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Introduction I Y I 3

Background

1. Inreal-world Human Activity Recognition (HAR) applications, 3. Preprocessing [7] observed data

— missing values [5] results in loss of data integrity [6], — using semantics [19] information T e e =
— misleading conclusions [20], — with appropriate inference [24] weleolololo] [e] [e o
— and unfair performance [22]. adjustment ‘ %
2. To recover missing values, statistical recovery methods [2] i nlimprovelpreichioniaccurdey T hm_n .
[16] 551.52535a55555759595m---ﬁ
— improve prediction accuracy [4] in classification tasks, L Lielole elojelele|-]|a
— can address classification in time e e R v e
— making the models less efficient by ignoring internal semantics. series prediction problems.
Existing Methods [5-6]
Ignores §emantics
Sensor-based 32:?.";,',7.?.uy Classification with
——Data - == - A
B Dy TR eomee o MRS e - 1
Multimodal == Preprocessing Data ACCUFACY - naccurate
Sensory s EmE Incomplete - Classification
Data % Data How to recover Missing values? Methods
Human Error Improved * Consistent
* Interruption - _________ *  Accurate
Vision-based * Privacy - " Robust

Frames Understand Semantics Recovered

Retains Consistency
Monitor Patterns

Proposed Methods
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Motivation, s

For building a viable predictive model [6] preprocessing of missing values during data preparation
is an important and critical step.

Following benefits propel us to perform this work:- ===
— Accurate estimation for statistical analysis [7]. Accurate
— Preservation of inter-variable semantics [17-18].

— Minimize the bias between the missing and complete data [7].

— Sampling of different and irregular time-series data [15].

— Reduction of misleading inferences [16].

— Handling variety of Data [7]. Preserved

Semantics

Existing Approaches Proposed Research Research Outcomes

Minimization Data Consistency

correlations ignored LY
0. T T e m e —m————————— - s L o e e e e e e e e e e e e e e e = 1 @&
9
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Motivation,,

Sensor Object State

Data Imputation:

S Close Recovery of Missing
dio Refrigerator open i values in
Variety of Data Sensors | microwave |—OPe" 4 Structured & Unstructured
Formats in smart_ Sensor Kitchen | Mowvement datasets is important Step
Movement Ne Movement
homes environment =
oor SensFloor

Continous
Capacitance | (40 Modules)

Sensor-based
Data

Time series analysis for example Prepare breukfastln"UCamI dataset [11]

&
£

e Unstructured

1

1 1

: : Excellent

. * Structured . . Good

| . I Proximity Fair

1 Discrete . Data Poor ;

1 . 1 [ K

| (Numerical) | Objact Type* F/WBEWBTE F F LB LB LB ": F LB PDrPDr LB POr F' LB LB F!;'LB LB F W

I i I : : l" - T

1 ° Co ntl nuous 1 * Food Cupboard (FC), Fridge (F), Laundry Basket (LB}, Medicine Box{MB), Pot Drawgr (PD), Pyjamas O)

I . I r i

I (Numerl.cal) | Acceleration | x.axis, y-axis, s = i {

i * Nominal ! Data rais | " | % |

: (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
1

1 1

1 1

1 1

1 1

1 1

-based

Frames

/. Classification Model
T R o TR RN N o ' R R -
i fled e fio) Fh P e o) flo) e :
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\
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Motivation s

Data
Imputation
|
Knowledge-based Estimation-based
Modeling Modeling
+ Preserves the Data *+ Uncertainty * Acciurat?
and easy to use. Inclusion, learning estimations of
+ Give better ability, able to past, present and
estimates represent complex future states
- Decreases variance relations B 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.
i i./ relationships. \ .\

Y )
5y KyunG e 06/11/2020



Introduction I A ] 7

Research Taxonomy ., . .11

—p-

1
List-wise, pairwise, delete 1
1
1

1
Case Deletion | columns [MCAR)
1

L e o o e o o e e e e e - 1
et VRS ~777777} % The explicit modeling imputation
Explicit Modeling : Mean, Mode'::;:::is:;?n, stnchastlci [6] methods:
mputation | Single D L ' (i) preservesthe data,
Imputation o ] :antDeck[S], cold Deck, Naive Bayves! (i) gives better estimates and are
Implicit Modeling —':_ ol i i better suited for numeric
""""""""" datasets.

Deep Learning /
Direct Imputation Auto-encoders

: Probabilistic Bayesian Model [5], : ‘:’ MAR : MiSSing at random
! Rubin-Schafer method [5], 1

"\ multivariate imputation by chained | %" MCAR : Missing completely at random
Multiple __  Squstions[MICE), (MAR)__+ <% MNAR: Missing not at random
. i i ! KNN, Decision Tree, Clustering, !
ImPUtatlon MaCh'ne Learnlng : Kernel Methods, Hybrid,ensemhles,:
Models :_ neural networks, PCA, Tensor :

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

[ — (MARL _______ ! +* Knowledge-based imputation models allows [42]:
| Different tuple, cardinality, entity : (I) SOIUtion for Uncertainty,

r relationship, Spatial/temporal | (||) easy to im p|ement’
|

. . i . Knowledge-based Domain ! relationship ! (iii) cater data semantics
Figure: Imputation Methods in a representative Taxonomy — — LI TTIITTITITIIIIIICN ’
Models Ontology | syntaxbased, structural based, ! (iV) represents complex data semantics,

7: Semantic-based, Deductive : (V) rObUSt to nOisy data.
1

Algorithms
, —————————————————— k] R \
° Estimation-based [ Kalman filter based i % In vision-based approach, provides accurate \ ®
models : prediction & estimation \ state estimation [28] ®
[ ] - :
Y 4
&S
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Problem Statement

In the real world environment, building an accurate activity recognition model [1,2] remains a problem due
to missing data [7], which causes loss of semantics thereafter resulting in reduced overall performance [3]
and robustness [4,5] of the smart home environment.

How to minimize the missing values and maximize the quality of datasets by keeping semantics intact?
[7,8]

How to provide an empirical method to prove data consistency and improve accuracy for structured HAR
data? [16]

How to prove HAR robustness for unstructured HAR dataset[4]

T )
Sy KYuNG HEE 06/11/2020



Related work

Related Works

Multiple Data Semantic Data

Extract New

Categories Methodologies . Data Biasness handling Benefits Limitations
Sources Enrichment Knowledge
[SDI] Semantic based data . Cannot deal with Numerical Data, Time-based
Imputation [42] o (e) (e] [} Low Computation Cost data
[CEL] Ontologies based ADL [9] ® [} (e} [} Automatic feature generation Cannot handle time-dependent missing values
[RADL] Recognizing ADLs using ) Lacks handling of missing data and associated
Knowledge- | [ 8] ° o o i DIEGEER HEL [PEIHES rule simplification
based
Modeli [KCAR] Knowledge-based ° o o o Models Sensor events in Lack capability to distinguish
Odeling Concurrent Activities [43] ontology activity models
[OSCAR] Ontolc?g.yjdrlven A o o A e ey v Hard to achieve action seqL.Jences and missing
Concurrent Activities [1] data handling
[TSSD] Semantic Sensor Data . L ML methods with ontology approach ignores
Modeling [38] © © © © Provides semantic similarities most of information with biased results
. . [RKN] Uncertainty Integration . . Uses filter process which lacks to handle
Estimation- 33] 9 L O © (NI U T CHIENES estimation & data association
based - : : : - :
Modeli [RSM] Detection Tracking & ° ° ° Foreground segmentation & ML Single user method lacking support for multi-
odeling Classification [32] Feature extraction user data association
[DMF] Morphological Filtering [27] [e) o o ® Effective for binary images Lack method for explicit feature extraction

Semantic-
aware Data

Semantic-aware Data

Imputation

Semantic enriched
Data Preparations

Unstructured &
Structured

Ontology Modeling &
State Modeling

Inferencing
Support

Accurate & Robust

Prior knowledge of
Data Domain

Modeling

Limitations of .
Existing Work .

KYUNG HEE

UNT¥ERSITY

Lack method to keep the internal semantics
Lack of support to handle multivariate data

Lack methods for keeping the data consistent

Not fully compliance with missingness for data completeness .

Few methods deal with detection, re-identification, tracking and \
classification

No proven method for explicit features for objects per frames
Lack techniques to handle per frame object data association

Less attention to trace missed detection per frame

06/11/2020
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Related work

Our Approach: Limitation, Objective, and Proposed Solution

Limitations and Challenges Proposed Solution Objectives

Challenge: 1

(O Implicit knowledge discovery
through inference using (O Understand accurately semantics

SemIimputOnt Ontology by for multivariate HAR data
modelling datasets

Challenge: 2 — {

(O Multivariate data modeling by
keeping the internal semantics

(O Retain consistency after Structural

(O Apply semantic structural and L. . )
(O Data Consistency & Completeness instance properties with Multi- Bl m.|SS|.ng e E e
strategy Imputation Methods TS T GE R ekl
. J
Challenge: 3
A 4 )
(O Multioccupant State Imputation (O Impute missing states in

(O Object data association per frame
with preserved semantics and
identification of missing objects

. J

V 4
® @
‘.' Recognition of Human Activities over Semantically Imputed HAR dataset \o
06/11/2020

> unstructured data representing
multioccupant per frame

A /

using Low resolution thermal
frames
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Thesis Map

Structured Data I Unstructured Data
[
Input Solution ° Solution e I Solution ° Output
|
|

Algorithm 1 Algorithm 2 Algorithm 3 Algorithm 4
SemimputOnt Multi-strategy — Multioccupant — Multioccupant

Modellin Imputation Method I Feature Vector State Imputation
ct | I 21 c3 P 3]

e i s mm la -_ - _-_ - T _| ' g ST . . T TS I | s s s s T s s ss s —-—-————— T N N N N N N R R ——————— 1 [N I

| Problem: Multivariate | \Problem: Inconsistency& | 'problem: Per Frame Object ! | Problem: State Imputation | | !

________________ : Semantics? | ! Missingness o : Semantics : : & Data Association] (o :
: ! |Output: Transform ! 'Output: Completeness ! |Output: Array of : )Output: Detects, Tracks, Re-! | :
i ) Structured data : Consistency& 1 | '} morphological | ) identify, impute | i % High Accuracy !
' < Uncertainty E ! Into instance- ! : Multivariate v i features for : i object per frame | [ |ncreased :
|+ Lack of ) based Knowledge | : Semantic : - multioccupant per ! with data | ' Robustness :
. . | 3 1 1 . 1 I I 1 | . . | | 1

' multivariate L model | 3 preservation . : frame ! : association e :
' semantics | ToTTTTTTTTTTTTTTTTTTTT L TTTTTTTTTTToTTTT I e SESEIEINNTN.
| ' e mmeeeeeeeeeeaasssassssmm | DRSS 'wmmmeeeeeeeeeeeeaasEES
| % Inconsistent ' T s gl - P | Outcomes )
- : Existing Methods Existing Methods | Existing Methods Existing Methods | .
| % Accurate . | :
. estimation : Single / Multip] | | % Loss of efficiency

i ! : ingle / Multiple . e &
: : Uses relational data Im ufation metiods I Extract implicit shape- CV-based classification i « Poor Accuracy |
Lo oo oo oo 3 . . . . . o i !
based statistical mrc))st often involve I based and motion- methods ignore object | ! 2:::‘ Al\ir:::?i,::s !
models but lack implicit correlations I based features on high semantics for missed i i L
s’ inference mechanism p : . resolution RGB Frames detections : '
leading to biasness | S )
® o I

Muhammad Asif, et al. "SemImput: Bridging Semantic Imputation with Deep Learning for Complex Human Activity Recognition." MDPI, Sensors 20.10 (2020): 2771.
I31 Razzaa Muhammad Asif et al "uMoDT: an unobtrusive multi-occunant detection and trackine usine robust Kalman filter for real-time activitv recoenition " Sorineer. Multimedia Svstems Journal 26 5 (2020)

% KYUNG HEE [2] Razzaq,
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Proposed Solutions

12

[1,8,9,38,43] Existing
methodologies mainly
uses statistical data
imputation methods by
ignoring multivariate
semantics leading to
unnecessary
correlations, biasness
and inconsistency in the
data after imputation,
which leads to
inaccurate results.

[27,32,33] Existing
approaches mainly deal
with RGB images for
HAR without describing
data association per
frame by ignoring
semantics during

Multimodal Data Sources

Obtrusive

Unobtrusive
Data Sources

Data Sources

@Proposed a practical

Semantic Imputation Method scheme for keeping
multivariate semantics

intact amongst time
series HAR data.

Solution-1a

Algorithm 1a: Proposed an

SemimputOnt Modeling efficient imputation
approach for Data

consistency after
replacing missing
Solution-1b values.

Algorithm 1b:
Multi-strategy Imputation

Introduced a robust

HAR approach with
multi-occupant state

Solution-2
estimation using real-

time privacy preserved
technique with per
frame occupant data

Algorithm 3: Algorithm 4:
Multioccupant Multioccupant State

Feature Vector Imputation

detection and tracking. association.
X N
[1] Razzaq, Muhammad Asif, et al. mICAF: Multi-level cross-domain semantic context fusioning for behavior identification." MDPI, Sensors 17.10 (2017): 2433.
[2] Razzagq, Muhammad Asif, et al. "SemImput: Bridging Semantic Imputation with Deep Learning for Complex Human Activity Recognition." MDPI, Sensors 20.10 (2020): 2771. @&

.' [3] Razzaq, Muhammad Asif, et al. "uMoDT: an unobtrusive multi-occupant detection and tracking using robust Kalman filter for real-time activity recognition." Springer, Multimedia Systems Journal 26.5 (2020).
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Solution-1a: SemIimputOnt Modelling

13

Input

Semantics
{L
Structured Data »

Workflow for SemimputOnt Modelling

Extract Formal

RDB Schema
2

Incomplete
HAR Datasets

L Instance

Mapper

HAR
Dataset

complete

SemimputOnt Modelling

Solution-1a

T~

P

Y
[om | [ smataregions |

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

HAR Knowledge base
Fes T T T TS EEEEEEEEEE- 1
| -
: Terminology -BOX :
|
: ! TDB
: Domain Specific |
: Ontology Model 4
i 8y | » Output
| .
| x : Semantic Data
. . :
1 1 1 ¥
______________ T_____________ @ SemimputOnt
Subsumption : - Reasoner W,*_"v .
[T T T T T T T T T s s T T T T s s s === b i Y
I ) : | ® sersortype. H.m::m | [or== ] Y
: Assertian-BOX : |
1
| |
> Instance « i
I Instantiator :
: |
Le - e |
Semantic . . Complete . .
Data Multi-Strategy Imputation Data Multioccupant State Imputation

Solution-1b

Solution-2

HAR \

%& KYUNG HEE

UNT¥ERSITY

Razzaq, Muhammad Asif, et al. mICAF: Multi-level cross-domain semantic context fusioning for behavior identification." MDPI, Sensors 17.10 (2017): 2433.

06/11/2020



Proposed methodology I 14

Workflow for SemimputOnt Modelling Highlights of the idea

HAR Knowledge base * |dentifies the Class Concepts, Relationships (Object
o e e e . Properties & Data properties).
! Terminology - BOX >
Input : I = STV : Output * Constructs the semantic rules defining individual
Structured Data Semantic Data iviti
: |  Concept Domain | TDB complex human activities.
[ )
Extract Formal I Mapper g Ontology Model| | » SemImput Ontology model maps time-series HAR
Semantics : s T “é r- datasets by understanding semantics.
LY I Concept a I
I . Role Mapper I
I Equivalence I » N Diff S h
RDB Schema ! ; f ! RN iITferent to existing approaches
@ R R D I e (o |
S| (@it ] (7] IR —
:S‘;’;‘If:g:] : : As?eorlteion 1 Reasoner — = f— * Data usually stored in flat files or relational databases
Incomplete r———==- - —---- il F-—---- 1 using relational dependencies.
HAR Datasets | 1 Assertion-BOX | |
I ! ! I * Statistical models introduce biasness in the data by
L Instance =! Concept Role :4_ selecting equality neighbors for data repair.
Mapper ' Instantiator Instantiator :
: : » Statistical Imputation increases unnecessary
I : correlations, which lead to performance degradation.
L e e e e e e
V4 Eomplete . Semantic . . Complete . .
® HAR SemimputOnt Modelling — Multi-Strategy Imputation Dar;a Multioccupant State Imputation HAR \ o\
9" Dataset solution-1a Solution-1b Solution-2 °
P04

V KYUNG HEE Razzaq, Muhammad Asif, et al. mICAF: Multi-level cross-domain semantic context fusioning for behavior identification." MDPI, Sensors 17.10 (2017): 2433. 06/1 1/2020
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Proposed methodology

oExtract Formal
Semantics

Workflow for SemimputOnt Modelling

HAR Knowledge base

Terminology - BOX

A

5 RDB Schema

Incomplete
HAR Datasets

Instance
Mapper

| owL Vv
R Concept Domain
Mapper & |0Ontology Model
RuIesT g_
Concept :
. Role Mapper
Equivalence
A A
1 1
o ____
Concept : : Role
Assertion | Assertion

A 4

Assertion - BOX :
1
1

Concept
Instantiator

1
>
|
|
: TDB
|
|
".
|
|
|
|
|
|
|
1 Reasoner
|
|
|
|
(1
|
|
|
|
|

complete
HAR

SemimputOnt Modelling

Dataset

Solution-1a

Semantic
Data

Multi-Strategy Imputation

Solution-1b

Analyse and sample the raw sensor time-based to 1-sec and
, Storein temporary DB.

'e |dentify core vocabulary to represent the complex concurrent
I sensor temporal patterns.

© Design and construct SemimputOnt ontology using extracted |
knowledge as T-Box terminologies.

variables through SemImputOnt HAR Knowledge base for each

|
|
|
:* Identifies formal structural semantics mappings for correlated
|
: activity.

Q’ Each of multivariate variable comprising an activity is defined by i
, aseparate conjunction for every involved sensors

's  Ensures each of activity structure and instance is linked with

I ranges of time.

@ rerforms the consistency checking for each of the objectand !
I instance using Reasoner. I

Complete

Data AR

Multioccupant State Imputation

Solution-2

15
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Razzaq, Muhammad Asif, et al. mICAF: Multi-level cross-domain semantic context fusioning for behavior identification." MDPI, Sensors 17.10 (2017): 2433.
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Structured Data Unstructured Data

Salution °

Algorithm 1
Semimputont
q  Modelling m
Wativa
Seman

Gesir:  Tram

Workflow for SemimputOnt Modelling

Class Definition Axioms Class Equivalent Axioms

s [ Object pioperties. = O Breaktast — 1

|
HAR Knowledge base Do o Scainst o= Breakfast = Activities N 3 |
v o s Q : hasBinarySensorObject.SensorKitchenMoveme :
PEEeEEoEEEEEEEEEEoaEeEEEE=Es 1 e i nt NV hasBinarySensorState.(Movement U I
1 . i DasblrCapach swscomscrmicy | 1
i Terminology - BOX : - B = I NoMovement) N 3 hasAccelerometer.(x N y N :
| oWl ¥ | e—— i ' 2) N 3 hasDevice.(Device1 N Device2) N 3 I
K a Q ~ '
LA Concept Domain | TDB e : /;)asF/%orCa;))acitagce.(Cl ncncen C4nf73C5 :
(I » RIS C6 1 C7 1 C8) NV hasBLESensor.(Tap
Mapper ¢ [Ontology Model| ! i ~ I I
Extract Formal ! — ?p & BY e \ ~~<._ 1 hasRSSI.RSS! U FoodCupboard N 3 hasRSSI.RSS! |
Semantics I zes S | N\ | U Fridge N 3 hasRSSLRSS| U WaterBottle 1 3 :
A 1 oncept r | N O o v S B g ; g
i oncep ~{ Role Mapper . N R e 1 hasRSSLRSSI) 1V hasDaySession.Morning !
| Equivalence | T T e 6 !
5
RDB Schema ! A A ! :
dm)| ool ______ .
Concept : : Role - Reasoner
Assertion p Assertion || 1| et N
Incomplete Ir _______ [ L __ _____ roT T .:
HAR Datasets 1 : Assertion - BOX : 1
I . . I
|
Instance o Concept Role e
Mapper : Instantiator Instantiator |
| |
I I S
L T '
V4 Eanlete . Semantic .
® HAR SemimputOnt Modelling — Multi-Strategy Impu
D . .
o p | D200 Solution-1a Solution-1b

V KYUNG HEE Razzaq, Muhammad Asif, et al. mICAF: Multi-level cross-domain semantic context fusioning for behavior identification." MDPI, Sensors 17.10 (2017): 2433. 06/1 1/2020
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Structured Data Unstructured Data

Salution °

<owl:Namedindividual
rdf:about="http://www.semanticweb.org/ontologies/2020/8/SemImputOnt#Breakfastinstancel">

-~ T T T T T T T T T T T T T T T T T T T T T T T TR AY
,Concept relations T-BOX : £ - o <rdf:type rdf:resource="http://www.semanticweb.org/ontologies/2020/8/SemImputOnt#Breakfast"/>
1 Eement <SemImputOnt:hasBinarySensorObject a

: lattice bUIIdIng o hasSensorKitchenH wadistr | =] rdf:resource="http://www.semanticweb.org/ontologies/2020/8/SemimputOnt#SensorkitchenMovement1"/>|
Movement <SemlImputOnt:hasBinarySensorState
©) Breakfast Braaklast rdf:resource="http://www.semanticweb.org/ontologies/2020/8/SemIimputOnt#movement1"/>
___________________ ———— hasBinaryState xsd:str URI: hitp: A i s/ 20! <SemImputOnt:hasAccX
—— = LT LR rdf: datatype "http //www w3.0rg/2001/XMLSchema#float">93.22</SemImputOnt:hasAccX>

Breakfast Braakfast To Actvitias and Object soma

R\ hasAccelerometer] xsd:float Erel ) and (1 =T
X [ @ Horing_ | Momrers ules
- Nalovemant))) and fh Gromalter soma

hasAcceIerometer' q {x andy and z)) and (hasDevice s...
"""""""" v xsd:float Class EXpression | vispintcissses:

DisjaintClasses: Breakfast, Brush_taseth, Dinner, Dressing, Eat_a_snack,

: . Concept Role Axioms Entar_the_SmartLab, Go_th_the_bed, Laave_ths_SmarLab, Lunch, o Activity y7i w7
:;:asl'ovr SB:::LYr Acc Y- ' A- BOX Assertion _ Play_a_videagams, Prapare_Breakfast, Prapars_Dinnar, Prapare_Lunch, Pul_was. Main Thread Breakfast * 77 77 O
Object State 2 hasSensorKitchen| Sensor Kltchen | c Thread 2 Binary Object @ ,“\,
— o mm mm e = Movement 1 Movement T @ SensorkitchenMo
9 Sensor vement Thread3  BinarySensorState - .—@.—@ """"""""" .—@ """
. inaryState H Movement I a

Kitchen Movement 93.22 107.21 . Q
Movement | ITre:kfastl_ I Accelerometer - { J
—— e o = nstance
| hasAccX |—| 93.22 0 Breakfast 1/ /L
Sensor I | BLESensors 77 77

o
g
H

FoodCupboard -~ .—@’—@
hasSensorKitchen| Sensor Kitchen |
Movement Movement | / Fridge ~ —}— ._(‘) @ @ ,,,,,,

hasBinaryState Movement # Breakfastinstan | Sreakfasthsiancet ) WaterBottl .—@
Breakfast_ cel URE: e - ! aterBottle
Objec rty assartions:
. prope; . llll ,I

<

saiuadoad
3fqQ |euonduny

1
1
1
1
Kitchen Movement 93.25 107.24 Qfﬁ 1
Movement I hasAccY 10721 | ) f | D '_@._@ ,,,,,,,,,,,,,,
s 1
1
1
1
1

2 hasAccX 93.25 1 (8 AT ; 1 Thread n 77
i i Datatype Data property assertions: D Time
ObJECAtxP.ropertles hasAccY 107.24 expressions Bmadaslhitmcm hashccx 83,221 ([ ) Open @ Closed
ioms 1 hasdccy 107 211

Inconsistencies Analysis

¢ cql: Valid Open sensor state
¢ cq2: Valid Closed sensor state

Allen’s temporal-based
logic primitives

Highlights of the idea

* |dentify mappings of structural data with ontology knowledge e cq3: Start-time of Next, sensor state
base for each of instance representing Activities. * Most of the statistical methods initialize inter-variable mappings e cq4: Sensor having Open state within the sliding window
« Perform the consistency checking for each of the instance in a implicitly which introduces unnecessary relations. ¢ cq5: Sensor having Closed state within the sliding window
sliding window (3-Sec) * No mechanism of checking data consistency exists until the * cq6: start-time and still Open sensor states
*  Each of conjunction represents and initializes thread for each process of classification is achieved. " ca7: start-time but Closed sensor states \
involved sensor ¢ cq8: end-time but still Open sensor states
¢ cq9: end-time but Closed sensor states

KYUNG HEE Razzaq, Muhammad Asif, et al. mICAF: Multi-level cross-domain semantic context fusioning for behavior identification." MDPI, Sensors 17.10 (2017): 2433. 06/1 1/2020
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Solution-1b: Multi-Strategy Imputation

Multi-Strategy Imputation Method

|
1 |
! [Ti0 =] x !
HAR : (000 o] 8 :
Knowledge I [Tor_ =] Sensor Data - Structural :
base | Retrieval Imputation :
= |
TDB [ :_ _________________________________________________ ! Complete
I_ ___________ \ A D v - - - - - =-==== = ': Data
| I
| :
<& 1
Reasoner < L Sensor Data Instance :
! Expansion x Imputation |
| & |
1 < 1
! .
. Semantic . . Complete . . \
SemimputOnt Modelling — Multi-Strategy Imputation - Multioccupant State Imputation HAR \ ®
Solution-1a Solution-1b Solution-2
O
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Proposed methodology

|
| Sensor Data Retrieval =< Structural Imputation : °
HAR ' || SPARQL Query |_| Temporal Data 8 | Discrete Continuous :
Knowledge i Engine Retrieval = Data Data | .
base : " v v I
! Sensor Object Row Vector I A I |
I Identification Function op (A ) _cp(Am) | .
< ! |
OB [* gy g g g g S g g g g g g y .
e R N I B y
: "Sensor Data Expansion i1l Instance Imputation v :
I - . x I
Reasoner [« i | | Subsumptions Mapping 2 LOCF Mean \ .
| Retrieval Manager < ,
| v * * : g
, - - Niatri
| Conjunci.:lon N atrix . NOCB Max "
I Separation Transformation : .
| I T
| \ 2 * :
: » Inconsistent Imputed i
! Assertions Matrix |
1
.- 11— Complete Data
Semantic Complete
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Highlights of the idea

Identifies the structures of the labelled data and ensures
structural completeness in target instances.

Based on the nature of incomplete data, appropriate strategy to
accomplish instance repair is selected.

Instance Imputation uses time-based SPARQL constructs.

Data remains consistent after multi-strategy imputation.

Different to existing approaches

Draws samples and initiate unnecessary attribute relations.
Lacks formal theoretical justification.

Incompatibility of fully conditional specifications for which no
proper joint multivariate distribution exists.

SemimputOnt Modelling

Solution-1a

Data

Multi-Strategy Imputation

Solution-1b

Data

Multioccupant State Imputation HAR

Razzaq, Muhammad Asif, et al. "SemImput: Bridging Semantic Imputation with Deep Learning for Complex Human Activity Recognition." MDPI, Sensors 20.10 (2020): 2771.
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Structured Data Unstructured Data

souion ()

Solution-1b: Multi-Strategy Imputation (2/4)

1_procedure SEMANTICIMEU IATJD\

] for all umestamp t=1Tto T |
D I \l ll'unl.'li()l'l Tmpute I}mbt us( Am, CQ,A,T) & BinSens g4 with their state |
a  imputation
for (cq,«CQ) d
| Sensor Data Retrieval 6 Structural Imputation e : ‘m :L. QORI s i Y iSRG :
HAR ' || SPARQL Query |_| Temporal Data | |m ) Discrete L Continuous I T BBty & oo AU BB B = = = = = 5 7
T » BSare € DINOENS Atrib
. . [ 1 ; Aps,.. — BinSenstar I
KnOWIedge ! En ine Retrleval Data Data 1 9: HIZI(I\s) emC(::::pc:le i:s( ABSiars ABSaye) > Equation (10) 1
base | \ + * | 110: Aps,.. + Aps,, U(Aps,ar \ Aps,,,) © Update missing BinSens Attribute
1 : [AE P - i I8 L{:lulé:.;g.-.,,,,,,;,f—.rthér.:.:.umppmqa.{ :E.lqaliumbul‘;;x.; _Bm.Stl;uu\.ux-u-)-
. 2: S, 8 =0
| | Sensor Object Row Vector I (A) 1. (4) , e | e o e N — 1
e . . characteristi ) |
| |dent|flcatlon Functlon _DD m _CD m : y 152 ‘ :;:: ot I4I—(tlr’::ult (I{ZLJ'”’)””( LastState.(Ags,,,) |
1 " | 16: else if (Aps.,, in BinSensListyocs) then 1
<& 17: ABS, 1.  €xTeCULE (l‘([ ).retrieveNext, State.(Aps,,.)
TDB N I— ———————————————————————— bl il e iy Ml 4 s L L L _ln.-'«;Z.,.( Do Ao m = = — = — — : —————— !
it | A N it S 3 2 | | nd Vhile
2 for
IB Sensor Data Expansion i1l Instance Imputation i1l : 2 ||| Rotum Impued Aps
\ 4 -
0 Al 9 ¢
| S H H | | function I'mputeProximity(A,,,CQ)> Imputation for Proximity Sensors and lhur
< ubsumptions Mappin o Q !
Reasoner [« I np aE pping @ LOCF Mean | W US| for (cqieCQ) do I
| Retr'eval Manager <' " " 26: ;;p,(., — r'n-t-ul(-{rq})Afil{t r(l‘)‘rarimit!p Am) |
27 rOTmar + maxValue(Apror
: + * * 1 128: d'll»m, « Update 4/)~.;(Pr’ru'.,..u) :
- - - 1 12% end for
! Conjunction Matrix 2: Retum Imputed Apro |
1 131: end function
: Separation g Tra nsformation NOCB Max 1 132 fum;llon Im, )grdFlmr(A,,,‘('Q, A) & Imputation for Floor sensors and their values :
33: (cq;
| ! | 1 ! 34: ’ '|"' .“:’”(’,,w.)‘.—o('.l'('t‘ull'({'ll, ).filter(Floor, Ay)
#’ 1 | ’ !
1 * I I 3s: .‘h/l.x,,‘-j‘_.l— u-m':;h ll'l[.)»(}:i/h r( _-l,I,,_rlu-ul- A) . : Eq 5 |
. 36: mean( floortuples) < .ompute Lsi\ Ag floor+ Am floor) > Equation (13)
: > Inconsistent ImputEd 1 137: l Aftoor - Update Ay, froor U me llll(}[(wl"ﬁlph') o & update using mean for :
. . tuples
! Assertions Matrix | R - |
! I 1 1 4:)) end r;‘]:‘:;lio:\Pmc teor |
I_ __________________________________________________ 4 v complete Data 14 | 1 | function I'mputeAccelerometer(A,,,CQ, A) > Imputation for accelerometer |
Lo T | for (cqecQ) a !
. . ] 43 T T:I,, Ace & to.rrruf( (cgi).filter(Ace, Apm) |
Structural Imputation Instance Imputation p Atace  execute(cg;). filter(Amace. A) I
) . - | 45: n‘u ml(nﬁluph ~‘) . Compule I\ltt. "y ‘IY Amac) ] ) an for last 10 1
Lo Iss(Ap) = Simg, (4, A,) I5i(A) = Simi;(An, Apy) 3, il
Q5 = 7:
8k Ky Ay X Ay overlap(4,, Ay.m) 1T R
Y 4 5 E J= =ma 2E : \
o £ =] < € T odlor T T T T T T T T T T T T e e = = —— 1
L > 5 0 = : end for
5 (o 25+ Sles 42— 3 A ) W AU B QR VN
2. increme sec
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Structured Data Unstructured Data

souion ()

fesuit:

Solution-1b: Multi-Strategy Imputation 3, (Proof of Concept)

pressrvation

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

BreakfastInstancel

:Breakfastlnstancel rdf:type owl:NamedIndividual,
:Breakfast ;
:hasBinarySensorObject : NULL ;
:hasBinarySensorState : NULL ;
:hasBLESensor : NULL ; | s | =g
hasRSSI " " ; [objgetal | state
:hashccX "0.37"**xsd:float ;

Structural Similarity

Structural Imputation X = (T , ‘A)

Continuous o
object Trssi [devicea] e [/ o [ x [ y [ 2 |

122 NI UL [/ 107 0a7] 97 1.
:hasAccY "-%.7"~*xsd:float ; i B
ashce xsd: floa I 2f=fi=| ] 0.4]8.73] -0.57 Actos| Consistent
: f| 7 0 01 -5.73 -0.57 Act05 | Consistent =
http://wwe. semanticweb.org/ontologies/2020/8/SemlmputOnti 72 R r I (A ) — s — 1 .

- 1223 Movement 06093 FOQD CUPBOARD | -85 & al—//~] 1 0.1 -5.72 -111 Actos | consistent = Sim C t t
BreakfastInstanced 112215 Senk Mov, Movement [boasd  riDGE | -so| WULL NULL| /| NULLINULL NULL SS\Am ss\V i At m ) onsisten
:BreakfastInstancel rdf:type owl:NamedIndividual , k

:Breakfast ; ) §m226 sen K MovINo 06095 FOOD CUPBOARD | -85] NULL [NULL|—//— Z i=1 A, XA I
:hasBinarySensorObject 4 11:22:15 senk Mov, Movement |bs2a] TOOTHBAUSH | -89 - J= n m CA = cA U I(Am)

:SensorKitchenMovement ;

:hasBinarySensorState :lNo Movement ;
:hasBLESensor :WaterSottle ; |
:hasBSSI " " & 22: ] { —//~| olNULL NULL|NULL Actos | consistent
:hashock "-0.10"**xsd:float 7
:hashocg-9.73" *xsd:float 7

ent_[fc0a6] WATERBOTTLE | -
i

C(Tk, A2+ 3k A2 Tk A, x A,
(21 An + 2o A — 2 ) 1A = Ies(Am) + Iy (Ap) + 11(Ap)

Missing Values \'\
= | Discrete | I

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

Sensor e w2
\'j\ena Sensor D Structural Instance ; A
Data ata o B

SPARQL = Imputation Imputation B

{bo2ad ToOTMBRUSH | B3| 4 03

| -L11 Acts,
-8.71} -1.17| Act05

Consistent
Consistent

Expansion

Retrieval

Input: Semantic Data

= | Discrete | Continuous
[objdetail | state | id [ object [ rosi [devicet| @ [-//-] e [ x [ y [ =

fcoas] _ WATEREOTILE [ X -5.73]-0.37] Act03) Cansistent
2 A ement {06095 FOOD CLPBOAF S/ BT IEY Act0| Consistent
11:22: K Mov | lovement % FOOD CUPBOARD 85, 11| Act05 | Consistent

tput: Complete Data

Neighborhood Similarity
Instance Imputation

I - o | Discrete T Continuous ‘

|
[objdetail | state | id | abject [ rssi [devicer] a1 [//] & | x | y | z | =

Missi Val NULL NULL 4] 2[//] -117] 037 8.7, -117] NULL _[NULL, NULL TRULL] 3 2] 117 037] 93] -nmnw
issin alues WATERBOTTLE NULL UL | 2l /] 1 01 a7 057 ULl i 5.73] 057 Actos] Conslstent e
g sl ali] o es [T I ct0s| consistent ISI(Am) = SlmSI(An, Am)
o Al -l | 0.21]-9. 11 Act05 | Consistent
-E9] NULL i NULL:--//- Mov. Movement |b3zac FRIDGE -89

Act0s| Consistent overlap(An, Amr m)

05 consistent

: 8.71 Act0S | Consistent mrgx An UAm
* Based on the nature of Incomplete data, appropriate strategy
for Instance Imputation is selected. \ .\

* Instance Imputation is performed for MAR, MCAR and MNAR. ®

Moy, Mo movement| 06099 FOOD CUPBOARD | -85

Incomplete Data

¥z

* |dentifies the structures of the labelled data and ensures
semantics completeness in test instances.

UNT¥ERSITY
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sozen Q)
Algorithm

Unstructured Data

Solution-1b: Multi-Strategy Imputation (4/)

pressrvation

Existing Method Algorithm 2: Multi-strategy Imputation Methods

| Input: Incomplete Segmented Data A,,. A. D,
Output: Complete Data with Imputation A/ > Segmented Imputed Dataset.
I 1: procedure SEMANTICIMPUTATION
I 2: ‘ ﬁI)r:;lI'ltmi\esl:}mpt- IB(o 'gdo A,..CQ.A.T) p—
. . . . . 3: nction /mputeBinSens( A, o BinSensg e, with their state
ultivariate Imputation by Chained Equations [ mesaien
4 or (cq;c o .
Define ¥ as a nxp data matrix where rows represent samples and columns represent variables. I = AN | I” BinSensauvs, — execule(cq:). filter(BinSens; An)  busing SPARQL,
Data: Incomplete dataset Y = (Yobs' le's) ;;: I::nS( T s-,bw,,;— execute(cq;). filter(BinSens auvin. T)
. . . s BS... « BinSens i
Result: Incomplete dataset Y7 = (Y°Ps, y™isT) at jteration T [ An;,ﬂ, « BinSe ns,‘-:,l::,
. . 1 . Iss Iss(Ags, A 10
Define Yj as thefh feature column of ¥ where }{r = (Y}ODS- ijm) 1 1(9): "ll;;;(,, i:):l—gi?,"g"(lﬁl;;,:,( \1.31:;;‘:",, B;'ijpdau. missing Ble[::.g:iaR(l,('r‘lgmu)
. 11 BinSensmappings +— retricve.mappingsLists(BinSenspocr, BinSensnocs)
forj < 1topdo I 2 while A (state) = ¢ do & Load Updated BinSens attributes Pro pOSEd Idea
| imputation model for incomplete variable ¥; « P(Y| —is ) I 13: L | | if(Ags.,, in BinSensList ocr) then > based on BinSens
charactensucs
L starting imputations szs 0 draws from Y"bs I :-55 ' -':ns_....., 14—(cirrcu!r(;-q,).rct)rim-cl,nslSmtf.(A,;su,,)
: Aps & LI\ABS.. s ABS. ate
Define ‘Lj = (Yl, Y, e, }351, Y+1 I A A 1) where Y is the j* feature at iteration ¢ 16: elseif (Aps,,, in BinSensListyoci) then
| = | Ags.,... « execute(cq;).retrieveNext, State.(Aps,,,)
fort « 1toT do 18: Aps +— Zi(ABS.u+ ABSutace
forj« 1topdo :
| J + P obs I l?,: | ende\lh‘glig 24: | | fanction Impute Proximity(A,,.CQ)r Imputation for Proximity Sensors and their
| | 0 « draw from posterior P(G 1y & )) | 2 end for values for (caieCQ) d
L 25: or (cq;e o
L L };mlst « draws from posterior predictive P(leslyt , t) 3‘» | l | Return Imputed Agg 26: Apror + execute(cq;). filter(Proximity., A,,)
T I 23 end function 27: Prox,.. <« maxValuc(Ap,or)
return ¥ I 28: 20 \pm, «— Update Aproxr(Proxmaz)
29: en or
| 30: dl}etum Imputed Ap,..
31: end function
. . . . . 32: l‘um':.non I'm )5I(dFlom (A,,.CQ. A) = Imputation for Floor sensors and their values
L - 33: or (cgie ) do
Existing Approaches Limitations: [1,5-6,9,11] I po | O A e S evecute(oqs). sitter (Fioor, Am)
| 3s: At floor +— execute(eq;).filter{ Ay floor. A)
. . . 36: l:;(‘ll."(f[(:;)l"ll])l('r) «— Compute Ig/[(.-l,/,,,,,,'.. A fioor) > E.qualion ( |r3)
* Works with Missing at Random data only. | 7 aples Agtoor ¢Updnss Aumsioor Lymean(floortuple) b update using mean for
I ::g: end for
9 q 0 o a 39: Rclum Imputed Ay,
* Produces biased estimates with non linarites, not MAR : pr end function "
q o q g o ar: | | function I'mpute Accelerometer(A,,.CQ. A) = Imputation for accelerometer
data or data with high dimensionality. I values
42: for (rq,(CQ) do
. a. . . . . 43: mAce < execute(eq;).filter(Acc, A,,)
* Deals multidimensional data with same criteria. I a4: Atroe + execute(cg;)-filter(Am ace. A)
45: mean(acctuples) «— Compute Lsi( Ay sce. Apace)
o o o . . I 46: Apce «Update A, 4o U mean(acctuples) © update using mean for last 10
* Requires two models i.e. imputation model and analysis I 4, tuples | gt
9 a a8: Return Imputed A 4.
4 model to perform analysis on imputed data. I 1 end function \
L 50: end for ®
I si: | AL Aps || Aprox || Agtoor || Ace \
-
- 52: increment 7 by 3 sec @&
l I 53: end procedure
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Solution-2: Multioccupant State Imputation , ;)

Highlights of the idea

Workflow for Multioccupant State Imputation * Multi-occupant state estimation using real-time privacy
preserved technique through low-resolution thermal vision

Input Frame Pre-processing State Tracking
- - — grayscale frames.
Matrix- S Inversion and Blob Detection Kalman Filtering
Frame Binarization Dilation 0.0 H 1
P 3201 - N c] = - * Efficient method to locate occupant, predict motion and
Vision JSON “ = manage inter-frame data association.
Sensor Frames CEELEEE . i
(TVS) Conversion to Gaussian Filter ) Occupant Estimation & .
i Smoothing) e ) e e ety mputation A RObL-ISt methqd for comple.te'z, cc?herent and correc'f
" —— 3 detection, tracking and classification of an occupant’s
activities.
Classification Feature Extraction
Labelled X
Frames Thermal Vision L] ROI Feature 'I_'rack
e . Sensor F(?atur_e Extraction History . . ..
W) TVS-ARcuy > W) FUSION G | FStimation Management Different to existing approaches
\ / Frame Vector o s ”
cE u t it
s Sp:tlzalt?o:rr:isnalt,:csey::lem * Shape-based and motion-based classification without any
3 evidence of object semantics explicitly.

HAR * Avoid complexities related to detection, tracking and
classification of complex activities, which further increases
with low resolution frames.

jicomplete Semantic Complete A
HAR SemIimputOnt Modelling Data Multi-Strategy Imputation Data Multioccupant State Imputation HAR \ ®
I Solution-1a Solution-1b Solution-2 N

“\490 9 KYUNG HEE
\ UNTVERSITY
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Structured Data Unstructured Data

sovion @)

Algarithm 3

Solution-2: Multioccupant State Imputation , )

Algorithm 3

Workflow for Multioccupant State Imputation

Input Frame Pre-processing
Matrix- .. Inversion and lob Detection _pmmdurﬂ'LVSMAIER.EP.R
1 - Binarization Dilation 6 Load TVS_Fyeq + {TVS_ F1 TVS F2 .TVS_F,} wherei={1,2,...n} 1
3231 1 P g Read Matrix TV S_F,,, > Reads sequence of frames TV S_Fy.; |
Thermal I gate - for all TV S_F; to T'VS_F, do I
Vision JSON | Gatna sT T = ~fanétion Low _fhrcsh_ld'ng(TV'S’ Y 275
Sensor Frames | = 6: TVS_F; —TVS_F;_1 >TVSp, ©Frame differencing sensitive to threshold
. . . 7: B, « TVS F; ©> Identify 'n” Occupants as Blobs
i) [ onversion to Gaussian Filter el Ty Occupant 8 TVS_F, « Gauss; HW(TVS_Fy) > Smoothing by Gaussian blur k=1=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 |
112: TVS_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
Thermal Visio 17 foralli= 1 tondo I
Sensor Is: | min(B) < Cnt; < max(B) |
I _ﬂzigljlcv_b,fl[%% < C‘Oﬂ_é;);féma <Fmgm;B_logéT6_a ______________ 1
FE=F = Py S-S SSSSSsSsssss=s=ss=5=55S
FELE LR 9 BB.n — boundzngrectangie(PI ) > Assign Bounding_Rectangle :
(TVS-FV) 1: array [BR] + BR,, & Populate Rectangle_Array |
122: Po +— array [BR] &> GetContourFeatures Perimeter |
123: A, — area(P, 311 > GetContourFeatures Area I
124: Am + array [BR|
125: 'Pavg — Averagepizels(BRy) > Compute pixel p, average avg for :
1 Bounding_Rectangle
26 - —‘ —endfor = = = - - - - e e e e e e e e e e e e — - !
27: end function
28: end for

29: | return TV Spropy 4 [Pa, ;. Po, An, Am,Cnty]
30: end procedure

Highlight of the proposed idea

* Using TVS frame sequence, segments to detect foreground and apply the Low Most of the methods either directly detect using classification methods without any
thresholding. evidence of object semantics explicitly.

» Estimate the occupant features using morphological filtering, binarization and * Very few methodologies deal with such a low resolution of frames obtained through
computing occupant semantics such as centroid, perimeter, area within bounding box. thermal vision sensor for recognizing complex activities.
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Unstructured Data

sovion @)

Structured Data

Solution-2: Multioccupant State Imputation 3,

Workflow for Multioccupant State Imputation Algorithm 4
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49: end procedure

Razzaq, Muhammad Asif, et al. "uMoDT: an unobtrusive multi-occupant detection and tracking using robust Kalman filter for real-time activity recognition." Springer, Multimedia Systems Journal 26.5 (2020).
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1: proce ATPREPROCESSING
2 Load TVS FsE — {TVS F, TVS_F;...TVS_F,} wherei={1,2,...n}
3 Read Matrix TISS F. > Reads Sequence ofFrames TVS_Foeq
4 | forall TVS_F, 10 TVS_F, d
5 fumf:.tmn“VEClTORPgINT V W(TVS_F;. Cnty,) > Detect_VectorPoint
6: oralli=1tondo
7: P+ BR, {Cnt,} & Iterate Contours
8: array [D] « P > Array of detections
9: TVS_F, + Draw (BR,,, TV S_F;) & drawRectangle < Contours
10: d];VS _F, + Draw (P, TVS_F)) > drawCenterPoint + Contours
Estimation & ié end function
Imputation - T3 |7 [T funTtioh TRACK T(Cnty, D, TVSTFT — sifftisize (N 00 f1 racks T rackSter = =)
a 14: for alli = 1 to Size ([D]) do |
_______ | 15: Ti < new(7,D) I
: | 1 16: ‘ Cost [i] [i] ¢ Euclid(TP"**, D) > Euclidean distance between prediction & I
Feature Extraction : : 1 9PN e st [ 1] |
| | 18: «— Vector(Assignment) 1
: 19: 'Tm”g” « HungarianAssignment (C, j) 1
Thermal Vision M°;ph°'°g'°a' ROI Feature HT_"""‘ | Lo if > D) then 7 b Mdentify undssigned_tracks 1
Sensor Est?:’lt:tri?)n Extraction Man;sgt:lrnyent | | g ;: | J ]f' ] — add(T; ) > Search Un_Assigned_Tracks :
. en
| | i skipped
23 if ([TVS_F; > maz )then 1
Frame Vector . I I 24: TVS. f1 — remove T{/'S _Fi) > Remove not detected tracks |
(TVS-FV) Map Features Space with ! ! 25: + remove (.A¢) > Remove assignments 1
Spatial Coordinate System | I 26 end if |
I (I if (size(D91974) . 0) then |
______________________________ ! | 28: | 7 « add(T;, D"”“’“g"e'i) &> Initialize New_Tracks for |
| un_Assigned_Detects
1 29: end if I
Lo i ot B S BEAA :
1: ate Kalman for etectes ontours
L 32: < TVS « Update K alman(TV S_F;, D) Predict, Update Kalman Occupant 1
- L= - = = SR LR 2 R TR L T _
H H H H H H 33: /* Iterate the No of contours, detections in the TVS_F; */
Highlight of the proposed idea Different to existing approaches = F 4 e o - 22 LS .
35: id — Ti(t
g 36: TVS_Fy 4 TVS Fuppenal TVS_Fis T, PF) & Draw tracks :
The detected contours are iterated per frame for * Most of the method don’t consider semantics of a 37:_mm (TVS_Filhistory ¢ TVE Fappena(TVS_Fi, ) o Contours & Tracks
tracking occupant’s motion model and their state detected object per frame with respect to the 5T rT ﬁﬁx;fﬁs 5 it Rafmim Prediciionand Gomection 7~~~ — — — I
. . : H . Tt t Number of Cont 1
history maintenance. background information. y T T S :
. . . X . TVS_F; +update (TVS_F;, P, [TVS_Filjisior,) > Kalman Effect |
Hungarian method for data association, and Kalman * Least importance is given to errors in object detection L TVS_F; 4 draw (P, [TVS_F i 1141r,) & Kalman prediction updation
. . o are . e . . : TVS_F; « draw_line (P, Ti1, Ti, S_Filwi
Filter for estimation and position prediction. and localization. 3 o o dranline (P2 Tovt, T [TVSFilhitory) \ *
= | RO E= = — = m — =
47 endeflmcu;l
48: end for return Ty7,pr
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Solution-1a & 1b: Experimental Setup & Results ,

No. of No. of T Description Evaluation Metrics
Dataset Activities Sensors

30 Binary, Floor Sensors, 15 * Classification Performance: : Precision, Recall, F-Measure, and Accuracy
UCaml [12] Discrete, Continuous BIE, fraelsiaiee Precision = TP / (TP + FP)
: Recall = TP / (TP + FN)
E)lg?ortumty 18 72 Continuous é":gu&sa‘:or)sé‘j’l')zicci' F-measure = 2 * ( Recall x Precision ) / ( Recall + Precision )
i &l Accuracy = (TP + TN) / (TP + FP + FN + TN)
UCI-ADLA & B Motion, Opening & % Magnetic, Pressure, , »
[14] 10 14 dlseitig ey s Elefitrlc, Passive IR, Reed * Processing Speed: Model Training (Average 0.894 seconds)
Switches, and Float sensors. + Validation: Tested on test data using leave one day out.

Experimental Settings Development Environment

Steps performed in Java development environment for prototype modeling of Semantic Imputation

Method: * Prototype development in Java IDE environment for Semantic Imputation
» Step-l: Synchronize the dataset based on the timestamps. Method with Deep Learning for Complex Human Activities Recognition.

* Step-ll: Retrieve the samples based on sliding window of 3 sec. * Trained the MLN (NN) Model using non-imputed and semantically enriched
* Step-lll: Ensure extraction for the no of features. imputed HAR datasets.

* Step-IV: Group feature samples per variable, apply concatenation function and validate the input.

e Step-V: Train the NN model based on the parameter detailed mentioned below.
e Step-VI: Apply the NN model on test data (Leave one day out method).
* Step-VII: Measure the statistical performance of classification task for trained model and test

Development APIs
data.

Step-VIll: Apply model on test-sets for each of the dataset. + Open-source, et deep D L4J

Hidden Layer learning library for the JVM Deep dk
Classifier Split Ratio Sampling Size Learning for Java A Y_jena

Deep Learning . . ( e - \
. i ®
Multi-Layer 0.7 Shuffled ReCt'f{j":i tLlnear 50 10 S Pl St wloll STFAROL GUEES o (&l
SPARQL

Network (NN)

by KYUNG HEE [1] Razzag, Muhammad Asif, et al. mICAF: Multi-level cross-domain semantic context fusioning for behavior identification." MDPI, Sensors 17.10 (2017): 2433.
UNTVERSITY [2] Razzag, Muhammad Asif, et al. "SemImput: Bridging Semantic Imputation with Deep Learning for Complex Human Activity Recognition." MDPI, Sensors 20.10 (2020): 2771. 06/1 1/2020
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(c) Non-imputed Opportunity dataset (d) Imputed Opportunity dataset (g) Non-imputed UCI-ADL (OrdéiiezB) dataset (h) Imputed UCI-ADL (OrdéiezB) dataset

Experimental Findings

* The Proposed SemIimput method increases an overall accuracy of 71.03% for a set of activities from non-imputed UCaml dataset to 92.62% by augmenting
semantically enriched values.

V4 * Opportunity dataset also showed significant rise in accuracy of 86.57%, to 91.71%. \

* An overall classification results were also improved for UCI-ADL Ordoinez-A raw dataset with 82.27% to 89.20% with missing value imputation. \ ®

° A global accuracy for UCI-ADL Ordoéiez-B dataset was improved from 84.0% to 90.34%.

by KYUNG HEE [1] Razzag, Muhammad Asif, et al. mICAF: Multi-level cross-domain semantic context fusioning for behavior identification." MDPI, Sensors 17.10 (2017): 2433.
% UNTVERSITY [2] Razzag, Muhammad Asif, et al. "SemImput: Bridging Semantic Imputation with Deep Learning for Complex Human Activity Recognition." MDPI, Sensors 20.10 (2020): 2771. 06/1 1/2020
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¥y KYUNG HEE [1] Razzag, Muhammad Asif, et al. mICAF: Multi-level cross-domain semantic context fusioning for behavior identification." MDPI, Sensors 17.10 (2017): 2433.
\ ev UNTVERSITY [2] Razzag, Muhammad Asif, et al. "SemImput: Bridging Semantic Imputation with Deep Learning for Complex Human Activity Recognition." MDPI, Sensors 20.10 (2020): 2771. 06/1 1/2020




Experiment results 29

Structured Data Unstructured Data

Solution ° Solution o

0
Toileting 003 0 101 050 032 816 09 0 308 [N Toileting 0.01 105 045 025 7.4 006 089

* Proposed method improved the individual activity accuracy in each dataset

Confusion matrix for per-class HAR using non-imputed & imputed UCI-ADL (OrdéiiezB) dataset
* Improved the global accuracy over each dataset.

Experimental Findings

* Recognition accuracy for UCI-ADL Ordodiez-A significantly up to 89.20%.
* The global accuracy for UCI-ADL Ordodfiez-B dataset was improved from 84.0% to 90.34%.

* Performance of proposed method with state-of-the-art show potential
accuracy gain.
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Solution-2: Experimental Setup & Results ,

Steps performed to pre-process the benchmarks & TVFs Table: List of benchmark dataset sequences and their details

sensor frames for occupant detection, state estimation and prediction: ﬂmm Threshold
» Step-1: Java-based standard libraries OpenCV [29] are used for processing JSON frames ETHZ-CLA [35] FLIR TAU320 324x256 659
and sequences.
q . . . 2 S 40 3xAXIS Q-1922 1920x480 3,000 120
» Step-2: Optimal binary threshold [36] value is sorted suited for each sequence for occer [40] 8 “ 8
maximum number of occupants. 3 Crouching [40] FLIR A655SC 640x480 625 125
» Step-3: Identify the detection using rectangular box identified by ID. Depthwise
» Step-4: Perform the feature extraction for each bounding box in every frame of the Crossing [40] FLIR AB55SC 640x480 858 135
sequences in the dataset. 5 Crowd[40]  FLIRPhoton320  640x512 78 110
* Step-5: Process the occupant state estimation per frame and manage history. - — e — — -
. e x
* Step-7: Use MATLAB interfaces API to perform per frame classification. — seq eimann ’

— I r Development Environment Evaluation Criteria
i

‘ & | Ak  Pascal, Intersection over Union (loU) Bounding
(a) (b) (c) (d) (e) () (g) (h) * Real-time prototype development in Java Rectangle, Ground-truth
—— IDE using Open Source OpenCV. (threshold ~ 0.5)
o S , « MOTA
3 111 ' j * MSE
(1) 4)] (k) (D (m) (n) (0) n  Accuracy, Robustness

(a) Empty smart living room. Single occupant activities shown as (b) Sitting (c) Standing (d)
Walking (e) Stretching (f) Fall Down. Multi-occupant activities shown as (g) Two persons Sitting
(h) One person Sitting while other Standing (i) One person Sitting while other Walking (j) One o _
person Standing while other Fall Down (k) Both persons Standing (I) One person Standing while Opencv » MOTA=1 - Zt (FN +FPt + IDSt) / Zt (Gt)
other Stretching (m) Both persons Walking (n) All are Walking (o) one person Walking while A s 53 MSE = ]_/n Z 1(BR — Gl)Z
‘ other one Stretching visual cbiect tracking challenge: \
@

% 10U(BR,, G) =BR, N G,/BR_U G,

o
C

X/
*

X/

*

”\épg%* KYUNG HEE * Razzaq, Muhammad Asif, et al. "uMoDT: an unobtrusive multi-occupant detection and tracking using robust Kalman filter for real-time activity recognition." Springer, Multimedia Systems Journal 26.5 (2020). 06/1 1/2020

UNT¥ERSITY

OpenSource: uMoDT framework source code. https://github.com/masifrazzaq/TVS-DTC
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Figure: Quantitative evaluations

UU_

600 800 0 200 400 600 800
(a) ETHZ-CLA Frame Sequence 4 (b) Soccer Frame Sequence
Figure: Examples of raw Input (I) frames and processed Output (O) frames using proposed ¥ 3
framework. (a) & (b) ETHZ-CLA (I1&0) (c) & (d) Soccer (1&0) (e) & (f) Crouching (1&0) (g) & (h) Depth 3 24 32
wise Crossing (1&0) (i) & (j) Crowd (1&0) (k) & (I) TVS-F (I&0) S M] | | ][ S
14, 1
Experimental Findings ° 200 200 50 S @ a0 w0 s oo
- (c) Crouching Frame Sequence 4 (d) DepthWiseCrossing Frame Sequence
* VOT-TIR2016 challenge provides labelled data whereas Ground truth in the 121 ,
. 10- 1
TVS_F,., was labelled using Labellmg an open API. E 8_ £
Q .| 0 <
* Use proposed methodology to detect and predict the occupants in the © i "’1 1 H
benchmark and TVS data. 21
0 0 T T T T J
* Quantitative evaluations using an automatic integration of counting algorithm 0 (e) Crowd FrameSequenoe ° 20(()f) wstmeegqumm 1o
with Kalman Filter occupant state prediction proves comparative better results.
Figure: Quantitative evaluations shown in (a) ETHZ-CLA, (b) Soccer, (c) Crouching,
* The best counting success rate for Soccer sequence with around 94.76% and (d) Depthwise Crossing, (e) Crowd, (f) TVS-F
¢ whereas, TVS_Fseq achieved an accuracy of 88.46%. \ .\
N/ KYUNGHEE * Razzag, Muhammad Asif, et al. "uMoDT: an unobtrusive multi-occupant detection and tracking using robust Kalman filter for real-time activity recognition." Springer, Multimedia Systems Journal 26.5 (2020).
N ev UNTVERSITY OpenSource: uMoDT framework source code. https://github.com/masifrazzaq/TVS-DTC 06/1 1/2020
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Solution-2: Results & Discussion 3,

1.0 1.04 0.6
Experimental Findings 0ol 0. ===
* ROC curves for 0.81 0.8 054 | | | |
accumulated TPR and FPR 071 0.7+ A <
using G; and predicted BR, 0.61 c 061 § "
with 10U>0.5. TVS_Fseq has | |€ o] 2 05 S 041 . ve
shown a larger area under . 04l £ 04 g B ETHZCLA
. .44 @ Soccer
the curve and proves the A Crouching
0.3 0.34 — ETHZCLA 0.3 W DepthwiseCrossing
robustness.  soceer & Crowd
0.29 —— Crouching 0.2 —— Crouching 4 TvsF
. i —— DepthWiseCrossing —— DepthWiseCrossin
* A highest area under the 01 —— Crowd 011 —— Crowd °
. TVSF —— TVS.F 0.2 . . T T
curves with an average e e A s==—=— T e 06 07 08 09 10
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97.16% precision rate for FPR Recall Robustness
TVS_F§eq and the lowest Figure: ROC curves for benchmark sequences & Figure: Precision-recall curves for benchmark Figure: Accuracy-robustness plot for the uMoDT with
one with around 72.04% TVS_F.., sequencesand TV S_F_, benchmarksand TV S_F_,
for ETHZ-CLA sequence.

* Effectiveness of the proposed method to be most robust (computed ataset eed Bochinskietal.[30] 5702 70278  57.1 2167

through reliability function defined by eS(F/N) )on TVS_Fseq ETHZ-CLA 441 5.58 0.61 0.44 1.04 Wanetal. [31] 10604 56182 62.6 1389

(positioned most right) but it was surpassed by Crouching sequence SoGeCTN I 1540 74.42 245 0.94 039 519 Bewley etal. [36] 7318 32615  33.4 1001

which appeared to be more accurate (positioned higher). Crouching 163 428 5717 243 0.8 029 108 Murray etal. [37] 3130 76202 27.4 786

Depthwise 456 408 53.03 180 0.72 0.38 0.96 Chen et al. [10] 9253 85431 47.6 792

. . Crowd 110 211 57.4 110 0.81 0.41 12.27 Gade et al. [29 9.80% 18.80% 70.36 219
Proposed method demonstrated better performance in terms of R > T = 087 a2 Sl [29] 2 2 .
MOTA for benchmark like Soccer sequence score of 74.42% and for | L--->=-o2 : : : : } L_UMODT (TVS _F..,).__52 SLCN MO TICN .

Table: Evaluation comparison for the uMoDT
framework against other techniques

TVS F_ score of 64.26%. : Evaluation comparison of the uMoDT framework for

benchmark sequencesand TV S_F__,
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Unstructured Data

sovion @)

Structured Data

No. of
Experimental Findings

TVS_F,,

confusion matrix.

occupant activity, i.e.,

test split of TVS_F,

* An average accuracy of 97.34% was achieved with a learning rate of 0.01 for 28,485

The test split contained 1,920 TVS-F for validating 16 activities as mentioned in the

* Precision, Recall and F-Measure. By visualizing these, it can be concluded that multi-
(Actg) with both occupants Standing and (Act,,) with one
occupant Standing and other one Walking has shown the lowest performance for the

Algorithm m Figure: Classification accuracy CNN -TVS-F_,

ETHZ-CLA [35]
Soccer [40]
Crouching[40]
Depthwise [40]
Crowd [40]

TVS_F,

TVS-MoDT

TVS_F (O 1)

seq

TVS_F__ . (0=2)

seq

TVS-AR

‘Table: Processing time for benchmarks & TVS_Fseq with

TVS-MoDT & TVS-AR algorithms
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W Precision
® Recall
A F-Measure

Acts Actd ActiD Actll Acti2 Actl3 Actld Actls Actis

Activity

Act1l Single FallDown
Act 2, Act3 Single, Multi Sitting 1, 2
Act4 Multi SittingStanding 2
Act 5 Multi SittingWalking 2
Act 6, Act8 Single, Multi Standing 1,2
Act 7 Multi StandingFallDown 2
Act 9 Multi StandingStretching 2
Act 10 Multi StandingWalking 2
Act 11 Single Stretching 1
Act 12, Actl5, Actl6  Single, Mutli Walking 1,2,3
Act 13 Multi WalkingFallDown 2
Act 14 Multi WalkingStretching 2
Table: List of 16 activities recorded for data collection
Ground Truth Activities )
£ £ § § £ £ &£ %8 5 § § 3§ § 5 & 3
< = =< < < < < = < < < < = =< =< <
Acty o 0o o0 o O ©O 0 0 0 0 0 0 0 0 0
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Aty 00 o g8 o o o o o 0 O 0O 0 0 0 0
y Act; 00 0 24 o 0 o0 0 O O O 0 0 0 0
2 4 0 0 0 0 0 o 0 o0 o0 0 O 0 0 0 0
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Aty 0O 0 0 0O 0O O O 0O 0 0 0 0 0 0 0 \
Actyg 0 0 0 0 0 0 0 0 0 0 0 0 0 0 ®

Table: Average accuracy confusion matrix for multi-occupant HAR
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Conclusion

Conclusion

Thesis Contributions

1. An accurate and comprehensive multi-strategy Imputation method to keep data semantics intact.
— Design and Implementation of an ontology based proposed method for modeling HAR datasets.
— Achieved an average ~6.13% increase in accuracy as compared to state-of-the-art approaches.

2. A robust and unobtrusive method for multioccupant state imputation using per frame object

semantics.
— Designed and developed real-time multi-occupant detection, tracking, missing state estimation per frame
activities classification.
— Achieved highest accuracy 74.42% on publicly available VOT-TIR2016 benchmark with ~9.43% global
accuracy gain.

* An accurate and robust methodology to improve the quality of HAR multimodal publicly available

datasets.
* An end-to-end real-time implementation and evaluation method, which can deal with any form \
of incomplete HAR datasets. N\ °
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Future Work

Applications

Proposed methodology contributes in pre-processing and enhancing the quality of data, which is the key step in
most of Pervasive computing applications in addition to:

* Smart home systems'2

* Elderly care3

* Health and Wellness applications1'2
* Security and Surveillance3

* Industrial applications?

* Prior knowledge of Sensors, data outputs to represent activities in Domain-Specific Ontologies.

* Extend the methodology for automatic generation of ontology through sensor data.
* Extend the multi-occupant position estimation using multiple thermal cameras.

vy Y KYUNG HEE Razzaq, Muhammad A mICAF: Multi-level cross-domain semantic context fusioning for beha e ion." MDPI, Senso .10(2017):2433.
\t’fe% UN [2] Razzag, Muhammad ut: Bridging Semantic Imputation with Deep Learning for Complex Human Activity Recognition." MDPI, Sensors 20.10 (2020): 2771. 06/11/2020
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