOTTLE | -102] 4[-0.75]-//~] -1NULLTNULLTNULL] Act05 | Consistent
_Movement_|NULL| F0OD CUPBOARD HU 3[//—| 2 NULL NULL NULL Act0s5] consistent
Movement |NULL 0/ NULL NULL| NULL| Actos| consistent

~+xsd:float ;
K-9.73"*xsd:float ;

Missing Values\'\
- T

Continuous
[ objdetail | state | id | object [ rosi [devicer] e [/~ & | x | y [ z |

Sensor
Data
Expansion

12213) NULL | NULL NULL NuLL

Instance ¥ lz.larsenKMchomn-menﬂcmrﬁ wmn?m I 3 E EEEEEEE
Imputation :

Sensor
Data
Retrieval

Structural
Imputation

lena

SPARQL g

Consistent

Consistent
Consistent

0021/ 572|111 Act05 Consistent

Output: Complete Data

Neighborhood Similarity

Input: SemantidData

NULL 06035 FOOD CUPBOARD 1 021

11:32:15{Sen K Mov| Movement |b924q FRIDGE

-111]

| = Discrete [ Continuous = o | Discrete T Continuous T D‘
[objuetait | _state | ia | object | resi [devicen| @1 [-//] @ [ x [ y [ 2| [objdetan | state | ia | object [ rss [devices| a1 [ /| 8 [ x [ y [ 2| Instance |mputation
. ) [11:22:23 NULL UL NULL NULL 4 -117] 037]_-8.7 -1.17] | UL 3] /-] 117 037] 57 .nr:am—sm
M|Ss|ng Value | 11:22:12]en K Mow N movement fcoas| _ WATERBOTTLE INUL 1| 01/ 5.73, -0.57)Actos b A1 Al 0] a.73] 0s7|actos] Consistent
LiE KMov| Movement |NULL| NULL 0 0.1/ -9.73) -0.97] Actos| AR
B

) A A RAL)

1/ 021/ -9.72] 1.1} Actos| consistent

InConsistent

e L7 R (R D

D=|== —

O

[

NULL_[WOLLT /7 TNOW] 021 9.72] -1.11] actos|
| Consistent

4| -osfyi-] -1l oas[ e 1ar{anes

3 Sen K Mo N0 movernent 06099 FOOD CUP
[ 11:22:10]5en € Mov| movement bo2sd TooTHE

NULL

Incomplete Data

__G=D

Tc0a6] _ WATERBOTTLE InConsistent
BYEE] 1nconsistent

InConsistent

fcabl WATERBOTTLE
06039 FOOD CUPBOARD
06059 FOOD CUPBOARD

Highlights of the idea A Based on the nature of Incomplete datmpropriate strategy

o A Identifies the structures of thiabelleddata and ensures for Instance Imputation is selected. \ o\
semantics Completenes'ﬂ test instances. A Instance |mputat|0n IS performed fMAR, MCARand MNAR ®
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Proposed methodology

Solutiorrlb: Multi -Strategylmputation(4,4)

22

Structured Data

souion ()
2

Unstructured Data

Existing Method

Algorithm: Multivariate Imputation by Chained Equation

Define Y as a nXp data matrix where rows represent samples and columns represent variables.
Data: Incomplete dataset v = (Y °bs, ymis)

Result: Incomplete dataset YT = (Y"b‘, y™isT) at iteration T'

Define ¥ as the j*" feature column of ¥ where Y, = (}’}-"bs, }f,»mis)

forj < 1topdo

| imputation model for incomplete variable ¥;

< P(GIY-,67)
L  starting imputations Y""S 0 « draws from Y"bs
Define ‘l’fj = (Yf, Yi, e, }‘}51, Y;+1 L Yp Ly 1) where Y is the j* feature at iteration ¢
fort « 1toT do
| forj < 1topdo
| | Gt « draw from posterior P(G IY""’S Yt ))

mlS t
L L };
return ¥7

« draws from posterior predictive P(Y""5|Yt ,6f)

Existing Approaches Limitations: [£9,11]

A Works withMissing at Randondata only.

A Producesiasedestimateswith non linarites, not MAR
data or data with high dimensionality.

A Dealsmultidimensional datawith samecriteria.

A Requires two models i.@nputation modelandanalysis
< modelto perform analysis on imputed data.

’
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Semant
pressrvation

Algorithm 2: Multi-strategy Imputation Methods

W

W -

Output: Complete Data with Imputation Al m

Razzag, Muhammad Asif, et &hemImput: Bridging Semantic Imputation with Deep Learning for Complex Human Activity RecoghM@P!, Sensor20.10 (2020): 2771.

Input: Incomplete Segmented Data A,,. A, D..,
it > Segmented Imputed Dataset.

: procedure SEMANTICIMPUTATION
| for all timestampt=1to T do
| function I'mpute BinSens(A,,.CQ, A.T) & BinSensg,a with their state
imputation
for (cq,;«CQ) do 5
| BinSens .y — execute(eq;). filter(BinSens, A,,) = using SPARQL
ueries
BinSensrarger < execute(cq;). filter(BinSensauwrin, T)
Ags,,, «— BinSens qurip
Ags,,, +— BinSensrarget
max(Zss) « Compute Iss(Ags,.. . Aps...) = Equation (10)
Aps,. — Aps,. U (Apsar \ Aps,.) © Update missing BinSens Auribute
BinSensmappings +— retrieve.mappingsLists(BinSenspocr, BinSensnocs)
while Ags, ., (state) = o do & Load Updated BinSens attributes P rO posed Idea
[ \,;s_,, in BinSensListpocr) then © based on BinSens
characteristics e .
' ABS,i. — execute(cq;).retrieveLastState.(Aps,,,)
Aps «— L1 (ABS.: ABSuac.)
elseif (Agps,,, in BinSensList yocp) then
| Ags.,... « execute(cq;).retrieveNext, State.(Aps,,,)
Aps — Zi(ABS.u+ ABSutate
’ [ ‘ ] ende\lh‘glig 24: | ! | function Impute Proximity(A,,. CQ)c Imputation for Proximity Sensors and their
values
end for 2s: for (cq;eCQ) do
‘ l | Return Imputed Agg 26: Apror + execute(cq;). filter(Proximity., A,,)
end function 27: Prox,.,. + maxrValue(Ap,ror)
28: Apror + Update Ap,or(Prox,a:)
29: end for
30: Return Imputed Ap,or
31: end function
32: function I'mpute Floor(A,,. CQ. A) = Imputation for Floor sensors and their values
33: l for (cq;eCQ) do
34: A floor +— cxecute(eq;). filter(Floor, A,,)
3s: At floor +— execute(cq:).filter{Am floor. A)
36: mean( floortuples) «— Compute Isi( Ay froor Amfioor) = Equation (13)
37: A floor «+—Update A,, j1o0r U mean( floortuple) > update using mean for
tuples
38: end for
39: Ruum Imputed A fio0n,
40 end function
ar: | ' | function I'mpute Accelerometer(A,,.CQ. A) = Imputation for accelerometer
values
42: T for (cq,;«CQ) do ,
43: A Aee — execute(cg;). filter(Ace, A,,)
44: At Ace — execute(eq;). filter(Amace. A)
4s: mean(acctuples) «— Compute Lsi( Ay sce. Apace)
46: . Apce «Update A, 4o U mean(acctuples) © update using mean for last 10
wuples
47 end for
48: Return Imputed A 4.
49: end function \
50: enld for @
s1: A «— Aps || AProx || Aficor || Asce
52: increment 7 by 3 sec @®

53: end procedure
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Proposed methodology & Ex; 23

Solution2: Multioccupant Statémputation(l,g)

Highlights of the idea

Workflow for Multioccupant State Imputation A Multi-occupant stateestimation using reatime privacy
T e e TS State Tracking preserved technique through lowesolution thermal vision
- . _ — grayscale frames.
Matrix- AErvEhm Inv;_rlm::_n and Blob Detection Kalman Filtering
3031 | Frame - e A Efficient method tdocate occupant,predict motion and
Thermal R Bag )
Vision m = L - - - - g ' manage intefframe data association
Sensor Frames = ' v}
) GO (D : Occupant ShEn A A Robust method for complete, coherent and correct
G I . Morphological exchange - . ) - =i | bl
(1 — — % ;p"tam" detection, tracking andlassification2 ¥ |y 2 OOdzLJ!
activities.
Classification Feature Extraction
Labelled X
Frames Thermal Vision Molr:phologlcal ROI Feature 'I_'rack
ZHe R Sensor eature Extraction A . . .
[ TVS-ARyy > ) Fusion e | Etimation Management Different to existingapproaches
\ Frame Vector -
e (Tvs-Fv) oot Gt Svetom A Shapebasedand motion-basedclassification withouainy
3 evidence obbject semanticsexplicitly.

HAR A Avoidcomplexitiesrelated to detection, tracking and
classification oEomplexactivities,which further increases
with low resolution frames

: Semantic : : Complete . . ‘
SemimputOnt Modelling Data Multi-Strategy Imputation Data Multioccupant State Imputation HAR \ »
Solution-1a Solution-1b Solution-2
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Structured Data Unstructured Data

sovion @)

Algarithm 3

Solutiorr2: Multioccupant Statémputation s,

Workflow for Multioccupant State Imputation

Algorithm 3

Input ! Frame Pre-processing
Matrix- L Inversion and lob Detection _pmcﬂdur.e."LVSMAIER.EP.R ____________________
N Feme Binarization Dilation 9 Load TVS_Feeq + {TVS_ FI,TVS Fp...TVS_F,} wherei={1,2,.
3231 1 g d Read Matrix TV S_F,,, > Reads sequence of frarnes TVS_ Feeq 1
Thermal I == - - 1 4 | foralTVS_F, 10 TVS_F, do I
Vision JSON | Gatna —st T 7| Thanction Tow Thresholdimg(TVS"F,) — — ~ -~ - - = -==-=====7
Sensor Frames | 2 = 6: TVS_F; —TVS_F;_1 >TVSp, ©Frame differencing sensitive to threshold
(TVS) I . . . 7: B, « TVS F; ©> Identify 'n” Occupants as Blobs
onversion to Gaussian Filter Morphological exch Occupant 8: TVS. Fi + Gaussk HWTVS_F;) > Smoothing by Gaussian blur k=I=3
! Grayscale (Smoothing) orphological exchange Separation o_ | | _endfunction. _ _ _ _ o o o o o e o e e e e e e e
e function morphological TV S PreProcessing(TV S_F;) > Morphological filtering |
d TV S_F; < Ep, 1, (TVS_F;) > Erode: width *w” & height "h’ =8 1
112: TV S_F; «+ Dk kh(TVS F;) > Dilate: width *w’ & height ’h’ =8 |
113: end function ]
- [~ functor Pefec Eonlour (VS 4y — — — — — — — — — — — == ===
Cnt, < TVS_F; |
16 Find Cnt,Contours 1
17: foralli=1tondo 1
Iis: | min(B) < Cnt; < max(B) >
I _migljlcv_b,fl[%% < C‘Oﬂ_é;);féma <Fmgm;B_logéT6_a ______________ 1
T T Ti - €T ?p- ____________________
FELE LR 9 BB.i — boundzngrectangie(PI ) > Assign Bounding_Rectangle :
(TVS-FV) 1 array [BR] + BR,, & Populate Rectangle_Array |
122: Po +— array [BR] &> GetContourFeatures Perimeter |
123: A, — area(P,, > GetContourFeatures Area I
124: Am + array [BR| y] "
125: 'Pavg — Averagepizels(BRy) > Compute pixel p, average avg for I
1 Bounding_Rectangle
26 - —‘ —endfor = = = - - - - e e e e e e e e e e e e — - !
27: end function

28: end for
20 return TV Spropy 4 [Pa, ;. Pa, An, Am, Cnty]
30: end procedure

Highlight of the proposed idea Different to existing approaches

A UsingTVS frame sequence, segmentsitdect foregroundand apply the_ow A Most of the methods eithedirectly detectusingclassificationmethods without any
thresholding evidence of objecsemanticsexplicitly.

§ A Estimate theoccupant featuresusing morphological filtering, binarization and A Very few methodologies deal with suchicav resolution of framesobtained through
computingoccupant semanticsuch as centroid, perimeter, area within bounding box. thermal vision sensor for recognizingmplex activities

¢ KYUNG HEE Razzaq, Muhammad Asif, et'aiMoDT: an unobtrusive multioccupant detection and tracking using robust Kalman filter for remhe activity recognition" Springer, Multimedia Systems Journ2é.5 (2020). 06/ 11 /2020
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A The degected contours are iterated per frame for
i N O1 A y 3 mationOradellan ih&rstate
history maintenance

A Hungariarmethod for data association, aritalman

Estimation &
Imputation

Feature Extraction

|

|

|

|

|

Thermal Vision Morphological ROI Feature TECk :
Sensor Feature Extraction History

Estimation Management :

Frame Vector 1

(TVS-FV) Map Features Space with 1

Spatial Coordinate System :

|

Aazald 27
detected object per framawith respect to the
background information.

A Least importance is given trorsin objectdetection
andlocalization.

ﬁl Filter for estimation and position prediction
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