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Background

1. In real-world Human Activity Recognition (HAR) applications, 

missing values [5] results in loss of data integrity [6], 

misleading conclusions [20], 

and unfair performance[22]. 

2. To recovermissing values, statisticalrecovery methods[2]

improve prediction accuracy[4] in classification tasks, 

making the models less efficient by ignoring internal semantics.

06/11/2020

Sensor-based 
Data

Vision-based 
Frames

Multimodal 
Sensory 

Data

Incomplete 
Data

Preprocessing

Decreased
Accuracy 

Å Human Error
Å Interruption 
Å Privacy 

Å Ignores Semantics
Å Uncertainty
Å Deal Implicitly 

Complete 
Data

Å Bias
Å Variability 
Å Inaccurate 

Incomplete 
Data

Å Understand Semantics 
Å Retains Consistency
Å Monitor Patterns

Classification 
Methods 

Improved
Accuracy 

Existing Methods [5-6]

Proposed Methods

Classification with 
RecoveredValues 

Preprocessing

Å Consistent
Å Accurate
Å Robust

Classification with
Missing Values

3. Preprocessing[7] observed data

using semantics[19] information 

with appropriate inference[24] 
adjustment

can improve prediction accuracy 
[16] 

can address classificationin time
seriesprediction problems.

How to recover Missing values?



Existing Approaches Research Outcomes 
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Motivation(1/3)
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For building a viable predictive model [6] preprocessingof missing values during data preparation 
is an important and critical step.

Following benefitspropel us to perform this work:-
Accurate estimation for statistical analysis [7].
Preservation of inter-variable semantics[17-18]. 
Minimize the biasbetween the missing and complete data [7].
Samplingof different and irregular time-series data[15].
Reduction of misleading inferences[16].
Handlingvariety of Data [7].

R Reasons O Characteristics A Advantages

R

R

Numerous Statistical 
methods exists

Missing values 
mostly deleted or 

correlations ignored

R Reasons C Characteristics A Advantages

Enrich semantic 
properties of data 

Bias
Minimization

Improves 
Data Quality

Ensures
Data Consistency

C

C A

AMethodology

Accurate

Preserved 
Semantics

Proposed Research

Why to recover missing values?
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ÅStructured
Å Discrete 

(Numerical)

Å Continuous 
(Numerical)

Å Nominal 
(Categorical)

ÅUnstructured

Variety of Data 
Formats in smart-

homes environment

Computational modeling of Activities

Motivation(2/3)
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Motivation(3/3)
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Existing Approaches [28,42]



Research Taxonomy[1,5, 6,11-15,17,28, 42]

7

×The explicit modeling imputation 
[6] methods: 
(i) preserves the data, 
(ii) gives better estimates and are 

better suitedfor numeric 
datasets.

×Knowledge-based imputation models allows [42]: 
(i) Solution for uncertainty, 
(ii) easy to implement, 
(iii) cater data semantics, 
(iv) represents complex data semantics, 
(v) robust to noisy data.

× In vision-based approach, provides accurate 
state estimation [28]

Choose

06/11/2020

×MAR   :  Missing at random
×MCAR : Missing completely at random
×MNAR: Missing not at random 

Figure: Imputation Methods in a representative Taxonomy



Problem Statement
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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 reducedoverall performance[3] 
and robustness[4,5] of the smart home environment. 

How to minimizethe missingvaluesand maximizethe quality of datasetsby keepingsemanticsintact?
[7,8]

Howto providean empiricalmethod to provedataconsistencyand improveaccuracyfor structuredHAR
data?[16]

Howto proveHARrobustnessfor unstructuredHARdataset[4]

Identified Challenges

C1

C2

C3

Problem Statement 
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Å Lack method to keep the internal semantics

Å Lack of support to handle multivariate data 

Å Lack methods for keeping the data consistent

Å Not fully compliance with missingnessfor data completeness

Å No proven method for explicit features for objects per frames

Å Lack techniques to handle per frame object data association 

Å Less attention to trace missed detection per frame

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

Limitations of 
Existing Work

Categories Methodologies
Multiple Data 

Sources
Semantic Data 

Enrichment
Data Biasness handling

Extract New 
Knowledge

Benefits Limitations

Knowledge-
based

Modeling

[SDI] Semantic based data 
Imputation [42] ֙ ֙ ֙ Low Computation Cost

Cannot deal with Numerical Data, Time-based 
data

[CEL] Ontologies based ADL [9] ֙ Automatic feature generation Cannot handle time-dependent missing values

[RADL] Recognizing ADLs using 
ontology [8] ֙ ֙ Discovers new patterns

Lacks handling of missing data and associated 
rule simplification

[KCAR] Knowledge-based 
Concurrent Activities    [43] ֙ ֙ ֙

Models Sensor events in 
ontology

Lack capability to distinguish 
activity models 

[OSCAR] Ontology-driven 
Concurrent Activities   [1] ֙ ֙ Data-driven & knowledge-driven

Hard to achieve action sequences and missing 
data handling 

[TSSD] Semantic Sensor Data 
Modeling   [38] ֙ ֙ ֙ ֙ Provides semantic similarities

ML methods with ontology approach ignores 
most of information with biased results

Estimation-
based 

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 & ML 
Feature extraction

Single user method lacking support for multi-
user data association

[DMF] Morphological Filtering [27] ֙ ֙ ֙ Effective for binary images Lack method for explicit feature extraction

Semantic-
aware Data 
Modeling

Semantic-aware Data 
Imputation

Unstructured & 
Structured

Semantic enriched 
Data Preparations 

Ontology Modeling & 
State Modeling

Inferencing 
Support

Accurate &Robust
Prior knowledge of 

Data Domain

C1 C2

C3
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Our Approach: Limitation, Objective, and Proposed Solution
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Challenge: 3 Solution-2

Challenge: 2 Solution-1b

Challenge: 2, 3, and 4

Challenge: 1 Solution-1a

Solution-2

Impute missing states in 
unstructured data representing 
multioccupant per frame

Limitations and Challenges Proposed Solution Objectives 

Multioccupant State Imputation 
usingLow resolution thermal 
frames

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

Recognition of Highly AccurateHuman Activities over Semantically Imputed HAR dataset

Goal

Retainconsistency after Structural 
and missing values imputation 
resulting in complete data

Apply semantic structural and 
instance properties with Multi -
strategy ImputationMethods

Data Consistency& Completeness

Understand accuratelysemantics 
for multivariate HAR data

Implicit knowledge discovery 
through inference using 
SemImputOntOntology by 
modelling datasets

Multivariate data modeling by 
keeping the internal semantics

Highly Accurate
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Thesis Map
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Multimodal 
Dataset 

Unstructured Data Structured Data

Algorithm 3
Multioccupant 
Feature Vector

Extract implicit shape-
basedand motion-

based featureson high 
resolution RGBFrames

Algorithm 4
Multioccupant 

State Imputation

CV-based classification 
methods ignore object 
semantics for missed 

detections

Algorithm 1
SemImputOnt 

Modelling

Uses relational data 
based statistical 
models but lack 

inference mechanism

Algorithm 2 
Multi -strategy 

Imputation Method

Single / Multiple 
Imputation methods 
most often involve 

implicit correlations 
leading to biasness

Solution 1a Solution 1b Solution 2

Problem: Multivariate 
Semantics?

Output:  Transform 
Structured data 
into instance-
based Knowledge 
model

Problem: Inconsistency & 
Missingness

Output:  Completeness 
Consistency & 
Multivariate 
Semantic 
preservation

Problem:  Per Frame Object 
Semantics

Output:  Array of 
morphological 
features for 
multioccupant per 
frame

Problem: State Imputation  
& Data Association

Output:  Detects, Tracks, Re-
identify, impute 
object per frame 
with data 
association

Input

HAR

Output

Challenges
×Uncertainty
×Lack of 

multivariate 
semantics

× Incompleteness
× Inconsistent
×Accurate 

estimation

[1] [2] [3] [3]

Existing Methods Existing MethodsExisting Methods Outcomes

×Loss of efficiency
×Poor Accuracy 
×Data Analysis 

Complications

Outcomes

×High Accuracy
× Increased 

Robustness

Existing Methods

C1 C3C2 C3

[1]    Razzaq, Muhammad Asif, et al. mlCAF: Multi-level cross-domain semantic context fusioningfor behavior identification." MDPI, Sensors 17.10 (2017): 2433.
[2]    Razzaq, 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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Proposed Solutions
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L
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tio

n
s

1

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

2

S
o

lu
tio

n
s

1

2

Introduced a robust
HAR approach with 
multi-occupant state 
estimationusing real-
time privacy preserved 
technique with per 
frame occupant data 
association.

Proposed a practical
schemefor keeping 
multivariate semantics
intact amongst time 
series HAR data.

1a

Proposed an 
efficient imputation 
approach for Data 
consistencyafter 
replacing missing 
values. 

1bAlgorithm 1a: 
SemImputOnt Modeling

Semantic Imputation Method
Solution-1a

Solution-1b

Solution-2
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[1,8,9,38,43] Existing 
methodologies mainly 
uses statisticaldata 
imputation methods by 
ignoringmultivariate
semanticsleading to 
unnecessary 
correlations, biasness
and inconsistencyin the 
data after imputation, 
which leads to 
inaccurateresults.

C1

C2

C3

Algorithm 1b:
Multi -strategy Imputation

Algorithm 3: 
Multioccupant 
Feature Vector

Algorithm 4:
Multioccupant State 

Imputation

[1]    Razzaq, Muhammad Asif, et al. mlCAF: Multi-level cross-domain semantic context fusioningfor behavior identification." MDPI, Sensors 17.10 (2017): 2433.
[2]    Razzaq, 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).

[1]

[2]

[3] [3]
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Razzaq, Muhammad Asif, et al. mlCAF: Multi -level cross-domain semantic context fusioningfor behavior identification." MDPI, Sensors 17.10 (2017): 2433.

Solution-1a: SemImputOntModelling

Incomplete 
HAR Datasets

RDB Schema

TDB

Terminology -BOX

Assertion-BOX

Extract Formal 
Semantics

HAR Knowledge base

Subsumption 

Instance 
Mapper

Workflow for SemImputOnt Modelling 

Reasoner

06/11/2020

Complete 
Data

Multi -Strategy Imputation
Semantic 

Data
SemImputOnt Modelling

Incomplete 
HAR 

Dataset
Solution-1a Solution-1b

HARMultioccupant State Imputation

Solution-2

Domain Specific 
Ontology Model

Instance  
Instantiator 

Input
Structured Data

Output
Semantic Data



Output
Semantic Data
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Razzaq, Muhammad Asif, et al. mlCAF: Multi-level cross-domain semantic context fusioningfor behavior identification." MDPI, Sensors 17.10 (2017): 2433.

Solution-1a: SemImputOntModelling (1/4)

Incomplete 
HAR Datasets

RDB Schema

Concept 
Mapper

Domain 
Ontology Model 

TDB

Terminology - BOX

Concept 
Instantiator

Role 
Instantiator 

Assertion - BOX

Extract Formal 
Semantics

Role Mapper
Concept 

Equivalence

HAR Knowledge base

Rules

Concept
Assertion

Instance 
Mapper

Role
Assertion

Workflow for SemImputOnt Modelling 

P
ro

p
e
rt

ie
s 

OWL

Reasoner

Å Identifies the ClassConcepts, Relationships(Object 
Properties & Data properties). 

ÅConstructs the semantic rules defining individual 
complex human activities. 

ÅSemImput Ontology model maps time-series HAR 
datasets by understanding semantics.

ÅData usually stored in flat files or relational databases
using relational dependencies.

ÅStatistical models introduce biasnessin the data by 
selecting equality neighbors for data repair.

ÅStatistical Imputation increases unnecessary 
correlations, which lead to performancedegradation.

06/11/2020

Complete 
Data

Multi -Strategy Imputation
Semantic 

Data
SemImputOnt Modelling

Incomplete 
HAR 

Dataset
Solution-1a Solution-1b

Highlights of the idea

Different to existing approaches

HARMultioccupant State Imputation

Solution-2

Input
Structured Data
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Razzaq, Muhammad Asif, et al. mlCAF: Multi-level cross-domain semantic context fusioningfor behavior identification." MDPI, Sensors 17.10 (2017): 2433.

Solution-1a: SemImputOntModelling (2/4)

06/11/2020

Complete 
Data

Multi -Strategy Imputation
Semantic 

Data
SemImputOnt Modelling

Incomplete 
HAR 

Dataset
Solution-1a Solution-1b

HARMultioccupant State Imputation

Solution-2

Incomplete 
HAR Datasets

RDB Schema

Concept 
Mapper

Domain 
Ontology Model 

TDB

Terminology - BOX

Concept 
Instantiator

Role 
Instantiator 

Assertion - BOX

Extract Formal 
Semantics

Role Mapper
Concept 

Equivalence

HAR Knowledge base

Rules

Concept
Assertion

Instance 
Mapper

Role
Assertion

Workflow for SemImputOnt Modelling 

P
ro

p
e
rt

ie
s 

OWL

Reasoner

ÅAnalyseand samplethe raw sensor time-based to 1-sec and 
store in temporary DB. 

Å Identify core vocabulary to represent the complex concurrent 
sensor temporal patterns.

ÅDesign and construct SemImputOntontology using extracted 
knowledge asT-Box terminologies. 

Å Identifies formal structural semantics mappings for correlated 
variables through SemImputOnt HAR Knowledge base for each 
activity.

ÅEach of multivariate variable comprising an activity is definedby 
a separate conjunction for every involved sensors

ÅEnsures each of activity structure and instance is linked with 
ranges of time.

ÅPerforms the consistencychecking for each of the object and 
instance using Reasoner.

Proposed Algorithm 1 : SemImputOnt Modelling

1

2

4

3

1

2

4

3
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Razzaq, Muhammad Asif, et al. mlCAF: Multi-level cross-domain semantic context fusioningfor behavior identification." MDPI, Sensors 17.10 (2017): 2433.

Solution-1a: SemImputOntModelling (3/4) (Proof of Concept)
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Complete 
Data

Multi -Strategy Imputation
Semantic 

Data
SemImputOnt Modelling

Incomplete 
HAR 

Dataset
Solution-1a Solution-1b

HARMultioccupant State Imputation

Solution-2

.ǊŜŀƪŦŀǎǘ  !ŎǘƛǾƛǘƛŜǎ 
hasBinarySensorObject.SensorKitchenMoveme
nt hasBinarySensorState.(Movement U 
NoMovement) hasAccelerometer.(x y 
z) hasDevice.(Device1 Device2) 
hasFloorCapacitance.(C1 C2 C3 C4 C5 

C6 C7 C8) V hasBLESensor.(Tap 
hasRSSI.RSSIU FoodCupboard hasRSSI.RSSI
U Fridge hasRSSI.RSSIU WaterBottle
hasRSSI.RSSI) V hasDaySession.Morning

Class Equivalent Axioms

Domain Ontology

Class Definition Axioms

Semantic 
Equivalance

Incomplete 
HAR Datasets

RDB Schema

Concept 
Mapper

Domain 
Ontology Model 

TDB

Concept 
Instantiator

Role 
Instantiator 

Extract Formal 
Semantics

Role Mapper
Concept 

Equivalence

HAR Knowledge base

Rules

Concept
Assertion

Instance 
Mapper

Role
Assertion

Workflow for SemImputOnt Modelling 

P
ro

p
e
rt

ie
s 

OWL

Reasoner

1 2

3

1

2

3 4

4

Terminology - BOX

Assertion - BOX
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Breakfast

hasSensorKitchen
Movement

hasBinaryState

hasAccelerometer
X

hasAccelerometer
Y

xsd:str

xsd:str

xsd:float

xsd:float

Breakfast_
Instance1

hasSensorKitchen
Movement

hasBinaryState

hasAccX

hasAccY

Sensor Kitchen 
Movement

Movement

93.22

107.21

Breakfast_
Instance2

hasSensorKitchen
Movement

hasBinaryState

hasAccX

hasAccY

Sensor Kitchen 
Movement

Movement

93.25

107.24

Binary
Sensor 
Object

Binary 
Sensor 
State

Acc
X

Acc
Y

Χ
.

Sensor 
Kitchen 

Movement
Movement 93.22 107.21 Χ

Sensor 
Kitchen 

Movement
Movement 93.25 107.24 Χ

Χ Χ Χ Χ Χ

Concept
Assertion

Role
Assertion

Rules

<!-- http://www.semanticweb.org/ontologies/2020/8/SemImputOnt#BreakfastInstance1 -->

<owl:NamedIndividual
rdf:about="http://www.semanticweb.org/ontologies/2020/8/SemImputOnt#BreakfastInstance1">

<rdf:type rdf:resource="http://www.semanticweb.org/ontologies/2020/8/SemImputOnt#Breakfast"/>
<SemImputOnt:hasBinarySensorObject

rdf:resource="http://www.semanticweb.org/ontologies/2020/8/SemImputOnt#SensorKitchenMovement1"/>
<SemImputOnt:hasBinarySensorState

rdf:resource="http://www.semanticweb.org/ontologies/2020/8/SemImputOnt#movement1"/>
<SemImputOnt:hasAccX

rdf:datatype="http://www.w3.org/2001/XMLSchema#float">93.22</SemImputOnt:hasAccX>
<SemImputOnt:hasAccY

rdf:datatype="http://www.w3.org/2001/XMLSchema#float">107.21</SemImputOnt:hasAccY>
</owl:NamedIndividual>

Activity
Breakfast

BinarySensorObject

BinarySensorState

Accelerometer

BLESensors

Tap

FoodCupboard

Fridge

WaterBottle

Session

Time

Open Closed

Main Thread

Thread 2

Thread 3

Thread n

ω Ŏǉ1: Valid Opensensor state
ω Ŏǉ2: Valid Closedsensor state
ω Ŏǉ3: Start-time of Next, sensor state
ω Ŏǉ4: Sensor having Openstate within the sliding window
ω Ŏǉ5: Sensor having Closedstate within the sliding window
ω ŎǉсΥ ǎǘŀǊǘ-time and still Opensensor states
ω ŎǉтΥ ǎǘŀǊǘ-time but Closedsensor states
ω ŎǉуΥ ŜƴŘ-time but still Opensensor states
ω ŎǉфΥ ŜƴŘ-time but Closedsensor states

Å Identify mappingsof structural data with ontology knowledge 
base for each of instance representing Activities. 

Å Perform the consistencychecking for each of the instance in a 
sliding window (3-Sec)

Å Each of conjunctionrepresents and initializes thread for each 
involved sensor

Å Most of the statistical methods initialize inter-variable mappings 
implicitly which introduces unnecessary relations. 

Å No mechanism of checking data consistencyexists until the 
process of classification is achieved.

Concurrent States Management

Breakfast Instance in OWL/RDF

Inconsistencies Analysis

T-BOX

A-BOX

Highlights of the idea Different to existing approaches

Relationship Modelling, Segmentation & Instance Initialization

Solution-1a: SemImputOntModelling (4/4) (Proof of Concept)

Concept relations 
lattice building 

!ƭƭŜƴΩǎ ǘŜƳǇƻǊŀƭ-based 
logic primitives

Class Expression 
Axioms

Object Properties 
Axioms

F
u

n
c
tio

n
a

l O
b

je
c
t 

P
ro

p
e

rtie
s

Datatype 
expressions

2

1

1

1

1

2
2

2

2
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Razzaq, Muhammad Asif, et al. "SemImput: Bridging Semantic Imputation with Deep Learning for Complex Human Activity Recognition." MDPI, Sensors 20.10 (2020): 2771. 06/11/2020

TDB

HAR 
Knowledge 

base

Reasoner

Multi -Strategy Imputation Methods

Complete 
Data

Sensor Data 
Retrieval

Structural 
Imputation

T-
B

O
X

A
-B

O
X

Complete 
Data

Multi -Strategy Imputation
Semantic 

Data
SemImputOnt Modelling

Incomplete 
HAR 

Dataset
Solution-1a Solution-1b

HARMultioccupant State Imputation

Solution-2

Multi -Strategy Imputation Method

Sensor Data 
Expansion

Instance 
Imputation
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TDB

HAR 
Knowledge 

base

SPARQL Query 
Engine

Temporal Data 
Retrieval

Conjunction 
Separation

Matrix 
Transformation

Row Vector 
Function

Sensor Object 
Identification

Reasoner Mapping 
Manager

Subsumptions 
Retrieval

Inconsistent 
Assertions

Multi -Strategy Imputation Methods

Complete Data

Discrete 
Data

Continuous
Data

NOCB Max

MeanLOCF

Imputed 
Matrix 

Sensor Data Retrieval Structural Imputation

Instance Imputation

T-
B

O
X

A
-B

O
X

Sensor Data Expansion

Complete 
Data

Multi -Strategy Imputation
Semantic 

Data
SemImputOnt Modelling

Incomplete 
HAR 

Dataset
Solution-1a Solution-1b

HARMultioccupant State Imputation

Solution-2

Å Identifies the structures of the labelled data and ensures 
structural completenessin target instances.

ÅBased on the nature of incomplete data, appropriatestrategyto 
accomplish instance repair is selected.

Å Instance Imputation uses time-based SPARQLconstructs. 

ÅData remains consistentafter multi-strategy imputation.

ÅDraws samplesand initiate unnecessaryattribute relations.

ÅLacksformal theoretical justification.

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

Highlights of the idea

Different to existing approaches

Workflow for Multi -Strategy Imputation Method

╘_╒╓(═□ )╘_╓╓(═□ )
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HAR 
Knowledge 

base

SPARQL Query 
Engine

Temporal Data 
Retrieval

Conjunction 
Separation

Matrix 
Transformation

Row Vector 
Function

Sensor Object 
Identification

Reasoner Mapping 
Manager

Subsumptions 
Retrieval

Inconsistent 
Assertions

Multi -Strategy Imputation Methods

Complete Data

Discrete 
Data

Continuous
Data

NOCB Max

MeanLOCF

Imputed 
Matrix 

Sensor Data Retrieval Structural Imputation

Instance Imputation

T-
B

O
X

A
-B

O
X

Sensor Data Expansion

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

Proposed Algorithm 2 
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Sensor 
Data 

Retrieval

Structural 
Imputation

Instance 
Imputation

Sensor 
Data 

Expansion

Imputed 
Matrix 
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Instance Imputation

ÅIdentifies the structures of the labelleddata and ensures 
semantics completeness in test instances.

ÅBased on the nature of Incomplete data, appropriatestrategy
for Instance Imputation is selected.

ÅInstance Imputation is performed for MAR, MCARand MNAR. 
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Missing Values

Missing Values
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Solution-1b: Multi-Strategy Imputation (3/4) (Proof of Concept)

Input: Semantic Data
Output: Complete Data

Highlights of the idea
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06/11/2020Razzaq, Muhammad Asif, et al. "SemImput: Bridging Semantic Imputation with Deep Learning for Complex Human Activity Recognition." MDPI, Sensors 20.10 (2020): 2771.

Existing Method

ÅWorks with Missing at Randomdata only.

ÅProduces biasedestimateswith non linarites, not MAR 
data or data with high dimensionality.

ÅDeals multidimensional data with same criteria.

ÅRequires two models i.e. imputation modeland analysis
model to perform analysis on imputed data. 

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

Existing Approaches Limitations: [1,5-6,9,11]

Proposed Idea

Algorithm: Multivariate Imputation by Chained Equations

Algorithm 2: Multi-strategy Imputation Methods
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Solution-2: Multioccupant StateImputation (1/3)

06/11/2020Razzaq, 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).

Workflow for Multioccupant State Imputation

Complete 
Data

Multi -Strategy Imputation
Semantic 

Data
SemImputOnt Modelling

Incomplete 
HAR 

Dataset
Solution-1a Solution-1b

HARMultioccupant State Imputation

Solution-2

ÅMulti -occupant state estimationusing real-time privacy 
preserved technique through low-resolution thermal vision 
grayscale frames.

ÅEfficient method to locateoccupant, predict motion and 
manage inter-frame data association.

ÅA Robust method for complete, coherent and correct 
detection, tracking and classificationƻŦ ŀƴ ƻŎŎǳǇŀƴǘΩǎ 
activities.

ÅShape-based andmotion-based classification without any 
evidence of object semanticsexplicitly.

ÅAvoid complexitiesrelated to detection, tracking and 
classification of complexactivities,which further increases 
with low resolution frames.

Highlights of the idea

Different to existing approaches
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06/11/2020Razzaq, 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).

Workflow for Multioccupant State Imputation

Solution-2: Multioccupant StateImputation (2/3)

Algorithm 3

ÅUsing TVS frame sequence, segments to detect foreground and apply the Low 
thresholding. 

ÅEstimate the occupant features using morphological filtering, binarization and 
computing occupant semantics such as centroid, perimeter, area within bounding box. 

ÅMost of the methods either directly detect using classificationmethods without any 
evidence of object semanticsexplicitly.

ÅVery few methodologies deal with such a low resolution of frames obtained through 
thermal vision sensor for recognizing complex activities.

Highlight of the proposed idea Different to existing approaches

1
2 43 51

2

3

5

4
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06/11/2020Razzaq, 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).

Workflow for Multioccupant State Imputation

Solution-2: Multioccupant StateImputation (3/3)

ÅThe detected contours are iterated per frame for 
ǘǊŀŎƪƛƴƎ ƻŎŎǳǇŀƴǘΩǎ motion model and their state 
history maintenance.

ÅHungarianmethod for data association, and Kalman 
Filter for estimation and position prediction.

Åaƻǎǘ ƻŦ ǘƘŜ ƳŜǘƘƻŘ ŘƻƴΩǘ ŎƻƴǎƛŘŜǊ semanticsof 
detected object per frame with respect to the 
background information.

ÅLeast importance is given to errors in object detection
and localization.

Highlight of the proposed idea Different to existing approaches

Algorithm 4 

1

2

3

5

4

1
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