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Abstract

Que-Aware Adaptive Windowing for Spatiot ¢

Event Processing for Internet of
by Piyush Yadav

With the evolution of the Internet of Things (loT), there is an exponential rise in
sensor devices that are deployed ubiquitously. Due to the extensive usage of loT
applications in smart tes, smart homes, selfiving cars, and social media, there

is enornous growth in multimedia data streams like videos and images. We are now
transitioning to an era othe Internet of Multimedia Things (IoMT), where
unstructured data like videos are dounbusly streamed fromisual sensordike

CCTV cameras and smartphonedideo data is highly expressive and has
traditionally been very difficult for a machine to interpret. Middleware systems such
as Complex Event Processing (CEP) mine patterns from stiagams and send
notifications to users in a timely fashion. CurrélEP systems have inherent
limitations to mine event patterns from video streams due to their unstructured data
model, lack of expressive query languaged resource intensiveness. This work
introducesVidCEP, adatadriven, distributed, on the fly, near retine complex

event matching framework for video streawith five key contributions

1) Expressive Video Event Query Langua@eirrent event queryahguages are
highly focused on temporal reasoning. A Slide declarative Video Event Query
Language (VEQL) is proposed which enables dbamed spatiotemporal video
event matching withouteeding to focusn low-level video features. The VEQL

enableghe creation of robust spatiotemporal operators uaihgbrid approach

2) Structured Video Stream Representatidhe work introduces Video Event
Knowledge Graph (VEKG), a knowledge graph driven model of video data streams
usinganensemble of deep learginmodels and VEQIloperators VEKG creates a
semantic knowledge representation of video data by modeling video objects as nodes

and their relationship interaction as edges over time and.space

3) Query and Stataware stream summarizatio®@bjects coexist@oss multiple
frames leadingto the creation of redundant nodes and edges at different time
instances that result in high memory usage and increased matching time. The work

introduces two novelstate and mukquery based spatiotemporal graph

\
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summarizatns of VEKG streamsTime Aggregated Graph (VEKGAG) and
Event Aggregated Graph (VEKEBAG) for an efficient statdased event matching

4) Resource constraintlistributed contentdriven windowing An adaptiveand
contentdriven windowing technique VIBDWIN is proposedo improve Quality of
Service (QoS)VID-WIN instances are deployed over edge and cloud to perform
efficient statebased video event matchinghe VID-WIN adopts resource and
gueryaware runtime optimization strategies to ingwe the CEP matching

performanceunder limited available resourcasdapplication requirements.

5) VIdCEP Complex Event Processingramework The above techniques are

integrated ito Video Complex Event Processingumework (VACEP) A prototype

of the famework is developedhich performs quenbased video event pattern

matching in a distributed settinglhe VIdCEP capability is demonstrated using a

realwork traffic estimation service for OpenStreetMap.

A total of 18 event rulesare defined from the traffic managemenand activity
recognitiondomain.Extensive experiments have been performed a@0skatasets
consistingof more than 3900 video clige evaluate the performance and efficacy

of proposed techniquesResults of this study show thatidCEP achieves a
throughput of approximately 70 frames per second (fps) for five parallel streams (at
17fps)with subbsecondnatching latencyThe systensuccessfullydetecs different
spatiotemporal video event patterns with good-s€ores (0.51-0.90). The
optimizationtechniques proposed the thesis improves5X search timg~2.3X

throughputand ~99% bandwidth savings.
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Chapter 1

Introduction

TUBILNAGMu§ 6aUso6znNi

K £ 2t SKe

Arise. Awake. And stop not till thgoal is reached

- Katha Upanishad

1.1 EMERGING TRENDS

There has beestremendougirowth in technologyevolving different hardware and
software techniquei recent years, internebnnected devices collectively referred

to as the Internet of ThindgkT) have become ubiquitouss per loFanalyticsthe
number ofactive connected deviceseexpected to grow 10 billion by 2020 and 22
billion by 2025 with a 39% compound annual growth rate in its global mddet

Due to the boost in sensing and actuation capabilities, 10T sensors are generating a
vast amount of streaming data. This has enabled the development of new innovative
applications, platforms, and disruptive technologies. Different analytics like
businessritelligence, surveillance, and monitorifigy 3] are performed over these
streaming data to gain valuable insights. To this end, middlefaracts & a
communication abstraction between data producers (sensors) and consumers
(applications) which are deployed in a distributed setting. Middleware systems like
eventbased systemfb] perform consistent and timely event detection and mine

patterns by analyzing the streaming data.

Eventbased systems hamew evolved fromacommunicatiorcentricrole towards
more application logic, enabling detection capabilities in data streaiffsrent
eventbased systems like Data Stream Management System (DfvE)and
Complex Event Processing Systems (CER)12] work on massive data streams.
CEP system detects complex patsanging a combination of simple patierover
the stream§13]. During the last decad€omplex Event Processing (CHE) 14]



systems have been increasingly adopted fortnerd analysis in different domains

including, maritime surveillandeL5], traffic [16], and financial applicationd.7].

1.1.1 A Shift in Data Landscape: Increasing Proliferation of Video Data

Consumer Internet Traffic (2017-2022)
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Figurel.1 Consumeinternet traffic(2017%2022) (CiscdReport)[18]

Due to extensive usage of 0T applications in smart cities, smart homedr\@el

cars, and social media, there is enormous growth in multimedia data streams like
videos and images. With the prolifaaat of visual sensors, there is now a significant
shift in the data landscap&9]. The world iscurrentlytransitioning fronthelnternet

of Things (IoT) tothe Internet of Multimedia Things (loMT)20], where visual
sensors are deployed ubiquitously anestreaminga massie amount of video data.

For example, cities like Londohave deployed thousands of CCTV cameras,
streaming hours of videos daily for monitoring purpdg€$. A recent report from
Cisco [18] estimated a 34% Compound Annual Growth Rate (222) of
consumer internet traffic is in the form of internet videeats Figurel.1). Thus,

the world is becoming more visual, where billions of images and videos are being
uploaded and streamed every day. Analyzing video streanesdot analytics has

led to the development of new requirements and challenges that are different from
the traditional computer vision domain, where the focus is on a limited scale. The
focus of this thesis is to exploit video analytics challenges in the &&ironment

and leverage its functionality to perform event detection over video streams.

1.1.2 An Era of Edge Analytics

Most of the video streams are generated from the IoMT based media capturing
sensors like CCTV cameras and smartphones. With the probierafi cloud



services, a new paradigm eddge computinchas emerged, which constitutes
generation and processing of data near its source to mitigate and reduce server load
[22]. Some key benefits of edge computing to process data near the source are
improved response time, less bandwidth usage, and energy effifi&hcihe main
disadvantage of edge devices is that they are primarily resoonstrained in
memory and CPU whichan impact th&uality of Service (QoSkquirements of

an applicatiorj24].

Video data is highly expressive and has traditionally been very difficult for a

machine to interprebecause of two reasarfairstly, querying event patternsver

video streams is challengiras they haveinstructuredepresentatio. Secondly,

video data size is large compared to regular sensor streams (e.g., temperature data)

and is computationally intensive to process. Deploying-teed video analytics
applications | i ke ident i f ywhighlychallbngiegct s such
in resource constraga edge environmentUnderstanding the challenges of video

event analytics, defining video representation, detecting video pattquesy

formulation, matchingand near reatime processing under QoS boundsthe

complex event processing environmisrihe focus of this work.

1.2 MOTIVATION AND PROBLEM OVERVIEW

In CEP,individual atomic eventare combinedrom streams tdorm meaningful
high-level semanticsi.e, complex event The detected events armtified to
interested uselig atimely fashion[17, 25]. CEPsystemdetects complex events by
correlating simple events babkeon the registered query.The key specific
characteristics o€EEPare i) easilyexpressevent patterns of intereanhd ii) detect
event patterns ifnear)real-time by performingmatchingover data stream3.he
CEP systenreceives data streams frompublishers (source) ansend an event
notification to subscribers (users) who have queriedHerintereste@dvents The
next section discusses the highel requirements to process event stream in CEP

scenario.

1.2.1 High-Level Requirements inComplex Event Processing

Consider a smart city scenario where the city administrator has subscribed to the
CEP system for fire warningandhigh-volumetraffic alert. As shown ifrigurel.2,

the CEP engine receives two data streams: a building temperature sensor and another

3
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Figurel.2 Present CEP approach to process scalar 10T data like temperature sindagristing
CEP tallengedor processing video everntreams

from a CCTV camera. According to the query 1 rule (Q1), if the average temperature

is greater than 50°C in the lastdiminutes, the CEP system should notiffra

warning alert. The temperature sensor emité & e mp e r a teverysecond; e nt 0
which is considered a simple event. The complex efientvarningis derived by
averagingemperature evesfor a given time. A perFigurel.2, following are the

basic highlevel requirements (HR) that are considered for realizing an effective

CEP framework:
HL -R1: Declarative Query Expression

A guery is a set of instructions given by wsterretrieve specific events by using a
set of operators. Most of the CEP uses Si¢ declarative languag&vent Query
Languages (EQL), which are designed for effective expression of complets even
[26]. In Figure 1.2, the subscribers use EQto expresdirewarning alert using
averageandwindowoperatorsThe application logic oflifferentoperators is built
usingevent ruleg§27] (such as in Q1 average temperature 3h0These rules are
enabled with event calculus based on formal logic reasoningageziod of events
[28].

HL -R2: Event Representation

An event is defined as an instantaneous occurrence of interest at a given point in
time [29]. In CEP, each incoming event is specified using a data model. Since the
stream is continuouwseach incoming data igtiestamped. This helps in identifying

their order of occurrences which enables matcher for more complex reasoning

during pattern matching. Cugola et[&0] represented an event in termgai/load

4



andtime. These payloads carave different structures and formats like kejue
pairs (inFigurel.2 <temp, 31>), structured XML, and RDF triplgxl].

HL -R3: Event Pattern Matching

CEP detects complex events by correlating simple events based on registered
gueries. The matching modeldentinuouswvhere once the query is registered, the
matching engine tries to mine patigroverincoming streams. CEP systems work
on the concept afhe state Thestateis the most recent temporal snapshot of the
continuously evolving data strealvindowscaptures the stream state by taking the
input stream and producingfiaite length substream[32]. The CEP captures the
current state of the streaosing windowsand applya set of operators as per the
guery and triggers notificatiah the pattern isnatched For example,in Figure1.2,

a CEP system will raise fire warning alert (Q1) at timet;-t> as the average
temperature of incoming streams is higher tha@5bhe dfferent matching model
has been proposed in the lisgure like automathased matching, colurdmased
matching[30] and semantic matchiri§3].

HL -R4 Quality of Service (QoS)

CEP deals with the three dimensions of big data, i.e., volume, velocity, and variety
[34], and can perform matching in an online and offline sett@EP process data
from different sources like sensors and social media f&bdse datas streaned at

high velocity.QoS intheevent processing paradigm is characterized by the concept
of timelinesswhich is collectively expressed with different terms lethefly,

low-latency, highthroughput accuracyandreal-time procesing[25, 35].

1.2.2 Challenges in Current CEP forprocessingVideo Streams

Similarly, for query 2 (Q2), the CEP system should notify ttlaéfic volumebut

faces multiple challenges to process video streams. Most of the exXi&Ragnd

stream processing systems work with an assumption that the incoming stream has a
structured format likéeyvaluepairs (temperature 31°C in Figure1.2) and XML

[30]. However, video data are complex and unstructured in terms of an event
schema At the machine levelyideo data contentare represented aswedevel
features like color, pixels, shapes, and textUfegifel.2). At the same timéguman
interpres video content as a higlbvel semantic concepike &ar§ &hair§ and

perso@ So while visualizing, human cognition can easily understand and

5



differentiate events likeo traffic and high volumetraffic. It is difficult for CEP
systems to reason over video dataijid has no structured representation and data
model where semantic concept boundaries are not known and orgamde he

video event patterns span over time and space.

As shownin Figure 1.2, processingquery 2 (Q2) over videon CEP leads to

challengng questiongike:

1 How to define higHevel humarunderstandablexpressive video event
pattern queried i kighvofume traffi©in CEP?
How torepresentlow-level video stream at different time instances?
How to write event ruledor patterns such adigh-volume traffi® whi c h
occurs over both in space and time?
How to efficiently matchrepresented video dateith high-level queries?
How to maintainQuality of Service (QoSand performefficient event
analytics over computationally intensivevideo contentunder a fixed

resource and application budget?

Below! list the challenges th&thecomponents of the CEP system require to process

video data
C1: Query Expression for Video Event Patterns

EQL perform relational operations to extract information fronucttred data
streamsin Figure 1.2, a user interested iirewarning alertwith an averagevalue
greaterthan50'C can easily express it using SqQike declarative syntax. To write
expressive and declarative queries tikighvolume traffi®@  ( fQ Bw-level video
content(e.g.,pixel values) is challenging. There is a need to develop an expressive,
spatial,and tenporal reasoning base@clarativequery mechanism to support event

pattern detection for videos in CEP.
C2: Unstructured Data Model

Current CEP engines like EsperWS0O2 CEB, Cayuga[l12] assumethat the
incomingdata streams have a fixed data model with a tstred payload suchs
key-value pairs, XML dataand RDF tripled31]. Reasoningover aformal data

1 http://www.espertech.com/esper/

2 https://wso2.com/products/complexentprocessor/
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model with welldefined semantics and representation is awmsdlerstood problem.

As shown inFigurel.2, the video content is represented as-level featuresd.g.,
pixels values) whé humans interpret them as hiigivel semantic label®(g.0 Re d

C a r Té¢ awrrent CEP systemsannot handlevideo streams since the ldevel
features of images do not matefith the high-level semantic concept3here is a
need to represent Ieigvel video content as structured data that the CEP engine can

process to detect complex video event patterns.
C3: Video event pattern matching

Video streamshave evolving nature where objects are in motion and generate

varying kind of complex patternsThese pattas are spread across spatial and

temporal dimensions. For example digh volume traffitmul t i pl e &6 Car 6 ob
will be present over timeccupyinga specificspatial locationin the video frame

which can changever time This addsan extra layer of complexity to match the

event patterns both at themporaland spatial level Present CEP systemsamly

focus on temporal pattern matching in data stredinere is aneedto build event

matching capability in CEP which can performtaiéng atthe object, spatigland

temporal leved.
C4: Computationally Intensive Video Data A Performance Bottleneck

Video data are computationally intensive agtievingan event representation from

such stream is highly costlfQuerying video contemntequires expensive content

extraction methaslike Deep Neural Network€DNN) [36], which are unfortunately

slow. The CEP system negtb pass video streamsaaomplex cascadgipeline)

of multiple machine learning models that transform-lewel video datanto a high

level representation. For exampla Figure 1.2, a simple query |Ilike
(frame 4) can require two different DNN models to detect a car and its color.
Processing such data at edge IoMT devices is an added bottleneck for QoS
performance. Thus, fast video inference is one opthreary requirements in CEP

to mine patterns for redime use cases maintaining QoRable 1.1 maps the

challenges and requirements required for vdased CEP.

1.3 RESEARCH PROBLEMS

There is a rich body of work for querying and analyzing video content in the database



Table1.1 Requirements and challenges in videsed CEP

Challenges for Requirements(R) for video event pattern in CEP References
Video Streams
in CEP (C)
There is a requirement of query expressiq FRAMEQL[37]
R1: which enables users to query video event SPARQLMM[38]
Visual concept based| in highlevelhumanunderstandable BilVideo[39] ,
e declarative query ::eti/r;efg;stuv:/ietgout worrying about its lew SVQL[4q],
. expression 0
Expressive MOQL[41]
queries for video
event patterns R2: The users should be ableexpress SPARQL-MM[38]
Support for defining | complexqueries using different VERL[42]
spatiotemporal video | spatiotemporal andserdefinedoperators | MOQL[41]
pattern rules and to find specific events of interest. SVQL[40]
operators
R3: Visual concepts are higlevel semantic| Scenegrapid3]
Ide.ntifying and concepts familiar to users that are deriy ORN[44]
° . from visual descriptors. There is | ImgPedig45]
representing visual .
requirement to capture these concepts| OVIS[46]
C2: Unstructured Concepts pat’[ern matching.
data model
R4: Relatonships Identify the spatial, temporal, and Eéﬁﬁ%[ﬂ
between visual spatiotemporal relationship between visua
concepts concepts Scenegrapid]
’ Medioni[49]
. . Visual concepts are interlinked across sp| BlazelT[37]
Egéi%?,t?:f&%%ﬁ and time. The CER matcher shou[d be abl{ VideoStornj3]
matching handle such spatiotemporal dyriasnand| NoScopg50]
C3: perform pattern matching.
Video event = Videos are a temporal sequence of ima| TAG[5]
pattern matching St6-t based vid where an infinite number of visual concey
alebased video can occur. There is a need to optim
eventpattern . . .
matching spatiotemporal matching over a windd
state for fast pattern detection.
R7: Queries can have different pattern Optasi§52]
Contentbased requirements that depend on video contel Bifet et al.[53]
adaptivity for fast Contentbased optimization can be NoScopd50]
. video inference. performed to achieve higterformance. Focug$54]
Ca: . Awstreani55]
Computationally
:Dn;?gswe Video R8: Resource The publisher nodes havesource
constraints efficient | constraints. A resource aware runtime
video event matching| optimization strategy is required to
in distributed edge accelerate video inference for CEP querig
cloud scenario.

community[37, 40, 41, 56, 57]. Still, less attention has been paid to conteaged

event pattern detection of wd streams in CEP systefd®, 58-60]. Early works

have started to investigate images within event processing [59] while CEP systems
still have limitations in detectingvent patterns over video$here is a need to
overcome the challenges like querying, representation, and matching to enhance the
CEP

investigates a videbasel CEP system, which can mine patterns over incoming

systemos perfor mance wi tThis work d e 0

video streams in near rei@ine as per registered user queries under given QoS



bounds. In the following section, first, the requirements are enlisted which are
required to enable such a system, then #tihs of current approaches are

discussed, followed by the detailed research questions.

1.3.1 Limitations of Existing Approaches

Table 1.2 shows that arrent evenbased syems do not fully satisfy the

requirements listed above. In the following sectitvese limitations are discussed

in more detail.
Tablel.2 Limitations of current approaches
Video CEP
] Limitations References
Requirements
Event Query Languages
1 Lack of video objects and attribut¢ Sn o[6lp, CHM@R S f63E

support. EPSPARQ&4], T E $27]A
1 Lack of spatial relation support. | Cay Jlgla
Bt Oy L i ls_ﬁglgo(r)tf Quality of Service (QoS
o liElzes 9 Lack of video stream support.
(5o (72 Video Query Languages inDatabases
Limited State Management support. | VI Q&)], CVHJLS V Q[L]]
Limited temporal support. MOQI4l, VI[eRS
Limited or No Quality of Service (QoS)| FRAME Q[37], SV Q [6€],
support. SV Q H6#]
Limited or partial support for visual | mg P g4b]i ®S S-0n t[69],
Video Event concepts such as objects and attributey S T R[&7]
Representation
. . SPARQIM [38, STR 7],
(R3, R4) Lack of video stream representation. OR N44]

Partial support for spatial and temporal
relationships

SPAR®IM [38, VSD[69,
Event[&Wgp

Video Event Matching
(R5, R6)

Limited support for a spatiotemporal
video event matching

Alam et al.[72], Yadav et al[73],
RAG[47], Gao et al[74], REMIND
[48], STAG[75], Medioni et al[49]

Lack of windowbased state
summarization for video event matchin

George et al[51], AD-WIN [53],
Pavlopoulou et al[.76, 77]

Improved Quality of
Service (QoS) for video
event matching in

Lack of query and stataware stream
load shedding oveesourceconstrained
edge nodes.

hSPICE[78], Drizzle [79], Zhao et
al.[80]

resourceconstrained
environments

(R7, R8)

Limited support for statbased
bandwidth savings over edge nodes.

mVideo [81], Vigil [2], AWStream
[55], EdgeEye[82], FilterForward
[83], Reducto84]




Event Query Language for Video Streams

There have been many proposals for video query languages such as[8YQL
CVQL [85], and MOQL41] in databases. These queries extracigmmeotated video
content indexed in databases using fixed schemas. Event Query Languages like
TESLA [27], Snoop[61], and SASE10] do not support the processing of video
streams, and they mostfgcus on temporal reasoning. SPAR®IM [38] is an

EQL with some video querying capabilities, but it deals with linked video data where
object coordinates in frames arejarenotated. FRAMEQIL37] has been proposed

as a SQLlike query language that uses DNNs to answer relational queries over video
content. FRAMEQL focuses on creating a system with database functionality

instead of supporting CEP with spatial and temporal event patterns.
Video Event Representation

MSSN-Onto [68] is an ontology framework which focuses on event schama f
multimedia sensor network instead of videos. IMGpddial added lowievel
features of the image to create a linked dataset of images. The work is limited to
static images instead of videos and captured no semantic relationship. I ABVIS

the authors have developed a video sliarge ontology using SWRL rules for
large volumes of the video in databases. Xu ef&] present Video Structural
Description (VSD) technology for discovering semantic concepts in the video with
no CEP focus. Object Relation Network (ORMJ], CogVis[86], and Scenegraph

[43] present a graphased structure to recognize the scene in an image with no focus
on videos Lee et al. proposed Region Adjacency Graphs (RG] for videos
where the same segmented regions within the image frames are connected using

common boundaries with no focus on highel semantic labels.
Video Pattern Detectionand Matching in Event Processing Systems

Gao et al[74] focused on complex event detection in a multimedia communication

system. They assumed the event as a-lagél entity without any video content

extraction being involved in the process. Eventdli@pis a framework that focuses

on situation recognition in multimedia data but cannot handle complexities like the
objectbés relative position, rdsgeetiotimepr esence
The work of Alametalf[72]i s | i mited to the detection of

images n eventbased systems rather than focusing on complex event patterns.
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Dubba et al[48] used Inductive Logic Programming to create relation event models
for video. Our work overlaps with them regarding designing patterns but differs in

the use of the CEP system, video event repra8ent and aggregation.
Video Analytics Framework

Recently, with the advancements of DNNultiple video analytics framework has
beenproposed to detect video conteNbScopeg 50] focuses on fast binary object

detection using speciaed DNN trained on archived videand lacks streaming

support FOCUS[54] providesow cost and low latency query video event detection

on indexed videan a database settingideoStorm[3] processslive videos on a

largecluster where queries are gitefined as computain grapts but focusmainly

on reducing latencySimilarly, Chameleon87] focuses on ophizing the best

neural network configuration for video analytics to reduce profilbogs and

improves accuracyAll the systems mentioned abow#o not concentrateon

expressiveuser queriesstate management, and spatiotemporal event patterns

Optasia [52] supports streaming videos but lacks event query language
characteristics like state management and does not focus on spatiotemporal pattern
matching. Most of the currenti deo anal ytics systemds QoS
limited to framel e v e | anal yticsos scope-based t hout f

spatiotemporal patterns.
Optimi zation over windows

Aggregation over windows is one of the research foci where an aggregate operator
like SUM, MIN, and machine learning models are applied over an incoming stream.
Bifet et al.[53] proposed the concept ebntentdriven windows where window

length changes as pehange in data distribution rate. Later Carbone efS&.

applied the idea ofantentdriven and aggregate sharinguserdefinedwindows.

All thesestudiesconsider the incoming data stream to have a fixed data model with

a structured payload and have not focused on unstructured content like videos.
Similarly, work like NoScope[50] tries to accelerate model inference using
specialized DNN models over databases. This thesis focuses on analyzing content
from video streams over windows in a resowaestraineegnvironment to increase

CEP system performance.

11



1.3.2 Research Questions

RQ1. How to define highlevel humanunderstandableexpressive video pattern

gueriesand event rulesn CEP?

RQ1 aims at defining the event query language to express the complexity of the

video event patterns. It can be divided itwo sub-questions:

a) How to deermine the formal semantics of query languagi@ablingusers to
guery video events an@QoS metrics in highlevel humarunderstandable
conceptgR1)?

b) How to desigrevent rules and query operators to process spatiotemporal
videoevent patterngR2)?

RQ2. How to representa continuoudy evolving lowlevel video stream to

capture high-level semantics?

RQ2focuses on creatingstrucured representation for video streams and formulate

aschema. It can be divided into two sgibestions:

a) How toextract and represembw-level video content and video stream into
a structured data model with hidgwvel semantic concep(R3)?

b) How to identify relationshipdetween semantic concepts of video content
which occur over time and spa@4)?

RQ3. How to enableand improve performance for statebased spatiotemporal

video eventmatching?

R@3 focuses ona video-based CEP framework to match query patterns over

incoming video streams. It can be divided into two-sulestions:

a) How to perform spatiotemporal matchingver semantically represented
video datgRQ2)with proposed highevel queriegRQ1)(R5)?

b) How canstatebased windowbe leverage to improve the proposed video
representation fofast video pattern matchingver multiple CEP queries
(R6)?
RQ4. How can CEP windows improve QoS for fast event detection over
computationally intensive video streamsn resourceconstraintsscenario (edge

cloud)?

RMai ms to accelerate the proposed-CEP

reakttime prediction in an online setting. It can be divided into tweustions:

12
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a) How to enablecontentdriven adaptive windowing for video streams for

acceleratingideo analyticgR7)?

b) How canqueryaware windowdeverage fast video inference in resource

constrained scenarios under given applicalevel boundgR8)?

1.4 METHODOLOGY

The research methodology in this thesis consists of the following steps:

1. Stateof-the-art Survey

T

T

Comprehensive literature review of research on complex event processing
and its related topics.
Survey and review the related work to identify the current limitations in

complex event processirng proceswvideo streams

2. Requiremergtand Gap Analysis

1

Identify the requirements and formulate research questions to enable
complex event matching over video streams.
Categorization and gap analysis of existing works using the set of core

requirements.

3. Setting up the application context

T

Idertifying the application domains where video event processing can be
used and deployed.
Creation of different queries and operators based on identified application

domains.

4. Design decisions and implementation of the proposed approach

T

Identifying reatworld datasets for evaluation and categogzhem based

on query characteristics.

Designng formulation of a complex event matching framework for video
streams and identifying its required components.

Identifying a set of different deep learning dets required for event
extraction and representation.

Implemening the proposed componentddeo event representation, video
event query language, streaming windows, and complex event matching

engine.

13



1 Implement the windovbased state summarization teciugs for video
pattern matching.

1 Implemening contentdriven adaptive videos to accelerate video inference
for fast video inference in the edgkud paradigm.

1 Designing an optimization algorithm for adaptive windows under the

resourceconstrained scenario
5. Realworld use case and evaluation of the results

1 Performance evaluation of the proposed framework usingveddl video
datasets.

1 Develop a realorld use case to portray the potential of the framework.

1.5 PROPOSED APPROACH

This thesis aira to build a delarative CEP framework for detecting spatiotemporal
patterns in video streams and provide the requirements, chalieng§estion1.2

and research questions discussedsattion1.32. To answer the four research
guestions, Video Congx Event Processing System (VidCEP) is designed and
implemented in this thesis. VIdCEP framework can be conceptually decomposed

into four key functionalities
Declarative Query Language and Event Rule Expression for Video Patterns

This functionality answes the research questidg®Ql(a) and RQ1(b) For video

event detection in CEP, there is a requirement of query expression which enables
users to query video events in hilgivel humarunderstandable concepts without
worrying about its lowlevel features. Adeclarative query language is proposed,
combining the potential of query languages in video databases andbasedt

systems to detect video patterns in the CEP scenario.

As discussed, the CEP system performs matching ovelghireed event rules which

are wrapped as an operatorhibrid approachis proposed that includes inductive

and deductive reasoning techniques to process video patterns. Induoetiveds

such as statef-the-art DNN based models (like object detection) can be used to
detect initialsimple events. Later, deductive reasoning methods (such as spatial and
temporal reasoningB9, 90] ) can be applied to write event rules to create more

complex event patterns using simple events.

14



Structured Video Event Representation

This functionality answers the research quedRQ(a)andRQ2(b) Video streams
are complicated due to their unstruetdh data model and limit CEP systems to
perform matching over thenVideos are considered ascontinuous sequence of
frames wherevisual conceptgi.e., objecty occupya specific position ovetime,
creating complex events. Modeling complex events itrucisired datdike videos
not only requires detectingpjectsbut also the spatiotemponalationships among
them This work introduces a novel video representatemnique where an input
video stream is converted to a streancaitinuous evolving sp@temporalgraphs
using an ensemble of deep learning models. The grapéd representatiemables

the CEP system to query complex video event patterns.
Complex Video Event Pattern Matching

This functionality answers the research quest®@Q3(a) and RQ3(b) CEP
techniquesare appliedover video streams to identify spatiotemporal patterns by
capturing window statelhe CEP matcher fetches the query predicateslRQd
performsstatebased spatiotemporal graph matching @structured video stream
(RQ2). The matching execution model is continuous, where event patterns are
detected. Laterstatebased optimization technique is performed to summarize

represented video stream graph to improve the matching perforiReB¢e).
QoS and Query Aware Adapive Windows

This functionality answers the research quedi@d(a) andRQ4(b) Video content
extraction is expensive as it needs to pass through computationally intensive Deep
Neural Network (DNN) models to extract visual concepts (i.e., objects) fram the

A QoS and queraware distributed adaptive windowing approach is proposed to
accelerate video content extraction in Diilsed CEP systems. The proposed
windowing approaciperforms a datariven resourceaware runtime optimization
strategy to accelerateédeo inference for CEP queries under given application

bounds and resour@®nstraints edge environment

1.6 SUMMARY OF CONTRIBUTIONS

Following the methodologgnd proposed approactime research presented in this

thesis results iproviding video event processing capabilities in application domains
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such as traffic management and activity recognition. The contribution of this work

is manifold and are as follows:
Video Event Query Language (VEQL)

As discussed earlier, most of the existing CEP languages usdikeQleclarative
languages and support pitefined basic operators. The Video Event Query
Language (VEQL) is proposed, which follows the Sli)e declarative expression

to queryevents from the video streaifhe aim is to usa standardized vocabulary

of existing event query languagesich will be easier for CEP users to express
precise video queries and integrate video events information seamlessly. VEQL
enables the user to weitexpressive, actionable, and explicit CEP queries. VEQL
brings expertise from event processing and video databases query languages and
supports pattern and source selection, conditional clause, state management, and
QoS metrics like pattern accuracy, memand CPU usage for video data. VEQL
supports different spatial (such as LEFT, RIGHT, FRONT, and OVERLAP),
temporal (such as SEQ, CONJ, EQ, and DISJ), and comparisoiinboylerators

for video event reasoning. VEQL queries are later parsed as a gapiytg perform

pattern matching. The thesis gives multiple examples of VEQL queries to identify

video events at objects, attributes, spatial and temporal levels.
Spatiotemporal Video EventRules using a Hybrid Approach

Users can define event operators in VEQL usngnt rulesA hybrid approach is

used to formulate event rules. Inductive reasoning based statistical techniques like

DNN models are used to extract simple visual semantic concepts from video.
Deductive reasang techniques such as spatiotemporal calculus are then used to
formalize and interlink visual semantic concepts in video streams, building richer

and queryable event patterns. To show the
event pattern rules from twdomains: 1)Activity Recognitionand 2) Traffic

Managemenis defined.Tablel1.3 enlists all the event rules proposed in this thesis.

One can develop intuitive evemtefinitions, facilitating interactions between

complex events defined by developer and domain expert.
Video Event Knowledge Graph (VEKG)

The work proposes a structured representatiddeo Event Knowledge Graph

(VEKG), a knowledge graphrivenvideo streen model VEKG models vide@bje
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Table1.3 Proposed spatiotemporal event rules

Traffic Management Operators Activity Recognition Operators
1  Vehicle Direction (left, right, front, back) § Person sitting on chair
1 High and lowvolume traffic 1 Fall Detection

1 PassBy  Bike Ride

1 Follows By Horse Ride

1 Lane Change i Hand Shaking

1 Parking Lot Status 1 Punching

1 Jaywalking 1 Walking

1  Vehicle Attributes

1 Vehicle Speed Estimation

1  Vehicle Lane Direction

9  Traffic Congestion Estimation

-cts as nodes and their relationship interaction as edges over time and space. The
method enables the detection of highiel semantic concepts from the video using

a pipelineof deep learningand machine learningnodels.VEKG is a compl&
digraph having spatial and temporal edges. The edge relations in VEKG are updated
using VEQL event rules Experiments suggest that VEKG representation time
depends on the number of DNN models in the pipeline, number of objects, query
complexity, and vido resolution. VEKG representation time for object detection is
between 14.1 milliseconds (ms) to 29.2 ms and for object and attribute detection is
16.03 ms to 49.3 ms. The representation time increases up to 56.7 ms if attribute
and tracking for video &mes having more than 10 objedibe experiments were
performed ora 16-core Linux machine running on 3.1 GHz processor, Nvidia Titan
Xp GPU with 12 GB oRAM.

Spatiotemporal Video Event Matching

A 3-level spatiotemporal matching algorithm is proposed to match video events at
the object, spatial and temporal levels. The matching leverages the VEKG and
VEQL structure and treathi@é event detection as a graph matching problem. An
entropybased matching score is devised to identify the pattern confid&hee.
video event matchingpproachusing VEKGis compared witlithe stateof-the-art
methods It achieves arfr-scoreof 0.440.88 for activity recognition and 0.66.90

for the traffic management domain. The matcher performs neatimsabperation

with the average matching latency of 3B39 ms for a Second (sec.) window.
SEQ operator has the highest matching latency of1268.5 ms.The matching is
performed over theamehardware setting as described in the VEKBresentation

benchmark settings.
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VEKG - Time Aggregated Graph and Event Aggregated Graph

Video Event Knowledge Graph (VEKG) maps objects to nodes and captures
spatiotemporal relationships among object nodes. Objects coexist across multiple
frames leading to the creation of redumdanodes and edges at different time
instarces that resulh high memory usagé\ graph summarization method VEKG
Time Aggregated Graph (TAG) is proposed to optimize the system performance
which provides an aggregated view of VEKG for a given timiedow. TAG
reduces 90% to 95% of VEKG nodmsd82.2% to 95.8% of VEKG edges. A multi
guery VEKGEvent Aggregated Graph (EAG) is proposed which further optimizes
TAG and summarizes the Y& grgph for multiple queries over a given window.

In the given experiment&AG reduces 97.5% and 96% of VEKG nodes and edges
with 5.19X faster searcfmatching)time. EAG reduces 5.1% and 8.1% more node
and edges than TAG with a similar construction tififee aggregatiorexperiments

were performed over a Linux miaine with 16 core Inte® 19-9900K CPU, 64 GB
RAM, and Nvidia GeForce RTX 2080 Ti GPU.

VID-WIN: Query-Aware and Contentdriven Windows in Resource

Constrained Environments

Videos extraction via the DNN model is computationally expensive and impacts
overall systems QoS such as throughput, latency, and bandwidthstage
windowing model VIDWIN is proposed that accelerates stadised event matching

in the edgecloud paradigm. VIBWIN follows an adaptive conteftriven strategy

to exploit lowlevel content of incoming video frames and accelerate the overall
DNN content extraction process. VNVIN tunes different parameters via input
transformation and advantdiltering techniques to amortizéhe overall costfor
performing the event analytias low-end devicesThe windows adapt to resource
and queryaware runtime optimization strategies to none the CEP matching
performance. The experiment on different datasets shd@sWIN achieves a
30%-40% higher throughput with minimal latency overhead. The-WIN micro
batching, resizing, and quedyiven achieves bandwidth savings of 8996 and
filters out ~78.6% of nerelevant framesompard to baseline while maintaining
applicationlevel latencyboundsunder required accuracy constraintsVID -WIN

experimentsDockercontaines with limited CPU coreg(1-5) and memoryf500MB
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Figure1.3 The proposed VidCEP block diagram with key contributions

- 3GB) are emulated as edge nodEse cloud node settings were performedazh
GB RAM Linux machine withNvidia GeForce RTX 2080 Ti GPU.

VidCEP Complex Event Engine

Implementing the above techniques results in a Video Complex Event Processing
Framework VIdCEP that can handle multiple parallel video streams and perform
continuous pattern matching in near riade. VIdCEP follows a distributed
architecture and its cgmonents can be deployed over edge and cloud nbagse

1.3 shows a higHevel block diagram of VIdCEP and its components with the
associated contribution to each research question. VidCEP converts each input video
frames into VEKG graphs which are captured over a window of a given time length.
The incoming graphs are summarized over the window into time (TAG) and event
aggregated graphs (EAG), capturing all the required spatiotemporal relationships as
per VEQL queryoperators and rulekater, the query is applied over TAG or EAG

to detect event pattern. The proposed spat
versatile and shows its application in different domains. The experiments show that
VIidCEP can achieve neaeattime performance with 70 frames per second
throughput for 5 video streams of fp5. The system delivers sislecond matching
latency even for longer windows with a gooddore ranging from 0.66 to 0.89. In

this thesis, VIdCEP showcases its potertialdeveloping a realorld case study

for traffic congestion estimation over OpenStreetMap.
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Table1.4 Summary of the contributions

CEP
Requiremerts
for Video Streams

R1

Research Questions

RQ1(a)

How to determine the formal
semantics of query language,
enabling users to query video
events and)oS metrics in high
level humarunderstandable

Visual concept
based declarative
query expression

concepts?
R2 RQ1(b)
Support for How to design event rules and
defining query operators to process
spatiotemporal spatiotemporal video event
videopattern rules patterns?
and operators
R3 RQ2(a)

How to extract and represent
low-level video content and

Identifying and
representing visual

concepts video stream into atructured
data model with higthevel
semantic concepts?
R4 RQ2(b)

How to identify relationships

Relationships between semantic concepts of

betweenvisual video content which occur over
concepts time and space?
R5 RQ3(a)
Spatiotemporal How to performspatiotemporal
video event pattern matching over semantically
matching represented video data with
proposed highHevel queries?
R6 RQ3(b)

Statebased video How can statdased windows be
event pattern leveraged to improve the

matching proposed videoepresentation
for fast video pattern matching”
R7 RQ4(a)
Contentbased How to enable contestriven

adaptive windows
for fast video

adaptive windowing for video
streams for accelerating video

inference analytics?

R8 RQ4(b)
Resource How can quenaware windows
constraints be leverage for fast video

inference in resoureeonstrained
scenarios under given
applicationlevel bounds?

efficient video
event matching in a

distributed edge

cloud scenario

Contributions

Video Event Query
Language (VEQL)

Spatiotemporal event
rules using hybrid
reasoning in domains;

| Traffic Management
9 Activity
Recognition

Video Event
Knowledge Graph
(VEKG)

Formalize
spatiotemporal
relationship for

VEKG

Statebased
spatiotemporal
complex event

matching algorithm

f'VEKG-Time
Aggregated Graph
(VEKG-TAG)

VEKG- Event
Aggregated Graph
(VEKG-EAG)

VID-WIN adaptive
windows deployment
at edge and cloud
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Evaluation Thesis
Chapter
I Spatial operators
-Topology-based
-Direction-based
i Temporal operators
-EQ, CONJ, SEQ, DISJ Chapter 4

'Window operators
-Tumbling, Sliding

QoS Support
-Patternconfidence score
-Edge CPU Usage
-Edge Memory Usage

Yl Activity Recognition F
Score lies between 0.44 Chapter 7
0.80

I Traffic Management F Chapter 9
Score lies between 0.7C
0.90

IVEKG extraction time
based on number of
models
-object: 16.0249.3 ms
-object + attribute:
16.03-49.3 ms
-object + attribute +

tracking: 16.456.7 ms

Chapter 5

I System Throughput

-70 fps for 5 videstreams

I System Latency

-5 sec. window: 5.21 sec.

-30 min window:1016 sec.

T Avg. Matcher Latency

-0.3313.9 ms

-SEQ highest latency

Y Reduction in Storage

-TAG: 55.4% less storage

-EAG: 68.3% less storage

fISearch Time

-TAG: 2.4X faster search

-EAG: 5.8X faster search

T EAG reduce 5.1% nodes
and 8.1% edges more
than TAG

VID-WIN achieves

130%- 40% higher
throughput

180%-99% bandwidth
savings

1 78.6%filtering of non-
relevant frames for 50%
CPU and memory usage

flaverage accuracy of 0-6
0.97 for queries

Chapter 5

Chapter 6

Chapter 8

Public

ations

[94],
(92

(93],
[94],
(93]

(98],
(92,
[97],
(99

(94]

(104,
(10]]



Tablel1.4 lists the summary of the contributions proposed in this thesis.

Datasets Collection

Over 20 datasets with more than 3900 videos are collected and extensive

experiments and evaluations are performed to validate the VIdCEP performance.

The collected videos belong to event categories from the traffic management and

action ecognition domainTablel.5 lists the details of datasets and video clips used

for experimenting techniques presented in this thesis. The video clips cover a wide

rangeof diversity in terms of length, resolution, number of objects, and event

categories.
Tablel.5 Dataset and video statistics used for evaluation

Datasets Total Videos Event Pattern

L2ei[107 213 Fall Detection

MuHAVi-MHI [103 14 Fall Detection

HMDB [104] 215 Horse, Bike Ride

UCF101[108 267 Horse, Bike Ride
UT-Interaction[106] 60 Handshaking, Punching

SBU Kinetic[107] 10 Handshaking, Punching
DETRAC[10§ 15 High Volume Traffi¢ Follows, Pass By
Street ScengL09 5 Jaywalking

VIRAT [11Q 5 Parking Lot Status

PEXELS 2 Object andAttribute Detection,Spatial

LEFT

Newsflaré 2 Lane Change

VIDVRD [117]] 2 Conjunction (CONJ) Operator
Urban Trackefl1Z 2 Sequence (SEQ) Operator
YouTubé 2 High Volume Traffic

Jackson Hol¢113 4 Object DetectionCar, Person
Southamptonfill4] 2 ObjectDetection Car)
Auburn ToonkElf 4 Object DetectionRerson, Car
Sandy Lang11§] 5 Object DetectionRerson, Car
Times Squar§ll7] 2 ObjectDetection Person, Car
Transport for London (TfLS) 3080 OpenStreetMap Traffic Prediction
Total Videos 3911

3 https://lwww.pexels.com/videos/
4 https://www.nevsflare.com/

5 https://www.youtube.com/

6 https://api.tfl.gov.uk/
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1.7 THESIS OUTLINE
The lest of the thesis is organized as follows:

1 Chapter 2ntroduces backgrouncklated tothe thesiswhich involves big data
computing paradigms like the Internet of Multimedia Things (loMT), Complex
Event Processing, and Image understandinghen discusses the motivation
problem in the traffic management domaind discusses the challenges of

processg videos in CEP.

1 Chapterd provides an overview of the VidCEP framewdtkdiscusses VidCEP
functional design considerations, comparesréiated work in video analytics
systemsilt describes the functionalities of the componemd theirinteractions

across the VidCEP framework.

1 Chapter4 deals with RQ1(a) and explairthe proposedVideo Event Query
Language (VEQL). The chapter examines the query language literature from
event processing and video databases. The chapter gives an overview of VEQL
guery dimensions, clauses, spatial and temporal operators, examples, and

architecture.

1 Chapter 5 deals with RQ2(a), RQ2(b), and RQ3 (a) and propose video event
representation and spatiotemporal event matchirmgtails the related work in
the field of vid® representation and event matching. Later it presents Video
Event Knowledge Graph (VEKG) and spatiotemporal matching algorithm which
leverages VEKG and VEQL for event matching.

1 Chapter 6focuses on RQ3(b) andlaboratessummarization techniques to
optimize video processing in CEP. Two state summarization techn&&s-
Time Aggregated Graph (VEKGAG) and VEKGEvent Aggregated Graph
(VEKG-EAG) are proposed for faster video event matching in VidCEP.

1 Chapter 7 discusses RQ1(b) and formulates the emdes using hybrid
reasoning. Extensive experimental evaluation is performed on 18 event rules
from activity recognition and traffic management use case to show the VidCEP

frameworkés efficacy in video event matc

1 Chapter 8 focuses on RQ4(a), RQ4(byl gmmoposes an adaptive windowing
technique VIDWIN to optimize the VIdCEP performance in the eddmud
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paradigm. The chapter discusses the placement of windows incledge
settings and DNN model knobs. The role of VEQL QoS metrics is explained and
how it impacts VIDWIN strategy like batching, resizing, and filtering.

Chapter 9 demonstrates a realrld use case developed using the ViIdCEP
framework. The chapter explains the development of traffic prediction services

for OpenStreetMap over the clustenvadeo streams.

Chapter 10 concludes the thesis and discusses the current limitations and

potential future work.
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Chapter 2

Background and Motivation

Thowds| Kmam O 6ny Bi
nUS Uy US 131‘30 ROMK Yk 0 B i
USNznNYR

Have you ever heard of a deer coming and entering the m
of a lion while he sleeps? Similarly, work gets accomplis
by putting in effort, and certainly not by mere wishful thinkin

Hitopadesha

2.1 INTRODUCTION

This thesis deals with the challenges and solutions required for mining video event
patterns in a distributed setting. The work addresses the-sgossn of system
deployment, focusing on complex event processing of unstructured video data using
datadriven techniquesln this chapter, the background terms and techniques are
discussedround which this thesis is focuséditially, the evolution path of current
event processing paradigms such as Complex Event Processing (CEP), CEP window
operators, and ewnt query languages explored in Sectio.2, Sectiorn2.3 Section

2.4, Section2.5, respectively. SectioB.6 gives a brief overview of recent trends in

the data landspe. Furthermore, SectioR.7 throws light on the Internet of
Multimedia Things (IoMT) and Sectio.8 explains the edgeloud paradigm.
Section2.9 and 2.10 explains the deep learning techniques related to image and
video processing.will first describe a motivational scenario related to vidbesed

traffic management in a smart city atheén address the challengksSection2.11,

| motivate the problem, and Secti@l12 deals with the motivational scenario
challerges. The chapter summarizes in SecidrB

2.2 EVENT PROCESSING PARADIGM

Data is now consideredigital oil for the current world and event analyticsrda
paved one way to derive insights and decision making from this lddtially,
Luckham[123 discussd the significance of events whichlater extended in work

of Muhl [124 and Etzion[125. The event processing paradigm is motivated by a

plethora of distributed applications where streams of events are analyzed to gain
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Observation

Make quick observations into
exceptional business behavior
and notify appropriate people

Predictive processing
Mitigate or eliminate
predicted events

N

Active diagnostics Detect Information. dissemination

Diagnose problems based on Decide Get correct |rjformat|on in 'the

symptoms and resolve them. right granularity to the right
Respond person at the right time

Dynamic operational behavior
React to events as part of business
transactions, achieving low latency
decisions and quick reaction to threats
and opportunities

Figure2.1 Event processing application categofi€g5

high-level insight[13, 33]. It is characterized by the concepttiofielinesswhich is
collectively expressed with different terms lilkathefly [25], low-latency[126,

127, highthroughput [127, 12§, and real-time processing[129. Various
applications of event processing can be found in areas like ambient environment
monitoring [13(, health[131], energy[137, stock market analysiEl7], and
maritime surveillancg15]. Event processing is used to monitor systems and
processes by analyzing patterns and generate alerts to the subscriber when interested
behavior is detected. As shownRigure2.1, Etzion et al[125 have described the

five categories of event processing applications, i.e., 1) Observation, 2) Information
dissemination, 3) Dynamic operational behavior, 4) Active diagnostics, and 5)
Predictive processinglable2.1 summarizes the different event processing terms

and definitions.

In the next section, | will discuss the Complex Event Processing (CEP)
fundamentals. CEP techniques are central to this thesis and aremugeed event

pattern matching.

2.3 COMPLEX EVENT PROCESSING: AN OVERVIEW

Cugola and Margar#] coined the term Information Flow Processing (IFP) Systems
which performs continuous and timely processing of a large amount of information.
IFP systems differ from traditional databases as they process data streams from
different sources without storirtbem on predeployed processing rules. The initial

idea of IFP originates from Active Databa$&83 which later followedby Data
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Stream Management Systems (DSNI&)4 and Complex Event Processing (CEP)

systemg123. CEP systerm have been increasingly adopted inatight domains

Event Processing
Terminology

Event

Event Producer or
Publisher

Event Consumer or
Subscriber

Event Processing
Agent

Simple Event

Complex or Derived

Event

Event Stream

Event Query

Event Rules

Event Matching

Table2.1 Eventprocessingerms andlefinitions

Definition

The event represents some activity (somethingngfortance) that
happens.

or

6An event is an occurrence Wwi
something that has happened or is contemplated as having happe
t hat domain. 0

-Etzion[125

E.g., in a fire warning alert system, reading temperatumaising fire
warning alarm are events. The events are represented as event
consists of characteristics like message payload and event attribut

An event producer or event source is an entity that generat:
introduces events into the systemifferent types of producers lik
temperature sensors, CCTV cameras, and databases continuously
data from the physical environment.

An event consumer or event sink is an application entity, subscrib:
user that receives an interesting event in fiblen of notifications,
actions, and trigger&.q., fire authority receiving fire warning alert eve
from a building.

The event processing agent is a computing entity that processt

eventg125.

A simple event is an atomic event (complete in itself) generated fror
event producer. E.g., a temperature sensor generating temperaturt
(such as temp = 30) is a simple event.

A complex event is derived from multiple simple events or a simple €
being transformed into another by the event processing agents. Fc
a fire warning alert is a complex event derived by averaging sil
temperature events (such as temp *€p0ve a given time.

An event stream is a set of events usually ordered over a temporal |
Depending on the event types, an event stream can be homoge
(same event type) or heterogeneous (different event types).

Event queries or subscriptions are the patterns in which an applic
entity or user is interested. For e.g., a fire warning alert is an event
that is registered by the entity to get fire alert notifications.

The event query constites event rules typically encapsulated as\ant
operator The event rules mimic to event pattern for which the entity
registered the query. E.g., a fire warning alert query can be made of
rul e daver ageC tveinpheirm tilumien vt .0

Event matching is a pattern mining process to identify interesting e
from event streams using event rules.
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Processes Patterns
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Event G—T
Rules |
\ Complex Event Engine ,

Figure2.2 Complex event processing paradigm

like traffic monitoring[16], maritime surveillancg¢l5], and financial applications

[139 to detect event patterns and send notifications irtieal. Both CEP and Data
Stream Management System (DSMS) work on massive data streams, but they have
some key differences. DSMS supports continuous transformation analytics over
streamslike filter and aggregatianAt the same timethe CEP system detects
complex pattersiusing a combination of simple patterns over the strearsisig
registered event rulg¢43, 30]. The CEP matching model is continuous, where once
the event pattern is registered, the matching engine tries to mine patterns over
incoming streams in an online settingigure 2.2 shows a higHevel CEP

architecture with different components.
1 Event ProducerPlease refer tdable2.1.
1 CEP EngineThe CEP engine consists of the following components:

- ReceiverThe receiver receives the event from the event producer through

event channels and sends it to the event matcheaftearn matching.

- Event MatcherThe event matcher receives the input event and performs
matching using event rule¥he matcher captures tloeirrent state of the
stream appies a set of rulesand triggers notification as the pattern is
detected. Diffeent matching modslike automatabased11, 12, 136, 137],
columnbased 30], and semantic matchirj§3, 138 have been pgmosed in

the literature. The matched patterns are then sent to the forwarder.

- Forwarder: The forwarder receives the matched pattern and routes it to the

event consumer through an event channel.

f Event ConsumeiPlease refer tdable2.1.
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Over the past decade, multiple CEP engines came into existence from academia and
industry. Some of the famous CEP engines @eyyuga12], NextCEP[137], Sase

[63], Amit [136, TESLA/T-Rex[14, 27], Esper[11], Siddhi[139, Oracle Event
Processing14(, and TIBCO Business Everits41, 147.

2.4 COMPLEX EVENT PROCESSING OPERATORS

CEP decompose complex prediction tasks into a directed acyclic graph (DAG) of
operatord143. Depending on the application scenario, the CEP operators can be
deployed on a single machine, shared merfibf}; edge[144, 145, or cloud. This
modularity of operator placement helps in realizing distributed intelligencen

CEP systems. In CEP, window operators are used toreap subset of a never
ending stream that is later passed to the CEP matching engine operator for pattern
detection. One of the objectives of this thesis is to devisediaten techniques for

CEP windows for quick video event pattern matching. Theeefor the next

subsection | will discuss the basics of windows operator.

2.4.1 Windows: A stateful operator in Complex Event Processing

Q: SELECT AVG(price) FROM Stock WHERE
Query Stock = 6X0 TUMBLING_NIMEWINDOW
(4) WITH AVGPRICE > 9

w o1 9 8 7 6 5 4 8 2 1 Qtme
6X6 St
Stream (Price)
w [DI0/0I0/0000000
v

Time Window

Avg.(Wy 8.75 Avg.(WE 10 Avg.(W) 8.75
: 10 I: 9 x 8 !
Sliding
Time Window | 101

Figure2.3 Aggregation (Avg.) over a tumblingnd slidingtime window offour seconds

Streams are an unbounded sequence of data items that are continuously evolving.
CEP systems work over the concepst#te which is the snapshot of the stream.
CEP and other DSMS systems wgmdowsoperator to capture the state of the
stream. Windows are stateful operators that discretize the continuous stream into
fixed batches and apply computations over these inpusdgteencg32, 146, 147].

They act as an abstraction to discretize continuous data streams. Windowing
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techniques like tumbling, slidingind sampling of time and count support different
qguery logic. Eq. 2.1 shows a general window equatidhat depends on two
parameterdfRANGEandSLIDE.TheRANGEcomputes a data stream that a window
will ingest like (mmt o sec.SLIDE controls how much new and old data in the
window can be consumed or discarded.
0B 00 00 %0 b "BY) '0OBANI NS § BYD 'COOQaEE 6 & 0 (2.1)
Y A hn B88s (2.2)
0 QEYD 0 "B OWOQA Y P " (2.3)
In Figure 2.3, the windows capture thgrice (p) scalar datdromt he 0 X6 st ocKk
stream. As per e@.3, a window 0 "Qé¢is applied over an incomingfock stream
Y  (eqg.2.2) and gives dixed subsequenc®r / B8R based on
time. In eq2.2, time is taken as discrete for eqeite 1 and arranged ia linear
order 0O 88 0'Mi M o6 . The tumbling window always ingests new
data items and discards the old datacompletion.On the other hand, sliding
windows keepboth old and new data to avoid missing patterns butslaathe
redurdant computationFigure 2.3 shows an example of a tumbling time window
(RANGE- 4sec) and sliding time window (RANGE sec, SLIDE 2 sec) which
performs an aggregation query (average price >9) over a stock stream of company
0 X0 . The tumbling ti me wi na®&Msatitfidd)thebet we en
guery as the average price is greater than 9 (Avg. (W) =10). There are varied window
types such as usdefined[88] and sessiofiL4] are proposed in the literature. This
thesis focuses on tumbling and sliding windows as they are the most common and

widely adopted windowing techniques in the stream processing domain.

2.5 EVENT QUERY LANGUAGES

Event Query Languages aresijned for the effective expression of the complex
event[26]. The origin of EQL can be linked to active databases where operations

were performed in terms of Event Condition and Action (ECA). Here, the condition

part was considered as the collection of queries that serve a specific opartten

databasg5]. Later Babock et a[.134] inherit the idea from active databases and

proposed DSMS where query processing was enabled on continuous data streams.

As shown inTable2.2, Eckertetal[l49have divided EQLO6s into
asper their language styl€omposition Operats (CO), Data Stream Qudrang
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Table2.2 Eventquerylanguages

Style Description EQL Languages

Composition Complex event queries are specified using composi Snoop[61], CEDR[62],
Operators | operators likeconjunction, sequence, negation. Tempc ruleCore[150, SASE[63],
(CO) relationships are well supported. Cayuga Event Language

[12], Xchangg 151]

Data Stream They are inspired by SQL, where data stream events CQL [146], Esper EPL11],

Query represented using tuples. Database relation operation StreamSQL 157,
Language @ performed over these tuples. TelegraphCQ9],
(DSQL)

Production = Not primarily considered as EQL but are flexible OPS and OPSBHL53,
Rules (PR) implement evenqueries in existing programming languac Drools[154], ILOG JRules
like Java. Work on low abstraction level and hard to expr [155

Time State = Modeled as airected graph where anode represents ¢ TimedBiichi Automata
Machines | possible event state while edges specifaasitionbetween (TBA) [156]

(TSM) states. Have limited expressivity.

Logic Express event queries using logic formulas like ev XChangé&® [157], Reaction
Languages calculus. The event querying and reasoning was done t RuleML [158

(LL) logic programming languages like Prolog.

-uages (DSQL), Production Rules (PR)med State Machines (TSM), and Logic
Languages (LL). Present EQL focuses mostly on-8k# declarative syntax and is
expressive and usérr i endl y. EQLO6s are formalized u:
provides essential mathematical operations to detect event gar ns. -1t 6s a
based programming formalism that allows the event to be explicitly represented

[159. Work like [48, 1600 used event calculus to build higgvel human
understandable events.

In the next section, | will discuss the trends in the big data landscape, mainly

focusing on unstructured video data and the related techniques to process such data.

26 BIG DATA LANDSCAPE: STRUCTURED VS
UNSTRUCTURED DATA

We are living in a world driven by data. Tedvancement in computing techniques

and widespread usage of the internet has led to an exponential explosion of data

creation.Big Data refers to the collection of large, complex, and diverse datasets

that are continuously growing and difficult to processm traditional data

management techniqugssl, 1627). To extract potential business opportunities,

scientists have pr ¢lppiékd the 4V066s of big
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125 exabytes
Data Growth

Driven by Unstructured Data

79.2%

Unstructured
Data

374 Exabytes

120.8%
i Structured
! Data

Figure2.4 Source: Oracle, IDC Structured. Unstructured Data: Thisalance ofoowercontinues
to shift, March 2014169

1 Volume represents the scale of the data. It is expected that 40 Zettabytes (43
trillion GB) of data will be created by 2020.

1 Velocity refers to the rate at which data is produced. For example, a video

CCTV camera streams a video at thterof 30 images (frames) per second.

1 Variety refers to the different formats of data like text, images, audio, and

video.

1 Veracity represents the uncertainty in the data. These uncertainties can be
due to multiple reasons, including incomplete eveergsiis, erroneous event

recognition, and imprecise event pattersg .

As discussed abovthevarietydimension of big data refers to the different formats

of data. The data formats can be divided into two4hégkl categoriesl) structured

data and 2) unstructured data. Structured data have a fixed template and schema,
while unstructured da do not have any predefined schema or data mbalele2.3

enlists some significant differences between structured and unstructured data. A
recent IDC reportl65 (Figure2.4) states a 42.5% growth of unstructured data like
images and videos every year. Now, the internet constitutes nearly 80% of
unstructured data makinthe web more visual. A significant chunk of these
unstructured data consists of multimedia content such as images, audio, and videos.
The unstructured data like videos and images are quite intuitive and visually
accepted by humans but pose significantlehgles at machine level interpretation

and processing. One of the key focus of this thesis is to create a structured

representation of video streams for stream analytics.
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Table2.3 Structuredvs. Unstructured Dataharacteristics

Characteristics Structured Data Unstructured Data

Data Model Predefined data model anc No
Schema

Searchability Easy Difficult

Ease of Analysis Easy Difficult

Storage size Less More

Interpretation Precise idedfor databases Multiple, depends on human
and easy fit for machine  perception
interpretation

Expressivity Precise Variable

Degree of Information High Sparse

Organisation

Examples RDF, XML, Key-Value Images, Text, Audio, Video

2.7 INTERNET OF MULTIMEDIA THINGS

AL X2

-

-
PN e

QQO"\B

Figure2.5 Traffic camerainstallations in London city

Big Data refers to the collection of large, complex, and diverse datasets that are
continuously growing and difficult to process from traditional data management
techniqued161, 167. One of the key reasons for the evolution of big data is the
proliferation of sensor devices in our environment. With the advent of wireless
technologies like RFID and 802.11 Wi Networks, these devices can now connect
and transmit data across different locatidrigese connected devices are collectively
termed as thinternet of Thingg¢loT), where data is seamlessly disseminated across
networks. Cisco defines the 10T [d$7] :

A A p eeandubiquitous network which enables monitoring and control
of the physical environment by collecting, processing, and znglylata

generated by sensors to leverage & monetize by businesses & congumers
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With the heterogeneity in sensor devices anda,dabvel and technological
paradigms have evolved under IoT flagshipise digital transformation driven by

loT is creating a data ecosystem with data on every aspect of our world, spread
across a range of intelligent systeffhi68 169. As discussed in Sectidh6, there

is enormous growth in multimedia data like videos and images. With the
proliferation of visual sensors, there is now a significant shift in the data &pelsc
These media capturing sensors produce streaming data from different sources like
CCTV cameras, smartphones, and social media platforms. For example, cities like
London figure 2.5), Beijing, and New York have deployed thousands of CCTV
cameras streaming hours of videos d@il§]. There are more than 400 hours of
video being uploaded on YouTube every min{i€(. Table 2.4 [171, 177
emphaies that multimedia content has very different processing, memory, and
bandwidth requirements than scalar loT data. This has led to the developing a novel
paradigm Internet of Multimedia Things (IoMT) to facilitate multimedia related

services and applitans. Alvi et al[20] have defined IoMT as:

Orhe global network of intercmected multimedia things which are uniquely
identifiable and addressable to acquire sensed multimedia data or trigger
actions as well as possessing the capability to interact and communicate with
other multimedia and not multimedia devices and servicéls,ow without

direct human interventiaoa

Table2.4 10T data vs. Multimedia data characteris{itg1, 172

Characteristics Scalar 10T Data Multimedia Data

Data Nature Bulky Data

Linear Data

Processing Low Processing ExcessiveProcessing

Storage Low Storage Massive Storage

Bandwidth Usage Low Bandwidth High Bandwidth

Latency Delay-Tolerant Delay Sensitive

Power Usage Low Power Consumption | High Power Consumption

lIoMT Architectures

[
Multi-Agent
Based IoMT
Architecture

Agent Based
loMT
Architecture

Al-based Software-
Defined loMT
Architecture

Big Data
Layered loMT
Architecture

|
Edge-Cloud
Hybrid loMT
Architecture

Layers

Multimedia Sensing
Reporting and
Addressability
Multimedia-aware Cloud
Multi-Agent Systems

Layers

Applications

Service Execution Agents
Resource Connectors

lIoMT Services and Resources

Multimedia Devices and Communications

Layers

loT Networks
Network Heads
Al-Based Cloud SDN

Layers
Remote Cloud
Fog Node
Mobile Client

Layers

Identification Layer
Physical Layer
Communication Layer

Layer
Multimodal Computational Layer
Application Layer

Figure2.6 Different IoMT architectures proposedtimeliterature[177]
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Nauman et al[172 have surveyed loMarchitectures which are broadly classified
into five categoriesl) Multi-AgentBased, 2) AgenrBased, 3)AIBased Software
Defined Networks (SDN), 4) Big Data Layered, and 5) E@tmud Hybrid.Figure

2.6 shows different loMT architecture with their proposed layers. Some of the IoMT
Application domaing20, 177 are Traffic managemet and monitoring, Smart
Agriculture, Autonomous vehicles, health, and environmental monitoring. This
thesis focuses on big data and ediprid based IoMT architectures. Therefore, |

will now delve deeper into required concepts related to edge and cloud.

2.8 EDGE AND CLOUD PARADIGM

. * ) )
Low High Cloud Nodes O@
1 | Tl J7JL
I —_—
) [}
@ o 2 : FOg Nodes s Compute Offloading
Q 2 21 oEy ooy Caching
3 s 3 : L Traffic Routing
&) g x, Capability Nodes
© — ol @ I loT Management
o 3’; % : Edge Nodes Q,J ’“JJ Privacy Protection
z o T
o -
[}
1
' Data Producer () A
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Figure2.7 Edge computing paradigm

The distributed computing field has evolved over time, deriving new paradigms
ranging from mainframes in the fifties to parallel processing, @mapeiting, cluster
computing. The inception and growth of cloud technig[ie&d have brought
advanced computing capabilities to another level developirnfgrelit service
models likei Software as a ServicgSaaS), Platform as a Service (Paas)d
Infrastructure as a Service (Iga8s per NIST[174:

060Cl oud computing is a model f-or enabl
demand network access to a shared pool of configurable computing
resources (e.g., networks, servers, storage, applications, and services) that

can be rapidly provisioned and reksad with minimal management effort or

service provider interaction. 6

As the field progressed, different cloud deployment models were proposed, such as
public, private, and hybrid cloud. The cloud model leads to challenges like high
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latency and bandwidth ogsumption as full data need to be offloaded from the source

to a cloud node. With the proliferation of sensors and advancement in the loT and

new paradigm of edge computing evolved. Edgetric computing focuses on
processingdata near the source or atth 6 edge dé or peri28hery of
179. Figure2.7 shows the layer stacks of different computing nodes. The edge node

exists near the data wme or data producers. Processing data near to source

improves the Quality of Service (QoS) as:

1 Itrequires a smaller bandwidth as less data is transmitted to the cloud.

1 Reduce application latency.

1 Reduce energy consumption.

1 Saves storage and monetarytaesjuired for data processing in the cloud.

1 Improved Quality of Expéence (QoE) in locationaware applicationsby
processing theatalocally.

1 Preserves trust and privacy as users are in more control of processing data

than sending data to any thiparty cloud services.

Recently, Fog computing paiigdh is proposed which is a bigger umbrella of edge
computing and covers broader aspects. As per Varghese[&T@l. the critical
difference between edge and fog computing is:

6edge c plivplid7} im whigh the edge of the network, for example,
nodes that are one hop away from a user device, is employed only for
complementing computing requirements of user devices. fog computing,
computational capabilities acroghe entire path taken by data may be

harnessed, including the edge of the ne

This thesis focuses on dadaven optimization across edge and cloud node for event
detection over video streams. Event pattern recognition over I0T scalar data is a
well-studied field. As discussed in Secti®dri2 mining event patterns over loMT

data streams such as videos leads to multiple challenges. This study aims to devise
adapive techniques for fast video event matching in the edge cloud paradigm.
Therefore, the following sectiorsystematically reviewthe background concepts

related to video and image processing.
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2.9 DEEP NEURAL NETWORK
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Figure2.8 Layered structure of ConvolutionsleuralNetwork (CNN)

Recently, Deep Neural Networks (DN[\BG] have becomastateof-the-artmethod

for classification and prediction. A neural netwa@mprisesvarious connected
layers (convolution, pooling, ReLU) which learhigh dimensional image features

to do the classification task. It is a supervised learning method where a model is
trained using annotated training data to detect the presence or absenobjetan

in the given image. DNN techniques like ConvolutioNa u r a | Net wor ks
have been very effective in many computer vision tasks. As shofigune2.8, a

CNN consists of multiple stacked layers and&ots the image features as vector
embeddings. As per eq. 2.4, a fully connected layer in a CNN with weigisl

biasawhas its activations given by:

N ,0 Q0 o @ @4

where’Q represents the input layer, 8, ®  wand, is a nonlinear activation
function.co and® are the weights and bias of the lajr. Similarly, a general

3-D convolution filterin a DNN is represented iy "O "O where0 is the number

of channels antb "Orepresents the size of the spatial filter. Whes 1, it becomes

a 2D filter. The output of the CNN filter wilependontwo more hyperparameters,
stride and padding The function of a CNN layer is to capture tleal spatial
connectivity in the input where the size of the filter acts as the receptive field.
Convolution filters are typically followedoy Rectified Linear Unit (ReLU)
activationandpooling layers. The RELU activation develops fimear features and

the pooling operations, which are defined belexiract the highest activation or the

average activation from the CNN filter output.
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2.9.1 Spatial Pooling Layer

Pooling layers[178 are inserted between successive convolution layers to
downsampleand reduce the spatial dimensions by keeping the most important
features or the representative features. An average pooling filter o&siz&
extracts the average activation in that region of infputontrast,a maxpooling

filter extractsthe maximum activation. There is another type of pooling filter called
the global pooling filter that downsampksinput activations to a single value. This

is usually used near the end of CNN as the downsampling by global pooling
dramaticdl reduceshe output dimensions and more convolution filters after it will
not provide meaningful output. This is sometimes used in place of a fully connected
layer to transform the feature maps into output predictioggolal average pooling
output the average ow¢he entirety of its inpuytwhile aglobal max poolingwill
output only the maximum activation. The output of a sparling filter is
sometimes interpreted as the presence or absence of a feature in the input image.

In the next section, | wiltliscuss the use of DNN models in the computer vision
domain. The discussion is focused relatively on the use of DNN models as per the

current thesis requirements.

2.10 IMAGE UNDERSTANDING

Video streams are continuous sequences of images. The image understanding
domain focuses on reasoning over image conterdesctibstheimageusing high

level humarunderstandable concepts. In computision, these higHevel visual

conceptsare termedabjects Objects are the basic building blookimageswhich

are acollectionof low-level features (pixels, intensity, color, edges) and Hemn

givenahighh evel semant i c | aTthedbjedbasé&deanalysisanr 6 and

videos and images can widely be divided into two broad categories:

@ (b)

Figure2.9 (a) SIFT featuréhased objeatnatching (b) Bounding box based object classification and
detection
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2.10.1 Object Classification

Object classification is the task of identifying or recognize the class of an object in
the image. There are various automated classification algorithms proposed in vision
literature to classify objects from the images. The classical object recognition
algorithms like SIFT[179 (Figure2.9 (a)), HOG[18(, and Selective Sear¢h81]
(Figure2.9 (b)) uses lowlevel imag features to identify the class of the object in
the images. Convolutiondleural Networks (CNN) have become a stat¢he-art
method to detect objects with good accuracy and perform&bdeN 6 s adopt
supervised learning method, where a model is tdausing annotated training data

to detect the presence or absence of an object in the given Baage of the famous
CNN-based object classification models are VGGN&87, ResNet[183,
MobileNet[184] and DenseNdtL85.

Eiffel
o
-~

Person Person | & | __-=~
sitting near grey
t

wear —* jacket

~ . Tennis Racket
~ Tennis Ragket

VLN

Bounding Box ~ Segmented Region have — hair

I \bl. k
(a) (b) ong act

Figure2.10 (a) Segmented region of objects using MaskIRN and (b) Scenegraph representation
of an image

2.10.2 Object Detection

Object detection is one step ahead of the classificationroc es s, wher e an
class and its spatial localization are identified in an image. DNN based object
detection models like Fast&®-CNN [186, SSD[187, and YOLO[18g§ give

bounding boxes across the objects in the images which are highly achlaske

R-CNN [189 perform fner object detection by identifying the segmented region of

the object s b qrigurd240(g)). Reaent wankdike Saareegrapiss

[43] tried to describe images by creating relationships between different objects to

give more expressive representatiear example, ifrigure2.10 (b), the graphd g i r |

we ar jwheoedk g itadd P a @arde ebjeds whilé w e definés a relationship

between these two object®bject tracking is another technique that monitors the

same object across video frames to keep track of unique objects.
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2.11 MOTIVATION

This section discusses motivational scenario thas derived from thetraffic

management domain.

2.11.1 Smart City Application: Traffic Management

Q1: Select Pass By(car) from
camera in window = 10 sec
Pass By ) i
Pattern Q2: Select H|gh \(olume Traffic(car)
from camera in window = 10 sec

Camera

Event Engine >
Notification
High Volume>.® “
Traffic Publisher Subscriber

t=10___, Complex Query R

Figure2.11 Motivational scenario: Smart traffic management

Traffic surveillance igypically amanualeffort where traffic personnel continuously

monitorvideo stream feeds from different cameras instafi¢de city. This manual

inspection is erroproneand challengingfor humans to correlataultiple events at

different time instance#®\s shown inFigure2.11, thetraffic authorityhas declared

some busy routes in the city as 6éno passin
jams. They subscr iHasBd op at tCEPn emgt nfei ¢ari a
where a vehicle should not pdsg another vehicle at a specific time and place.

Figure2.11 shows afPass By pattern [t=2045], a complex eventhat constitutes

atomic events like objeaén detectionand its position with other objecs at

different time stepsSimilarly, theauthoritymaywant to monitohigh volumetraffic

flows (Q2) of aroadat a given time of the dayHeredigh volumet r a fevent ¢ 6

[t=5] is composed of simple eventikei a) Detection of6 C aevemtsand b

Countng the number of cars each framat different time instances

2.12 CHALLENGES

Il n the above motivational scenari o, proces

traffico6 o viedio muitipldahalenges whectaare discussed below:

C1- Querying Complex Video Events. Querying video patterns in CEP impel

challenges such as:
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1 Query ExpressianCurrent event query languages (such sgefEPL [11])
do notsupport video event processing. Specific query expression support for
detecting video event patterns is required which can handle different event
analytics operations such as selecting source windowing, defining operators,
and other QoS metrics like accuracy.

1 Designing Query Operatorfkecently, deep learning techniques have been
widely adopted to identify video patterns by training model over an
anrotated datasetn CER, there can balifferent user querie6 | i ke 06 Hi gh
Vol ume Trafficbé and O6Pass Byo6) at diffe
to train everypatternwhere requirement changes duethes ubscr i ber 6s
guery dynamicity Furthermore, raining each pattern isostly in terms of
resources and computatidnis not feasible itnighly dynamic environments
like videos where objects are in motion and gensradéeying nature of
events. Therefore, a suitable method is required to design CEP query

operators.

C2- Modelling Unstructured Data. Video data streams do not have any data model
and are represented as lolevel featuressuch as pixels and edgdglodeling
complex events in unstriwzed data like videoarechallengingForegé Pass By 6

is a complex everthatconstitutes various simple events like

1 Object (e.g.can detection.
1 Identifying thesame object at different steps.

1 Spatiotemporal relationships among objects

Querying patterns from such level video features is inefficient and requires a
structured schema to model complex events at different granularities (i.e., objects
and relationships).

C3- Video Event Matching. The video events can span across tempgoralspatial

di mensions and thus require an effective r
pattern spans across multiple video frames where one car passes another car in a

specific direction in a given time period. There is a need to devise effective
spatiotemporal matching to map ldewvel video features to higlevel query

patterns.
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C4- QoS Performance Most of the event processing applications are latency
sensitive. Video streams are computationally intensive and identifying patterns such
as 0 p a y én distributed and redime settings requires extensive resources.
Therefore, optimization techniques are needed to perform fast video event detection

using minimal system resources and improve QoS for a CEP application.

This thesis addresses the above challenges and proposes a Video Complex Event
Processing (VIdCEP) framework. VIdCEP uses a declarative query syntax and
converts video streams to a graph data model to perform efficient spatiotemporal

pattern matching.

2.13 SUMMARY

The chapter provides an overview of the different background information required
to formulate the current work. The chapter discusses the event processing paradigm
and related concepts like CEP, query languages, and windows operators. The chapter
throws light on the nature of the data landscape and other paradigms like IoMT,
edge, and cloud. Furthermore, deep learning technigues and their associated state
of-the-art models for processing video and images are discu3$ed.chapter
discusses videgbasd Traffic Management scenario in a smart city context. In the
end, the chapter discusses various challenges related to video event processing in the
CEP scenario using traffic management queries. In the next chapter, an overview of
the Video Complex EvénProcessing framework (ViIdCEP) is presented. The
chapter will discuss the different components of the proposed framework, which will

later be explained in separate chapters as a core contribution to this thesis.

44



Chapter 3

VIdCEP Complex Event Processing Framewrk for
Video Streams in IoMT

T hz kOntBS0$ @S 6N iy YONKE Uy Nrt RSN
NYUTMBSKU hh Zt So 0+ Bl IIMNUS | K BZ B B
nBLNB2S a0y

Only the one who makes efforts, wirSowards depeng
upon fate. One must throw away the concept of destiny
become industrious, with the confidence and strength
Il i on. I't is not oneds f al

Panchatantra, Mitra-s a mp r

3.1 INTRODUCTION

Thischapter presents a higével overview of the Video Complex Event Processing
(VIdCEP). Framework VidCEP isa distributed,in-memory on the fly,nearreat

time complex event matchinijameworkfor videostreamsand can be deployed at
edge and cloud node¥idCEP architecture is based on theegration of the
techniquesproposedand developed in this thesi$he VIdCEP framework is
published in the IEEE International Conference on Big Data (IEEE BigData 2019)
[92] and ACM Middleware (Midleware 2019) doctoral symposiuy@i].

The overall discussion in the chapter is as follows: Se@i@nelaborateshe
functional design o¥/idCEP andthe event detection approa&ection3.3explores
the related work and compares VidCEP with other video analytaaefvork.
Section 3.4 describes theVidCEP architecture and interactions betweén
componerg. Section3.5 discusses thémplementation detaiJsand Section 3.6

summarizes thehapter.

3.2 VIdCEP KEY FUNCTIONAL DESIGN DISCUSSION

This section throws light on the key design discussions of VIdCEP architecture.

3.2.1 VIidCEP: A Cross-Domain System Innovation

CEPsys ems 6 origin bel 2818319 andirdocmaiionflow d at ab a s €
processing systeni$]. These systems are weléfined in data managemesd

systems domains. Till now, the focus of the CEP system was limited to scalar data
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Data
Management

Figure3.1 VidCEP positioning across different domains

and temporal reasoning. Similarly, video analysis is an active research area of
computer vision that lies broadly in the ML/Al domain. Thus, spatiotemporal video
event processing is an interdisciplinary area lying at the -sesson of systems,

data mangement and ML/Al domaingigure3.1 shows that the VidCEP sits at the
intersection of these domains and adopts the necessary expertise to develop

techniques for videovent detection in the CEP environment.

One of the key challenges in bringing techniques from a different domain is the
diverse nature of requirements around which those algorithms were developed. For
example, ML/AlI and Systems domain have a separate esgeit set that may
impact the overall performance when brought togeele3.1 enlists some of the
challenges while adopting ML/AI techniques in pwotlon system settings. ML
model s6 goal is to predict the data corre
training set is of vast importance. In comparison, systems such as CEP are primarily
deployed in online settings and perform e matchingn high throughput and

low latency settings. Bringing these requirements together can impact system
performance. For example, DNN models such as object detectors are
computationally intensive and slow but have good accuracy. Deploying such models
in the CEP scenario will impact the system performance leading to high latency and
low throughput. Thus, crostomain interlinking necessitates the development of
new techniques to resolve such challenges. To tackle such requirements, in this
thesis, | have propes various optimization techniques such as gtzgded video
representation (VEKG]92, 96], adaptive windows (VIBWIN) [100, 107], state
summarization (TAG93], EAG[94]) to enable the VidCEP framewoj&1, 92] to
perform fast video event matching in the distributed setting.
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Table3.1 Challenges of Adopting ML/AIl in Research.Woduction Data System

Characteristics

Data

Objective

Metrics Focus

ML Research

Offline

Model Performance

Accuracy, Precision, Recal

Area under

Training (learning rate, epoct

etc.)

Key Canponents ML/Model

Systens

Mostly Online Inference

Optimized system performance to achie

the required engoal

Curve, Quicl Throughput,

Configuration

Data Collection

Data
Verification

Figure3.2 Role of ML/AI code in the systems environm¢h® 1]

CPU, memoryand bandwidth usage)

Quality of Service metrics such as Hig
Low Latency,
accuracy, Resource Efficiency (such

Gool

Multiple components such as data

Feature
Extraction

Management Tools

Process

extraction and

Monitoring

collection, feature
monitoring(Figure3.2).
Machine

Resource

Management
Serving
Infrastructure
Analysis Tools

3.2.2 Video Event Detection in VIdCEP: A Hybrid Approach

As discussed in Sectich9, DNN models have been proven to detect video events

with high accuracy192-194). It can be argued that why not just train DNN models

for video event pattern detection in CEP. gmng different machine learning

models (such as DNN) for event detection in CEP scenario is challenging because

of the following reasons:

1 Huge Visual Concepts Spadéhere are millions of visual concepts that humans

understand. These concepts can belsimp such as

vol ume

traff

ic. o

Wi t h

such

car 6,

a

deploy machine learning models to cover different visual concepts.

arge

1 Query Dynamicity: Machine learning models like DNN are trained an

supervised fashion to detect patteriibere can be different continuous queries

in CEPconcerning usedsnterest at a separate instance of time. It is not realistic

to train every pattern where requirement changes dtretubscribeis query

dynamicity.

a7

and

Vi

C O |
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1 Training Data Limitation: The amount of training data restricts the machine
l earni ng modeThs Bigggy the dize of tha tnamiag dataset, the
better are the result$here are infinite objects and relationships in the visual
world, and its dhallenging to create a dataset for each pattern. The training of
the model for each pattern is costly in terms of resources and computation and

infeasible in the CEP scenario.

Data —— Rules —— Labels

@)
Data
T~ ML Models

Labels /

Rules

v

(b)

Figure3.3 a) RuleBased systems approach and b) Machine Leamiogd eappdoach

Figure3.3 (a) and (b) show two common reasonapproaches to identify patterns.
Initially, rule-based systemd 95199 were sandard where handcrafted rules are
created by analyzing data characteristics to represent the knowledge explicitly and
identify the labels. Contrary to this, ML models such as DNN adopted a supervised
learning approach where a model is trained on a labelming dataset. The model
automatically learns the rules using statistical inference and can then identify labels
in the data. As discussed above, ML models like DNN are not sufficient to detect
multiple video pattern queries in a CEP environment. Gn dther hand, the
traditional CEP system performs event matching overdpfimed event rules.
Therefore, a hybrid approach is adopted that includes ML models based on inductive
and rulebased deductive reasoning techniques. Inductive methods such -ad-state
the-art DNN based models (like object detection and pose detection) can be used to
detect initial simple events from the video. Later, deductive reasoning methods (such
as firstorder logic) can be applied to write event rules to create more com@eik ev
patterns using simple eventss shown inFigure 3.4, the DNN models extract the
object cat egor i elkeovermageventoule thendestalreadoothea i r 0 .
spatial position ofperso®andd&haibover a given time and when satisfE®ows
sitting event patterrChapter 7n this thesis discusses event rules created based on

hybrid reasoning.
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Figure3.4. Hybrid approach based event reasoning in VidCEP

The next section discusses the literature of the video analyticswaiand is
compared with the requirements for video event pattern matching in the CEP

environment.

3.3 RELATED WORK

In the past, video database management framewW8&k$7, 200-207 have been
proposed in the literature, focusing on object detection. These frameworks follow
the legacy database approach where video frames are stored and indexed, and later
gueries are executed to find thiejects.Recently, with the advancements of DNN
multiple video analytics framework hasenproposed to detect video contefdble

3.2 summarizes the comparison adirious video analytics framework with the

requirements identified for video event matching in CEP systems.
A) Video Analytics Framework with Specialized Goals

NoScope[203 focuses on fast binary object detection using spee@DNN
trained on archived vided-OCUS[54] provideslow cost and low latency video
event detection oanindexed video dataset. VideoStofB) processslive videos

on alarge cluster where queries are pitefined as computation graphut focus
mainly on reducing latencyimilarly, Chameleor{87] focuses on optimizinghe

best neural network configuration for il analytics to reduce profilingpss and
improves accuracyAll the systems mentioned abow#o not concentrateon
expressivaiser queriesstate management, spatiotemporal event patterns, and edge

deployment
B) Frameworks with Video Query Support

Recently, BlazelT37] was proposeds an advancement over NoScfiped which
supports declarative query langua§&®AMEQL with different QoS metrics and
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guery optimization techniques. Optafi&] supports video streams and proposes an
expressive vision query by adopting SQL syntax and-defined operatrs such as
extractors, processors, and combiners. Both the above systems lack spatiotemporal
matching, state management, and edge support which are core in the VIidCEP
framework. AWStreanj55] is a stream processing system for wide area networks
and has a suite of operators with an expressivelbigt syntax. As pefable3.2,

most of the video framework such as Opt4Sig, NoScope [203, BalzelT[37],
DeepLeng204], Tahomg205, Sprockef20q, VideoChef207] and \-Store[208]

lack event rules but have DNN models (as an operator) support for object detection.
C) Spatiotemporal Video Event Matching Systems

Chakravarthy et a[60] propose an adaptive stream processing framework for video
analysis. The work is shaped around the Complex Event Processing domain. It
supports video streams, a SQL query syntax, tbased video repreatation, and

a sliding based temporal state handling and matching. But still, the work lacks
requirements such as supporting event rules, -diatan windows, state
summarization, spatial and temporal matching, and edge deployment on which
VIdCEP is built It is evident from the table that no video analytics framework has
focussed on state management techniques and related optimizations which is one of
the key contributions of the VIdCEP framework. The current video analytics
framework such as Optasja2], NoScope[203, BlazelT [37], Sprocket[20]],
DeepLans [204], Tahoma[205 etc. focuses on basic object detection and lacks

spatiotemporal aspects of video event matching.
D) Edge-based Video Analytics Framework

Some video frameworks specialize in deployment over edge neittes-orward
[83] uses aset of lightweighffilters over an edge device to transmit only relevant
frames forbandwidth savings. It performs frarevel filtering and doesot focus

on statebased pattern filteringdeclarative queries, and spatiotemporal matching
which is thecore of the VIdCEP approach. Reductf84] performs on camera
filtering using cheap vision filters. It saves bandwidth and redlateacy using
filtering but daesnot focus on statenanagemenand other slisted requirements

Wang et al[209 proposed different strategiesreduce transmission and save

50



Table3.2 Comparison of different video analytics framework with the identified video event
processing requirements

Video
Analytics
System
Related Work

Opt d=)i ¢

NoScope

[203
Bl az[&/] T

Vi deo St
(3]
DeeplLer
[204
Chakr av
et [Ga]l
Vi deoEd
[210
Re d u[84] c
Cl oudSce
(219

F o c[B4k
Fil
(83
T a h o[205

terF

Wang et

(209
L AV E[217

Sprocke

(206
F F-BA[213

Vi deoCh

(207
AWStr ea

[55]
VSt qa08

Vi dCEP

Stream
Support

Yes

Partial
Archive
file
No

Yes

No

Yes

Yes

Yes

Yes

No

Yes

No

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Video Event Query

Declarativ
e Query
Language

R1

Yes

No

Yes

No

No

Yes

No

No
No

No
No

No

No

No
No

No

No

Yes

No

Yes

Event
Rules and
Operator

R2

Partial
DNN
operator
Partial
DNN
operator
Partial
DNN
operator
No

Yes

No

No

No
No

No
No

Partial
Binary
Operator
Partial
DNN
Model

No

Partial

No

Partial
Canary
Filters

Yes

Partial
DNN
Operator
Yes

Video Event
Representation

R3, R4

No

No

Yes

No

Partial

Frame File

Yes

No

No
No

No
No

No

No

No
No

No

No

No

Partial
Stores video
formats

Yes
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Spatio-
Temporal
Event
Matching

R5

No

No

No

No

No

Partial
Temporal
Matching

No

No
No

No
No

No

No

No
No

No

No

No

No

Yes

State Management
State Adaptive

Summarizati = Window
on s
R6 R7
No No
No No
No No
No No
No No
No No

Support State

management
No No
No No
No No
No No
No No
No No
No No
No No
No No
No No
No No
No No
No No

Storage
backend

Yes Yes

Edge
Deploymen
t

R8

No
No
No
No
No
No

Partial
Reduce
CPU cycles

Yes

Yes

No

Yes
No
Yes

Yes

No

Partial
CPU
Support
No

Partial
Wide area
streaming
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bandwidth but have naonsideredrzideo representatioquery awarenesandstate
managementVideoEdge[21( identifies Paretdand of different configurations

and create a profile for resource efficiency across camera clusters using query
planning. LAVEA[217 is a framework for low latency video analytics at edge
platform but lacks query, representation, and matching support. As shdwable

3.2, VIdCEP satisfies all the requirements enlisted for video event matching in CEP.

The next section discusses VidCEP architecture in detail.

3.4 VIdCEP ARCHITECTURE OVERVIEW
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Figure3.5 VidCEP architecture

Figure 3.5 describesthe core architecture of the VIdCEP framewoikable 3.3
aligns the VIdCEP components with requirements and research queAsopsr

the main requirements, VidCEP architecture is divided into four main components.

3.4.1 Query Manager

TheQuery Managecomponent handles the proposed Video Event Query Language
(VEQL) [92] (RQ1 (a) for the VIdCEP frameworkEQL follows the SQLlike
declarative expression which enables users to query video events itevegh
humanunderstandable concepts. The query manager component storesamérse

update other ViIdCEP componeatsper query metric¥he query manager constitu
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Event
Representation

Event
Matching

Quality of
Service

Table3.3 Mapping of VidCEP higHevel architectural components with requirements and research

Requirements = CEP
Requirements
for Video
Streams

Event Query R1: Visual

concept based
declarative query
expression

R2: Support for
defining
spatiotemporal
video pattern rules
and operators

R3: Identifying
and representing
visual concepts

R4: Relationships
between visual
concepts

R5:
Spatiotemporal
video evenpattern
matching

R6: Query and
statebased
efficient
spatiotemporal

questions

Research Questions

RQ1(a): How to determine the
formal semantics of quen
language, enabling users to que
video events and QoS metrics
high-level humanunderstandable
concepts?

RQ21(b): How to design event rule
and query operators to proce

spatiotemporal video ever
patterns?
RQ2(a): How to extract and

represent lowevel video content
and video stream into a structure

data model with highevel
semantic concepts?
RQ2(b): How to identify

relationships between semant
concepts of video content whic
occurs over time and space?

RQ3(@a): How to perform
spatiotemporal matching ove
semantically represented vide

data with proposed higlevel
queries?

RQ3(b): How can event queries
and statebased windows be
leveraged to improve the propost
video representation for fast vide

video event patterr pattern matching?

matching

R7: Contentbased
adaptive windows
for fast video
inference.

R8: Resource
constraints
efficient video
event matching in
adistributed edge
cloud scenario.

RQ4(a): How to enable content
driven adaptive windowing for

video streams for acceleratin
video analytics?
RQ4(b): How queryaware

windows can be leverage for fa
video inference in resource
constrained scenarios under givi
applicationlevel bounds?

-tes of two essential elements:

High-level Architectural
Component

IVEQL QueryEngine

VEQL Query Operators
and Event Rules

fVideo Content Extractor
IVEKG Graph Builder

IVEKG Update
IVEQL Query Operators
andEvent Rules

Windows Manager
fEvent Matcher
fState Manager

Windows Manager

TAG/EAG Builder

fEventMatcher

IVEQL Query Operators
andEvent Rules

IVID-WIN Controller
ISWK Mapper
Windows Manager

Component
Contributions

Video Event Query
Language (VEQL)

Spatiotemporagvent
rulesusing hybrid
reasoning in domains:

| Traffic Management
I Activity Recognition

Video Event
Knowledge Graph
(VEKG)

Formalize
spatiotemporal
relationshipgor VEKG

Statebased
spatiotemporal
Complex Event
Matcher

I'VEKG-Time
Aggregated Graph
(VEKG-TAG)

IVEKG- Event
Aggregated Graph
(VEKG-EAG)

Query and stataware

contentdriven adaptive

windows at edge

VID-WIN adaptive
filtering under resource
constraints.

1 VEQL Query Interface This is a useinterface wheresubscribers can write

VEQL queries

1 VEQL Query Engine In Query Engineall VEQL queries from different

subscribers are stored and indexed. It extracts the VEQL query predicates and

stores them as a configuration profile. As showRigure3.5, thequeryengine

sends theconfiguration values to theéStream Manager(model pipeline
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information, publisher information) amdatching Engindevent rules, windows
information, and query graph) components to initiate the instances for handling
different queries. For example, if there are two queries with different windows
requirements, then the quananagewill initialize two windows instances for

guery execution.

The VEQL query format, examples, and internal structure of the query engine are

discwssed in detall itChapter 4

3.4.2 Stream Manager

The Stream Manager component is responsible for initializing the video encoder
(such as FFmpéypserviceand streaming publisher conteatthe internal message
buffers. The stream manager component can be deployed on the edge and cloud
nodes. The edge specific optimization has been proposed for the VidCEP framework
where stream manager can run on reseoonstrained nodes while maintaining the
system QoS metrics like latency, bandwidth, throughput, and acclR&ry(a)
RQA4Db)). The stream manager components are described below:

1 VideoEncoder ServiceThe video encoder service act agi@eo stream pre
processor The component receives the video frames from the publisher via
FFmpeg andonversthem to dow-levelfeature magRGB channelbased pixel

valueg using OpenC¥.

1 Buffer/Edge WindowsThis component is a set of internal gae that will
recei ve t heprgestet dats asemewdwentpfnons the video encoder.
For edge node deployment, the buffer queues are optimized as ainient
windows to handle the computationally intensive video data. These edge
windows receie instruction fromVID-WIN Controllerand tune the received
video datatoimproveloe nd de v i c e slatempteends allthmadea e .

frames messages to in Content Extractor component.

1 VID-WIN Controller: The VID-WIN controllercomponent acts as tffiest-class
abstraction over edge windows to transform input frames forclust video

inference. VID-WIN controller performs prprocessing optimization by

7 https://ffmpeqg.org/
8 https://opencv.org/
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adaptively tuning input knob parameters like frame resizing, batching, and
filtering based on thquery (VEQL QoS metrics) and resource constraints (edge
node)[100, 101]. The VID-WIN controller method is described in detail in
Chapter 8 of the thesis.

3.4.3 Content Extractor

The Content Extractors a computer vision pipeline that receives the video streams
from Stream Mangr andconvers them into a graph streafhconsists of:

1 DNNML ModelsPipeline It constitutes different DNN or ML models cascade
(or pipeline) which arpre-trainedon specific datasets. The pipeline control flow
is create usingnodel pipeline informationwhich is received via the query
manager component. The pipeline information is fed as a Directed Acyclic
Graph (DAG) where ML models act as a node and the edgastoethe input
and output flow of data from one node to another node. In the current thesis,
various object detectof486, 189, object classifier§182-184], pose detectors
[214] and attribute classifiers (s as color filtef219) have been used for
video event detection. THew-level feature map from the stream manager is
passed to the object detector for detecting objé@tisregionof interest (ROI)
of detected object features are later passed to the attribute classifier for attribute

detection.

1 VEKG Builder: This module onstructs a timestamped graph snapshot. The
Graph Constructor receives information from the DNN modelsrgm@sents
them as a graph based on the Video Event Knowledge Gv&iQ) schema
[93, 96]. VEKG graphs are pushed to tiéindows Managenvhich buffers the
incoming streams as state information @t them to theEvent Matcher

component for further processing.

3.4.4 Matching Engine
Matching Engineis the core of the VIdCEP framework which handles state
management and video event matching proddssmatchingengineconsists of the

following components:

1 Window ManagerWindowscapture tle stateand apply event rules to detect
paterns over that sta{82]. In VidCEP, windows capture the number of image

frames of video streams represented as VEKG graphs. The VIdCEP consists of
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TimeandCountwindows ofSlidingand Tumblingtype. The Window Manager
assgn windows to different video streams as per the inforamateceived via
QueryEngine The window captures video frames\dsKG graphs into a fixed
bucket sizei.e. stateand thenapplies atrigger function[216. The trigger
functionisbasedon h e wi n d o ynhishthdnsands the aaptured state
to theEvent Matchefor further processind-or example, ¥ EQL query having
TIME-WINDOW (10) means that the window captures the video streamO
secondsafter which a trigger function will be activatethe windows manager
sends data toSliding Window Knowledge Mappe(SWK) [100, a
postprocessing optimization technique to further improve the VIdCEP QoS
metrics such as bandwidth reduction. The SWK sends the windiiics back
to VID-WIN Controllerin the stream manager to further optimize precessing

of video frames.

State ManagerThe State Manager updates the VEKG stream in the windows
and archive the state information. The state manager compormivitied into

five subcomponents.

1 State MapperTheState Mappereceives th&indow statdrom the window
managerand send them to the statebackend.t also gets the information
from State Summarizeand updates the VEKG graphs in the windows. The
statemapper is responsible for sending the window state to the specific
matcher instance for which the query was registered.

i State SummarizeThe State Summarizes responsible for updating and
summarizing the VEKG stream in windows. The state summarizerimuns
parallel with the Windows Managerand updates the VEKG message
parallelly. The state summarizer consists of:

A VEKG Updater:As discussed above, théEKG Builder creates the
VEKG graph which is aomplete digraphwith no edge labels. The
VEKG Updaterupdates the incoming VEKG graphs in the windows
using Event RulesFor example, if the event rule idedt operation, the
VEKG updater will perform théeft operation over the VEKG stream in
windows. The VEKG updater responsible for calculatinthe spatial
event rule[92, 96-98] on theVEKG graph The spatial event rules are

applied at the frame levei.e., it computeghe rulefor eachVEKG
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message that it receiveBor more about VEKG relation creation, please

refer toChapter 5

1 TAG/EAG Builder: The TAG/EAG Builderdeploys VEKG graph
summarization techniques, improving the overall VIdCEP matching
performance. The Time Aggregated Graph (TAEB, 96] is a
spatiotemporal state summarization technique for VEKG stream in a
window to improve the dieo matching performance by enabling faster
graph matching. The Event Aggregated Graph (EAZ] is a more
optimized TAG version that improves matching further using a multi
query approachChapter 6s fully dedicated to the discsisn of these

summarization techniques.

1 StateBackend:The State Backends persistentstoragethat stores the

event state gbroduces for historical analysis

1 Event RulesThe Event Rulesact as a registry to store the rules for
different patterns used for VEKG graph creation and pattern matching
The thesis proposes event rules from Activity Recognition and Trafifc
Management domain and is discussed in detailhapter 7.

1 Event MatcherFinally, theWindow ManagegathersVEKG event messages as
a batch of window size and sends them to Bwent Matcher Matcher
consolidates query operators for an ensiet and verifies them against the
registered VEQL query using event rul@he matcherperforms the object,
spatial and temporal matching of the evg¢&® over the queries received by the
QueryManager, then outpugthe matches to tHeorwarderto send notifications
to the subscber. The matcherinstances run parallelly and any matcher
instance is busyit buffers the state and keeps it in a queue and waits until the
matchelinstancebecomes freelhe matching algorithms have been discussed in
Section5.7 of the thesis.

i Forwarder. The Forwarder component is responsible for sending the
notification of matched events to the subscribers in the correct output format.
Currently, the forwarder is only sending the text notifications to alert subscribers

whether the subscribed event has occurred or not.
In the next section, | will discuss the ViIdCEP implementation details.
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3.5 IMPLEMENTATION DETAILS

The initial VIdCEP implementation iaritten in Java and follows the traditional
monolith architecture where the software components are treated as a single unit.
The VIdCEP uses the multithreading and prodwcersumer approach to enable
parallel processing among its components. The fyjeéean handle multiple video
streams anWEQL queries in parallel-or video content retrievaDeeplearning4j
(DL4j) [217 was used which is Javabaseddeep learning librgr For object
detection,we have usedhe DL4jbased TinyYOLO [18§ model. For attribute
extraction, the featuresf bounding box coordinatesere fetchedrom the Tiny

YOLO model layer and gs®d to the attribute classifier, a simple color filter

JGraphtT[21§, aJavalibrary for graphswas used foWEKG graph construction.

Due to better DNN libraries support, the optimization techniques of ViIdCEP were
implemented in the Python language as standalone protéffpaketworkX[219,

a python graph library, is useéd implement VEKG and summarization techniques
such as TAG and EAG. The content extractor component consists of DNN models
such asYOLOv3 [22(, PoseNet[214], FasterRCNN [186, ResNet50[183,
VGGNet[187], MobileNet[184 and DeepSORT[22]] implemented using deep
learning frameworks lik&ensoFlow [222 and PyTorcH223. The preprocessing

of the video frames is done via OpenCV and FFmpeg encoder services.

3.6 SUMMARY

Thischapter gives an overview of the architecture of the proposed VidCEP complex
event processing framewoidCEP isan inmemory distributedon the fly,near
reattime complex event matchingramework for video streams.The chapter
discusses the roles anballenges of deploying ML models in systems settings and
the importance of a hybrid approach for event rule creation. Different video analytics
platforms are compared with the current VidCEP requirement. The chapter details
the VIdCEP architecture whicts idivided into four major components handling
video event matching requirements. VIidCElses a graphbased event

representatioVEKG) for video streamsenablingthe detection of higtevel

9 https://github.com/piyushy1/VidCEP
10 hitps://github.com/piyushy1l/Deepsdivert-Aggregator
11 hitps://github.com/piyushyl/AdaptiveVidWindows
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semantic concepts from video usimgscadesof Deep Neural Netwdr The
subscribergan define higHevel expressive queri€¥EQL) over videsto detect a
range ofspatiotemporatvent patterns/idCEP consists adicomplex event matcher

to detectspatiotemporaVideo event patterns by matching expressive user queries
(VEQL) over video datdVEKG). The chapter also enlists the VIdCEP components
which enable datdriven state management and edge deployment. After the detailed
discussion on VidCEP architecture, the next chapters in the thesis would focus on
proposed techniques deployed in differemhponents. The next chapter focuses on
Video Event Query Language (VEQL) and discusses thelbigi video queries in

detail.
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Chapter 4

VEQL: Video Event Query Language and
Spatiotemporal Operators for Video Pattern
Matching

OnoNUK'OKEES & WKL ScaY NnINanNat ny B
NN O @l BE SN Y oedUnokYse [fi O
-Lan&mauN

The way gol ddés purity is
and pounding, similarly,
gentleness, mannetsabits and deeds.

Chanakya Niti

4.1 INTRODUCTION

Chepter 4tackles mainly the first subpart of the research question (RQ1(a)) that
states the following:

RQ1: How to define highlevel humanunderstandable expressive vide
pattern queriesand eventrules in CEP?
a) How to deermine the formal semantics of query languagrablingusers

to query video events and)oS metrics in highlevel human
understandable concepts?

The RQ1(a) emphasizes defining the event query language for videos in the CEP
environnent. The chapter discusses the lack of support of videos in the current event
guery languages. It then identifies theery dimensionas initial query requirements

to support video streams in CEP. The chapter proposes a Video Event Query
Language (VEQL)and details the related query clauses. Different inbuilt
spatiotemporal functions have been explained which support in creating event
operators in VEQL. As shown Figure4.1, the VEQL is enabled using the VIdCEP
QueryManagercomponent and is the focal point of this chapter. The chapter details
the role of different query components and explains how the VEQL query is stored

and parsed across them. The VEQL work is ighleld in the special sessiohlEEE
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Figure4.1 VidCEP components responsible for ¥@Event Query Language (VEQL)

Big Data 201992] conference and ACM/USENIX Middleware 20[%1] doctoral

symposum.

The remainder of this chapter is organized as follows: Sedt®motivates the
problem and Sectiod.3 discusses the related work. Sectibd introduces the
proposed Video Event Query Language (VEQL) ttoe VIdCEP framework and
discusses the query syntax and clauses. Sedibrand 4.6 then formalizes the
spatial and temporal constructs for VEQL. Sectbid and 4.8 gives VEQL
examples and discusstte creation of usedefined rules. Sectiod.9 and4.9.1
explains the VEQL architecture and query graph. The chapter concludes in Section
4.10

4.2 MOTIVATIONAL SCENARIO

Suppose in a smart city surveillance systeaific control authorityis searching for

a suspected O6Red Cardé6 on a speecanerac r oad
videofeeds of the road to get automated-teak notificationd or det ecti on of
C a every 10 seconds. Hea®® R e d evemrtrreddgo be continuously monitored

by the CEP engine to deteat abjectd6 @b with specific attributes (colerRed).

Objects in videosteractboth in space and time and requspatiotemporatease

ning to queryover them We have divided the video query tegements for CEP

into four dimensiondD1- Object detectiorD2- Object detection with specific Attri
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D1

Frame 2

D2 Red Car

D4

D3 Car 1 Left of Car 2

D1, D4

High Traffic Flow

1 2 Time

t3 t4

Figure4.2 Spatiotemporatraffic eventpatterns in &£CTV videostream

-butes,D3- Spatial Relationships between objects, Bdd Temporal Relationships

between objectsFigure 4.2 shows multiple event patterns as per identified

dimensions. flwe anayze

di fferent Vi

deo

occursin the video feed at timé (D2). At time ¢o there is a spatial event where

&Car spatiallyoccursdeftbof Car® ( D3 ) . We <can
where 6Car 60 o aaskinfiesp licgdD4p r e
Table4.1 Querydimensions for CEP basetileoprocessing
Query Dimensions| Description User Query Example
D1: Object The userwantsto detect arobject from{ Not i f y Card
Detection the video stream. present in thevideo
feed.
D2: Object The userwantsto detect arobjectwith | Not i f y Red Cab
Detection with specific attributes (likesolor, typd from | is present in thevideo
Specific Attributes | the video stream. feed.
D3: Spatial The usewantsto detect an event pattef No t i f y Ciard
Relationship where two objects are related spatial p r e s e n tefto ns
between Objects | This canbe objectocation, direction withh o f a n@atdh e r
respect tmther objects
D4: Temporal The usemwantsto query objectsvhicharef Not i fy i f
Relationship related temporally. Thiscanbeinterm|bef or e O Tr {

between Objects

occurrence of objects which are arrang
in some temporal fashion.

Similarly, theauthoritymaywant to monitotthe road's high traffic flovat a given

time of he day

al

like a) Detection ofh C aevedts (D1)and ) Counting the number of cans each

frameat different time instance®4). In Figure4.2, there was less traffigntil time
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oo but digh volume trafficé at time or. Table 4.1 maps the above video query
requirements and enlistsents of intereshat users might be interested in querying
from video streams. The present event query languages lack support to grecess
abovediscussed scenarios in current CEP systdmdandle such situations, this
chapter proposes Video Event Query Language (VEQL) for video event

identification in the CEP environment.

In the next section, | will critically examine the query lamgesmadopted in the event
processing and video databases domain and discuss the video event query

requirements which they lack to process the video event stream.

4.3 RELATED WORK

This section throws light on the characteristics of the event query languages and
video query languages proposed in the literature. The section compared the features
of these languages with the proposed VEQL and laid down the key differences.

4.3.1 Video Support in present Event Query Languages

Complex Event Processing (CE®stems have #ir own formalism and syntax to

guery events using Event Query Languages (EQL). Most of the present EQL queries

are expressed using hidgvel SQL:like declarative language and define complex

event patterns usingvent rules EQL performs operations likelter, aggregate,

windows to detect simple atomic events and correlate them to mordehih

meaningful information in data strearmable4.2s h o wes dtehscr i pti ve c¢comp.
of present EQL with presently available v
evident frbamttase pabliedenpridd,eemt ller y di me
12, 27, 61-64, 141, 157/ f ul | y s urpepgouritrse ntehneb c K8 siorfg vi de
objects and attributes.

Similarly, EPL | anguages are defEiPdi ent i n
[1]] handl es the spati al relations partially
|l anguages are highly focussed onltempor al
focuses on t ekngetal@d] haveprappsec SPARRUM, where

they have extended SPARQL query language (semantic query language of the web)

for multimedia concepts. In SPARGMM, spatiotemporal functions have been

build using differat ontologies. It deals with Linked media and does not support

high-level visual concepts like objects and performs spatiotemporal operations over
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Table4.2 Comparison of Event Query Languages and Video Query Languadataases

R3 R4 R6 R7, H Vide
Str ez
(;/bi_de (\)/ti)'de(RSpIatti Lerlnp(: I\S/Itaﬁtage S(S%?) Supp
[
Query Lang Su{oS(AttJr?Cl SeupE:JO Se;,IpT)Ot Supp nSeCmPoU
D1 Suppol  p3 D 4 ma
D2 sSCcor
Event Query Languages
Sn o6l N o N o N o Ye s Parti|[No N o
CEDR? N o N o N o Yes Yes N o N o
S A S[EJ N o No No Yes Yes N o N o
Xc h af®[ass] | No N o N o Yes Parti|No N o
Esper[llEP|No N o Part|Yes Yes N o N o
TI BCO N o No No Yes Yes N o N o
St r e amElQ
TE S L[24] N o N o N o Yes Yes N o N o
Cay Jlf]a N o N o N o Yes Parti|[No N o
EPSPAR@Y [NO N o N o Yes Yes N o N o
SPARGMT N o No Yes Yes Parti|No N o
[224
S PA RQIM N o No Yes Yes Parti|No N o
[39
Video Query Languages in Databases
V' S Q225 Yes [Yes Yes N o N o N o N o
V1 SUR2H Yes [Yes Part|[No N o N o N o
MO Q [4]] Yes [No Part|[Part|Parti|No N o
FRAME 31 Yes [Yes N o N o N o Par tfNo
CV Q56 Yes [No Part|[No Parti|No N o
VER[M2 Yes |PartiiPart|Yes Parti|[No N o
Vi d&y Yes [No Part|[Part|Parti|No N o
Bil Vi3eo|Yes [Yes Yes Yes N o N o N o
SV Q] Yes [Yes Yes Ye s Parti|[No N o
SVQ, SVQ|Yes |[Yes Part|No N o N o Yes
[6_616—7]
V E Q92 Yes |Yes Yes Yes Yes Yes |Yes

preannotated data. On the other hand, proposed VEQL is a continuous query

language and performs processing over video streams. VEQL borrows the state

management

functional it y62f SASEWR3,TIBCO- e nt
StreamSQLU 141, Esper EPL11] and TESLA[27]. Currently, no EQL supports

Quiality of Service (QoS) metrics like matching score, edge CPU, and memory usage

whichis one of the critical aspects of VEQL.

4.3.2 Video Query Languages in Databases

Since the 90s, there have been many proposals for video query languages in

content indexed in databasesng fixed schemags shown inTable4.2, compared
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to EQL, most video query languages support video objects and attributes. Video
guery languages shcas VSQL[225, BilVideo [39] and SVQL[40 have good
gpatial support while languages such as VISUARG, MOQL [4]1], CVQL [56],

VIQS [65 have partial spatial suppoi¥ideo Event Representation Languages
(VERL) [42 is an ontology representatioroff video events and Structured Query
Video Language (SVQL) [40] has strong temporal support for video data.
FRAMEQL [17] has recentlpeen proposed as an SQke query language as part

of a system that usd®NNs to answer relational queries over video content. Their
work focuses on creating a system with database functionadityad of supporting

CEP event patterns with spatial and temporal aspeRBMEQL does not deal with
spatiotemporal video event pains and does not have state management
functionality, while these are the key feature of VEQL. §¥€¢ and SVQ+H67]

are the latest video query languages that support video streams and DNN models.
However, they still lack temporal, spatial, state management and other quality of

service metrics.

Most of the video query | anguagensgtlhack t er
of event query | anguages. Similarly, even:
and attribute support which are the key ¢

Except [B&handBSVIILY++no query |l anguage genuin

streams. EQL has good state management (s
|l acked in video query haggumamgtssugmer tpair
| anguages dafchVEBEEECUYQHMQPLs mostly handling
tempor al operati on, but t hat i s not t he
FRAME@Yi s the only | anguagd ewm ol hassu@Qa$
metrics where it measures confidence in te

VEQL bridges the gap between current EQL .
vi dreasosed object, attribute, and omiang al pr
and state management which are the critica

4.4 VEQL: A COMPLEX EVENT QUERY LANGUAGE FOR
VIDEO STREAMS

4.4.1 Basic Query Syntax

For video event detection in CEP, there is a requirement of query expression which

enables users to query video everits highlevel humanunderstandableoncepts
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without worrying about its lowlevel featuresAs discussed earliemost of the
present CEP languages uselSiie declarative languageand have predefined
basic operatordVe intraduce Video Event Query Langua@4QL) which follows
the SQLlike declarative expressionlhe aim is that by using a standardized
vocabulary of present event query langsgewill be easier forCEP users to
express precise queries and integrate videmtswnformation seamlesslyigure
4.3 shows the VEQL syntax and clausésthe next section, | will discuss the VEQL

clauses in detail.

VEQL SYNTAX

Operator Definition{ 1 Fd FEY OO0 QI &
Source Selection { 34 4 /o otnni
Condition .{ a1 rd & & QQOQEE
State Management{ = Ed 3 Edb Qe Qé o
Tl Fdg Errd gt QQQGED D
QoS Metrics Fro Fl Fl F4 A5 =7 ré Q@ i GmOR

rrn Frlbs sid=7ronéi dmo
ML Model Selection { USING <DNNmodell , é&é .

Figure4.3 VEQL template and syntax for video event analytics in VidCEP

4.4.2 VEQL Clauses

Figure4.3 shows the standard VEQL templaged by the ViIdCEP system to query
video event patterns. For ease of use and understanding, the VEQL syntax can be
divided into six categories focussing on different aspects of event analytics and
guery processing. Various VEQL clauses and their relevameogiscussed using the

below example:

VEQL: SELECT RIGHT(Objectl, Object 2)
FROM Cameral
WHERE Objectl. | abel =6Car 6
AND Object 2. | abel =6Car 0
WITHIN TIME- WINDOVYO0)
WITH CONFIDENCE >50%,
EDGE MEMORWSAGE <60%,
EDGE CPU USAGE <60%
USING YOLGO ObjectDetector( )

Figure4.4 VEQL Example with RIGHT Spatial Operator
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SELECT <patterrn>

Description:The SELECT clause returns the interested video event pattern queried
via VEQL. patternrefers to the desireglvent of interestequired by the subscribers

or users.

Functionality: The patternis anevent operatothat reasons over incoming video
stream ¢ identify a relevant event of interest. The event operator consistsent

rules or processing rule$5, 27, 123 157] to describe how video data need to be
processed to identify whether a relevant video pattern is present or not. The event
rules can be simple and complex, depending on the nature of the event pattern. The
current work uses spatiotemporal calcul@8, 90] to create event rules and is
described in detail i€hapter 7The event rules are abstracted as an event operator

which can be represented as functions in a programming language.

Example:In Figure4.4, SELECT RIGHT(Object1, Object 2 ) will return a
pattern where Objectl RIGHT of Object2 in a video stream. TRIGHT event

operator is a spatial function aisdiscussed irBection4.5.
FROM <publisher>

Description: FROMclause selects the source over which the query is executed.

publisherrefers tothe name of theideo streaming source

Functionality: FROMclause is usedof source selectianlt is borrowed from
standard SQL syntax in relational databases wRR®Ms used to select tables.
The VEQL FROMCclause specifies the video streaming source, over which the
SELECT clause applies event operator (i.epatterr>) to identify video event

patterns.

Exampleln Figure4.4, FROM Cameral suggests selecting Cameral video source

and applyRIGHT event operator to detect the pattern.
WHERE <condition>

Description:WHEREconditior> represenspecific constrainthatevent predicates

must satisfy

Functionality: WHERElause helps in selecting and applying constraints over the

query predicates. The clause filters wetevant objects and attributes in the query.
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The clause limits the predicates over which the desired event operatdRi@HT)
is applied to identifypattern is satisfied or not. To create complex conditions the
WHERElause is supported by logical operators such as AND, OR, NOT, EQUAL

which is discussed in Section

Example: In Figure 44, WHERE Objectl1. | abAND=6Car 0
Object2.label = 0 C a specifies event predicates Objectl and Objbet@ng

t o the 0 CEheRIGHTeveéntogeatonis applied over these two predicates

to detect if Objectl iIRIGHT of Object2 where both the objects are car. The event
matcher will filter out all othenonrelevant object§ such as O0Busd and

which are notnentioned in theuery.
WITHIN < windows>

Description: The video data from the streaming source is continuous and- never
ending.WITHIN <windows refers to the subsetf a strean{termed astak) over

which matching is performed

Functionality: State management is one of the critical aspects of the event and
stream processing systemgindows are considered an essential primitive of CEP
systems, which capture the finite subset (state) of anumtea stream and apply
event pattern rules over thd6%]. Currently, VEQL supports four window types: a)
Tumbling Time Window, b) Sliding Time Window, c) Tumbling Count Window,
and d) Sliding Count Windovincevideos have temporal correlationtsne based
pattern evaluationis a more viable choice as comparedftame court based
evaluation Therefore tumbling (Table5.2) ard sliding time windows (Figure 8.3)

have beemdoptedfor expermentsin thisthesis

Example:As shown inFigure4.4, WITHIN TIME- WINDOW(10) means to ge

the last 10 seconds of video stream from Cameral and appRIGHET event
operator to identify whether the pattern exists or not. By default, the windows are
tumbling in nature until mentioned explicitly about sliding behavior. The sliding

windows are gplained in detail irChapter 8
Quiality of Service (QoS) Metrics WITH <score %

Description: The WITH <score%> describes different quality metrics. If these

guality metrics are not met, then the VidCEP will either filter out the results or apply
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datadriven optimizations to improve the performance to get the desired results. All
the optimizationsdiscussed in this thesis are based on QoS metrics using state

management techniques.

Functionality Currently, VEQL supports three QoS metrics, one related to pattern
matching score and two for resowaanstrained edge devices. Tiaactionality of

thesemetrics are as follows:
1 CONFIDENCE <confidence score %>

A confidencescoreis a thresholghatternmatching score which trggeryacceps

as a resulfThe ViIdCEP matcher will filter out the pattern which does not satisfy
the matching score. The confidemosatching scorg9?] is discussed in detail in
Chapter 5

Example:In Figure 4.4, WITH CONFIDENCE > 50% means that if the
matching score of thRIGHT event patten over two car objects is greater than
50%, then only the VidCEP will forward the result to the query subscriber else
it will reject the pattern as a relevant result.

1 EDGECPU-USAGE <cpu usage %> and ED@BREMORY¥USAGE <mem

usage %>

As outlined inChapter 2most IoMT streaming sources such as CCTV cameras
are resourceonstrained edge devices with low CPU and memory. VidCEP
being a distributed systershould handle resource constraints factors gracefully
while maintaining application performance such as latency and performance.
cpuusage¥ andmem usage ¥epresents the maximum CPU and memory usage
by the edge resource while maintaining the application level bounds. The
subscriber can write VEQL queries giving different CPU and memory usage
depending on application context. A quenyare statdbased optimiation is
proposed inChapter 8o explore QoS optimization strategies in the edge and

cloud paradigm.

Example: In Figure 4.4, EDGE MEMORWSAGE <60%, EDGECPU
USAGE <60%means the max CPU and memory usage of an edge device should

not be greater than 60%.

USING <DNNmo d e | 1, eéeée >
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Description USING clause selects the machine learning model pipelines using

which video data is processed.

Functionality Machi ne Learning ( ML) model s such a
processing to extract semantic concepts such as objects. The VEQL queries can be

tricky where they may require more than one DNN or ML models to process the

data. TheUSING clause selects the MIDNN pipeline over which the data is

passedo extract the event information.

Example In Figure4.4, USINGYOLGQ ObjectDetector( ) will select a YOLO

[188 object detection models. Similarly, if car color is required, then
ColorDetector() model can be deployed. TRESING clause will create the

model pipeline where the data is passed to the object detector and the processed
information is then passed to the color mo
2-stage model pipeline example and complex model cascades canedied by

passing different models through the VEQBING clause.

In the next section, spatial and temporal constructs are discussed to write event rules

which can be used as event operators in the proposed VEQL.

45 SPATIAL CONSTRUCTS FOR VEQL

QualitativeSpatial and Temporal Representation and Reasoning (QSTR) is-a well
established field which relates to reasoning about space and time. QSTR provides
formalism techniques such as conceptualization of space, spatiotemporal dynamics,
and commorsense reasoningpout spatial to infer actions and changes in spatial
and temporal dimensiofi89, 90, 227]. Spatiotemporal calculus is used to formalize
and interlink semantic concepts across multimedia data streams, building richer

gueryablesvent patterns.

The interaction among objeatscuss in a spatial dimension in which relationships
can be modeled usingatial relations. We have modeled spatial relati@snto

three main classes: a) Geometric, b) Topology, and c) Direction.

4.5.1 Geometric Representation for Spatial Object Q)

As shown inFigure4.5, a spatial entity can be represented using georbesgd
features like point, line, and polygon. The point represents the discrete features,
while a line represents a linear feature. Similarly, a polygon represents a bounded

region across some space. Semantic concepts like objects can be expressed in differe
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Topology-Based (S;) | Direction Based(Sp) Geometry Based (S,)

Disjoint (A,B) -- aboveri . Point °

Touch (A,B) - left <—_I—b;o>w J Line ./.
inside (AB) [l [left(AB) m m
Intersect (A,B) -:, front(A,B) M - Polygon Il ' A

Figure4.5 Spatialrelationsips

-rent forms. It can be in terms of contour, segmented region, or a simple bounding

boxregp esent ati on. The abstraction of an obj e
how it extracts and represents an object. For example, an object can be described as

a whole in a bounding bd®.86, 188 or segmented regidi89 or parts like head,

leg, and hand in a line based skeletal represent@tion 214]. In this work,

polygonbased bounding boxes and libased skeletal representation are used to

represent objects-{gure4.5).

4.5.2 Topology-BasedSpatial Relation (Sy)

We have used Dimensionally Extended riniersection Model (DEim), a 2
dimensional topological model that describes pairwise relationships between spatial
geometries (Sg). This mathematical model is based on Clementini N2k

which describes relationships between geometries based on their interior (1),
boundary (B), and exterior (E) features. The nine relah@s it captures are
Disjoint, Touch, Contains, Intersect, Within, Covered by, Crosses, Overlap,.Inside
The four topological relations are shown irigure 4.5) ushg a bounding box

(polygon) based spatial geometry (Sg).

4.5.3 Direction Based Spatial Relation &)

Direction captures the projection and orientation of an object in space. Fixed
Orientation Reference System (FOR329 is used to divide the space into eight
regions:above, below, left, right, left above, right above, left below, right belaw
shown in Figure4.5), a simplewversion of FORS is used with only four significant
direction relations. There are also various qualitative models for orientation, which
captures the angular relationship between objects. In this thesis, we have considered

only angular relations betweenjebts, which are represented as lines.
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4.5.4 Spatial Built-in Functions

Spatial functiongjuantify spatial relation@mong objects by calculating numerical
values. These numerical values establish different associations among objects. Two

types of spatial funatinsare devised
Person . Boolean Spatial Relation
! ‘I bsf(Overlap(é D Qi )&
—\ iw!‘ bsf(Overlap(6 QM )&t
7 bsf(Overlap(6 ¢ QPO
- "; bsf(Left(d D Qi ))&t

Figure4.6 Boolean spatial functiorbéf) results for different object categories

1 Boolean Spatial Function psf): Thebsffunction calculates thieoolean value
between spatiaklatiors.
T EQd N 06 "@Ho0 R0 & i
+ vl w7 FAE , (4.1)
PEQI 1 &4 "@WWaHWINE & C
Forexamplejn eq. 4.1for a topological relationS) Owvérlapdthe boolean spatial
function for two objects) i) will be bsf(Overlap (0 R )) = 0 or 1.Figure4.6
shows the application disfover obj ects O&CRirke 6 oO0fPerr sang@i \
image. Thebsfoverlapreturnstruef or o b j eandd6sP e(résBoinkde)d and f al ¢

( 6 CandéPer.sonod)

msfO (COUNT ¢ @) =10

Figure4.7 Metric spatial functiorCOUNT example

1 Metri c Spatial Function (nsf): msfgives the metric value between tigects

mvlp~ ERE sp» (4.2)
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Ineq. 4268 ®& an iR Eicowehéh h h  andi v a (real number) and
1N QO TO8® o oTkeE spatial calculation is performed from the bounding boxes
of the object, taking the image frame of the object as the spatial refdPeasently,

two metric spatial functionsave been defined

1 DISTANGE- calculates the distance between two spatial objects
F +- B 8The distance is calculated between the @eat bounding
boxes of both objects. For exampiesf © (DISTANCH E hE )) = 5.

1 COUNT- it calculates the number of objects in an im&gme. For example
msf © (COUNT(|=)) >= 5. Figure 4.7 shows themsf COUNT function

applied over an i mage that counts the

46 TEMPORAL CONSTRUCTS FOR VEQL

Tal-+d M | — —

R L e LR e
AV AF BAf AV <F > i@ m—
(‘)-A<>=i=(‘)l”7 E—

Figure4.8 Allen temporalrelationships

We have used the Allen Interval Algel&#d)] to definedifferenttemporal patterns

(Figure4.8). Some of thespecified temporal patterns are as follows:

1 SEQUENCE (SEQ)A sequence temporal relation can be defined when events
occurin an increasing linear fashion. It can be express&d@s0 FO 8 8 'O
whenO8& 08 88 08 whereOV i "Qdady QQM@E QanadoN
0 Q& ®lere time is taken as discrete and arranged in linear order

OMM88 VMM 6 . VEQL currently supports th8kip Till-Any
method[23(, which sarches all the sequence patterns and has exponential

runtime.

1 EQUAL (EQ): An EQ is a concurrent relationship when two events occur
simultaneously. Temporal pattef®@ 0'OHOM 8 O holds whenO &
[OF35) 88 0&.
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T CONJUNCTION (CONJ)The CONJoperation refers to thAND condition.
60 00HOMB8O means that o6alld events shoul d

order of their occurrence.

f DISJUNCTION (DISJ)DISJ refers to th@©Rcondition. O OO 8 8 O
condition holds if 6any6 of the given e

occurrence.

 NEGATION (NEG):NEG refers to NOT conditioni O"@HO 8 O
conditions hold if no listed events occur from the given event lists within the

operator.

1 Compairson and Logical OperatorgExcept for the spatial and temporal relation,
we have used the logic operatofdND ( ), OR(" ), NOT(=), ANY(M), EVERY
(), NOR( Z XOR (5 ), X TNOR (), Implies ©), Bi-l mpl i es (z)),
mathematical and comparisoonperators (#,2, /,<>=) to model the

relationships.

I will now explain the different query dimensions whiggéreenlisted in motivation

throughvariousVEQL query examples.

4.7 VEQL QUERY EXAMPLES

The query patterns are listed as per theareasing complexity The EDGE
MEMORYSAGENdEDGE CPU USAGEHre not used in the current examples and

are explained in detail i@hapter 8

4.7.1 Object Detection(D1)

Queryl (Q1) retrieves the object of interest from the video stream. This is the
simplest video event pattern which a user may be interested. Here the pattern clause
i s an 6 OWHERERUSe filtefTshithe object based thre query predicate

01 alae |66C a rTBME- WIND®Wlause specifies the detection of an object
within a time window of 10 seconds. This means that the window will accept the
videostream for 10 seconds. An average video streams at the rate of 30 frames per
secondfps) is equivalento 300 frames in 10 seconds. W&TH CONFIDENCE

clause determines the minimum matching confidexidbe object which is 50 %.
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The USING clause will select the object detection ML model over which the video

data will be processed.

Q1: SELECT Object FROM Camera
WHERE Object. |l abel =6Car 0
WITHIN TIME- WINDOVYLO0)
WITH CONFIDENCE > 50%
USING ObjectDetector()

4.7.2 Object Detection with Specific Attributes(D2)

Thesecond query (Q2) is similar to Q1 with the addition of specific object attributes.

Here theWHERElause consists of two predicaiean obj ect | abel whi ch
and an object attr i bidttiseworth mentohingthastheof c ol or
WHEE clause, in general, can be a combination of logical operators (AND, OR) and
comparison operators (<, >, =h ). The USING clause will select the object

detection, object tracking, and color detection ML model over which the video data

will be processedral tracked to identify objects and its attributes.

Q2: SELECT Object FROM Camera
WHERE Object. |l abel =6Ca
AND Object.attrcolor =
WITHIN TIME- WINDOV{0)
WITH CONFIDENCE >50%
USING ObjectDetector(Tracker), ColorDetector()

r 6
6Bl acko

4.7.3 Spatial Relationship between Object$D3)

The thirdVEQL query (Q3) identifies the spatial relationship between two objects.

In thepatternc | ause of Q3, OLeftdéd is one of the
estb| i shed between two objects, i . e. 6Car o
Bl ackd. Q3 identifies an event pattern whe

the O6Not Bl ackdéd car in the time window of

Q3: SELECT Left(Objectl, Object 2)FROM C amera
WHERE Objectil. | abel 6Car 6 Al
Objectl. attrcolor =6BIl ackd AN
Object2.1l abel = 6Card AND
Object2.attrcolor =06Not Bl ack
WITHIN TIME- WINDOVYO0)

WITH CONFIDENCE >50%

USING ObijectDetector(Tracker), ColorDetector()

o = O |l
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4.7.4 Temporal Relationship between Object¢D4)

Query4 (Q4) establish eemporar el at i onshi p between differe
Snoop [61], CEDR [62], and SASE[63] have well-establishedcomposition

operators thasupporttemporal relationship8/EQL borrowed temporatonstructs

from these languages amdedthemfor the processin@f video streams. In Q4,

patternclause sequence (SEQ) identifies the occurrence of objeatden Query

4 enliststhattwoo bj ect s 0 Car @ccaringdn acdtjgencs io titdne a r e

period of 10 sec.

Q4: SELECT SEQ(Objectl, Object2) FROM Camer a
WHERE Objectl. |l abel =6Car 6
AND Object2.| abel =06Persono
WITHIN TIME- WINDOV{0)

WITH CONFIDENCE >50%
USING ObijectDetector(Tracker)

4.7.5 Count Objects across FramegD1, D4)

In query 5 (Q5), thepatternc | ause i s about detecting OHI g
WHERElause has two predicates to define high traffic flow. First i<OO&NTof

an object, i.e., O0Car6 should be greater
the count of objects should be ceistent across each received frame whgh

denoted byFOR EACH FRAMElause. Thus, Q5 is @mbinationof detecting

objects and counting eacdibjectacross each frame to detect the high or low traffic

flow pattern.

Q5: SELECT HIGHVOLUMETRAFFI(bject)FROM Camera
WHERE Object. |l abel = 6Car 6
AND COUNT(Object)>5 FOR EACH FRAME
WITHIN TIME- WINDOVZ0)

WITH CONFIDENCE >50%
USING ObjectDetector(Tracker)

4.8 USER DEFINED EVENT RULES

Till now, | have discussed the standard VEQL event operators to query simple video
patterns. The video event patterns are complex and can have both temporal and
spatial dynamics. VEQL supports uskfined functions where subscribers can
write event rulesand use them as event operators to query the video stream. The
spatiotemporal factors are encoded using event rules via the -défved

constructsOne can develop intuitive definitions, facilitating interactions between
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Table4.3 Event query operators from Traffic Management and Activity Recognition domain

Chapter Event Operator

Traffic Management
ClEBiEr 3 91 Vehicle Direction (left, right, front, back)

1 High and low volume traffic

Traffic Management Activity Recognition

1 Pass By 1 Person sitting on chair

1 Follows By 1 Fall Detection
Chapter 7 1 Lane Change 1 Bike Ride

1 Parking Lot Status 1 Horse Ride

1 Jaywalking 1 Hand Shaking

1 Vehicle Attributes 1 Punching

1 Walking

Open Street Map Services (Traffic Management)
Chapter 9 1 Vehicle Speed Estimation

1 Vehicle Lane Direction

1 Traffic Congestion Estimation

complexeventdefinition by developer and domain expditiese event rules can be
wrapped using a high e v e | semantic concept (such
which can act as an event operator to match patterns over video data. In this thesis,
different userdefined complex event operators have been defined to show the
efficacy of VEQL for video event detectioifable 4.3 shows the list of other

complex event operators that havemeéescribed in different chapters of the thesis.

The next section explains the architecture of the VEQL component.

49 VEQL IMPLEMENTATION ARCHITECTURE

QUERY MANAGER

VEQL Query Engine ..
! VEQL Query +———
5 VEQL Parser ¢ 18
i ! S
E s1 0Q1,02,03 i £ Subscriber
i s2 04 -
: Q1 10 Caml G1 50,40,40 M1, M2 s3 & E 8,

Q2 é é é é 66 6. . é i

Query Profiler Query Register !

Figure4.9 VidCEP QueryManagercomponento handle VEQLqueries

Figure4.9 shows the VidCERuery Managecomponent which handles the VEQL
gueries execution. The explanation of QL Query Enginand its components

are given below:
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Query Register
It is the registry that maintains the queries subscribed by different subscribers. As

perFigure4.9, the format in which the query is registered in the query register is
<subscriber _id, Aquery _id: query i
where:

1 query_id:Thequery_idis aMD5 hashwhichis created usingubscriber _id
andthequery_number

1 query_info: The query_info stores the VEQL query and other related
metadata information in the following formatVEQL query, subscriber _id,

query_number.

VEQL act as dongstanding query12g which means once it is registered in the

system, it will continuously monitor the incoming video streams.
VEQL Parser

The VEQL parserparses the VEQL syntax using clauses and other stop keywords
and extracts the query predicates such as windowing, publisher, and QoS metrics.

Query Profiler

The query profiler create the profile for each VEQL query. Htoresthe query
predicates whichra then sent to differeMidCEP components

As perFigure4.9, the query profilestores the following information:

1 windows:Stores the windows information ®EQL. The profiler will instantiate
windows in the VIdCEP as per window information (such as duration and type).

1 publisher:Publisher information of VEQLThe profiler will send the publisher
information to the VidCERBtream Managetomponent to initializ¢éhe required
publisher.

1 VEQL graph:VEQL query predicate grapiMore about the query graph is

explained in Sectiod.9.1

1 QoS Metricsit represerd the @plication and resource metrics siasdmatching
score, edge CPUsageandedgememory usagelhe VEQL QoS metrics are
used to develop datériven techniques such as adaptive windows (WIN)
and discussed in detail @hapter 8
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1 Model CascadeTheModel Cascademulates the machine learning (ML) model
pipeline over which the query is executed. The model pipeline information is

passed t@ontent Extractoria Event Dispatcher

In the next section, | will discuss the VEQL query graph created by the VEQL parser.

4.9.1 VEQL Query Graph for event matching

The VEQL queries are converted to a query graph which is used for-lgaapt
matching over video streams. The video streams are represented as a structured
graph representatieWEKG (Video Event Knowledge Graph) and isclssed in

length inChapter 5 The VIdCEP matching engine uses a VEQL query graph to
match the event pattern over the incoming gtaased video stream. The VEQL
event operators are stored in the VIdCEP matching engine component which helps
in creating atomic relations for the VEKG graph. Later VIdCEP matcher uses the
VEQL graph to reason query predicates to identify the pattern. Currently, the VEQL
uses a deptfirst searci231]] to parse the VEQL conditional statemeFable4.4

shows the query graph examples with the increasing complexity of event predicates

and their processing order during event matching.

Table4.4 VEQL query graph examples

Query VEQL Query Query Processing Orde
Graph

Object SELECT Objectl FROM Cam1 1. 01
Detection WHERE Objectl.labelz car F|gure410

operator

Obiect SELECT Objectl, Object2 1. O1ANDO2
Dot elction FROM Cam1WHERE

ith AND objectl.label= person Figure4.11
wi AND object2.label = car

operator

) SELECT Objectl FROM Caml 1. N3 ORN2

Objectand  WHERE objectl.label= car 2. N1AND
Attrlbu_te AND (objectl.color=blue ) OUTPUT(1)
Detection | OR objectl.color=black)) Figure4.12
with AND,

OR operators

Object and = SELECT Objectl FROM Caml
Attribute WHERE objectl.label=car
Detection | AND (objectl.color=blue - OUTPUT(2) OR N2

with nested = OR objectl.color=black igure4.13 N1 AND

AND, OR | OR (objectl.color=grey OUTPUT(3)
operators | AND objectl.type=Sedan))

N4 AND N5
OUTPUT(1) OR N3

el N S
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AND
value=None

o1 |

label=car

o1
label=person

Figure4.10 Simple query graph for Figure4.11 Query graph for object detection with
object detection AND condition

AND
e
value=None

N1 OR
] I
label=car value=None

N3 N2
] e
color=black color=blue

02
label=car

Figure4.12 Query graph for object and attribute detection with AND, OR operator

AND
T
value=None
N OR
[ [
label=car value=None

OR

N2
R

color=blue

value=None

N3

AND
[

value=None

color=black

N4 N5
R
Type=Sedan color=grey

Figure4.13 Query graph for object and attribute detection wigéstedAND, OR operato

4.10 SUMMARY

This chaptepresented VEQL, a complexent query language to detect spatial and

temporal event patterns in video strearmifie chapter identifies the query

dimensions to support video event processing and later details the shortcomings in

current event query and video query languages. The ethdpén details the

declarative VEQL syntax and clauses. VEQL borrows the critical aspects from event

processing and video database query languages and acts as the bridge between them.

The VEQL language provides different spatial and temporal construatietact

video events from the video streanrd&EQL supports object and attributes detection,

DNN model pipelines, QoS metrics such as pattern matching score, CPU and
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memory usage, and state management functionality. chiapterpresented the
detailedVEQL architecturewhich is part of theQuery Managercomponent in
VIdCEP. The chapter enlists various VEQL examples based on identified query
dimensions and explains the internal query parsing using query graphs. In the next
chapter, | will discuss video evergpresentation and event matching using VEQL

gueries.
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Chapter 5

VEKG: Video Event Knowledge Graph and
Spatiotemporal Video Event Matching

UnUOBIOO NYNT KSUWK B

Hr ) Kopez oS § UnNe NOY

-WNEn G UN

A wise person is one whose endeavors are preceeded
firm commitment, who does not take long rests before
task isaccomplished, who does not wastes time and \
has control over his/her mind.

Vidur Niti

51 INTRODUCTION

This chapter deals with the research question RQ2(a), RQ2(b), and RQ3(a) which

are as follows:

RQ2: How to representa continuoudy evolving low-level video stream to
capture high-level semantics?
a) How to extract and represerbw-level video content and video streg
into a structured data model with hitgvel semantic concepts?

b) How toidentify relationshipbetween semantic concepts of video con
which occur over time and space?

RQ3: How to enable and improve performance br statebased

spatiotemporal video event matching?

a) How to perform spatiotemporal matchimgver semantically representy
video datgRQ2)with proposed higteevel queriefRQ1)?

The chapter discusses three key contributions to tackle the main prooeisidso

representation and matching:

1. Structured Video Event Representatiaritexible semantic event representation

of video streams is presented in the form of graphs using the Video Event

Knowledge Graph (VEKG).
2. Video Event Extraction and RepresentatiArchitecture: A prototype

architecture of the VEKG construction process.
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3. Spatiotemporal Video Event Matching 3-level spatiotemporal matching

algorithm using VEQL to perform stab@sed spatiotemporal event matching.

As shown inFigure 5.1, VIdCEP component€ontent Extractorand Matching
Engineand their proposed techniques are discussed in detail in this chapter. The
proposed approaches in the chapter have been published in the International Journal
of Semantic Computing (IJSC) 20p®3], IEEE Graph Computing 2019€6], IEEE

Big Data 201997].

STREAM MANAGER QUERY MANAGER
Eol Bufer/ - o
1_’ & Edge v;/]mdows ' 3 S ' i
g ) o VIDWIN i £ i ;
RSN E\rflcdoiioer o « Controller Lo VEQL Query 2 O ;
£ ¢ ' 5 =% i
= : Engine > '
o CPU Memory alh
2 RO4 o g | MR
% & 1 Subscriber
= Event Message H :
a ideo o)
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
Event Rules/
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, , E’I}?El“’;i,,,,,,,,,,, Vindows Inf0_Duery graph ___________ | ___
i 3 i Windows Manager ToVIPWIN & Event Matcher i
SWK

ML ————— M3 T

Windows RQS, RQ4 —|

Object Attribute VEKG i i State Mapper

Vo
e e |

:VEKG‘ P N r Mapper |, Forwarder H

P 1

b Object_ Spatial Tempora) :

\ - o M, |

! i

i

i

i

Detector Classifier Builder b 4 1
B . =3
o
Obiject ! H [%3 7\ State Backend
o
M2 Tracker ! '
' VEKG TAG_IEAG Everi
X ) H ! Updater Builder Enram
1 DNN Model Pipeline b State Summarizer R
i Vo
i o State Manager
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Lo s R L
Legend: Focus Area of this chapter

Figure5.1 VidCEP components responsible for Video Event Knowledge Graph (VEKG) and
gpatiotemporal event matching

The rest of the chapter is organized as follo8esction5.2 introduces the problem

and throws light on challenges, requirements. Seéti®discusses the related work.
Section5.4provides the background for video events and representation techniques.
Section5.5 formalizesthe Video Event Knowledge Graph (VEKG) technique.
Section5.6 describes th& EKG extraction componentyhile Section5.7 focuses

on event matching. The experimental results and chapter summary is explained in

Section5.8and Sectiorb.9, respectively

52 PROBLEM FORMULATION

The CEP system performs pattern matching, assuming that the incoming stream has
a structured data model such as-kejue pairs or RDE3(]. Currently, CEP systems
have inherent limitations to process unstructured data streams. Unstructured data

like videos have their own challenges as they are highly expressive to humans but
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lack a specific data model. For example, an image can be interpmetsultiple

ways depending on human perception. They have a high degree of information
(multiple objects and relationships) but are organized sparsely and are represented
as sophisticated lotevel features to the machine (pixels and edges). There is a
requirement to structure such complex data to enable the CEP engine to reason and

detect complex pattern matches in near-tiea.

5.2.1 Challenges for Video Event Detection in CEP

Q1: Notify if person and car
present in video in last 5 sec

_—
CEP notification Q2: Notify if white car present
Engine ) in video in last 5 sec
query |

frame (t,) frame (ty) frame (t,) frame (t,)

Q3: Notify if person in right of
car present in video in last 5
sec

camera video stream £y
O

Low-Level ¢
\ ) Video Frame

! Representation
Pattern Matching over
unstructured video issue

Unstructured representation issue

Figure5.2 Representation andatching challenges for video event detection in CEP

Figure 5.2 shows a motivating scenario where a subscriber is interested in

identifying some patterns over a camemdea stream. The subscriber enlisted three

basic queries: 1) identification of O6perso
and 3) identify if Operson is right of a
bound where events of interest are ovayid if they occur in five sec. of a camera

video stream. Processing such video event queries in a CEP engine leads to

challenges which are as follows:

1 As shown inFigure5.2, the video content is represented as-level features
such as in RGB color channels and pixels values. How to extract and represent
low-level video content and video stream into a structured data model with high

A

|l evel semant i ccarobn caeenpd s6 p(esruscohn éasi "6 Q1) ?

1 The query Q2 specifies a unique characteristic (white car) of a visual concept.

How to identify such features from lel@vel video content?

T The query Q3 requires a O0rightoé relation
0 p e r sawntd identify relationships between visual semantic concepts of

video content which occur over time and space?

1 Finally, the question arises, how to match spatiotemporal CEP event queries over
the represented data model at run time?
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For the sake of simplity, the queries mentioned above (Q1, Q2, Q3) are written in
simple text and can be easily written to VEQL syntax. Later in Se8tignt is

shown low the VEQL queries are used for matching in the VidCEP framework. All
the experiments performed in the chapter are based on VEQL query examples
discussed irsection4.7 of Chapterd. The following section discusses the problem

requirements as per the identified challenges.

5.2.2 Problem Requirements

Videos are considered a continuous sequence of image frames, which afnsists
objects Humans perceive objects as highel visual concepthat occupy specific
positions in an image. Technically, objects are a collection oflésel image
features that have been given a Hig\el semantic label likear andperson Videos
havean evolving nature where different objects occur over time, generating varying
kinds of complex events. Modeling complex events in unstructured data like videos
require detecting objects and relationships between them. Following Table 1.1, four
essentiatequirements are enlisted to represent video data suitable for complex event

processing matching:
R3: Identification of objects and their attributes

1 Object Detection: Objects are considered as fundamental building blocks of
videos. There is a need to detebjects from lowlevel video content as they
act as a backbone of the required data model. For example, a simple CEP
guery can notify if angar object is present in the video feed.

1 Attribute Detection: An object can have specific characteristics that
differentiate it from other objects. These can be termed object attributes. For

example, irFigure5.2, there iscar object withwhite color attributes.
R4: Relationships betweerobjects

1 Spatiotemporal Relationship Identification: Objects in videos are
inextricably link with space and time as they change their spatial position (if
moving) over time and generate different events. Theseactions create a
spatiotemporal network giving rise to multiple complex events. For example,
in Figure5.2, awhite car is spatially located to thkeft of a person(frame

ts). Here, left is a spatial relationship betwexam and personobjects with
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color attributeas white Similarly, complex events such &ggh volume

traffic require relationships across multiple objects.
R5: Spatiotemporal video event pattern matching

The complex patterns can have both temporal and spatial events. These
spatiotemporal factors need to be encoded in the representation by defining event
rules. The event rules can be wrapped using alkig# senantic concept (such as
high volume traffic), which can act as a template to méuepattern over structured

representation.

The next section lists the related work which focused on video event
representation and video event matchiAg. per the requirements discussed in
Chapter 1the section discusses the shortcormimghe current literature shows how

the currently proposed techniques are aligned with the prerequisite.

53 RELATED WORK

5.3.1 Multimedia event representation

Different data models have been proposed in the literature to represent multimedia
data like videos ahimages. Initially, Westermann etgl32pr oposed an OE®
model for multimedia applications. They discussed various medtian
characteristics like spatial, temporal, informational, and structural, which need to be
considered during event modeling. As per requirements, in this thesis, the
representation model has been divided into three major categories: 1) Ontology, 2)

Grapls, and 3) Relational.
A) Ontology-Based Representation

MSSN-Onto [68]
Description: MSSN-Onto [68] is an ontology framework which focuses on event

schema for multimedia sensor network.

Limitation: The work differs from VKEG representation in several wdyMSSN

Onto focuses on visual descriptors, motion descriptor, spatial and temporal (camera
duration) aspects instead of hitgvel semantic concépand relationships in videos,

2) The representation lacks to model interframe and intraframe relationships as in
VEKG, 3) The representation does not support continuously evolving video stream

which is one of the key aspects in VEKG, 4) In MSONto theevent pattern is
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created using ontology rule while in VIdCEP grdmsed event matching is

performed using VEQL query operators.

IMG PEDIA [45]
Descripton: IMGPEDIA [45] added lowlevel features to create a linked dataset of
images from the DBEDIA dataset. IMGBEDIA can be leveraged to perform visuo

semantic queries to retrieve t&gsimilar images.

Limitation: The work is limited to static images instead of videos aptured no
semantic relationship. The work does not focus on spatial and temporal relationship

and perform descriptor based image matching.

OVIS [46]
Description: In OVIS [4€], the authors have deloped a video surveillance
ontology using SWRL rules for large volumes of the video in databases. OVIS

focuses on indexing and retrieval of large size video in databases

Limitation: Contrary to OVIS, VEKG representation can be deployed both in the
datdase and streaming scenario.

SPARQL-MM [39]

Description:Kruz et al.[38] have proposed SPAR®@UM where they introduce a
class model to describe multimedia concepts asaspanporal entities. It defines
events in terms of spatial (point, line, shape) and temporal, thing (instant, interval)
for linked video.

Limitation: SPARQL-MM does not deal with higkevel visual concepts like objects
and performs spatiotemporal operasoover preannotated data. VEKG models
object as nodes and create a spatial and temporal relationship between objects within

the same frame and across the frame.

Object Relation Network (ORN) [44] and CogVis[86]

Description: Chen et al. proposed an Object Relation Network (ORN) which is a
guide ontology to recognise the scene in an image [13]. ORN acts as background
knowledge to transfer rich semantics to identify relationships among objects based
on an energy function. Cog¥i86] propose a guide ontology to recognize the visual
scene change detection in an image. CogVis usedawp and bottorup attention
mechanism and collects image primitives (such as point, line and polygon) to form

high-level objects.
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Limitation: The above work is limited to representing images and lacks

spatiotemporal reasoning while VEKG is used to model videos.
B) Graph-Based Representation

STRG [47]

Description: Lee et al[47] proposed SpatioTemporal Region Graphs for videos to
model object as nodes and create relationship using Region Adjacency Graphs
(RAG). The work presents a novel graph edit distance metric to cluster similar

object graphs for efficient indexing.

Limitation: Instead of focusing on lovevel features like in RAG, VEKG is built

over highlevel semantic labels (objects) extracted from DNN models capturing
spatiotemporal relations among them. In RAG, the same segmented regions within
the image frames are connettesing common boundaries. In VEKG, the same
objects are temporally connected across frames using tracking. In the same frame
the objects are connected using spatial relation. The core focus of STRG was

indexing while VEKG aim is to create a video data elddr event pattern matching.

Sceregraph [43]

Description:Johnson et a[43] have proposed Scenegraph, an image representation
technique to encode object instances, attributes, and relationships. In their work,
authors have proposed a conditional random field model to perform semantic image

retrieval ugng scene graph queries.

Limitation: Visual relation detection techniques like Scenegfédfihworks on static
data such as images where relationships are annotated among objects manually. The
proposed work does not handle the temporal aspect of videos. VEKG, on the other

hand, detects relationships among objects gpace and time using event rules.
C) Relational Representation
BlazelT [37]

Description: Kang et al.[37] have proposed a BlazelT systeémoptimize video
gueries using neural networks. BlazelT uses FRAMEQL data schema, a relational

table with attribute values like timestamp, class, and trackid.

Limitation: The key focus of BlazelT system is query optimization in the database

setting. ViId@&EP focus on statbased spatiotemporal complex video event matching.

89



VEKG representation encodes spatiotemporal relations while FRAMEQL schema

in BlazelT lacks spatial and temporal relationship support across object frames.
Eventshop[70, 71, 233

Description: Eventshop is a framework that focuses on situation recognition in
multimedia data where users model their situation of interest as per domain.
Event shop -masgesd amt@E structure which enco

interest data for different geoloaat cells.

Limitation:The-mdGed representation in Eventshop
complexities |Iike objectds relative posit]
with respect to time. VEKG representation is motivated by knowledge grapih, wh

can be enriched, queried, and can maintain the complex spatiotemporal relationship

among different objects.

5.3.2 Video Event Pattern Matching

A) Video Pattern Detection in Event Processing System

Event Matching in Multimedia and Sensor Network[74] [234]

Description: Gao et al[74] focused on complex event detection in a multimedia
communication system. Taylor et f234] proposed an event framework that uses
ontologydriven CEP in sensor networks with digital messages and temporal

correlations.

Limitation: Gao et al[74] assumed the event as a highel entity without any video
content extraction being involved in the process. Taylor stsastured sensor data
with temporal aspects while VEKG deals with unstructured video data with spatial

and temporal relationships.

Alam et al. [72, 235

Description: Alam et al. [72, 235 have proposed a generalized DiWbised
multimedia event processing approach. The work introduces multimedia event
operators and uses DNN models to extract image features for event matching. The
work has also proposed domain adaptation techniques to nedpomse time while
training classifiers for unseen subscriptions.

Limitation:Al am et al . [ 20] s work is |imited t

from images in everbased systems rather than focusing on complex event patterns.
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The work does notocus on event representation techniques and spatiotemporal

video event matching, which are the core contribution of the VidCEP framework.

EventCrowd [73]

Description:Yadav et al[ 73] proposed a crowdnabled event pcessing engine to
detect event patterns using tleimanin-theloop approach. The framework
leveraged human intelligence to solve data uncertainty problem in event recognition.
The work focused on pattern det eiketi on

images using crowd knowledge.

Limitation: In EventCrowd, the events are wrapped as data objects and do not focus
on spatiotemporal relationships. The event matching is hybrid where some tasks are
evaluated by humans while others by matching engine.widrk does not support
video streams. In contrast, VIdCEP performs automated detection of complex video

patterns using VEQL query operators.

Chakravarthy et al. [60]

Description The authors have analysed video analytics in traditional stream
processing system for situation recognition. A relational table and arrable data model
is proposed which stores the preprocessed video features. The authors proposed

AQuery which is an extension of SQL to detect video events such as count.

Limitation: The arrable data model lacks in modeling complex spatiotemporal
relationships between objects. The work is limited to detecting simple event patterns

like detecting andaunting objects with no state management support.
Video Structural Description [69]

Description: Xu et al. [69] presents Video Structural Description (VS[EH9]
technology for discovering and organizing semantic concepts in video surveillance
systems. The semantconcepts are managed using a domain ontology. The work
also proposes spatial and temporal event relations to identify traffic video events.

Limitation: The VSD representation does not specify how objects are connected
across frames. The work focuses on extracting semantic concepts and organizing

video sources with no CEP focus.

Medioni et al. [49]
Description: Medioni et al.[49] focused on detecting and tracking moving objects
and created a frardevel representation using lel@vel image features.
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Limitation: They do not deal with complex event pattern matchiqgery

formulation over data streams, and stream representation.

B) Event Reasoning Models

| n O RE B NODIdba et al. used Inductive Logic Programming to create
relation event models for video. Our work overlaps with them regarding designing
patterns but differs in using the CEPswm, video event representation, and
aggregation. Activity recognitiof23€| is another domain that involves the detection
of predefined human actions like walk, jump, cook. Different models from First
Order Logic rules such as Markov Logic Netw§zi7] and Probabilistic Soft Logic
[238 have been proposed to determine Higlrel activities. Shang et dlL11] use
neural networksand capture the relationship among objects in a video, where
relationships were encoded in the training data manually and later trained to predict
relation. Herzig et al[75] proposed a Spatibemporal Action Graph (STAG) to
identify collision events using an eolend deep learning model. VEKGasnore
generalized version of STAG and can be used both in DNN antbaskrd models

and can handle multiple relationships within a single representation.

Table 5.1 sunmarizes the comparison of multimedia event representation and
techniques as per the requirements R3, R4 and R5 discusskdpter 11t can be
evident from the table that VEKG follows the graph representation and fulfils the
requirement in terms of objects, attributes, and spatiotemporal relationships which

is not supported by other representation techniques.

In the next section, | will discuss thi&eo events and related representation.

5.4 DEFINING VIDEO EVENTS

An event is an instantaneous occurrence of interest at a giveflt#fedue to a
change in the system environment. The video event is defined as -&eveth
semantic concept observed in the change of state in video content ovgtdme

The change in the video content can be due to multiple reasons such as object
motion, new objects, the exit ofdobjects, and change in the appearance of objects

over time. In CEP, the events can exist in entirety, i.e., simple events, or they can be
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Table5.1 Comparison ofelated workwith the requirements R3 (refsentation of objects and its
attributes) R4 (relationships between objectahd R5 (event matching)

Supported ldentificati Relationshi Video Event Strea
representation Objects ( (R5) Repr e:
attributes atio
Object: Objec Spati Tempo Stat Spati
AttrilRel at Rel at base por al
Mat ch Mat ch
g (R5)
Ontol | MGPED Partia No No No No No N o
45 Lowevel
Featur ¢
MS S-Bnt Partia Par ti No No No No N o
[68] Lowevel Col o
Feature¢ Descr
SPARQL Partia N o Yes Parti N o Yes No
MM [38] Concepts N o
of the s¢ t empo
l'i ke Iin rel at
et c. bet we
obj ec
oV I [&] Yes No Yes No No Yes N o
Divided Dat ab
based on i ndex
nomobi | it and
and -Ileowwe retri
featur e syste
V S P69 Yes Yes Part N o N o Parti N o
Co g V86s Yes N o N o N o N o N o N o
O R N44] Yes N o N o N o
Objects
concepts
Rel at Bl az[éq] ° Yes Yes N o N o N o yes N o
! Events Yes N o N o N o N o Yes N o
[70, 71] El mage, |
Al am e Yes N o N o N o N o N o N o
[72, 23
Event Yes N o N o N o N o N o N o
[73
REMI NC Yes N o Yes Yes N o Yes N o
[48]
Chakravarthy Yes N o N o N o Yes Parti Yes
et al.[60] Tempo
Gr ap STR[@7 Partia N o Part Yes N o N o Parti
Segment ec Rel at Il ndexi
(1l owvel hips datab
descrip C 0mmga
regi
bound
S
Scene Yes Yes Yes No No No N o
Describ
[43] content
scene in
with con¢
object
STAI[GH Yes No Yes Yes No Yes N o
VEK@®3 Yes Yes Yes Yes Yes Yes Yes
9¢]
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derived from the collection of events, i.e., complex events. Following the CEP

terminology, two categories of video events are defined:

1 Simple VideoEvent: In CEP, a simple event is the instantaneous and atomic
(i.e., either exists entirely or not at all) occurrence of interest at a specific time
instancg63]. We have etended this notion of a simple event for videos. Objects
are the primary visual concepts that a user can perceive from a video sequence.
Thus, a Simple Video Event can be defined as an occurrence of any object which
a user can identify from the video. ltiger queries about the presence or absence
of objects (e.g. 6card® and O6épersonb)

Event.

1 Complex Video Event: In CEP, complex events are considered¢d@sposed
or derived eventthat are constructed from simple ated17]. The simpleevents
are nested with different temporal and logical operators to faomglexevent.
Complex events can be either a collection of simple eventspat to the
formation of another complex event. The complexitgrmevent depends on the
application logic and rules created for it. A Complex Video Event can be built
using spatial,@mporal, and logical operations usisighple video events. For
example,high volume trafficin a video is a complexideo event made from
simple video events such as the presenasad and their count at a specific

location for a given time.

5.4.1 Video EventRepresentation

In CEP, each incoming event is defined using a fixed data model. The stream is a
continuous phenomenon, so each incoming data is timestamped. This helps in
identifying their order of occurrences, which enables the matcher for more complex
reasoning during matching. Cugola et 0] represented an event in terms of
payloadandtime These payloads can have different structures and formats like key
value pairs structured XML and RDF triples. Videos comprise a sequence of
consecutive image frames and can be considered as a data stream, where each data
item represents a single imagarfre. Representing semantic information from video
streams is a challenging taskigure 5.3 shows the complexity of a video event,

where an image is described as {tmwel features (pixel values) to the machine. At
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Figure5.3 Video events hierarchy aride semantic gap between human and machine

the same time, human interprets them as Higa v e |

semanti&&redncept

car 6) wh iserhantic gapeivteen ghe @ser and the data. In the real world,

content extraction of video data leads to challenges like detecting object motions,

relationships with other objects, and their attributes. Object detection techaigue

not enough to define the complex relationships and interactions among objects and

limit their semantic expressiveness. Thus, the video frames need to be converted into

suitable representation to be processed by the CEP engine.

5.4.2 Knowledge Graphs

Knowledge Graph (KG) represents knowledggraph form and captures entities,

attributes, and their relation in nodes and edges, respedti&sly Entities relate to

things that exist in the real world and have an independent existence. Attributes are

the characteristics and properties of an entitil\involves a twestep processl)

construction and 2) query. The construction algorithm stssif creating a graph

from unstructured data by extracting entities, attributes, and relations using

knowledge extraction and entity linking methods. The query algorithm then reasons

over the constructed graph to identify pattefFigure5.4 (a) and (b) shows a KG

structure with a simple example where a person (E1) with name (Al) Barack Obama

was born in (R1) city (E2) Honulu (A2) and was the president of (R2) oftigoun
(E3) United States (A3). Here the edges (R1, R2, R3) are typed relationships with

high-level semantic meaning likeornin, presidentOfandlocatedin Some
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55 VIDEO EVENT KNOWLEDGE GRAPH

An objectcentric representation using entigntric Knowledge Graphs (KG) is
proposed. Grapbased representation for the video stream is suitable due to

following reasons:

1 Scalable: Can capture multiple and diverse video objects and attributes

informationoccurring at different time instances.

1 Complex Relationship:Can capture interaction among video objects as
spatiotemporal relationships which can later be inferred as ddughevent like

high volume traffic using event rules.

1 Maintains Hierarchy:Canhandle information at different hierarchies ranging

from low-level image features to semantic mappings like objects and scenes.

1 Semantically QueryableCan apply event rules and define patteratching

operations over the data.

We have aligned the KG consttion process with the video representation
requirements listed in Sectidn2.2 As shown inFigure 5.5, the representation
process is divided into two aspecty Objects and Attribute detection, and 2)

Relationships among Objects.

12 hitps://www.ibm.com/cloud/watsediscovery

13 hitps://developers.facebook.com/docs/grapil
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Figure5.5 VEKG creation process

Objects and Atibute Detection (R3)Following KG extraction, objecand
attribute detection are performed for video frames. The objectshaas
multiple characteristics and properties which are represented aatthbirtes
(e.g., color, type)Figure5.5 shows the creation process for theage where
car objects with different color attributes (red and blackpateacted.

Relaionships among Objects (R4t a video, relationships among objects can

exist across time and space. They can be classified as:

I Relationship within a frame (Intraframe)Vithin an image frame, objects
occupy specific positions. The objects may charggr tlocations, creating
multiple types of spatial interactions among different objects. Thus, a spatial
relationship can be established among the objects within a flAagwe 5.5
shows the spatial relation (rell, rel2, rel3) among tbagebjects. The different

spatial relationships have been discussed in Se¢tton

i Relatimship across frames (Interframéjcross frames, objects interact with
each other over time. The changeover object spatial interactions come with time.
Thus, temporal relationships can be established among objects across frames.
The temporal aspects amauigjects can be modeled as discrete or in the interval

and discussed in Sectidmb.

Following this, a Video Event Knowledge Graph (VEKG) representation is

proposed,where nodes correspond to objects and edges represent spatial and

temporal relationships among objedigre5.6). A VEKG can be defined as:
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Figure5.6 Video Event Knowledge Graph (VEKG) schema

Definitionl (VEKG Graph} For any image frame, the resulting Video Event
Knowledge Graph is a labeled graph with six tuples represent&EHE& =
ARARA M »h «h - where

f| = set of object node$:-

‘A= set of edges suchAP 1 8 i

A’k set of propertiesmapped to each object nodes such #hat (id,
attributes, label, confidenciatures)

N »= set of spatiotemporal relation classes

h nare class labeling functionsdfj © |=and 2dAC %

Definition2 (VEKG Stream) A Video Event Knowledge Graph Stream is a
sequence ordered representation OfEKG such tmt L
k.

Frame (T3) Frame (T2) Frame (T1)
Car 2 Car 2__cCar 3

g Car 3 |E

® Object
8 Node

""""""""""""""""""" ial
2 <Car3 |, Spatia

% Car 2™ Relation
. P ~--2: Temporal
___________ Relation

Carl
VEy (T3) VEkg (T2) VEy (T1)

Figure5.7 VEKG stream example
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Figure 5.7 showsa VEKG stream ofthree VEKG graphs for image frames at
different time instances. The object nodear(C Car2, Car3) iVEKG graphs are
connected using spatiahd temporakdgesVEKG is acomplete digraphwhich

means that each object is spatially related to another object present in the image
frame. Initially, the edgeveight is set to zet@and the weights between nodes are
updatedin windows using query event ruldaring matching. The temporal relation
edge between object nodes is created by identifying the same object nodes in
different frames using object trackinghe tracking is performed based cwsine
distance between objects features and Intersection Over Union (IOU) of bounding

boxes extractedsing DNN model®r using object tracker like DEEPSORT.

The following section discusses the relation creation process in the video event
knowledge graph.

5.5.1 VEKG Construction Process

t, ty t, t, frame (t,) frame (t,) frame (t;) frame (t,)
Back

||=deo +}- V. -l Le"‘_+_R|’ght

Front

VEKG Stream

Figure5.8 VEKG constructio example

Figure 5.8 shows the VEKG construction example over a video stream with four
frames. The construction process shows the applicatioefioboolean spatial
function (bsf) over the video frames. As shownRigure5.8, the four frames across
time 6 o I hid ¢ ® consists of three objects i & & & 8The left side of the
figure shows the corresponding VEKG representation of the video stream. For time
0 hthere is only one object hso a single VEKG node instande is created. At
time O , there are two objects % & © , so two VEKG node§ h) are created. In
Figureb.8, at the timed , it can be seen that objact is in left of objecty . Thebsf

left operation is applied over @& @ wherethe relationd © 0 is true and is
labeled 1 while the relatiod © 0 is false and is labeled as 0. The relation is
calculated by comparing the bounding box location of the images with respect to the

frame reference. Currently, all the spatial cal¢ates happen in -BD plane and

99



different operators which can be used have already been discusSkdpter 4
Similarly, the VEKG edge relations are created for theet id & &.

The next section focuses on the architectural components related to the VEKG

extraction and creation.

56 VEKG EXTRACTION COMPONENTS

STREAM MANAGER

,% L Wiﬁ_ ____________ Video Stream!
' . Processor
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Publls:her (FFMPEG) E T
e e ] Fowarder
»{ DNN Models Cascade o T
RO — Ly Event
v e P Matcher
G i
OLO Object @ VEKG !
v Detector o Builder 1 |
- . Event
Deep Sort Attribute L C%%}‘ Pattern
Object Tracker Classifier " R
i VEKG Updater
" CONTENTEXTRACTOR 77 "MATCHING ENGINE

Figure5.9 VEKG extraction architecture components in VIdCEP framework

Figure5.9 shows the proposed architecture of VEKG extraction for complex event
pattern matching. In VidCERhe VEKG extraction process is spread ac@xsstent
Extractor and Matching Enginecomponents. These architecture components are

explained below in detail.

1 DNN Model CascadesThe DNN model cascadeare part of the VidCEP
Content ExtractocomponentFigure5.9 shows a &stage model cascade with
YOLO Object Detecto188, DeepSORT object trackg221], and a color
attribute classifier. The object detector detects objects and other metadata such
as object lads, bounding boxes, and center locations from the received feature
map. The tracker keeps track of the object across frames so that unique objects
can be identified. The features of the object are then passed to attribute classifiers
to detect its charagtstics, such asolor. The model cascade complexity can
vary depending on the requirements and use cases. The model cascade flow is
created as per the VEQUISINGclause where it mentions the required model to
process the given query. TRESING clause is thcussed in detail i€hapter 4

of the thesis.
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1 VEKG Builder:The VEKG builder receives the raw information from model
cascades and creates VEKG graphs. The VEKG Builder creates the initial
VEKG graph having labeled nodes with the metadata information obtained from
the DNN model cascades. As discussed earlier, ViEK&complete graph, so
all the nodes are connected as relation edges with each object. Initially, the
relation edges aneull as the VEKG builder has no information on what relation

operation needs to be performed over the created graph.

1 VEKG Updater:The VEKG updatemperforms the relation updation process and
updates the empty edge relation of the VEKG stream @sieqgt rulesThis is a
multiprocessing operation where VEKG creation and updation of edge relations

occur in parallel over the windows.

1 Matcher: The matcher receives the VEKG stream from the windows. As per the
event rule, the matcher performs inference over VEKG to identify whether a

pattern is satisfied or not.

The next section discusses the complex event matching techniques (R5) and shows

how the VEKG is leveraged for event matching in VidCEP.

Table5.2 List of VEQL query examples adopted fraddhapter 4

No. VEQL QUERY

SELECT Object FROM Camera

WHERE Object.|l abel = 6Car b
Ql WITHIN TIME - WINDOW(10) WITH CONFIDENCE > 50%

USING ObjectDetector()

SELECT Object FROM Camera

WHERE Object.| abel =6Card AND Object. att
Q2 TIME- WINDOW(10) WITH CONFIDENCE > 50%

USING ObjectDetector(Tracker), ColorDetector()

SELECT Left(Objectl, Object2)FROM Camera

WHERE Objectl.|l abel= 6Car6 AND Object1l.
Q3 Object2.1label = 6Caro
AND Object2.attrcolor = O6Not Bl ack®o

WITHIN TIME - WINDOW(10) WITH CONFIDENCE > 50%
USING ObjectDetector(Tracker), ColorDetector()

SELECT SEQ(Objectl, Object2) FROM Camera

WHERE Objectl.| abel= 6Car6 AND Object 2.
Q4 TIME- WINDOW(10) WITH CONFIDENCE > 50%

USING ObjectDetector(Tracker)

SELECT HIGH_VOLUMETRAFFIC(Object)FROM Camera

WHERE Object. |l abel = 6Card AND COUNT(Obj
Q5 FOR EACH FRAME

WITHIN TIME - WINDOW(10) WITH CONFIDENCE > 50%

USING ObjectDetector(Tracker)
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57 EVENT MATCHING

The matcher converts the query predicates to object nodes following the VEKG
schema and performs event matchingble5.2 shows the lists of different queries
from Chapter aadopted for matching evaluation. As showfigure5.10, theEvent
Matcher performs video event matching in 3 steps: 1) Object Event Matching, 2)
Spatial Event Matching, and 3) Temporal Event Matching. The object and spatial
matchingoccurwithin a frame (intraframe), while temporal matching can happen
both within and acrogsames (interframe). The matching components functionality
is explained below:

Event Matcher

Object Event Matcher d
1 1
Window State i VEKG4© Ej.tq: Car object present Q1
i 1
i [VEKG,0 E,.t5: Object not present !
VEKG5 VEKG4 VEKG3 VEKG2 VEKGY | 1 27 F2:12: Oh) P R
|| [VEKG3© Eg.t3. Car and Person present [ ™ Ql
i : . |
O’S.O Q‘. .'x‘ O’S‘O .’S‘O VEKG,4© E,4.ty: Person object present Spatial Event L 03
@ Carnode Query | YEKGSO Es.tg: Object not present Matcher i
‘ Person node gé_(l:_a;t(c P ) : :
- Le ar, Person
O Other Object node Q4-SEQ(Car, Person) : | Temporal Event Matcher :
V[ {Epty <Egtg} :
[ el Eity, Eatg {Ept; <Egiy) .
\ | Person | Egtg, Exty /!

Figure5.10 VEKG eventmatching forvideostreams

Algorithm 5.1: Object Event Matching

begin
while State is notNULLdo
Q getQueryPkedicates()
for each Vksfrom Statedo
0o VEcgetNode()
¢, QgetNode()
i Match(0n &)
if i "Q"WYO
return 6,asé @O DE O (OP
end
end
end
nd

(0]

5.7.1 Object Event Matcher

Algorithm 5.1 performs obje@vent matchingnd matches queries related to objects

and object attributes (QQ2). The object event matcher traverses object nodes from

VEKG graphs and performs query matching over them. If a query object node
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matches witlihe VEKG object nodet returns it asn object eventy). For example,

Figure5.10 shows the window state of 5 VEKG graphs with different object nodes.

Each VEKG graph is passed to the object e
guery object node (Q1) in VEK@&nd VEKG.

Algorithm 5.2: Spatial Event Matching

begin
list getObjectEventMatc)
refobj getReferenc®bjec(list,Q
for eachObjectEvent (E) from list do
i callspatialfunction( i ReB@i Qi ‘OB QO)
if i "Q"WYO
return i asspatial Qo (‘OR
end
nd

end

5.7.2 Spatial Event Matcher

The spatial matcher extracts the list of object nodes from a VEKG graph using the

object event matcher. #éxtracs the reference object from the extracted list using

guery predicates and dms the spatial function to establish a spatial relationship
between object nodes inthst( Al gor i t hm 5. 2) . For exampl e,
O6Persond object n o d essusing the objeck dventantatcleerd f r o m
The spatial event matchertheret s 60 Per soné as a reference
bool ean spatial function, and updates the

satisfies, then the mao@&her noti fies it as

Algorithm 5.3: Temporal Event Matching

begin

Q getQueryPRedicates()
¢, QgetNode()

0 createMagg;, 0

for each Vksfrom Statedo

Qy, getObjectEventMatch)

add Qy ¢ G (N0 O'd g W

if 0.1"Q@QY) > 1
0 calltemporalfunction( 0 , 4, )
if 0'R"WYO

return oastemporal QG o (OR

nd

enhd

end
end
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5.7.3 Temporal Event Matcher

The temporal pattern matcher creates a nkagy,<value whered k dsyudique and

equivalent to thgueryobject node and the value is an event objeriAlgorithm

5.3). For example, irfFigure5.100 Q4 has two query object nod
60Per sond whi c hkeywforlthe mapEhe temperal matacheeaiges

each objectd) from the object event matcher and puts it ithe mapto the
comespondingkey. Figure5.10s hows a map where o0Cardé and
value eventsg& , o0& ] and os, o0& ]. Here[o o o v is the time when the event

has initially occurred in theideoframe and added to the VEK@gaph during its
construction. The temporal matcher continuously checks the map's size and starts
temporal reasoning if its sizsecoms greater than 1, which means two different

types of object events are present. For the SE&aion, the map keys are sorted

as per their order of occurrenc®kipTill-Any SEQ operation is followed, where

each combination of theequencds matched and has an exponentiahtime
complexity[135. For example, irfFigure5.10, 0&<0& ando&<0& are two

sequence patterns for QHBor the CONJ temporal pattern, if all threap keyshave

anevent valuethis suggests that botherequired events are present irrespective of

their timing order. Similarly, o& is a concurrent (EQ) temporal event pattern as

both events 6Caré and O6Persondé occur toget

5.7.4 Calculating Event Matching Confidence Score

TheEvent Matchegives an overall score to the pattern by calculating the weighted
mean of all the evenishas detected. In e§.1, 0 'O is the detection probability
of each object event. This is the confidence probability given by the classifier for

each detected object from the imagex ¢ "G 'O s the information content or
weight of each detected event. In information theBy,0 z & ¢ Q0 is

considered as the entropy, which reflects the average rate at which information is
produced. For example, if P(Car) = 0.6 and P(Person) = 0.7, then M = 0.641 which
is the weighted mean of both probabilities. Tietcher scored is then compared

with the required input confidence given by the user¢@3fidence> 50%). If the

score satisfies the given confidence request, then it notifies that the pattern is
detected.The eq. 5.1 is multiplied by 100 for having the confidence score in
percentage.
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0 & XId 0 (5.1)

5.8 EXPERIMENTAL RESULTS

5.8.1 Dataset

Table5.3 Dataset Specificatiofor video event matching

Video Dataset Query (Dglurr? glsions
P1 VidVRD [11]] Q4(CONJ) D4

P2 Urban Trackefl112) Q4(SEQ) D4

P3 Pexeld? Q3(Left) D3

P4 Pexels Q1,Q2 D1, D2

P5 Pexels Q1 D1

P6 YouTubé® Q5(Traffic) D1, D4

Table5.3 shows the list of six videos collected from different datasets and websites
(Pexels, YouTube), which act as producers in our system. Most of the videos are
streamed at an average rate of 3drfes per second. The ground truth data for events
was created manually so that it can act as a baseline for comparison. The videos were
selected by visually analyzing that a given pattern (like high traffic flow) is present
or not . The 6 ceathebmost prominénip abjectss dmtbe selected
clips.The number of objects varies between 1 to 21 in frames at different time
instances. These videos cover different query dimensions which we have discussed
in Section4.7. The video clips are selected for a duration ranging from 5 sec. to 30
minutes During the evaluation, some videos were looped to increase the duration of
the experimentdg-our types bevaluation are performed in VEKG representation

time, event accuracy, throughput, and latency.

5.8.2 Event Represeration time
It is the time taken by the video stream processor to convert the frame to a VEKG
graph[96]. Eq.5.2 shows the event representation time, which includes the frame

decode time to a lowevel feature matribobject and attribute classifier timand

14 hitps://www.pexels.com/

15 hitps://www.youtube.com/
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Figure5.11 AverageVEKG representation time for different video franies/idCEP

time to construct a graph from extracted labels and attributes. As the frame decoding
and graph construction time was very |¢v5-1 millisecond), we have focussed
only ontime required byheDNN model 60s cascade.

0 0 0 0 (5.2)

Figure5.11 shows the average time required NN model to extract relevant
features for graph construction. We have focused on three key characteristics, i.e.
1) Object detection time, 2) Object aattribute detection time, and 3) Object,
attribute detectionand object tracking time. These three characteristics were
compared with video frames having objects ranging between 1 (FIJ {62).
Figure5.11 shows the average object detection time lies betweennigltb 29.2

ms. The difference between object detection time is very low becatisesbiared
computation principle over which object detectors wfitkg. The object and
attribute average detection time for F1 is 16.03 ms, which increases to 49.3 ms for
F2. The extra overheads becaiseeach object needs to be passed to the attribute
classifier and with an increase in object numpre attribute classification time
increases. The tracking is a cheaper prqod¢bkas including tracking time the overall
detection time is 16.4 ms an@.3 ms for F1 and F2, respectively.
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Figureb.12Spat i al relation: oOoblack car

Black Car

Figure5.15 (P6)High volume taffic Figure5.16 CONJ of car & person(P1)

5.8.3 Event Query Accuracyand Matcher Confidence

Event query accuracy examines how many relevant event patterns were detected for
each query as compared to treund truth. Query accuracy is evaluated using
F-score (eq5.3), a harmonic mean of precision and reciifjure’5.17 shows the

mean Fscore for different queries, which is averaged acadgse window of 10
sec.
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Figure5.17 Averagequery accuracy and matchmnfidence scoran VidCEP
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Vil QeiY®Oad (5.3

The Fscore for Q1 on videproducerP4(Q1_P4) is low (0.76) as compared to
P5(Q1_P5Wwhich is0.85 The FScore of Q1_P4 is low becaubere are multiple

obj ect sin R4omMBiehrcdudes occlusion leading to more false positives,

reducing the overall score. ThesEore for Q2_P4 is 0.71, which is lékanQ1_P4

because of misclassificatisim theattribute classifierTheF-score of Q3 _P3is 0.78,

a spatial event pattern asdown visually irFigure5.12. The green and red dots are

the tracking points of the odsjts at different time The green dots (Black Car) are

on the left side of the red dots, jé&.Not Bl ack Car 6. Here O6Not E
as a reference object from which spatial
shown two temporal relation §€Q4 P2) and CONJ(Q4_P1) whosedore are

0.66 and 0.80, respectivelyigure5.13 shows the SEQ(Q4_P2) pattern whtre

6Car 6 event happens . IlbEidueb.k, atfdise posititee r s on 6 ¢
instance of Q4 P2 is shown where OPersonbd
detected it as a sequebecaeseiodne df Gafraesand Per
the object detector wacsuddetbtwndénGredé@t ect ¢
|l ater frame, the syst enmmalirgitesequenck. Thevzet h O Per
can be many objects missed due to object detector limitafitverefore SEQ has

alow F-score as compared to other querkggure5.16 shows a CONJ relation of

6Car 6 and O Per s opnoducest\(QbnPB)sletectQhigh traffic flew o n
(Figure5.15) with anF-score of 0.89.
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The matcher confidencef different queries is shown as a red liné-igure5.17.

The matcher confidence is associated with DNN model detection confipetfe

but there is a key differenc€he matcher detects the overall confidence of an event
pattern that may involve multiple objects, while an object detector giees
confidence scorfor each object. The average matcher confidence for all queries lies
between 0.53 to 0.76. Thus, empirigaD.5 (or 50%)query confidence isma

excellentinitial cut-off for pattern detection.

5.8.4 System Throughput

250 { —@— Video Stream 17 FPS GPU Utilization
—&— Video Stream 15 FPS L 60
VidCEP Throughput

N

o

o
L

150 1

GPU Utilization(%)

Frames/Sec (FPS)

w
o

1 2 3 4 5 8 10 12 15
Number of Parallel Video Streams

Figure5.18 VIdCEP throughput GPU (Nvidia Titan Xp)
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—— Spatial(Left)(Q3)
-@- Temporal(CON]J)(Q4)
-4- COUNT(Q5)

Throughput (Frames/sec)
=

1 3 5 7 9 11
Number of Parallel Video Streams

Figure5.19 VidCEP throughput CPU

Throughput means the number of frames the system can process per Begoad.
5.18 shows that VIdCEP achievestlaroughput of approximately 70 frames per

second (fps) (green bars) for five parallel video streams. It achieveseattime
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performance for five parallel video streams if streamed at the rate of 17 fps (blue
line). Initially, the throughput of the sigsm increases with the increase in the number

of video producers. This is due to the memory availability which the system can
consume. After this, the throughput starts decreasing due to memory overhead as
several producers start loading the computatigniallensive DNN models and
video frames in the memory. When 15 videos are streamed in parallel, VidCEP
throughput decreases to 36.3 fps with 65% of GPU utilization timeFiggre5.19

shows VidCEP CPU throughput performance for different operators. The system has

a very low throughput of 12 fps for each query for five parallel video streams.

5.8.5 Matching Latency of Query Pattern
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B LEFT (Q3) o Lms
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I

N
o
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Figure5.20 Event latency (system) for different time windows with error bars
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Figure5.21 Matcherlatency for different time windows
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Figure5.20 andFigure5.21 show the system and matcher latency, respectively, for
different queries for different wmdow sizes.The matcher latency is the time
difference between when the window state is sent to the matcher and when it notifies
the pattern across that state (ed).55ystem latency is the summation of the average

eventrepresatation time of window gie (w) and the matcher laten@q.5.5).

0 0 0 (5.4)

0 0 O o (5.5)

We ran thourvideo for different window sizes ranging fronsé&c.to 30 mins With

an increase in the window sg¢he systenflatency(objects)increasegFigure5.20,
ranging from4.09 sedor the windowof 5 sec t01016.8secfor the windowof 30
mins. With the increase in window time, it consumes more frameeetipate nore
computation for their representation and matchifigure 5.21 showsthat SEQ
operation has the highesiatchinglatency(12.5-1764.5ms) as compared tother
operabrs as it uses th8kip Till-Any method, which searches all patterns and has
exponential runtime complexityThe averagematcher latency for other query
patterns ranges betweer88.-13.9 ms for a window size of 5 sec and 30 m®jn

respectively.

59 SUMMARY

The chapterproposes a semantic representation technique to detect event patterns
from unstructured video iWVidCEP. The work discusses the challengdsvideo
stream representation and event detection in Complex Event Proceédésieg.

Event Knowledge Graph (VEKG), &nowledge graph driven approach to
represernng video streamss proposed thatnables the CEP system to detedeo

event patterns. Thechapterdetails the design and architecturé the VEKG
extractionprocess VEKG formulation consists of an entity extractor like DNN
model cascades and relation updater using event rules. The chapter peposes
matching algorithm that leverages the VEKG representation and VEQL query graph
to perform event matching. 2level video eent matching algorithiis postulated

which detects event patterns at object, spatial and temporal level and formulates a
pattern matching scor&he chapter evaluates five queries defineGhapter over

six video clips. The VEKG representation is directly proportional to the number of
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DNN classifiers in the pipeline, i.e., its construction time increases with the number
of classifiersThe results of this study sWahat VidCEP can achieve near réiate
performance with 70 frames per second throughput. The system achieves sub second
matching latency even for longer windows with a goestére ranging from 0.66

to 0.89.
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Chapter 6

Multi -Query State Aggregation of Video Streams
over Windows for Fast Spatiotemporal Event
Matching

nL 20036 0 S 0O@I QUi snB O 6 Kla U 6
1 ORY INY¢ DN YBh BTTB NT|Rano
$B BHOaUSNGUN

Knowledge is the best wealth among all. No one can s
it, no state can snatch it. It can not be divided and is
even heavy to carry. As one consumes Or spend
increases, as one shares, it expands.

Sanskrit Verse

6.1 INTRODUCTION

The chapter focges on research question RQ3(b) which deals with the optimization

techniques to improve the spatiotemporal matching in VidCEP.

RQ3: How to enable and improve performance for statebased

spatiotemporal video event matching?

b) How canstatebasedwindowsbe leverage to improve the proposed vi

representation fdiast video pattern matchirmyermultiple CEP queries’]

Since djects coexist across multiple fram¥&KG representatioteads tacreating
redundant nodes and edges at different timtameedeading tchigh memory usage.
This chapter proposes aexpressive and storage efficient graph mothelt
summarize VEKG graph streams in a singéggregatediew. A CERbased state
optimization VEKG-Time Aggregated Graph (VEKGAG) is proposed over
VEKG representation for faster event detectiore Glapterthen presentYEKG-
Event Aggregated Graph (VEKEBAG), an optimized VEKG version for multiple
VEQL queries EAG captures different spatiotemporal relationships among objects
using an Event Adjacey Matrix without replicating the nodes and edges across
time instances. Tk enabls the VIdCEP system to process multiple continuous
VEQL queries and perform frequent spatiotemporal pattern matching computations
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over a single summaed graph.Figure 6.1 shows the highlighted components
responsible for summarizing VEKG graphs over windows for fast spatiotemporal
matching.From here,| will be using the terms aggregation and summarization
interchangeablyFor simplicity, in this work, VEKGTAG and VEKGEAG have

been referred to as TAG and EAG, respectively.
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Figure6.1 VidCEP components responsible for state summarization for a fast video evehitigna

Initial experiments show EAG takes 68.35% and 28.9% less space compared to
baselineandTAG summarization methagrespectively. EAG takes 5X less search
time to detect pattesnas compar@ to the VEKG stream.The TAG and EAG
techniques have beenlgished in thdnternational Journal of Semantic Computing
(I3SC) 2020[93], IEEE Graph Computing 201996], and IEEE International
Conference on Machine Learning and Applications (IEEE ICMLA) ZG19.

The rest of thehapteiis organized as follow&ection6.2introducegypes of video
event matching in CERnd discusses the claijes in VEKG representation.
Section6.3 examinesthe literature review on graph and windows aggregation.
Section6.4present the event adgrcy matrix which is an internal representation to
store spatiotemporal relation information. Secdsfocuses on VEKG aggregated
techniqguesTime Aggregated GrapH¥ EKG-TAG) and Event Aggregated Graph
(VEKG-EAG). Section6.6 shows the experimental evaluation, while Sec@on

concludes thehapter
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6.2 BACKGROUND AND PROBLEM OVERVIEW

This section examines the computational challenges and bottlenecks faced in the
VEKG structure and discusses the background, problem statement and

contributions.

6.2.1 Types of Video Event Matching in CEP

In Complex Event Processing (CEP) systewisdowsdiscretize continuous data
streamsasstateand apply event rules over them to detect patterns. The windows
select a subset of an unbounded stream using parameterssstutie and coun

window can be defined as:

J 2 b b U e e 6.
As per eq6.1, "Y'0b ‘0w 06 00 ié applied over an incomingeEKG Y streamand
gives a fixed subsequende  @OUL "® hwOO '® 88 wOUL '@ .Based
on the window statehe CEP matching for video streams can be divided into two
types:
1 Stateless Video Event Matchinfjthe processing of an incoming event does
not affect or depend on a subsequent incoming event stream, it isetedsid
stateless video event processing. For example, detecting objects in every
video frame (each VEKG graph) is regarded as stateless matching.
1 Stateful Video Event Processinghe matching of patterns that requires a
collection of events or where events get influenced by more than one input
event is termed as stateful event matching. The complex patterns exist across
time and space and require considerable event stream to uhettecns. For
exampl e, 6high volume trafficé pattern
requires multiple frames to analyze the patterns. Thus, applying a pattern
matching operation over a time (traffic volume in the last 5 min) is

considered stateful evemtatching.

The stateful event matching leads to multiple challenges and is analyzed in the next

section.

6.2.2 Challenges with VEKG Stream

Video Event Knowledge Graph is an effective representation to model video objects

and spatiotemporal relationships but hamme computational bottlenecks. The abje
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Redundant
Nodes

Figure6.2 Node redundancy issue in VEKG graph stream

-cts in a video stay in the camera Field of View (FoV) for some time and exist across
multiple frames. For exapte, inFigure6.2, t he o6 Car 36 obg¢ ect
andd butnotatdb and 6 Car 16 and 606CGad . Saoch adegnaic t s
leads to multigé challenges during event matching of VEKG streams which are as

follows:

1 Nodes and Edg&edundancyVEKG structure has a drawback of redundant
nodes and edges. As showrFigure6.2, the same car nodes have been repeated
at different time instances. This is due to the video nature where frames are
streamed at a high frame rate (~30 fps) to resemble continuity leading to
repetition of the same object across time with spatial variation. For example,
video streaming & rate of 30 fps with two objects in every frame will lead to
the creation othousands of nodesd edges minutes increasinghenetwork
size. Such largaetworks lead to computational bottleneédr different query
operators.Thus, there is a need to resolve the redundancy issue for better

performance.

1 High Matching and Search Tim&he number of VEKG nodes directly impacts
the matching performance. The matching overhead increases d&svéhée
Matcherin VIdCEP needs to traverse more VEKG nodes to search the pattern.
The performance degrades further with the increased window timeicems

having a high number of objects.
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1 Storage InefficiencyThe state backendtores the window state for historical
analysis. The VEKG graph size with redundant nodes and edges have higher
memory footprints and thus is a nefficient representation fostoring state

information for such large streams.

Thus, the objects in the video relate to the other objects across space and time and
generate a complex network. The same object can exist in multiple frames, leading
to thousands of nodes in just a fevinates of video. This creates storage and a
computational bottleneck for executing queries. The resolve such challenges, two
VEKG aggregation technique VEKGAG and VEKGEAG, have been proposed.

6.3 RELATED WORK

6.3.1 Graph Aggregation

Time Aggregated Graph[5]]

Description George et al[51] have proposed a graph aggregation technique for
time-variant networks. The author used road networks and spatiotemporal queries
like congestion time and shortest path route to model the problem. The road network
is although static but will have distinct graph snapshots at different time instances
depending on congestion time. Time Expanded Graphs are the default representation
techniqueto model such dynamic network scenarios. The authors have proposed
Time Aggregated Graph (TAG), a computationally more efficient model
representing timearying graphs. TAG removes duplicate nodes and edges and

takes less storage space.

Limitation: The poposedVEKG-TAG is an addition to the above work where a
summarization method over VEKG streamsused a@a given time instance for
detecting video event patterfdEKG-EAG further optimized the VEKGAG
where multiple query relation to the summarisegisedges is added for detecting
complex video event patterns. The VER®G and VEKGEAG take the window

and quenybased summarization approach for video streams that lacks in original
TAG work.

Spatiotemporal Sensor Graph (STSG)241]
Description STSG [24]] is an extended version of the abaliscussed TAG
network to model sensor data. The key difference is that it also includes probability

parameters to handle the stochastic nature of sensor data streams.
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Limitation: VEKG-TAG and VEKGEAG edges currently handle boolean (0 and 1)
and real valuegsuch as pixel distance) which are calculated using event operators
(such aDISTANCEandCOUNT). Like TAG, STSG does not support window and
multi-query video stream operations that are the core of the VEKG approach.

Graph-Based Event Summarizationf242

Description Kwon et al[242 have proposed an event summarization and rare event
detection method for video streams. The authors detect rare events in videos using a
graph editing framework and minimize them using the predefined energy model.
They decompose video into a graph wheerede represents a spatiotemporal event

and have connected edges to its neighbors.

Limitation: VEKG captures each frame as a graph of objects with spatial information
summarized to VEK&GAG and VEKGEAG over the temporal dimension for
multiple queries. e authors perform event summarization over a video but have
not considered any windehased state summarization and mgqliery handling
which are the key focus of the VEKTGAG and VEKGEAG approach.

STRG-Index [47]

Description Lee et al[47] have proposed spatiotemporal region indexing of video
data. As dscussed irb.3.1, the authors have proposed Spdtemporal Region
Graph (STRG) and Object Graphs (OG), representing the relationships between
objects extracted fromideo frames. A new Extended Graph Edit Distance (EGED)
metric is proposed to cluster similar object graphs. The clusters object graphs are
then indexed using the STR@&dex method.

Limitation: VEKG-TAG and VEKGEAG focus on summarizing the VEKG graph
for a given window and do not perform any spatiotemporal indexing of video

streams.

NETCONDENSE [243
Description Adhikari et al. [243 proposed NETCONDENSE, which merges
adjacent nodgair and timepair for timevarying graphs. The NETCONDENSE

approach is valid for temporal networks and does not investigate sgpgata

Limitation: VEKG-TAG and VEKGEAG perform spatiotemporal summarization
of the VEKG stream. The timgair merge in the NETCONDENSE approach loses
initial edge information which is preserved in TAG and EAG.
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6.3.2 Windows Based Aggregation

Window-based Diwerse Entity Graph Summarization

Description Pavlopoulou et a[.76, 77] proposed a diverse entity summarization for
heterogeneous graph streams using windows. Based on the query, the method
provides diverse tof filtered information from multsource graph stream$he

work uses word embeddings and conceptual clustering which are later ranked to give
top-k diverse entity summaries. The work uses RDF graph triples focusing on

temporal aspects of the stream.

Limitation: VEKG-TAG and VEKGEAG are based on property ghspand perform
spatiotemporal summarization. Pavlopoulou et al. [10, 11] 's key focus is to show
diverse entity summaries while VEKGAG and VEKGEAG remove node and
edge duplication. The authors focus on the madtirce window summarization
technique whHe VEKG-EAG follows a multiquery based window summarization

method.

Aggregate Windowing Operators

Description Works like [88, 147, 244] focus on different window aggregation
aspects like sharing, adaptivity, and ledwedding using aggregate operators like
SUM, MIN, AVG, etc. Adaptive windowig techniques such as AWIN [53] are
proposed where machine learning models perform statistical inference over data and

change window size as per data distribution.

Limitation: All the above work consider the incoming data stream having a simple
data model like numbers and do not foonsaggregation over graph representation
of video streams like VEKGAG and VEKGEAG.

SPECTRA[245
Description: Gillani et al. proposed SPECTRA45, an RDF graph summarization

over windows using an incremental indexapproach.

Limitation: The above work differs from the VEKGBAG and VEKGEAG
approach as they are more general labeled spatiotemporal graphs instead of RDF.
SPECTRA focused on summarization based on a single query, while EAG

summarizes multiple quergsults.

Table 6.1 summarizes the window and graph aggregation techniques with the
proposed VEKGTAG and VEKGEAG approach.
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Table6.1 Comparison of state and graph summarization techniques with the proposed approach

Related Work Window- Graph Spatiotemporal Multi - Video
Aggregation = Aggregation Nature Query Graph
Handling Stream
George et al[51] No Yes Yes No No
STSG[24]] No Yes Yes No No
Kwon et al.[247] No Partial Yes No Yes
Graph
Editing
Lee et al[47] No Yes Yes No Yes
NETCONDENSE No Yes Partial No No
[249 Temporal only
Pavlopoulou et al. Yes Yes Partial No No
[76,77]

RDF graphs ' Temporal only
AD-WIN [53] Yes No Partial No No
Temporal only
SPECTRA[245 Yes Yes Partial No No
RDF graphs  Temporal only

VEKG-TAG [93] Yes Yes Yes No Yes
VEKG-EAG [94] Yes Yes Yes Yes Yes

The next section explains tivgernal VEKG data structure which is used to capture

spatiotemporal relations across frames.

6.4 EVENT ADJACENCY MATRIX : ADATA STRUCTURETO
STORE SPATIOTEMPORAL VEKG RELATIONS

The VEKG graph stores spatial relationships between object nodes in an Event

Adjacency Matrix (EAM)Itis a0 & Umatrix where) represents object nodes such

that matrix elementd represents the relation betweeno Qoo BEAM is a

square ratrix with all its diagonal elements having values zero. This is because we

are not considering any relation of an object with itselfdéfined inSectiord.5.4

gpatial function (bsf and ms) is applied over object nodes to calculateirthe

relationshipsThere are two types of EAMhich are discussed below.

6.4.1 Intraframe Event Adjacency Matrix

Intrac-EAM captures the spatial relationships of object nodes within thgariname.
Figure6.3 shows four IntreEAM (Et, Er, Ez, and Es) for the frame at time t1, t2,
t3, and t4. The matrix showsft boolean spatial functiorb§f applied over objects
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0,0 and0 . The function compardsft direction relation like ds the object)

is left with respectto the objetit6 and gi ve a bool ean answer

f vl = mB4F i | LR
Carl Car2 Car3 Carl Car2 Car3
cari| O 1 1

car2| O [ O 1
car3l O | O | O

Carl

Car?2

Front

Figure6.3 Intraframe Event Adjacency Matrix (Int2BAM) for spatial functiorleft andfront

lFat vl = ml <«

o
X | X | X |7T

Intra-EAM (E;;) Intra-EAM (Ey,) Intra-EAM (Eyg) Intra-EAM (Eyy) Inter-EAM (Eq3.¢4)

Figure6.4 Inte-EAM formation from IntraEAM

6.4.2 Interframe Event Adjacency Matrix

The InterEAM captures the spatial relationship among objects betweetinveo

instances. The IntdEAM is formed by applying the XNOR over IntEBAM, which

is motivatedby the work of target adjacency matridesig. The XNOR function

returns 1 if there is no change in the relative spatial position of objecti sdsgrns

0 if there is a relative change in spatial position among objects at different time
instancesFigure 6.4 shows an InteEAM(Etz-t14), which is an XNOR result of &

and Es. In a rowwise analysis, it can be seen thathas changed its relative spatial

position (left)with respect taheobjectl as evident in the frames. In the video, the

objects may appear and disappear aftepecifictime. To handle such situations
where two IntreEAM matri ces have some i1identical ar
care (X) condition is applied among different objectdrigure6.4, frame(tl) does

nothave anobjeadd as i n frame(t2). Thus, a dondt ca

(En) since the objeal is having no relation itheframe(tl).

121



In the next section, | propose the state aggregation techniques to optimize VEKG

graphs for fast event n@ting using the event adjacency matrix structure.

6.5 VEKG AGGREGATED GRAPHS: QUERY AND WINDOW -
BASED GRAPH AGGREGATION

As discussed in startingbject stay in differentideoframes for some time, creating
multiple redundant instances across time. Te&lsto redundancy and storage
inefficiency andncreass the matching time aa query needto traverseéhe same

node across different time instances. Thus, storing and matchingEM& grapls

is expensive and timeonsuming as it models every incoming \adeame.Two

graph summarization techniques have been proposed to avoid such bottlenecks and

improve matching efficiency and are explained in the next sections.

6.5.1 VEKG -Time Aggregated Graphs (VEKGTAG)

To reducaluplicate VEKG nodes and edgeewd searchvehead, Time Aggregated
Graph VEKG-TAG) [51] methodis proposedver theVEKG stream for a given
window. VEKGTAG models timeseries relationships across the edges in a single
aggregated graph to accommodate the-trarging object interactions. VEKGAG

gives an aggregated view ofvddeostatefor a given time window thaireserveall
required relationship&/EKG-TAG is defined as:

Definition3 (VEKG -TAG): For a given timewindow T, havingn video frames
represented as VEKG graph, the VER@ne Aggregated Grdpis a labeled
complete directed graph with seven tuples such that VEKGAG =

A RAA T AMh «h »  where:

114

fj = set ofuniqueobject nodes
‘A= set of edges suchAP 1 8 i

f "A" set of properties mapped to each object nodes such;;;}shéd,
attributes, label, confidence, features)
fj= temporaldimension over edg@

1 == set of spatiotemporal relation classes

=

7h nare class labeling functionsdfj © Fand »dA° 11n
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VEKG-TAG is similar to VEKG with aradditionaltemporaldimension(T) adding
to its edges in a single aggregated vigive VEKGTAG summarization removes

the redundant nodes with the unique nodes present in the VEKG graph.

Execute Query Fetch |, g ibemncell«— -
Event Rule Query <"

g
=Pt
g
S
=1

Content
Extractor

£
s
<4
@

To
2 — Event

2 Matcher

® X
> | Car2

Car3

F T1, T2, T3 e~ é

T3 T2 T1 ; [12,15, Xxéf]
%

VEKG Expanded Network over Window (Distance Relation) VEKG-TAG

Figure6.5 VEKG-TAG construction process

Figure6.5 shows arexpanded/EKG stream (leftside) networkand a VEKGTAG
(right-side) for time T1, T2, and@3. Thedistanceevent rule is executed over the
windows to update the distance relationship among the different object nodes. The
edge labels represent the distance between the object @adésGar2, andCar3)

on the VEKG expanded netwo(left-side). The objects are tracked across the frame
using a tracking algorithm. ThéEKG-TAG Builderis executed in parallel over the
windows to create the VEKGAG graph. As shown ifrigure 6.5, VEKG-TAG
(right-side) shows unique object nod€a(1, Car2, andCar3) and its edge labels
represent the distance among the objects over time T1, T2, and T3. The MEEG
summarizes the unique object nodes from the VEKG rstreser a temporal

dimension equivalent to window length. As shownFigure 6.5, the distance

betweenCarlandCar2decr eases over time (Teéans 10, T2:
Carl is approachingCar2. The distance betwedbar2 and Car3 increases at T1
(12) and T2 (15), but since there is@ar3at t i me T3, it is repres

care (X) condition. Each object node in VEKI®AG has aselfloop that stores its
initial position relative to the background image frame.-lB@lp helps in capturing
object dynamics, such as an object is stationary or moving over time. Thus,-VEKG
TAG consistsof atotal oE[€ p € i Qa ®@E € redges which is equivalent

to totalé edgeslt requires B (%) memory to represent the VEKG stream of time

T. Algorithm 6.1 states the step by step process for the creation of VEKG TAG.
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Algorithm 6.1: VEKG-TAG algorithm
ET1TBEAAT BHDOAAU
Result: VEKGTime Aggregated Graph
M0 b RIEED 6 tHa
QB Q006 Ml HRYQE
£ ODQEO O 1 MAIB G 0 &£ QQa b6 &R Q
OO 0 ¢ @@Qbwd o b
0QE OGQQO & L REWB 0 _
i BT QA D1 QQABINGID “Hi
continue
else
"HU "HH Wi O 0N Wy i 'HI
® o "QQo & £dOAMD
end for 5
@O0 "JY0 'O Q¢ QO "Q oy QY6 O
"HI "HH B0 oI i "QEHI
@OUL "0Y0 "0 01 Q&0 AWYDED
end for

endif
end while

6.5.2 VEKG -Event Aggregated Graph(VEKG -EAG)
The CEP paradigm is based on the logic of continuous or longstanding fju2ges

where the registered queries continuously monitor the incoming streams for pattern
matching. There can be scenarios where multiple queries are registered with the
system and evaluating different patterns on the same publisher and windows. For
example, inFigure6.6, three queriedistance, rightandleft are registered with the
system on the same publisher and window. Matching separate event queviestin
Matcheris combinatorically expensive due to node and edge redundancy. Even the
above proposeWEKG-TAG is not efficient in such a multjuery scenario as
different TAG graphs are constructed for all the registered queries. EIGt
Aggregated Graphs (VEKGAG) proposes a muijuery summarized
representation of VEKG streams over a window to kessiich issueeAG extends

the Time Aggregated graph (TAG) model by adding multiple queries over the edge
for a given window lengthEAG can handle multiple continuous queries using a
single representation where objects span across time and $pacerozides an
aggregated view of a state and preserves all required relationshipeddato be
capturel by different query operators. It does not replicate redundant nodes and
edges ofVEKG across timeand captures the spatiotemporal propertied/&KG

grapls using Intra and IntdEAM matrices. EAG reduces redundancy and is a

storage efficient representation to model dynamic networks like video streams where
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objects are mostly in motion changing their relationship with each other with time.

EAG keeps tracksf@spatiotemporal changes as per query operators.

Earz

Q2: Right

Execute Query Fetch | _ Q1: Distance 8
Event Rules Query Q3: Left

VEKG-TAG
Builder
VEKG-EAG
Builder

Stream
Manager
“Content
1 Extractor

Event
“... Matcher

T3 T2 T1
VEKG Expanded Network over Window (Distance Relation)

Figure6.6 VEKG-EAG construction process

Definition (EAG Graph} For a given window lengtf, havingn video frames
represented a8EKG graph, the Event Aggregated Graph is a labeled directed graph
with 8 tuples such th@® 06 "0 u . Wiy myfF 4 - S &4 h +h 5 where:

T . mz set of unique object node}%from VEKG stream over a window

1
1 o= 3setofedges sucly myp . mm. =

T a4 g window time length

1 l A different query mappings over.mp o

1 <4 =time and spatiotemporal weight mamys ovef] a
1

+h nare class labeling functions dys . mQ  fFand dr . mp S [l &

In Figure 6.6, the Execute Query Event Ruletches all queries registered in the
system. It updates théEKG graph edges oveas window with spatiotemporal
weights by executing operator logic usiag EventAdjacency Matrix. Later, the
VEKG-EAG Builderperformsanaggregation operation ovére window to update
the VEKG streamto create an EAGEigure 6.6 shows an EAG (righside) ofan
expanded network. It consists of three unique object n@légind @ghd ¢d),
present iVEKG expanded network. EAG is a compleligraphthat captures the
relationship among all object nodes. The elddpelsthe spatiotemporal weights of
different queries at different time instances. For exanipéedge between object

0 ¢ ando «a captures relation for three queries @QRB, and Q3. Q1 is distance
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guery discussed iRigure6.5 and it captures the IntétAM valuesresulting in time
series vector representatiofihe length of this value vector is wegalent tothe
T.

number of frames in window

t

me

The

is no spatial relation betweéndd andoé ¢a at timeT3. For Q3 (i.e., left query)y 1 6

represents thai «q is left of 0 ¢d at T1-T2 and becomeX at T3 as there is no
0 wd at time T3. Similarly, other queriedike Q2 (right query) are given

spatiotemporal relation weights at different time instaf¢&s, T2:0, and T3:X]
for object node® @q andd wd. The spatiotemporal wghts can bareal number

if a metric spatial functionnis) is applied(like distance rulepr expressed using

other formats depending on operator rule.

Algorithm 6.2 VEKG -EAG Algorithm

Input:
Window (Win) = {000 '@, Q) Q,wd0'Q8 8 8 .., R}
Query (QF{04,0,,038 88 ..,0; }
Output:
Event Aggregated Graph (EAG) ov&¥in
Procedure:
‘A0 intializeEAG®,'0,"®,0,0)
for eachwQ) "@jn Win do
® wz{AEEX WQqg,}
for each0qin Querydo
O "G RéL G AQ Gk (04000 "®))
Bro  040-d
E g
DO "™MABDHTw, O
end
end
SendtoMatcher ('G3°Q

TheEAG construction process is shown in Algorithm 6.2. EAGenpassed tan

Event Matchefor pattern detection. The matcher fetches the edge query vector of

spatiotemporal weights between objects to detect the pattern. For exaBplefiQ
(6 ghd ¢d) will fetch [1,1,X , ]and sendnotification that at tim@1-T26 &4

is left of 0 . This can be verified by looking at the framesFigure 6.6. The

complkex matching can be performed among multiple objects by traversing the path

among the object nodeBhe adjacency matrikased graph representation requires

¢ (n®) memory where Ngm . wi.e., the number of nodes. EAG has two extra

dimensions, i.e., time and querysify - ;geT, and the number of queries@sthen

EAG would require (n?QT) memory to represent the video stream over a window.
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Figure6.7 Visualization of an EAG summard graph

Figure6.7 shows theepresentational i sual i zati on of .@ghe EAG f or
green nodes are different unique objects present in the video in a window. The black

edges are the spatial relatioipshexisting between different object nogdekile the

red edges show the relations satisfied for a given query. For exampanthkred

edge label [1,1,0,1,Ihdicateghat there i$1006 | eaelatioBbetween object nodes 8

and 33 at3-t4 as the vale is 0

6.6 EXPERIMENTAL RESULTS

6.6.1 Implementation and Datasets

The above prototype is implemented in Python 3. All the experiments were
performed on a X8ore AMD Ryzen 7 170inux machine with 16 GB of RAM
running ona 3.1 GHz processor arahNvidia Titan XpGPU. OpenC\s used for
initial video frame decoding. For object detection and tracgimegrainedY OLOv3

[188 model with Deep SORT22]] algorithm is used. For attribute extraction, the
features based on bounding box cooati#s were fetched frotme YOLO model

layer and passed theattribute classifieran OpenCWbhased color filter. NetworkX
[219, a python library for graphsvasused forVEKG, TAG, and EAG graph

construction.

As mal | video dataset of 12 vibyeepsg (V1, V2,
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Table6.2 Dataset and Query characteristics
Number of Videos 12
Object of Interest Car
Object Distribution Count in Videos 2-22
Video Stream Rate 25 fps

Query Operator bsf(LEFT)

video clips of event patternghe videos were extracted from websites YouTtbe

Newsflaré’, and the DETRAC10§ dataset.Most of the videos are streamed at an

average rate dt5frames per second. The ground truth data for events was created
manually by identifying different event patternshich act asa baselinefor the
comparisonTable6.2 shows the dataset and query operator used for the evaluation.

All the videos are from a highway cresse ct i on having multiple
Fil d of View. The video consists of a mini:H
maxi mum of 22 6Caré objects. The reason be
objects in videos is to show the TAG and EAG approach's efficacy to remove

duplicate VEKG nodeand edges.

All the experiments are performed over the LEFT query operator. The boolean
spatial function lfsf) is applied to get the results in either 0 or 1. For a rouiéry
scenario, the same operator is repeated multiple times. Repeating the same quer
does not impact the results as the aim is to show the summarization efficacy and not
guery complexity. Two scenarios are explained to support the above claim. In
scenario 1, two query operatolsEFT and RIGHT are used to create an EAG.
Similarly, in sc@ario 2, two same query operators (say LEFT) are used. In EAG,
the number of edges and nodes will be the same in both scenarios. The only
difference will be in edge labels with different information based on query operator
(LEFT or RIGHT). The query comptay will undoubtedly impact the TAG and
EAG construction and search time depending
current thesis, we focus only on the node and edge reduction over a given window

with search and construction overhead during sumatesiz

16 hitps://www.youtube.com/
17 https://www.newsflare.com/
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6.6.2 Reduction in Nodes, Edges
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Figure6.8 Reduction in nodes (RIN) for different video streams
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The summarization effectiveness can be known by calculating the reduction in nodes
and edges without any loss of informati&eduction inNodes (RIN) is defined as

the ratio of the difference in the number of nodes between origihal (9 and
summarized grapRf 9 with the number of original graph nodésg. 62).
Similarly, Reduction inEdges (RIE), can be defined by replacing the number of
nodes with edge®(. 6.3.

yop 22 ¥ ¢ (6.2)
Sy S

e O 8 O 8

Y ‘00 6.3
0 s (6.3)
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Figure6.8 showsthe RIN of EAG with its variant Time Aggregated Graph (TAG)
[51]. The comparison imace with VEKG graphs over a window of 10 sec and for
four queriesover 12 video streams. The average EAG RIN score (red line) across
videcs is above 0.975~7hich means greater than 97.5%0MEKG nodes have been
reduced to create an EAG summary. The average TAG RIN score (green line) lies
between 0.91 to 0.95 across videdhus, TAG only reduces 90%5% of VEKG

nodes. The reason is TAG cresdalifferent summary graph f@ach of theueries

(4 here) while EAG handles all the queries in a single summarized graph. The spike
in videoV4 means that the number of objeid$igh, leading tomore object nodes

and edge creatiorsimilarly, Figure 6.9 showsthe RIE score where EAG reduces
greater than 96% AfEKG edges, while TAG reduces between 82.2% to 95.8% of
edges. Thus, EAG reduces 5.1% nodes and ®flétlges compadeto TAG and

will perform bettemwith anincrease ithenumber of queries.

6.6.3 Reduction in Storage
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Figure6.10 Storage comparison for summarized EAG over different video streams

In CEP, window states are stored anstate backend for historical analysis.
Summarization of states will not only lead to storage efficiency but fakter
retrieval and searchrigure 6.10 compares thetsrage cost (KB) for all three
representation For the given experimentse., 12 videos and four queries, TAG
takes 55.4% while EAG takes 68.35% less storage simmceVEKG graphs.
Similarly, EAG requires 28.9% less storage sphe@TAG as it maintains onlg

single representation for multiple queries.
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6.6.4 Graph Construction Time
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Figure6.11 Graph construction time with the change imdoéw size

Graph construction is the time tweatethe VEKG graphs over a window. This
includes graph initiakation with nodes angopulating edges with relation labels
defined as per query logic. &lprocess will be repeatedotimesi fnéndmber of
gueriesare registered with the systeBBAG summadation is achieved over these
VEKG graphs forgiven queries.In Figure 6.11, the summarization overhead for

EAG constructions in subsecondsompared to VEKG because all the operations
have been already performed over VEKG, and only the time to initialize the
summarized graph is required.Higure6.11, increasing the window size, the graph
construction time increases because the number of nodes and edges will increase
with time, but the summarization process for EAG and TAG is nearly the wéth

respect to VEKG graphs.

6.6.5 Graph Search Time
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Figure6.12 Graph search time over multiple queries
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Figure 6.12 shows the search time of EAG, TAG, and VEKG over a different
number of registered queries. The EAG search shows the advantage of
summarisation as it takes less time with respect to TAG and VEKG graphs. For five
queries, the search time of EAG and TAG is netldysame, as only 5 TAG graphs
were created, but its search time will increase with more queries. For 100 queries,
the EAG search requires only 25.6 ms as compared to TAG and VEKG which have

search times of 61.7 ms and 148.6 ms, respectively.

6.7 SUMMARY

This chapter presents a novel approach to summarize video stream graphs over a
given window for complex video pattern detection in CEP systems. An Event
Adjacency Matrix (EAM) is proposed to capture spatiotemporal relationships
between objects.Then an optimized VEKG representation VEKG-Time
Aggregated Graph (VEKGAG) is proposedfor statebased CEP matching.
VEKG-TAG is anaggregatedrepresentatiofor VEKG over a given stream state.

The summarized TAGeduces 90995% of VEKG nodes and more than 82% of
VEKG edges with quick search almhited construction overheatater the chapter
proposes VEKEEvent Aggregated Graph (VEKEBAG). The EAG further
optimizes the TAG approach by summari zing
single aggregated view. EAG redsageater than 97.5% of nodes and 96 % of edges
and requires 68.35% less storage space and 5X less search time than VEKG graph
streams The summarization overhead for EAG is minimaith 82% lesssearch
timefor multiple queriesThe next is a usease chpter that discusses different event
rules from the activity and traffic management domain and evaluates the efficacy of

the proposed technigues in VidCEP.
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Chapter 7

Use Case 1. Creating Event Rules for
Spatiotemporal Video Patterns in VidCEP
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7.1 INTRODUCTION

The chapter focuses on the necessamyport for defining spatiotemporal video
pattern rules and event operators use&BQL query in the VIdCEP framework.
Chapter tackles mainly research question RQ1(b) that states the following:

RQ1l: How to define highlevel humanunderstandable expressive vide

pattern queriesand event rulesn CEP?

b) How to desigrevent rulesand query operatot® process spatiotempor
videoevent patterns?

This chapter proposeshgbrid approacho create complex rules which can then be
wrapped as VEQL event operators in the ViIdCEP framework. To show the efficacy
of the approach, differérevent rules are devised focusing taaffic management
andactivity recognitiondomains. Twelve event rules discussed in this chapter are
collected from various publications which have been presented in International
Journal of Semantic Computing (1JS2020[93], IEEE Graph Computing 2019
[96], IEEE Big Data 201992], IEEE ICMLA 2019[94], ACM Middleware[91]

and Cornell arXiv repositor}27].

The rest of thechapteris organized as followsSection 7.2 introduces the
background and Sectioh3throws light onhybrid approach to design event rules

Section7.4 and 7.5 formulates different event rules for traffic management and
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activity recognition domains, respectively. The implementation, dataset, and

experiments are discussed in Secfiad) and the chapter concludes in Secfion

7.2 BACKGROUND

In Chapter 31 have discussed that VidCEP adoplg/arid approach for video event
detection. The chapter enlists the three challenges in video event processing, which
necessitates adopting the hybrid approach. These challenges were: 1) Huge Visual
Concept Space, 2) Query Dynamicity, and 3) Limited Training D28 The
combination of various knowledge representation techniques is one of the focus
areas in Artificial Intelligence. Neuro symbolic based approaches integrate symbolic
reasoning and neural network approaches and have resulted-dridataand high

levd knowledge representation formalisiiZi7-253. VIdCEP event reasoning is
motivated formneuro symbolicbased hybrid knowledge integration method to
detect the video event patterns. The hybrid approach enables VidCEP to create user
defined complex event rules which combine inductive reasonisgdbstatistical
learning and deductive based logical reasoning. For inductive reasoning, VidCEP
uses DNN based object detectors and trackers pipeline and spatial and temporal

calculus for deductive reasoning.

The next section explains the data flow dedigrshow how higHevel reasoning

happens in VIdCEP using event rules.

7.3 DESIGNING EVENT RUELS USING HYBRID APPROACH

This section explains how the VEQL event operators execute the matching flow in
VidCEP. Figure7.2 shows the data flow and logical flow os#ting VEQL query
to identify whether @erson is sitting on chafrom a video event stream. The VEQL

guery for the same is written as:

Q1: SELECT Sitting (Objectl, O bject2, OverlapThres)
FROM Cameral WHERE ( Objectl. | abel =
Object2.1l abel = 6Chairé) AND O

WITHIN TIME- WINDOW(5) WITHCONFIDENCE > 50%

Figure7.1 Person sitting on chair VEQL query
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Figure7.2 Data and logical flow of the hybrid approach used in VidCEP for Sitting event rule

As shown inFigure7.1, Sittingi s an event operator that reql
objects withOverlapThresas an overlapping threshold score between the two

objects. TheStting event operator is aabstract function supported with an event

rule constituting of sitting logicThe event rules are created using VEQL spatial and

temporal builin constructs explained in detail @hapter 4

TheStting eventrules definedas 6i f t he over | aipgreatdr a per s (
than some threshold for a given timvendow (e.g., 5 sec iRigure7.1), thenit can
be saidhat the person is sitting on the chair. Biténg rule (eq. 7.1)can be written

as:

Gi Qi @ty TR
O'MIIQ £ 0 QI dnGaE ol Qi ice® dmar (7

As pereq. 7.1for timeinterval 6 b if objectchair andpersonoverlapvalueis

higher thanoverlapping degree ( such as 60% overlap bet we
0 c h éathenit can be saidhat thechair is beng occupied by thg@erson This is a

simple sitting rule considering bounding boxes as a geometric spatial representation

of an object. More complex event rules can be formulated by considering the skeletal

body poses for better accuracy.
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Considering the above VEQL example, letwmlerstand the hybrid approach for
event reasoning in VidCEP. Figure7.2, the data flow represents how the data is
passed across different VIdCEP components, wiig logical flow shows the
internal data processing. The architecture components and related concepts have
already been discussed across other chapters of this thesis. The reasoning approach

is described as follows:

1 Inductive Reasoning Based Object Detacttidn Figure 7.2, for the
representational purpose, the incoming event stream is divided into 5 sec. time
bucket (as required by the VEQL query). The video stream tepsed by the
Stream Manageand passed to th@ontent Extractar The Content Extractor
constitutes DNN model pipelines such as object detector and object tracker
which identifies the relevant objects from the video streams. The object detection
models areretrained on a statef-the-art image dataset (such as M®CO
[254]) and use the statistical characteristics to infer the object classegute
72, the objects (O6personé and O6chairdé) ar
the metadata (such as object labels, bounding box coordinates, and center points)
related to it are extracted. Threlevant information is then passed to the
Matching Engine

1 Deductive Reasoning Based Graph Relation Creatidre windowsreceived
the processed information in the matching engine. As per the VEQL query,
windowsreceiveall 5 sec. of video information.ne VEQL event rules (i.e.,
sitting) is already deployed in the matching engine. NEKG builder
component process the incoming data in parallel over windows using event rules.
In Figure7.2, five VEKG graphs are shown for each second pge®& window
(here, the assumption is that windows receive video data at 1 fpsYHK@
builder applies the event rule (eq. 7.1) where a boo@aerlapspatial function
is used over the received object's information. For example, fordimed
there is no overlap between Opersoné and
upgrades the information to the VEKG gr a8
object and updating its edge weight with Boolean value 0 using deductive based
logic operation. Th&AG buildermerges all the VEKG graphs over the window
into a single representation. For time 0 the TAG edge weight is [0,0,0,0,0]

representingno overlapwhile for 6 0 its [1,1,1,1,1] indicating anverlap
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for given time duration. Thevent matchewill reason over this TAG graph by
identifying object classes (O6persondé and

detect that for tMBEQL ognu ecrhyai or@be rhsaopnp esnist a't

The above discussed hybrid approach is quite useful in complex systems like
VIdCEP. To show the efficacy of VEQL event operators, twelve event pattern rules
have been defined across two domains: 1) Activity Recogndiwh 2) Traffic
ManagementSimilarly, event rules can be createsing model$romother domans
like earth oservation119 121, 255259, occupational health and safd59 etc.

The next section discusses the event rules for activity recognition.

7.4 ACTIVITY RECOGNITION

Five event rules have been defined in the activity recognition domain based on a

personbés activity and acti on.

7.4.1 Fall Detection

Fall detectim can be of multiple types dependingtbalocation and activity being
performed by the person. In this woa€all detection rule is defined wherbap e r s o n
fall s wh iWhenawedorkfalls then there will be an abrupt change in its
aspect ratio (her@ersonis represented as a bounding box), and after that, there will

Figure7.3 Fall detection \alk Fall)

be no motion of him foa while(Figure7.3). The eq7.2modeled thdall detection

rule as:

- Tn h
PR R At P B R T T4 e P £ T = - (72)
O 0l O'HESQQD DR OON OO WO D £ o Qg ¢ N |l

In eq. 7.20=person | = no motion,andT is a time window such that Sti, §S
t2. The aspect ratio of the person is modeled as-$enes data, and abrupt change
point is detected using the PELT algoritfiaaJ.
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7.4.2 Horse Riding

Thehorse ridingrule is defined as:

GOQI G &nIbo®OEBHE 1B0 Oeda QOQI Do Fe'egh (73

where Oy = personand O. = horse The horse riding rule (eq.3) states that the
person bounding box shoutalerlap with the horse bounding box such thikte
person isabovethe horse, and both amvingin thesame directioffior a given time

window s, to.

7.4.3 Bike Riding

Figure7.4 Bike riding

[overlap: 1,1,1,1,1,1]
[above: 1,1,1,1,1,1,1]

[overlap: 1,1,1,1,1,1]
[above: 0,0,0,0,0,0,0]

Figure7.5 Bike riding VEKG TAG

The bike ridingrule is similar to horse ridingeqg. 7.3)with the change in objects
category wher®, = personandO- = bike Figure7.4 shows &iking event where a
person object iabovethe bike and both are moving in tlsamedirection (blue and
pink dots).Figure7.5 shows a VEKGTAG for biking event where the edge from
personto bike satisfies theverlapandabovepattern. The edge weight consists of
boolean values abe boolean spatial operatidibsi is performed over these two
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objects. The direction relation (sédfop) stores the motion values of each object and

can be compared during matching.

7.4.4 Handshaking

Figure7.6 Handshaking between two persons

A simple handshake can be viewed as two persons raise theg thagtthke and
later takng the hand back ta normalposition. Thehandshakingvent rule can be
def i ned as dyod) betweenh vo gersénsarm anf shoulder increases
with the decrease in their wrist distan® ipitially, and later the angléd, d>)

decreases with an increase in wrist distanjdien it is ehandshakeattern Figure
7.6) .0

Tn h

N —hfF "B oo —hh h

;?;‘?r? i o “” Qol Qi (7.4)
oho T QQwi Qi Qi
o —h= QoI Qi Qi
¥ o M I Qe O Qi Qi
O'MIIQ 0¢& Q¥ TMO 1 @ AY UMW 6 6 Qi —ndo 00
0¢& QWTIMO | & AY ' XWME 6 a QI —wb 60 (7.5

0Qi 60 EEMHLI "Gi BY U o1 Gi o 1

In eq. 7.4d1andd: areacute angls, (b) is the distance between the wrists &nd

O2N personin eg 7.5, the body parts like the right arm and shoulder can be replaced
with left if there is a handshake from the left hand, as shown in thekSiBatic
datase{107 (Figure7.6).
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7.4.5 Punching

Figure7.7 Punching event

The punching event defined issangle hand punchinffFigure7.7). The punching
rue(eq76) can be written as o6if there is an |
arm and shoulder (acute or obtuse) and the distance betvesenrist and another
personds shoulder decrease in given ti me &

inthedista ce. 6

.. 0D —"0¢ ©i Q

~ - N . Tun h QLIPS i~ T
w Ao hPwboo® -H oo O = Omv I QQ(:JI Q 76
I,ub ho —QQwi Q !

y O M I Q& DO Q
O'MINQ 6 ¢& QY TWIMO | & AY WM 6 & Qi —o6 00

0'Qi b e Gi BY OB 6 & BOH W Qe doi 1

In eq. 7.6 and 7.%h can beanacute or obtuse angl€b) is the distance between the

wrist and shoulder an@:, O>N person

7.5 TRAFFIC MANAGEMENT

In this section, spatiotemporal operators related to traffic management are discussed.

In traffic management, six event rules have been defined which are as follows:

7.5.1 Pass By

Left Right
ront

01

t|+J

Figure7.8 Pass Byscenario
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The queryoperatordPass Bgpis definedasa change intherelative position of the

object (backiront)y i n t he s ame .lhFiguetsitwovideo framesmot i on o
areshown at timejtand t+j such thatik t. It can be seethattherelative position

of theobjecté wa & a @okédat t which becomedrontd ig. Thistsignifieshat

theobjecté crosses thé in i+ time instance. Thysis per eq7.8,t h Rass®Bp

operator can be writtess:

OOHORE 0 Rt &R T h (78

Now, let us deduce the detailed version af&§, which will be applied ovevideo

stream to detedthe@®PassBp patt er n:

mo NYQDI BER o bi @ER o T F
6 "D &i6i
P & @ibi (79)

DI @ QOO QO QIOXRE®E £00E B 0

Ineq 7.9 wi "®@ ¢ E ®) meansthe boolean spatial function over spatial
direction("Y) onthe object(¢ ¢ ) at time t wherethedirection we are looking is
inback-front. Thi s wi llslé back @l inlaatkdronadgectidd , whi c h
is true, so it will return 1. Similarly i "® ¢ E & is the calculation for the
next frame at timea4. In this casgtherelative position otheobjecté become front

of theobjecté , 6 dacldofe 6 b ec ome thraslOslfanXAORI )r e
operation is performed aihese two values, i.el at t and O atitj, then we get O
which as pereg’7.9me a ® & s @&. If BBgredwas no change in the relative position
of objects in the given direction, then XNORing will return 1, which means no
passing betweethe two objects. The evaluation of each frame was done in a time
window T [tm, tn]. So, for any time instanc this time rangeif O is received

between consecutive frames of objetitenit can be said thahereisad pass by o

between these objects.

7.5.2 Follows
OFol I owsd i s de ftherela&ide pasiionfont-backjohaamobga i n
inthe same direaiin o f rRalowis o 8.10yan be defined as:
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Figure7.9 Follows event pattern
bobRE  ©° Hobbk T A (710
ol | iosvs Bia k s witB § difference thathere is no change in the relative
position of objects in consecutive frames for every time instance in a given window
Thus, if eq. 7.9 results 1 for two different tiniestances,then it meanst
monotonicallyfollows¢ (seeFigure7.9).

High Volume High Volume

No Traffic Traffic Traffic

Figure7.10 High volume traffic event

7.5.3 High Volume Traffic

Hi gh Vol umeelTy abd p e c dt theaveiage cadireffobjetteat a s
a given space is greater than a certain threshold for a specific time éange F o r
example if there are more than eight cars at a specific road location for more than 5
minutes it is termed hgh-volume traffic for that locationRigure 7.10). High

Volume Traffids definedas:

m—n OA T IASQ "YQ'Q

T E 101 OQQAG
ai o T _ ) (7.11)
1€ O'QQAB

0" "OQHI N OGO Qd ;ﬁ:@"&'ﬁ)@p 0 QX OEQ
O VAL YHIY ¢ O QG® N v
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In eq. 7.11, a metric spatial functiomg) ' is appliedwhich countshe average
number of objects in every frame for a time windowTof[t1, t2] for a specific

location ).

Figure7.11 Parkingslot status event

7.5.4 Parking Slot Status

A parking slot status asccupiedis definedas6i f t he overl ap of a ¢
over a parking slot is greater than some t
is occupying the parking slofigure 7.11). The parking lot full pattern can be

written as:
mssoN G and (Q at N T if msf S{(Ssio, Q) > r (7.12)

In eq. 7.2,Sr = overlapis a spatial topological relatiomsf is a metric spatial

function dsietis parking slotO = car, andr N real number

7.5.5 Jaywalking

Figure7.12 Jaywalking event

Jaywal ki ng i s def i nirsidetha giveroroafl crasthheec tpiearnséo,n e
then they are Jaywalking Figure 7.12). Since the road crosection does not

frequently change so, theequired crossection dimensions can be givas a

configuration parameter to identify the pattern. The Jaywalking rule/ (&8 can

be written as:
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7.5.6 Car with Specific Attributes

During trafficmanagement, the traffic authority may be interested in finding objects
(like a car) with specific attributes such as color and license plate number. The rules

for such events (eq. 7.14) can be written as:

Detect objecl) where object= car AND object.color Red (7.14)

Detecting such events will require mestage DNN models where it can detect the

objects and their attributes.

The next section evaluates the proposed event rules witko$tdie art techniques.

7.6  EXPERIMENTS AND RESULTS

7.6.1 Implementation and Datasets

The prototype of the system is implemented in Python 3 over VidGEFZ]

engne. The experiments were performed over a Linux machine with 16 core Intel R

i9-9900K CPU, 64 GB RAM, and Nvidia GeForce RTX 2080 Ti GPU. OpéACV

was used for initial video processing. The model cascade usedraipesl (MS

COCO[254)) YOLOv3[189 object detector, Poserfetl4 for pose detectigrand
DeepSORT[22]] for object tracking. The attribute classifier is a color filter
implemented in OpenCV. The features of bounding boxes extracted from object
detectors are passed to attriboté assi fi ers for detecting an
(here color). The NetworkX219 python library was used for creating VEKG

graphg93, 96].

The experiments were performed acrodsdatasets over &videos related to
different event patterndable 7.1 shows the list of datasets with the number of
videos being processed for the corresponding gvattérn. The number of videos
for activity recognition is high, but they are small clips, while traffic management
videos are less in number and have a long time durdti@activity video clips are
from standard datasdtke UCF101[105, HMDB [104], and SBU Kineti¢107].

18 hitps://openv.org/
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Table7.1 List of dataset used to assess the proposed event rules

Domain Datasets Total Event Pattern
Videos
L2ei[102 213 Fall Detection
MuHAVi-MHI [103 14 Fall Detection
Activity HMDB [104] 215 Horse, Bike Ride

Recognition UCF101[105 267 Horse, Bike Ride
UT-Interaction[10€] 60 Handshaking, Punching
SBU Kinetic[107] 10 Handshaking, Punching
DETRAC[10§ 15 High Volume Traffic, Follows, Pas:
Street ScenglL09 5 ?gywalking

Maﬁfé‘l‘;n o VIRAT [110 5 Parking Lot Status
PEXELS?® 2 Car Attribute
Newsflare&® 2 Lane Change
Total Videos 808

The traffic video clips are taken from standard dataseish adDETRAC [109))
andwebsites like YouTube. The ground truth data in traffic video clips was created

manually. The clips were divided into different time bucKetgiivalent to window

duration) and were annotated with highe v e | events | abels (such
and 6No Jaywal ki ng6) . The video clips are
class such as 6car 6, Opersonédé, O6bi ked and

Table7.2 Event Accuracyormula

Event Accuracy

True Positiverelevant events detected correctly

False Positiveevents which are detected as relevant

Loy Yi G i Qo Qv Q
SN 0@ 1 QO @G £ QO 0 Q

Yi WG i QO QL Q

Yi OG i Qo (MG @WQNO QL 'Q

201 QO RAYOHE & &
01 Qoi WL O &

19 hitps://www.pexels.com/videos/

20 hitps://www.newsflare.com/
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7.6.2 Event Accuracy

The event accuracy is defined as how many relevant event patterns were detected
for a given event rule as compared to the ground truth. Event accuracy is evaluated
using FScore Table7.2), which is a harmonic mean pfecisionandrecall. The
precision is the ratio aklevant events matcha@hdmatched eventsyhile recall is

the ratio ofrelevant events matcheshdrelevant eventsTable7.3 shows the mean
Precision, Recall, and-Ecore for different event rules across multiple datasets and

is compared with other statd-the-art methods.

The Fall Detectionevent rule was evaluated over two dataskfei [102 and
MuHAVi-MHI [103. The VEKG FScore for L2ei was 0.87 as compared to the
SVM+STHF (filter)[102 method, which has an&core of 0.95. The SVM+STHF
(filter) method used a prefiltering approach with a combamadif different features

to train the model to achieve such high accuracy. T8edfe of Fall detection over
MuHAVi was 0.83.Figure7.13 (a) and(b) shows two instanceof fall detection in

the L2ei and MuHAVi dataset. An abrupt change can be seen in the aspect ratio
(bounding boxesn both imagesAfter the abrupt cange, o motiordof the person

was detected'hedomotiondis anayzed using thenotion-centre point of thebject
bounding boxese.,there is no change persorpositionwith referanceto theimage
background.In L2ei (Figure7.13 (a)), there was a single fall, while in MuHAVi
(Figure7.13(b)), a person falls four times (four abrupt changes in the VEKG), which
VEKG was able to identify correctly. In L2ei and MuHAVi dataset, only a single
person is present, so all the informatregarding motion and aspect ratio was saved

in the selfloop edge of the person object node. Later the data in the edge is modeled
as a time series to identify the abrupt change and motion distribution using the PELT
method[26(. TheHorse Ridesvent rule for HMDB 104 and UCF101[105 does

not peform well and has a low-Bcore of 0.44 and 0.52, respectively. The HMDB
and UCF101 datasets are complex, where clips are small and from movies that have
multiple objects with different Field of View (FoV). The YOLO and DeepSORT
tracking performance is haguitable for these datasets, and there were many false
positives during pattern matching. Thaike Riderule for HMDB performs
equivalent to theHOG/HOH104] method with an ¥Score of 0.84 and have an F
Score of 0.661 for UGHO1.
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Table7.3 Event Accuracy comparison withe stateof-the-art method

Domain Event Pattern Datasets Methods Precision Recall F-score
SVM+STHF (no filter)[102] 0.94 0.921 0.929
: : SVM+STHEF (filter)[107] 0.942 0.980 0.959
Fall Detection L2l Adaboost+STHF (no filter104 ~ 0.884 0.901 0.8
Adaboost+STHF (filter]102] 0.951 0921 0.93
VEKG 0.828 0.915 0.869
MUHAVi LOCO[261] 0.16 0.014 0.025
Fall Detection MHI LOAO [261] 0.893 0.952 0.921
LOSO[227, 261] 0.8 1 0.99
VEKG 0.785 0.88 0.83
HOG/HOF[104] 0.823 0.875 0.848
Bike Ride HMDB C2[104 0.7142 0.769 0.740
VEKG 0.727 1 0.84
Bike Ride UCF101 VEKG 0.529 0.88 0.661
HOG/HOF[104] 0.857 0.666 0.75
Horse Ride HMDB C2[104 0.6 0.75  0.66
VEKG 0.325 0.8 0.44
Horse Ride UCF101 VEKG 0.46 0.59 0.52
Activity ExtCORE9 + KNN[227] 0.9 0.9 0.9
Recognition . uT ExtCORE9+SVM[227] 1 0.9 0.95
Hand Shaking Interaction ExtCORE9+Naive Baye27)] 1 1 1
ExtCORE9+DeepLearnin@27] 1 1 1
VEKG 0.857 0.923 0.880
ExtCORE9 + KNN[227] 0.44 0.42 0.43
. SBU ExtCORE9+SVM[227] 0.39 0.47 0.43
Hand Shaking \iiotic  ExtCORE9+Naive Baye227] 045 047  0.46
ExtCORE9+DeeplLearning27] 0.44 0.4 0.42
VEKG 0.714 0.833 0.769
ExtCORE9 + KNN[227] 0.39 0.5 0.44
punchin uT ExtCORE9+SVM[227)] 0.5 0.2 0.3
9 Interaction ExtCORE9+Naive Baye27) 0.43 0.6 0.5
ExtCORE9+DeeplLearning27] 0.33 0.5 0.4
VEKG 0.636  0.437 0.518
ExtCORE9 + KNN[227] 0.41 0.39 0.4
Punchin SBU ExtCORE9+SVM[227) 0.92 0.61 0.73
9 Kinetic ExtCORE9+Naive Baye27] 0.86 0.67 0.75
ExtCORE9+DeeplLearning27] 0.59 0.56 0.57
VEKG 0.571 0.8 0.66
High Vqlume DETRAC VEKG 0.91 0.89 0.90
Traffic
Parking Lot Status  VIRAT VEKG 0.83 0.75 0.79
Traffic Jaywalking StreetScen VEKG 0.86 0.92 0.89
Management Car Attribute PEXELS VEKG 0.81 0.76 0.78
Pass By DETRAC VEKG 0.733  0.833 0.77
Follows DETRAC VEKG 0.758 0.776 0.751
Lane Change Newsflare VEKG 0.663 0.776 0.700
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Figure7.13 Abrupt change in aspect ratio and motion during Fall detection in (a) L2ei and (b)
MuHAVi dataset

The Handshakingule in UT-Interaction[10§ dataset achieves anS€ore of 0.88

as compared to ExtCore9+SVi27 method, which has an accuracy eBEore

0.95. Small FScore in VEKG is because there are multiple different actions within
the same video, which increases the false pesitiThe other reason is the PoseNet
model's errors, where it was unable to detect the correct pose orientation. VEKG
outperforms the ExtCore9+Naive Bayes metfiity] (F-Score- 0.46) and achieves

an FScore of 0.769 foHandshakingpattern on SBtKinetic [107 dataset. The
excellent accuracy is because only two persons are involved in the activity with the
right Field of View (FoV). The VEKG method on tHeunchingevent on UFT
interaction achieves -Bcore 0.518 and gives better results as compare to
ExtCore9-Naive Bayes, which has arS¢€ore of 0.5. Similarly, the VEKG achieves
0.66 FScore on SBEKinetic for the Punching event.

The VEKG achieves the highestS€ore (0.90) for théligh Volume Traffieevent

on the DETRAC[10§ datasetbecause it counts object nodes and depends on the
accuracy of the YOLO object detector. TRarking Slot Statugpattern on the
VIRAT [11(Q dataset has the 4Score of 0.79 as there were instances where a car
bounding box was getting overlapped to multiple parking lots bounding boxes due

to incorrect FoV. Theaywalkingon Street Scengl09 dataset has an-$core of
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0.89, where it was able to detect a person on the street.-Boergé of theCar
Attributequery was 0.78 because of the low accuracy of the attribute cla$ifssr.

By, Follows and Lane @angequeries are based on the spatial directions of objects
and have an-Bcore of 0.77, 0.75 and 0,#@spectively. Lane Change has a lower
F-score because of occlusion and changes in the aspect ratio of objects, leading to

many false positives.

7.6.3 Graph Construction and Event Search Time

Fall Detection (L2ei Dataset) Bike Ride (HMDB51 Dataset) Horse Ride (UCF-101 Dataset)
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Number of Video Clips in Different Datasets

Figure7.14 VEKG and VEKGTAG construction time for three datasets

The graph construction is the time to create a VEKG graph over a given time
window. Graph construction includes the time for creating nodes and edges relations
as per the event pattern ruleigure 7.14 shows the VEKG and VEKGAG
construction time over three datasets (L2ei, HMDB51, and -U@H for 485
videos. The construction time for VEKG and VEKI®AG is nearly the same for

each video. There is an average-B8 increae in VEKGTAG construction time

over VEKG across different videos in datasets. Thisssdond increase is due to

the extra time required by VEKGAG to initialize its nodes and edges and get the
label from VEKG.Figure7.15 shows the graph construction time for VEKG and
VEKG-TAG for different time windows over Street Scene dataset. The graph
construction time increases with the increase in window size as there withree
objects creating more nodes. For VEKG and VER&G, the construction time for

a 5sec. window was 0.017 sec. and 0.022 sec., which increases to 1.35 and 1.45
sec., respectively for a dfiinute window. There was a 7.4% increase in the

construction timef VEKG-TAG as compare to VEKG.

The graph search time is the time to search the pattern as per the evénguuée.
7.16 shows the search time for both VEKG and VERK&G methods for different

window sizes. VEKGTAG performs better in search as it is the summarized version
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of VEKG with nonredundant nodes and edges. For tts&& window, the search
time of VEKG and VEKGTAG is 0.003 and 0.0001 sec., respectively. For-a 10
minute time window, the VEK&@ AG searchrequires only 0.042 sec. than VEKG,
which has a search time of 0.218 sec.. Thus, the VERG construction time was
1.07 times of VEKG, but its search time was 5.19 X faster for-mihOte time
window. The performance of VEKGAG will increase with thericrease in window
size and number of event rules. The performance shown here is under-aaserst

scenario where all the nodes and edges were traversed for both graph methods.

7.6.4 Event Extraction Time

Event extraction of VEKG is the total time required togass each video frame.

Equation 7.15 shows the VEKG extraction time that includes the time to read the

video frame from the encodey ( ) and the DNN models inference time
(o ) to extract at the list of objects and their attributes.
] o o (7.15)

1 Number of objects in frameFhe extraction time will be high if the number of
objects is more in a frame. Although this time is significantly less due to the
shared computation principle used by object detegfi@g] but it affects the

overall system performance in the long run.

1 Number of models in a cascadehe number of models directly affects the
extraction time as now the frames need to pass to &dteiiit models to extract

objects and their features.

1 Frame resolutionThe resolution directly affects the extraction time as the
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Figure7.17 Eventextraction time
models need to process mdeatures for highresolution video frames.

In Figure 7.17, the average event extraction time for one object (MuHAVi) was
0.133 sec. (500*500 resolution), which incresag®e0.161 sec. for multiple objects
(Street Scene) when processed over the YOLO model. The event extraction time for
500*500 resolution frame increases from 0.133 sec. to 0.153 sec. when processed
by a 2stage model cascade (YOLO + DeepSort Tracking)telisea 43.3% increase

in the VEKG extraction time between a single object 500*500 resolution frame
(YOLO only) compared to multiple objects 1000*1000 resolution frame when
processed over a twstage model cascade. Thus, VEKG extraction time is one of

thebottlenecks, and its optimization will be the focus area of our future work.

7.6.5 Event Pattern Latency

The event pattern latency is the time taken by the event rule to process the VEKG
TAG graph to detect a pattern. The event latency includes the time torafgdy
over VEKG edges to create a relationship between object ne@des (O ),

the time to create the VEKGAG (Y0 "O ) and the search time to detect the
pattern between node¥d 'O ) (eq. 7.16)

OV QEOMOOOQI ¢ wOL™O Y6 "O "Yo 'O (7.16)

Figure7.18 shows the event latency time for six event rules (Bike Ride, Horse Ride,
and Fall Detection) for four datasets. The latency is calculated over a time window
of size equal to the length of the video clip. The figure shows the latency distribution
time in abox plot for videos related to the event pattern. The minimum median

latency was 4 ms farorseRidég UCFT1 101 datasets. A similar latency distribution
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Figure7.18 Event pattern latency for four datasets

is for the Bike Ridedatasets as both patterns same require topolo@atlap,
above)operations. The processing also depends on the number of object nodes
present in the video, which directly affects its search and construction timeall he
Detection rule for the MuHAVi dataset has the highest median latency of 20 ms.
Thus, VEKG is highly efficient in detecting video event patterns withsadond

latency.

7.7 SUMMARY

The chapter explained a hybrid approach to create event rules for VEQL event
operatorsThe approach used inductive reasoning based DNN models to detect the
objects and deductive qualitative spatial and temporal reasoning to create complex
event rules for video event detection. The chapter explains how the data and its
reasoning logic is piessed across various VIdCEP components. The chapter
proposed a set of twelve event rules from activity recognition and traffic
manaiement domain. The experiments were performed across 11 datasets having
808 videos and compared with stafethe-art method. The results show the
robustness of defined event rules which achieves$ecofe ranging from 0.440.90

and achieves a 5.19X faster search time anegssabnd matching laten@f 4-20

ms using VEKGTAG over VIidCEP. In the given experiments, the optediz
VEKG-TAG reducedd9% and 93% of VEKG nodes and edges, respectively. The
VEKG extraction time increases to 43.3% for 1000*1000 resolution isags a
2-stage DNN model pipeline (cascade) and is ohé&e bottleneck for overall

system latency.
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Chapter 8

VID -WIN: Fast Video Event Matching with Query
Aware Windowing at the Edge for the Internet of
Multimedia Things

KoK YOBKEGNB WnENa LY
- Sa,& WS ylrkhtg B0 n B
-$B BNOGUSNGUN

Perseverance of a Cro@pncentration of a Swan
Light Sleeper like a Dog, Light Eater, Leg
involvement in Home matters are five ke
qualities of a student.

Sanskrit verse

8.1 INTRODUCTION

To tackle the main requirements @iccelerating the VIdCEP framework's
performance, | propose a dataven windowing technique to achieve neaaktime
prediction in a distributed and resource constraint setting. Chafziekl8s mainly

research question four (RQ4) that states the fatigw

RQ 4: How CEP windows can improve Quality of Service (QoSpr fast event
detection over computationally intensive video streamsin resource

constraints scenario (edgeloud paradigm)?

(a) How to enablecontentdriven adaptive windowing for video siens

for accelerating video analytics?

(b) How canquery-aware windowse leverage for fast video inference|
resourceconstrained scenarios under given applicalewel bounds?

The first research question (RQ4(a)) is concerned with exploiting the video content
characteristics which impact the DNN model performance. The chapter discusses
different DNN model tuning parameters and ddti@en techniques that are directly
related tovideo content properties and affect its inference speed. The second
research question (RQ4(b)) proposes qweaye optimization techniques to
improve system performance in leemd devices while maintaining the quality of
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results. The QoS metrics were dissed in Sectiod.4.2while explaining different
attributes of VEQL syntax.

This chapter proposes stdiasedcontent and queraware adaptive window
improve theoverall system performance in the eddeud paradigm for the VidCEP
framework.Figure8.1 shows the highlighted components responsible for optimizing
the VIdCEP perforrance across edge and cloud nodes via adaptive windows. The
work is published at the ACM Middleware Conference (Middleware 20i1H] as

a poster and submitted to IEEE Internet of Things Journal (IEEE IoT Journal), 2021

[100 and is currently under review.
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Figure8.1 VidCEP architecture focus for adaptive windowing over the edge

The rest of the chapter is organized as follows: Sedi@and Section8.3
introduces the problem space, throws light on current windows limitation,
challenges faced by edge devices to process video streams and discusses the
proposed approach. Then it discusses thquirements and proposes key
contributions to resolve the discussed limitations. Se&iboovers the background
information related to windows, DNmodels. SectioB.5 covers related work and
Section8.6 discusses the tunable parameters that affect the DNN model's inference
speed. SectioB.7 discusses different window placement settimghe edgecloud
scenario and conceptualizes the MNIN windows operator. Sectiod.8 explains
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the VID-WIN adaptation strateggnd architecture and examines the WADN
gueryaware filtering under theesource constraints scenario. Sec8d@details the
implementation, datets, and experimental evaluation of this work, and the chapter
concludes in Sectiod.10

8.2 STATE OF THE ART

Complex Event Processin@CEP) decomposecomplex prediction tasks into a
directed acyclic graph (DAG) of operatdis43. Depending on the application
scenario, the CEP operators can be deployed on a single machine,rsbarexy
[14], edge or cloud nodé.44, 145. This modularity of operator placent helps in
realizing thedistributed intelligencein CEP systemsThis thesisproposes a
specialized video CEP systeXidCEP, todetect event patterns over video streams
[92]. VIdCEP pases video streams to machine learning operators such as Deep
Neural Network (DNN) object detection models (eOLO [189) to enable
complex video event pattern detectididCEP and other data stream processing
systems usevindow operators to capture monotonically growing infinite data
streams.The windows operator discretizes continuous data streanstassand
applesevent rules over them to detect patteiftse windows continuously accept

new input and discard old data asythecome irrelevant for query analysis.

Edgebased deployment and techniques are gaining vast importance in pervasive and
distributed event processing. loMT applications like video event processing require
short responses for retine pattern matching.dfforming video event analytics
overedge devices face challenges in qualitye¥ie (QoS) metrics like latency,
throughput, bandwidth, and accuracy due to their computing limitatibeschapter
proposed/ID-WIN, a query and resour@vare windows fovideo streams within

the edgecloud paradigm. VIBWIN optimizes the CEP matching performance

under resource and applicatitavel constraints for a given video pattern query.

8.3 MOTIVATION AND PROPOSED APPROACH

This section delves deeper into motivation ahdllenges and throws light on the

problem statement and proposed approach.
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Example Queries
Query 1: SELECT AVG¢emp asavgtempFROM TemperaturSensoWITHIN
TIMEWINDOW (5 sec) WITHavgtemp> 50

Query 2: SELECT COUNT¢bject§ FROM Camera WHERBDbject.labek 6 Car
WITHIN TIMEWINDOW (5 sec) WITH Accuracy = TOR

Traditional Approach

Figure8.2. Motivating Scenario: A CEP operator graph placed across different nodes for event
detection of temperature and vidémeams.

8.3.1 Motivational Scenario

Figure 8.2 shows a traditional approach where a CEP operator graph is deployed

over edge and cloud nodes to process queries Query 1 and Query 2. As per Query 1,

if the average temperaturavgtemp is greater than 50°C within a time window of

5 sec, then the CEP s$gs must notify the rising temperature alert to the user. This

is known asstatebasedevent matching where patterns are assessed over a window
duration | ike 5 sec. I n Query 2, a user i
objects over a video st@en within a window of 5 seconds with T@paccuray.

Processing IoMT data streams like videos as compared to scalar 10T sfiikams
temperature)n CEP leads to multiple challenges discussed in the remainder of

this section.

8.3.2 Current limitation of Windows fa Video Streams

As shown inFigure 8.2, for Query 1 matching, the temperature stream is directly

passed over windows as they have a structung@sentation (e.g., keyalue like

temp=35°C) and do not require any additional -pr@cessing. Performing
aggregation techniques | i-knderstoddvpmblemge d over
in stream processing. Aggregations and optimization techniqueshigceng[147],

slicing (pane$262 and pairg263), and SWA{J 264 over windows are performed

with the assumption that the data it is receiving has a structured format like key

value pairs (e.g. price, temperature valu€gjerying video conter{such as Query

2) requiresan expensive conterextraction method like DNNAs shown inFigure

8.2, the traditional approach is to procéss video streamgsingDNN mode and

then pass the modealtput dataover windows. However, such ppeocessingnises
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the opportunity to exploit video and DNN model propertiesprovingthe overall
system performanc®ifferentcontentdriventechnique$53, 88] overwindows are
proposed to optimize the performanc@urrently, there are no contetiven
adaptive windowing techniques proposed in the context of video Haitawork
focused oradaptie strategiesver windowghatcan infer and exploit videcontent

and DNN properties forat event analytics in angecloud setting

8.3.3 Challenges of Processing Video Event Queried Edge

Many video streams are generated over IOMT edge devices which are resource
constrained in terms of memory and CPU. Deploying video analytics applications
like objectclassification at the edge is exceptionally challenging due to the following

reasons:
Resource Level Edge Constraints

1 Limited CPU and MemoryDNN models are costlyand have very low
performancen resourceconstrained edge devicdsor example, the VGG9
object classification model (on image resolution of 224*224) performs at the rate
of 10 frames per second (fps) and 5 fps on Nvidia Jetson Nano and Raspberry Pi
3 (with Intel Neural Compute Stick 2), respectivEl5. The above are GPU
powered edge devices and offer far from the usuatireal performancefo-30
fps at which the video data may be streamed. Thus, for video analytics queries
(like Query 2) DNN models are primarily deployed in higid cloud Figure
8.2) nocks as they incur high cost and are rescurEnsive.

1 Bandwidth LimitationWang et al[209 have shown that continuous streaming
of High Definition (HD) video can saturate the bandwidth even with a small
number of video sourced.o analyze applicatios like counting cars (Query 2),
it is not feasible to offlod full video analytics tdigh-end nodess it leads to
higher bandwidth consumptionFor example, complexvent queries like
counting car for fyh volumetraffic monitoring[92] mayhappen less that0%
of the dayTransmitting the full video to cloud nodstsesses netwotkandwidth

andincreases latency
Quiality of Service Level Bounds

1 Throughput and LatencyProcessing continuous stream of video data the
cloudresults in increased latency and reduttedughput ashe system is also
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processingvidewhi ch i s not r el e ¥Faexample,Quetyhe user
2 is only interested inonrdeCaatolectérdimesect and
affects resources and Quality of Service (QoS) of applications, especially those

involved in realtime analytics.

1 Accuracy Techniques likedw-cod specializedNN models[266, 267] have
been proposed which cde deployed orthe edge deviceso improvevideo
processingerformanceHowever,low-cost models struggle to detect accurate

events over videowith high occurrences délse positiveand negatives

8.3.4 Proposed Approach

Processing IoMT data streams likel®@os pose significant challenges at edge nodes
due to their unstructured and resouiensiveprocessing requirements. Current
video-based CEP solutior{$0, 91, 92] do not provide adaptive optimizatiaver

video dataat the edgewindows can play a crucial role in analyzing the content of
incoming video data and can exploit video and DNN characteristics to improve
system performance. The three key requirements to enable adaptivity for CEP

windows overedgevideo streams are:

1 Identify and exploitCEP query characteristicfor videosto maintain edge
resource usage (such as CPU and memory) and uhktygof results (like

accuracy.

1 Identify optimal windows placement designthe CEP operator graph for fast
statebasedvideo event analyticshigh throughput andlower response time

(low latency.

1 Identify data mining techniqués filter and transmitvideo data to the cloud
which have a higprobability of events of interest to user quetismgresource

constrained CPU and memory) edge devideseduce networkandwidth.

Thus, ar goal is to create guery and resourcaware windowingapproach to
accelerate video event matching within a@xeconstrained environments.
Following the concept of contedtiven windows[53], an adaptive windowing
technique VIBWIN is presented. VIBNIN adopts a query (such ascuracy,
interested objects) and resoua®are (availability of CPU and memory) approach
to exploit video content (like similar frames) and DNN properties to achieve an

efficient QoS performanc&Ve consider video event streams generated at the edge
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nodewhere the underlying dataflow is composed of CEP operators that execute the
video stream to perform pattern matchidg per requirements, the approach is

discussed in detail.
CEP Query Characteristics

Event Query Languages are designed for the effeekipeession of complex event

Some of these query languad@és, 92] allow users to pass QoS parameters (such
as accuracy, allowed false positive and negative rate) beyond standard query syntax
for faster result with some erroolérance. Recently, the VIdCEP framework
proposed a novel Video Event Query Language (VEQUZ for video event
detection. VEQL spports video event pattern matching using windows and
accuracy QoS metrics in the CEP environment. This work extended the VEQL by
adding two edgéased QoS metricEDGE CPU USAGEand EDGE MEMORY
USAGEhat allow users to limit edge resource usage witlretksesult accuracy.

The work exploits the above discussed VEQL QoS metrics and query predicates
(presence and absence of relevant objects) and proposes @ quenywindowing
approach for faster video inference in an edged setting. InFigure 8.3, two

VEQL queries (Q1: Object Classification and Q2: Temporal Conjunction) with
sliding windows and QoS metrics are defined. In the rest of the chapter, these two

gueries will be evaluated to validate the proposed approach.

ResourceConstrained High-End Resource
Edge Node Cloud Node
% / Source.?;\
@©
g_ Windows
o) (Winedggl
% " DNN Windows Matcher
12} VID-WIN | |optimized (WiNgoud
8_ \\% Controller| |video frames o
(@]
E \CPUMemQuew /

CEP VideoQueriesUsing VEQL

Q1: Object Classification

SELECT Object FROM Camera WHERBbject.labet ¢ Car 6 WWDOVH(ILON2)
WITH ACCURACY=TOP-2, EDGE-CPU-USAGE=50%, EDGE-MEMORY-USAGE
=50% USINGObjectDetector

Q2: Temporal Conjunction

SELECT CONJ(Object, Objec®) FROM CameraWHERE Objectl.label=6 C aAND
ObjecR.label = 6 P e r WHHIR WINDOW(10,2) WITH ACCURACY = TOP-2,
EDGE-CPU-USAGE=50%, EDGE-MEMORY-USAGE =50% USING ObjectDetector

Figure8.3. Thework presents a-8tage windowing approadHD-WIN for video streams/ID-
WIN windows run in parallel over the edggifeqgd andcloud (vincoud Nodes performing an
optimized statdased video event matching by exploiting video contentDiiN properties under

givenedgeresource and query budget.
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A 2-stage windows placement over edge and cloud node

As shown inFigure 8.3, differing from the traditional approach of single window
(Figure 8.2) the proposed VIBWIN approach decomposes windowing into two
stages and places them over edg@dig9d and cloud Wincoud). These two windows

run in parallel over edge and cloud nodes, retbpaly for efficient statdbased video
event matching. Th&vinedge constitutes a VIBWIN controller that dynamically
adjusts performance at runtime. At edge, as appeessing step VIEWIN
controller uses CEP query predicates like objects, accurackgsouatce availability

to send only relevant and optimized video frames to the cloud. These optimized
video frames take less bandwidth and have relatively faster inference over DNN
models (in the cloud), accelerating overall event matching performance. Th
proposed method emulates both the sliding and tumbling nature of windows with an

optimization focus on video streams.
Adaptive Data Mining Techniques

The work proposes four data mining approaches: rfiatohing, dynamic resizing,
partial caching, and Ifering which enables VIBWIN to exploit lowlevel video
content and DNN model properties for faster video inference-WIN controller
analyzes the video frameswineqgeand creates dynamiunicro-batctesof similar
frames. Later, a dynamic aspect raggizing technique is proposed that optimally
resizeghe micrebatch based on query accuracy. Two filtering technigagerand
lazyare proposed to filter the frames from resized miatch. Filtering is based on
a window and cachbased utility scor@lerived using query objects and resource
availability. Themicro-batch resizingandfiltering approach saves the bandwidth
and has faster inference over the DNN model at cloud. The key characteristic of
VID-WIN approach is that it preserves window statdewperforming optimizations

both at edge and cloud nodes.

The next section conceptualizes the formal background of windows operations, data
mining approaches in the edge and introduces key concepts in DNN models for

video analytics.
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8.4 BACKGROUND
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Figure8.4. Tumbling and sliding windows over video frames
8.4.1 Window- A Stateful Operator

Windows are stateful operators and apply computation over the sequence of input
data. They act as an abstraction to discretize continuous data §8gafisdowing
techniques like tumbling, sliding, and sampling of time and count support different
qguery logic. Eq. 8.1 shows a general window equatidhat depends on two
parametersRANGEand SLIDE. As shown inFigure 8.4, RANGEcomputes the
amount of a data stream that a window will ingest lke (0 sec.SLIDEcontrols
how much new and old data the window can be consumed or discarded. The
tumbling window always ingests new data items and discards the old data on
completion. Sliding windows, on the other hand, keeps both old and new data to
avoid missing patterns but lead to redundant computation.
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In Figure8.4, the windows capture the image frames from video streams. As|per
8.3 a window U "Qé&s applied over an incoming video stredfh  (eq. 8.2 and
gives a fixed subsequende  JJh« hfjh« B & 8 JJh« basedontime.
In eq. 8.2time is taken as discrete for each frarée and arranged in a linear order
OMM88 V'MIi M 6 . This work focuses on timdased sliding and
tumbling windove.
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8.4.2 Data Mining for 1oT and IoMT applications at the Edge

With the proliferation of sensors and loT advancemesgebased techniques are
gaining wide importance that focuses on processing data near tloe sowat the
periphery of the networkL75. Processing data near to source improves the Quality
of Service (QoS)such as reduced latency, less energy, smaller bandwidth usage,
storageand monetary cost savings. With the bengdidge computing comes with
challenges and require sustainable solutions for deployments. Different tailored
edgebased data mining techniggilike classification, time series anagfsve been
proposed fordT scenario[268, 269. Savaligo etal. [27(0 emphasized the data
mining atthe edge from three perspects/alata (heterogeous in terms of format

like audio, video, velocity like streaming data), device (memory, communication,
energy features) and infrastructure. Recerdiyulation-driven frameworks like
EdgeMiningSim[268], EdgeCloudSin{27(, iFogSm [271] and I0TSim[272]

have been proposed to simulate etigeed 10T testbeds and benchmark datanm

techniques.

Similarly, videcbased IoOMT applications may require a short response time under
resourceconstrained scenario for re@ine event pattern matchin@ifferent data
mining techniques like background filterife0], approximating model knolpg873,
resource allocatiofi8l], downsampling211] and compressiof274 have been
proposed for redime video stream processing at the edge. In event processing, the
data mining techniques have been proposed for traditional windows for edalar
data[53, 88] and lack mining methods to optimize video eventamialg which is

the core of this work.

8.4.3 Tunable Knobs in Deep Learning Models

A fully connected layer in ®NN with weightsc and biase has its activations
represented as

0 ., 0 Q 0w (8.4)

In eq. 4, 'Q represents the input layer, S « wand, is a nonlinear
activation functionco  and® are the weights and bias of the laj@r . Based

on the system and applicatispecific requirements, different parameter®©MNN
models can be adjusted totiopize the performancet is commonly known as
tuning knobs in video analys@nd can be primarily classified into three categories:

1) Inputbased, 2) Modebased, and 3) Sharidgased. Inpubased knobs try to
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transform the video data by changing framage and frame resolutidi3, 87] or
processing single channels imad@®5 which can impact DNN inference time.
Modelbased knobs are focused on tuning deep learning models such as architectural
changes by removing layers or creating specialized DNN m@#&ds for specific
purposes. Sharingased techniques focus on sharing the layers or m@s:1875

for initial computation and then fanout output to appiaaspecific modelsTable

8.1 enlists different method® tune knobs in deep learning models. Our work
focuses onnput-based knohswvhich are applied over windows fmrcoming video

streams to optimize the CEP performance.

Table8.1 Methods for tuning Knobs in DNN models

Input -Based Model-Based Sharing-Based

9 Frame Rate 9 Matrix Factorization 9 Sharing common layers
1 Batch 9 Matrix Pruning 1 Sharing common

1 Frame Resolution 1 Architectural Changes backbone models

1 Quantization 9 Specialized CNNS

1 Tiling 9 Model Catalog

9 Color Depth 1 Sliding Window Rate

9 Region of Interest

8.5 RELATED WORK

The VID-WIN literature spans three domains of 1) data stream and CEP system, 2)

statebased window analytics, and 3) eddeud deployment.

8.5.1 Stream Processing and CEP Optimization
A) Dynamic Stream Batching

Das et al.[274
Description:Das et al[27§ studied the effect of dynamic batch sizes on stregmi
workload. The authors have proposed an algorithm that dynamically adjusts batch

sizes to ensure low latency.

Limitation: The work does not support video streams, windowing operation and
edgecloud deployment. On the other hand, the WADN performs dy@amic

batching on video frames in an edgeud setting using windows operation.
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Cheng et al.[277]

Description: In this work, the authors have proposed an efficient scheduling and
micro-batching technique in the Spark streaming system. The authors have used a
fuzzy expert control (EFC) logic to dynamically adjust the batch size based on
stream workload. The work es a sliding window operation to identify the

relationship between batches.

Limitation: The author's work is limited to scalar data with cloud deployment. In
contrast, VIDWIN exploits DNN knobs by applying the input transformation
technique over videodmes. VIDWIN uses the frame similarity technique to create
micro-batches. The current windowing work does not focus on an adaptive

scheduling strategy.

Drizzle [79]

Description: Drizzle [79] proposes a scheduling solution for continuous operator
systems and batdbased cluster workload for lower latency processing and higher
throughput. The system uses a mibaiching model with different scheduling
techniques (such as group and-pceeduling) to improve system performance.

Limitation: The wok does not focus on the mickatching of video frames. The
window operator has been used but with no adaptivity factor in focus which is the

core of the VIDWIN approach.
B) Video Stream Optimization
VideoStorm [3]

Description: VideoStorm[3] processes$ive video streams by tuning knobs as per
resource quality tradeoffs on large clustérbe work presents a Pareto optimal
resourcequality profile based on query quality and the resource demands.

Limitation: In contrast, VIDWIN uses querpased QoS metrics like CPU and
memory usage of edge nodes to improve performance while maintaining the quality
of results. The work mainly contributes to scheduling, load balancing and resource
profiling for video queries. VideoStorrdoes notfocus on edgedeployments,
windows and state managementvhich are the VIBDWIN technique's key

contribution.
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Chameleon[87]

Description:Chameleon proposes a method to pick the best configuration for a video
pipeline.The work exploits video frames' spatial and temporal correlation to find the
best configuration for a pipeline. It uses a different combination of DNN knobs like

frame rate, resolution, and query accuracy to speed up the performance.

Limitation: Instead of different combination sets, VIBIN uses a dynamic frame
resizing and frame filtering policy based on query QoS metrics-WIN differs
from Chameleon in terms of mictmtching, windowing and edggoud

deployment for video event processing.
C) CEP Based Load Shedding and Filtering

Description:Zhao et al[80] proposed a hybrid input and stdtased load shedding
strategy in CEP. The work considers the single input events and partial matches
based on the query and performs load shedding while maintaining latency bound.
hSPICE[ 78] performs load shedding of partial matches by analyzing its utility and
the probability of its completion as a complete match. The work uses a probabilistic
model to compute wheio drop events while maintaining the quality of results.

Limitation: Both the above work iBmited to load shedding o$tructured events
while VID-WIN performs statdasedoad sheddindfiltering) over video data in
CEP.VID-WIN utilizes some of the caepts fromhSPICE[78] like the position of

an event (in our case miechatch) in the window to compute a final batch utility
score. The above worloes not consider an edg®ud scenario and focuses on
latency bound and accuracy. On the other hand;WIN performs load shedding

to reduce bandwidth consumption and improve throughput and latency under a given

edge resource budget.

8.5.2 Optimization over Windows

A) Window Based Aggreation

Description: Aggregation over windows is one of the research foci where an
aggregate operator like SUM, MINJOUNT and machine learning models are
applied over an incoming stream. Different aggregation techniques like sharing
[147], dlicing [88], and multiquery optimization[278§ have been proposed for

utilizing window state.
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Limitation: The current window aggregation techniques work with the assumption
that the data it is receiving has a structured format.-WIN perform data mining

approaches over unstructured video data.

VEKG -TAG [96]and VEK-EAG [94]

Description: Yadav et al. have proposed quewyare windowswo aggregation
method:VEKG-TAG [93, 96] and VEKGEAG [94] for video streams. The work
was focused on the aggregation cdfgh streams to optimize CEP matching.

Limitation: VID-WIN focuses on lowideo data to accelerate overall system
performance in the edgdoud paradigm. The VEKG aggregation technigupart
of the current thesis amén be applied atindows deployedi the cloudo improve

the system performance further

B) Adaptive Windowing

AD-WIN [53] and Cutty [88]

Description: Different contentdriven adaptive techniques over windows are
proposed where the windows continuously analyze incoming data content to
optimize the performance. For example, Bifet et al. proposed ADVIAY], a
contentbased adaptive windowing method to learn new scalar data sequences.
These windows continuously perform the statistical analysis over the incoming data
content and change their length when the data distribution chabedsne et al.

[88] applied the idea of contedtiven and aggregate sharing in udefined
windows(Cuity).

Limitation: Theaboveworks consider the incoming data stre@anhave dixed data
model with a structured payload and are not focused on optimizations related to
unstructured content like videdglD -WIN is the first work that performs adaptive

window mining techniques over video data in an eclgad continuum.

8.5.3 Edge-Cloud based Video Analytics Optimization

A) Filtering based optimizations

Description:Load shedding techniques such as filtering are prominent work where
nonrelevant frames are filtered to save system resouRReducto[84] saves
bandwidth and reduces latenby on-camera filtering usigp cheap vision filters.
FilterForward[83] usesa micro classifier a set of lightweight filters over an edge
device to transmit only relevant frames for bandwidth savings. Wang [2D§].
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proposed different strategies to reduce gnaission and save bandwidth but have

not considered query awareness, state management, resource allocation.

Limitation: Reducto[84] does not focus on throughput and state management.
FilterForward[83] performs framdevel filtering and does not focus on statesed
pattern filtering which is the core tife VID -WIN approachmVideo[81], Vigil [2],
AWStream[55], and EdgeEyd82] are edgéased video analytics systertimat

focus on bandwidth saving while maintaining query accuracy with no focus on state

management.
B) Resolution based optimization
CloudSeg[21]]

Description:Cloudseg211] is an edge to cloud vision analytics framework with a
key focus on bandwidth savings. CloudSeg streamséswalution frames from edge
devices to save bandwidth and then apply sugsslution technique to upsample a
high-resolution image on the cloud nodéne method is quite effective in reducing

bandwidth consumption with negligible effect in accuracy.

Limitation: VID-WIN uses a dynamic resizing approach which resizes the frame
resolution while preserving the aspect ratio. The algorithm considers query accuracy

to resize the frame to get the desired result with high bandwidth savings.
C) Specialized DNN Models

Descrigion: In recent years, specialized DNN models have been proposed in a
different application context to improve performance. For exarMiGDNN [266
proposes a scheduling algorithm to select a specialized model trained at different

resource requiraents.

Limitation: The VID-WIN approach uses standard DNN models to taitle
resource requirements with query accura@rulich et al. [274 proposed a
compressiofbased collaborative edgdoud model where only difference values
among successive frames are transferred to cloud nodeVWDalso follows the
same techniqueand send only compressed and difference values of +batah.
NoScopd203, Blazelt[37], and Focu$54] try to accelerate model inference using

specializedtechniques like background filtering and cheap classifiedatabase
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settings This work focuses on analyzing content from video streams over windows

to increase CEP system performance.

As per the above discussionable 8.2 summarizes the VIBWIN related work

across different parameters.

Related
Work

Das et al.

(27§

Cheng et al.
(277,

Drizzle[79]

VideoStrom
(3
Chameleon
[87]
Zhao et al.
[80]
hSPICH 78]

Bifet et al.
(53
VEKG-TAG
[93, 96] and
VEKG-EAG
[94]

FilterForward
(83
Reductd 84]

Wang et al.
[209

CloudSeg

[211]
AWStream

(55]

MCDNN
(269

Focus[54]
NoScope
[203

VID-WIN
(109

Table8.2 Comparison of related work with the VIYIN approach
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8.6 INPUT-BASED TUNABLE KNOBS OVER DNN MODELS

Inference time over DNN models is high. As discussed in Se8tg different
optimization techniques have been proposed for their faster execution. These
techniques tune different model parameters as per the application objectives to
optimize the model perfmance. Works including MCDNNR66 and NoScope

[203 have proposed to creatgpecialized DNN modelsto improve system
performance. Since video data is highly dynamic and frequently changes (in
seconds), loading different optimized model in memory will incur high runtime cost.
Thus, we focus only omputbasedransformation parameters wherenodel, once
loaded can accept different input configuration types from the windows. We focus
on four crucial input parametetkat have a significant impact on overall DNN
model execution performance) Batch Size, 2) Frame Resolution, 3) Frame Rate
and 4) Region of Interest (ROI). Several experiments were performed to analyze the

efficacy of input parameters on different system metrics.

- 17501 Frame by Frame Processing

© 400+ 21500, Batch Processing

[%2]) ~

g 21250

S 300 c

& 21000

< g

cg' 2001 ResNet50 g 7501

5 VGGl6 £ 5001

3 100/ MobileNet 9

= MobileNetv2 < 2501

(= DenseNet121
T T T T T T T T T T 0 T T T T T
1510 20 30 40 50 60 70 80 90 100 5 10 25 50 100

Batch Size Batch Size

(a) (b)

IN
S

1.01 Car ™
Person
—~ c
S 2091 -
= U i
%’ 301 I £ o0s]
g s e g
> 20 20.7
g g
2 10 06
] go.
<
o 0.5
1 5 10 25 50 75 100 1 5 10 25 50 100
Batch Size Batch Size
(c) (d)

Figure8.5 Frame Batching: Performed on Nvidia RTX 2080Ti on Saralye[116] Video (a)
throughput (b) latency (c) memory usagg &ccuracy distribution

8.6.1 Batch Size

The DNN model 6s execution time is signifi
input frames as a higher dimension tensor. Friawnel processing stalls the kernel
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memoryis leading to high processor utilization. Batopprevens the kernefrom
loadingthe input data every time and amortizes frdewel invocation overheads.

The batch sizsignificantly affectperformance in terms of throughput and ¢od

end latency with no change in prediction accuracy. Experithesgalts inFigure

8.5 (a) shows the impact of different frame batch sizes over thargireed DNN
models. The ResNet50 model throughput increases more than 8.7X4Grfsames

per second (fps) to 350 fps when the batch size is changed from 1 frame to 100
frames. MobileNet performs even better with a 9.6X throughput execution of 480
fps on a batch size of 100 framésgure 8.5 (b) and (c) shows that the average
latency of batch processing is 7X less with only 1.3X memory usage overhead as
compared to the fraray-frame processing for the same number of frarRgire

8.5 (d) shows the accuracy distribution of two objects with no change in accuracy
across batches. It is evident froRigure 8.5 that datching of image frames
improves model throughput performance and reduce latency as compare to frame

level processing with minimal memory overhead and no change in acéuracy
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Figure8.6 Frame Resolution: Performed on Nvidia RTX 2080Ti on Sandy [ab§ video (a)
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8.6.2 Frame Resolution

Frame resolution is another input transformation technique to accelerate the model

inference speed55, 87, 211]. Reducing the image size decreases the input

information leading to fewer operations over the DNN model. This results in

accuracy reduction as the model is relying on less information to predict the output.

Figure8.6 (a), (b), and (cshows that decreasing frame resolution can increase model

throughput by 6X and reduce the latency and memory by 3X and 16X respectively

for 200*200 image as compared to 1200*1200 resolution image. This improvement

comes at a cost where the prediction aacy drops with lower resolution images.
Figure86(d)s hows the accuracy di sdandoipbeurtsioonnd )o f
using the Faster'@®NN[18 model . The medi an O6caré obj ec:
0.85 to 0.68 for 1200*12QGand 200*200 resolution images and a similar trend

foll ows domrd tchke] edpter The 200*200 resol uti ol
objects with a | ow accur acnesizegimpgroges Ther ef

throughput, latencyand memory usage but reduces accudacy

8.6.3 Frame Filtering

Continuous streaming of video tdacan overload network resources. Filtering or
sampling is a common technique used to balance the supply by dropping data as per
the resource demand. Wearkke FFSVA [55] and Reducto [48] are some video
analytics system$ocused on framéased filtering. As less data is received and
processed by the CEP matcher to match events, there is a high probability of missing
t he pat tfikering redu€els lbaadwidtid and resource usage but at the cost of

accuracy 0
8.6.4 Region ofInterest (ROI)
il A\ \\ NS

Figure8.7. Region of interest for 'car' object in a video
In videos, objects exist in a specific region of a given frame. For example, car objects
will usually exist on roads which agecorstraint to one part of the video frame
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(Figure8.7). Processing the neinteresting region of an image where the probability

of occurring objects is lowvastes resources araffects the performance of an

application. The ROI increases the overall detection accuracy as the DNN model

does not processthenonnt er esting regi on HgsreBd)h as 0O6sk
which adds noiséot he over all det ectprooassing R c e s s .

achieves high accuracy and reduces the bandwidth Gsage

Since the above four parameters significantly affeetrttodel inference time, we
utilize them as an adaptive factor in the windowing. In the next section, we discuss
the impact of windows operator placement over the edge and cloud node and devise

an adaptive windowing model for video event matching.

8.7 VID-WIN: CONTENT AND QUERY -DRIVEN WINDOW
OPERATOR FOR VIDEO EVENT ANALYTICS

This section discusses different window operator placement strategies for complex

event processing. Later, it introduces the proposed adaptive windowing approach

and describes the refererarehitecture.

Edge Node High-EndNode (Cloud)

\: Query
o)
- ——

DNN l\)/vén ows Matcherl.Notlflcatlon

.

Figure8.8. (Top) Scenariol: AimpleCEPoperator graplleployed at the higend node, (Mid)
Scenario 2: Window operator is reordered and placed before DNN operator at teadhigbde,
(Bottom) Scenario 3: Window operator is placed at the edge node

8.7.1 Windows optimization strategy over edge and cloud

Figure8.8 shows three window placement strategy across cloud and ed¢jeeand

impact on the overall system performance.
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Table8.3 Performance of window optirration strategies for a video stream from an edge (3GB, 4
cores) tothe high-end node (RTX 2080 Ti GPU, 16 cores)

Metrics WiNvanilla - <

Stream Optimization None Reordering Placement

Strategy Frame by frame Batch size =10 Same as
processing, 1080p  frames, (800,800) 0 Q&
resolution resolution

Per Frame System 47.95 28.94 28.94

Latency (ms)

System Throughput (fps 19.2 20.844 20.844

Avg. Edge Memory 13.23 13.23 23.2

Usage (%)

Avg. Edge CPU Usage 34.25 34.25 23.82

(%)

Bandwidth Usage 6.3 6.3 1.95

(MB/frame)

Avg. Accuracy 0.94 0.94 0.92

Scenario 1 Cloud only Vanilla Window

In a general streaming scenario, windows receive the structured data (such as
temperature = 35) and then pass the stream state to the matcher formpiaitegn

Figure 8.8 (top) shows a vanilla window settingvifvaniia). In the CEP operator
grgph, the window is placed after the DNN operator in a+feigt node. As disssed

in Section8.3.2 event processing is highly inefficient for video streamaimaniia

setting as it will miss the DNiWased optimization and will impact the® results.
Table8.3 shows that iwinvaniia, the system achieves low throughput of 19.2 fps and
ahigh per frame latency of 47.95 ms with increased usage of CPU and bandwidth.

Scenario 2 Cloud only Content-driven Window

Operator reorderinf279 is a stream optimization techniqgue where more selective
operators are placed at the upstream of an operator graph to discard early data.
Similar to adaptive windowing for structured dgi&, 280, video content adaptivity

can be equipped by placing windowsirfconteny before costly DNNoperators
(Figure 8.8 (mid)) and enabling input tuning knops01]. Thewincontentplacement

can bring profitable gains to overall system performance. For exafrgiig 8.3

shows awincontent Operation where batching (10 frames) and low resolution

(800*800) operation is enabled in windows with performance gains (such as low
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latency ~28.9 ms, high throughput ~20.9 fps) as companethigniia Strategy. The
Wincontentapproach ensureommutatity [279. It does not affect \eerall operator

graph execution as the matcher will be receiving the processed frames of a given
window state from the DNN operatdrhe key benefit and challenges in scenario 2
are

1 0Qe can tune inpubased knobs of DNN (such as batchirggolution)

which can result inmproved throughpuandreduce latency

1 0Qe the strategy has some shortcomings as still full video data is

transmitted from the edge to the highd node witmo bandwidth savings

1 Another drawback ofb € is that it cannot perform windowased
optimizations for reducingedundant computationsf the sliding window.

Preprocessing redundant video data will add another system overhead.

6000/ | frame by frame transmission latency| 70001 batch latency
batch + transmission latency
6000
5000 —
0 0
5000
54000 ‘\E/
3 a 4000
€ 3000 2
(] QO 3000
5 5
12000 — 2000
10001 10001
01. . . . . 01, . . . .
0 0.25 0.5 0.75 1 0 0.25 0.5 0.75 1

Video Duration Video Duration
(a) (b)

Figure8.9. Latency due to socket backpressure iwi@}onten: and bWinedge

Scenario 3 Content-driven window at Edge

Operator placement279, 281] is another stream optimization technique where
operators are assigned to a specific host, cores or nodes. The key benefit of
placement is to trade communication sdrit assuminghat the node on which the
operator is deployed has enough resources tdldats functionality.Figure 8.8
(bottom)shows a placement strategy where adaptive window opevat@een) is

placed on the edge node Q¢ ). Figure8.9 shows general streaming operation
where a HD video is livestreamed over the network from edge to eehajimode.

The edge node struggles with high transmission ¢gtend socket backpressure in
framelevel processing as compared to batching (here 10 frames) scéfigue(

8.9 (b)) of winedge The benefits and challengesiofQe  are:
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1 Scenario 3 is ideal in an edglud setting where a dathiven operator

(0 Q¢ ) is brought close to the edge.

1 0 Q¢ can bring significanbandwidth savingss only required frames of
specific resolution will be sent to the cloud. As per Table Q¢ requires a

bandwidth of 1.95MB/frame as compared G0 Q¢ which requires a
bandwidth of 6.3MB/frame

1 Like scenario 20 Q¢ can improve throughputand reduce latencywith

minimal increase in edge memory usage (Table II).

1 Sincev Q¢ transmits less data, it can bring significant cost saving for high

end nodes as their pricing includes storage cost.

M Similar to 0 Q¢ .0 Qe will miss windowbased optimizations like

redundant computationa terns of sliding windows.

1 winedqge can overload resourceconstrained edge nodes with long sliding or

tumbling windows.

Considering the abowdiscussed placementes@rios, a novel-8tage windowing
operator VID-WIN is proposed for fast inference of video data. The next section

focuses on the architecture and design of the-WIIDI method.

8.7.2 VID -WIN: 2-Stage Allied Windowing on Edge and Cloud

ﬁ =24),Video Data Stream

/ i N data ,
28783 88 2 31 WiNegge ! ! DNN Wing,,q  Matcher
Eﬂﬂ e SOCket
VID-WIN /Fna®
SLIDE MES) !
Controller { Spatial window\_/  FAREREEIFEA IR ipopfront
Current Resource knowledge
consumption (SWK)
CPU Memory o
Edge Node * High-end Node

i
i
i
i
1
’
/
"
-~
| M

Figure8.10. VID-WIN high-level system architecture

VID-WIN is a2-stageallied window where two window$0 "Q¢ R "Q¢ )run
in parallel across two nodes. \MIN optimizes DNNbased video stream

inference between resourcenstrained edge (loend) nodes and higend GPU
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enable nodes to perform stdtesed query matching. VI/IN parameters are
tuned adaptively based edeo contentresource budgefCPU and memoryjand

the queryto improveappgication-level boundglatency, throughpytnd accuracy)
and bandwidth usage. Thestages enable windows to perform both-jprecessing

and pos{processing optimizations for fast video event analytics.

Yo 0 "aO QO 1Mt o O . ¢

b Qe YO 000  HQOTWE QO QO QA GO QE &
Yo § Qo Qo1 WA QO Q. (B85
0 Q& A TATATAN OO (s JO oL

O e g QO Q& Qb OB E

Eq. 8.5represents the windowing operation of VAWIN over both nodes to manage
the correct staterigure 8.10 shows a higHevel system architecture of VIR/IN

over edge and cloudhe0 Q¢ receives the video frames (like 2,3, 4, ...) at

the edge node and continuously transrfitsnto the cloud. Thé Q¢ consists

of aVID-WIN controllerwhich runs as a separate process and analyzes the incoming
video content (similar t@ Q¢ ) and performs optimization based on edge
resource availability and query requirements. During the initialization phase,
0 Q¢ works on theRANGE data and later switch t8LIDE mode (eq. 5). For
example, inFigure8.10, awindow of RANGE 5 and SLIDE 2 (&8) "Qélt ) is
defined whera) "Q¢  will first perform the optimization process over RANGE
data (i.e, 1,2,3,4,5) and later optimize only SLIDE data (such as (6,7) and (8,9)).
The VID-WIN approach has several key benefits: 1) therenasredundant
computationon the edge node as processing cc@nly onSLIDE data, 2)state
awarenesas U Q¢ knows how much data needs to be ingested from the video
stream, and 3jontentandresourcedrivenoptimization viaVID-WIN controllerto
improve the application QoS. TMeD-WIN controllerdesigh and adaptive strategy

are discussed in detail in Secti®B.1

Thev Q¢ placed on a higlend or cloud node runs in parallel \ith'Q¢  8The

0 Q¢ s placed after the DNN operator and receives the processed information
(like objects). During initialization, thé Q¢  ingests only RANGE data (ef).

After initialization, 0 Q¢ applies pushback and popfront operations,
respectivelyto ingest new and discard the old SLIDE d&igure8.10 shows that

0"Q¢ initially receives RANGE data (1,2,3,4,5) and apppegfrontto discard
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old data (1,2) angushbacknethod to ingest ne®LIDE data (6,7) maintaining the
new window state (i.e3,4,5,6,7). Thé Q¢ preserves the state evenifQ¢

filters the video frames at the edge and processes only the information valid for that
given state. For example, suppose in the above exanifle  drops frame (5,6)
thenv "Q¢  will only transfer state (3,4,7) to the toher. The state is preserved

as all the frames are tinsamped. Both windowsO('Q¢ h) Q& ) run in
parallel and keep track account of the time when the frame is received. in post
processing optimization) Q¢  pass the prossed DNN information to the
Spatial Mapperoperator that learns the Regioh Interest (ROI) of the queried
object in the video. The ROI can later be passethéd/ID-WIN controller to
process only interesting areas in the fraBygatial Mapper'sonceptis similar to
learning data characteristics over winddws, 282 which can later be utilized to

optimize the process further.

8.7.3 Benefits of 2Stage Allied Windowing
There are several benefits of VADIN as compared to other sceios discussed in
Section8.7.1 Thev Q¢ emulates Scenario 3, as it is placed at the edge with
content adaptivity featured Q¢ . Similarly, 0 Q¢ mimics Scenario 1

0 Q¢ ) with the added functionality of data learning using$patial Mapper

operator. Some of the key benefits of thet&ge allied window approach are:

1 Optimization can be performed both at fire-processingand postprocessing
stage of streaming video data. The WIIN controller of0 "Q¢ can perform
pre-processing optimization by adaptively tuning input knob parameters like
frame resizing, bahing and filtering based on query and resource constraints.
Similarly, the 0 Q¢  can optimize posprocessing operation by finding the
region of interests of query objects which can be utilized Q¢ to further
improve the systerperformance. Th@ Q¢  postprocessing optimizations
are not limited to objects spatial mapping and can be extended to other

application context.

1 The VID-WIN design applies to both tumbling and sliding windows which are

the most widely adopted windows used across many streaming applications.
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Most of the video analytics optimization approaches are focused on-lieasie
object detection without any insight into complex event patterns. Recent work like
FFESVA [213, CloudSed?211], FilterForward83], and Reduct$84] act asstate
agnosticfilters to reduce video data without any state management and focus only
on framebased filtering. On the other hand, VIDIN performsstate and query

aware filteringover video steams to detect complex pattethatspan over time.

After discussing the benefits ofstage windowing over edge and cloud, the next
section deep dives into the adaptive techniques and architecture whieWWNID

adopts for faster videaference.

8.8 VID-WIN ADAPTATION STRATEGY FOR INPUT KNOBS

This section conceptualizes the VWBIN controller architecture at Q¢  and the
datadriven techniques it uses to improve performance. One fundamental
assumption is that the methods are agpbver videos with a fixed background as
most CCTV cameras have fixed Field of View (FoV).

5‘3 WiNggge
+

6 | F5 | F4 | F3 | F2 | F1 [ VID-WIN Controller
] o Similarity Algorithm | Similarity Score
> ;o [
< 7 Micro-Batch Size
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> / | I Batch Filter
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Figure8.11. VID-WIN controller architecture

8.8.1 VID -WIN Controller Architecture

Figure 8.11 shows a VIBWIN controller componenthat acts as the firstlass

abstraction oved Q¢ to transform input frames for lowost video inference.

The numbers marked in the diagram represents the four stages of tH&IMID

controller which are discussed below:
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1. Create MicreBatch: Identify incoming frame sequenceS@H@R@a8) over
0 "Q¢ by exploiting interframe similaritiesOpHOcHO083 using Similarity
Algorithm and create an optimal mictmatch of the sequence of frames. The
componentsSimilarity ScoreandMicro-Batch Size Analyzéteeps a check on
the size and create nawicro-batches. The adaptive miebatching strategy is
discussed in detail in Secti@8.2 TheEager MicreBatch Filtercomponent
discards early frames to avoid fugthprocessing of frames when there is no

change in the video content and is further discussed in S&8dn

2. Resize MicreBatch: Themicro-batch resizeresizestie resolution ofhemicro-
batch as per th&eyframeresolution. TheKeyFrame Resizeidentifies the
optimal resolution of a keyframe by passing it taghtweight DNN modednd
resize it as per the CEP query accuracy constraints. The-aseg resizing

strategy is discussed in Secti®.8.3

3. Filter Micro-Batch: The Micro-Batch Utility Scorerdentifies theutility score
of theresized micrebatches. Théazy MicreBatch Filtercan then discard an
entire batch or set of frames from the batch depending on the utility score,
resource availability (CPU and memaragid potential of getting a query pattern
match Partial Match Cachgover it. The filtering strategy is discussed to length
in Section8.8.5and8.8.6

4. Send micrebatch to the cloudThe resized and filtered mictmatches are sent
to the cloud node for processing. To further reduce bandwidth consumption, the
Change Detectocomponent sends only théference valuesf the micrebatch
with compressionto reduce the message payload over the network.

The next section conceptualizes the adaptive algorithm utilized by the above VID

WIN controller components.

8.8.2 Dynamic Micro-Batching

As discussed in Sectidh6.1, the batching of input frames can improve the DNN
model inference but impact the CPU and memory. Batching of frames can be defined
in terms of time, count or memory siZéigure 8.12 shows the batchingx() and

transmission latency() of a Jackson HolgL13 HD video streamed at different
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Figure8.12. Batching and transmission latency of different batchsdiaea 1080p Jackson Hole
[113 video from the edge to cloud node

fps speed. The total latenay ( O increases from 1 sec (single frame) to 7.5 sec
(batch of 100 frames). So, the question ariag¥Vhat is the optimal batch size? b)
Should the batckize be fixed or dynamid®e investigated the effect of dynamic
batch sizes for videbased CEP matchirand proposed a dynamigicro-batching

strategybased on videoontentcharacteristics.
Lightweight techniques to identify Micro-Batches

Frames in video sequences are correlated over temporal bound. We aim to identify
batches ohighly similar frameghat can be further optimized later. This can be
achieved using temporal video segmentation techniques which identify scene
changes in video frames and divide them into meaningful ba{c®$. Two
lightweight techniques have been used to avoid additional owkeriigavideo

encoding and 2) frame similarity score to identify batches intiraal.

Inter ard Intra-frame video encodindlPEG standard encodes video as a sequence
of a group of pictures (GOP). H.264 encodes video pictures into three types of
frames |, P, and B[28]. I-frames (intracoded) are independently encoded while P
(Predictive) and B (bdirectional predictive) frames are encoded with reference to
other frames.-frames have unique information as it contains data from the same
frame. This encoding information is leveraged to create a rbiaich whenever a

new Hramearrives.

Image Similarity ScoreRelying only on encoding information of frames is
erroneous as in the reabrld scene change is highly contextual. Thus, we also
calculate the similarity score between frames to identify abrupt scene changes.
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Different frame similarity techniques haveeneproposed in the literature ranging
from low-level features such as pixels, edges, cartestogram, hashingnd high
level visual descriptors like SIFT, SUR&nd CNN embeddings. The higgwvel
descriptor techniques such as CNN based similarity rdetheoe timeconsuming

and are not a good fit for latensgnsitive CEP applications.

Figure8.13 shows the latency distribution of different hashing and color histogram
similarity techniques. The histograoased similarity matching latency ranges
between 12 milliseconds (ms) while Wavelet hashing latency distribution lies
between 1730ms. Thus, color histogram similarity is fast and efficient and can be
deployed in reatime settings even for high rate video streams such as 50fps where
the delay between two frames is ~20 ms. The color histogram technique is applied,
where the corresponding frames are converted to HSV space and correlation distance

between two histogran® "OHRO is used to calculate the similarity sc$z&6.

(8.6)
we'd + Ov
0

In the eq8.6,"0 and"O are the histograms of two images to be compared and N is

the number of histogram bins.
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Figure8.13. Performance of different similarity techniques

Identifying Similarity Threshold Score and Effective Batch Size
The histogram technique scores betwednwhere a higher score is given for more
similar images. The questi@arises what the similarity threshold score should be

(6% QQ ) toidentify an optimal micratch size. The similarity across frames
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Figure8.14. a) Temporal clustering of videos as per different motion categorieb)teeffect on
micro-batch sizes for different similarity thresholds

depend®n the content, which is directly relatedb@eo bj ect 6 s mot i on.

a datadriven heuristic to detenine the relationship between video motion
characteristics anttheir effect on batch size distribution. A background subtraction
techniqugd287] is used to identify the moving ratio of objects acifoames.Figure

8.14 (d) quantifies the different motion categories of objects across frames for
different videos. A small dataset of 120 video clips20Geconds eaglvas created

based on different motion dynamics. The dataset is divided into four clusters using
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Timeseries Euclidean ¥eans clustering28g having the following motion
characteristics across time: 1) Slow Object Motion, 2) Increasing Object Motion, 3)
Decreasing Object Motigand 4) Continuous object motidrigure8.14 (b) shows

the batch size distribution of varying similarity scores for different motion clusters.
The similarity score of 0.98 is set as the threshold 66ke’ QQQ ) as the median
batchsize is around 360, which is an optimal size as the bigger sizes lead to higher

latency.
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Figure8.15. Effect of batch size on throughput, latency, edge GiPld memory when different
batches of frames are transmitted from edge to-aighnode

There can be situations when there is no change in the video frames. This can lead
to bigger batch sizes resulting in higher latency, memory, and CPU consumption.
Offli ne profiling of batches is performed to understand the optimal maximum batch
size 0 6 ). Figure8.15shows a & plot of different batch sizes with throughput,
latency, memory, and CPU. The three datasets are represented using colors with
shade as memory and size as CPU consumption (solid color with bigger size means
high memory and CPU consumption). The throughput and latency are measured till
the processing othe DNN model inthe cloud node while CPU and memory
correspond to the edge node. A costlier Fast€NRI model is used for the profiling

to get upper and lower bounds on latency and throughput. As per evaluation, the
batch size of 70 keeps the right bakametween high throughput and low latency
with low CPU and memory usage. So, we fixed the max riiatoh size{f 6 )

to 70 as a circuit breaker case when there is no motion or content change in the video

stream.
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Algorithm 8.1: Adaptive MicroBatchng
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Algorithm 8.1 defines the micrbatch strategy approach. The algorithm treats the
first frame of the batch as a reference frame and calculates the similarity score with
the reerence frame. Whenever the’ Qe  SLIDE ends, or it receives arframe,

or the similarity score is less than the threshold saifiie Q2 ), or the batch
sizereachest® 6 , theMicro-Batch analyzecreates a micrbatch and sends it

to Micro-Batch Resizer. Thus, the SLIDE (during initialization its RANGE) of

0 Q¢ (eq.8.7) is a composition of several uniqgue mitratches § 6 ) for the

video stream (S).

o0e cy A ” 1 ” &8 A ”_ q || | || (8.7)

8.8.3 Query-Aware Frame Resizing Policy

The rationale behind creating batches of similar images is to exploit the frame
resolution knob and resize the whole batch to reduce memory, CPU, bandwidth
usage, and DNN models exeouttime. One of the drawbacks of resizing is the loss

in classification accuracy. Therefore, an effective strategy is required to resize the
frames under given accuracy constraints. A novel gaesmgre frame resizing policy

is devised which can be dividato three steps.
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Identifying Representative Frame in a Micro-Batch

Video summarization techniques extract the keyframes from the given shot which is
treated as eepresentative or keyfranfer that whole video showWve consider the

first frame [68] of amicro-batch as our representative frame to reduce overhdlad. A
the similarity calculation for other frames in a batch is performed usiag th

keyframe.

(b)

Figure8.16. Object shape distortion when @gpect ratio is preserved and (b) aspect ratio is not

preserved
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Figure8.17. Effect on accuracy with change in resolution for three datasets (a) aspect ratio is
preserved and (b) aspect ratio is not pressbrv

Resizing Strategy

In deep learning, it is a common practice to use a sepeed image resolution
(e.g, 224*224) even though the CNN models are independent of image dimensions.
The rationale behind using a square shape is that the model can pileeiseiye
features of images avoiding noises with better accuracy during training. 1080p,
4AMP, 8MP are some of the standard resolutions of security and CCTV cameras with
image sizes of 1920*1080, 2560*144Md 3840*2160, respective]289. All the

above resolution maintains an aspect ratio of 16:9. We propose to reduce the
resolution of the image whilgreserving the aspect rataf the imageFigure8.16
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(a, b)shows that this approach maintainsabgect's shapeith respect to the image,
and the objects do not distort as may happen in square shajhesa§pect ratio is
not preserved)Figure 8.17 shows the accuracy of the frame resolution of three
datasets with respect to square shape images where the accuhecgspect ratio

preserving technique is ~13% to ~15% higher.

As per eq.8.8, a resolution setY) is created by reducing the size of image

Y "0 pho 0zphO "Zchw 02z¢ 8BBMW (8.8)
'Y is combinatorically expensive as there can be multiple resolution sets. Therefore,
a candidate resolution se® 'Y is created by analyzing the resolution accuracy
over our selected dataset. As it is evideriigure8.17, there is significantly less or
no change in accuracy across the higher resolution set. Thus, a candidate resolution
set 0 'Y of following five resolutions [(288,162), (320,180), (480,270), (640,360),

(960,540)] is selected while maintaining an aspect ratio of 16:9.

Lightweight DNN classifier construction to accept the dynamic resolution of images:
Most of the prerained olect classifier model (such as ResNet and MobileNet)
accepts fixed resolution (like 224*224) of images. These models resize the image to
a predetermined resolution to classify the objects. The convolution layers are
independent of image size, but theyfudonnected layer expects a fixed input size
which hinderghemodel from accepting variable input size images. As discussed in
Section2.9.1in Chapter 2the Global Average Pooling layer can reduce the feature
map size from 6 & &G h'OQ WD ho QM@ ho@E ¢ @) ito (B,1,1, Q
making the outputlimensions free ofH, W). MobileNet[184] is a lightweight
image classification moddhat has good performance for resoucmnstrained
devices like smartphones. Work like Fogaé] suggests that even lightweight DNN
model have high recall (nearly 100%) and detects the object i thgsses. We
havecreated a lighter version tfie MobileNet model by trimming its 50% layers
and replacing the final layers with one GlobalAveragePooling layer followed by 3
Dense Layers and a 20 node softmax layer. Thistéined model can accept images

of different restutions during runtime. The model was trained over Pascal VOC

[29(] dataset usin@transfer learning approach.
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Identifying Optimal Resolution of Key Frami@NN models are probabilistic and
give a score between 0 and 1 for each outbuén a highend model probably
predicts an object in the image with less score (suchdasTherefore, instead of
following an absolute accuracy score, we have followedtopek approach to
identify whether the model has predicted the object indpek position or not. For
example, inFigure82query 1 ( Q1) , i f the | ightweight
object in itstop-2 position, therthe query pattern is satisfied. This information can
be leveraged to resize the image to a mininnasolution where it can still predict
information within the required tek accuracy. As per VIBNIN architecture
(Figure8.11), the representative frame (F1) is sentheKey Frame Resizavhere

it predicts frame tojx accuracy using theightweight DNN modeat a different
resolution 6 'Y and sends a minimum frame resolution that satisfies the query

accuracy constraints.

Since the lightweight DNN model is a mualass classifier, there can be a possibility

of score imbalance for required query objects. For example, query Q2 sdguire

objects O6Car 6 a thdconuRcdon §CONJID pattemn. Itscantbe & f y
possibility where both objects are preserthemsame frame. If both objects (such as

6Car 6: 0. 4, 0OPer focamrgdory(Q2acturaayrmetric) then tedizeng t o p
happens until any object does not go out of the2tqgosition. There can be a

scenario where the score of objects may get skewugthg resizing (such as

6Caro6: 0. 7, 6Persondé: 0.003) . To keep a <che

accuracy intact during resizing we check thed @ ¢ np 0 € ng¢ & € 1

0 i1 wand ratio &h mt T L accuacy score of identified

query objectsU and stop resizing if the above conditions are violated. In the above
case, the value &f(k=2 as pefFigure8.2) isbased on the CEP query and 0.45 score

is empirically derived by running classification on multiple videos.

Selecting different resolutions is based on ¢hadidate resolution sethere the
binary searchs applied to bootstrap the search, and later réealis chosen as per

the previous keyframe resolution. The process restarts if the preceding keyframe lies
in the second half ad Y. In case if the object is not present in the keyframe, the
lowest resolution imageY( ) is sent, as empiricallyhe chances are high that the
object is not present in that miebatch. Algorithm8.2 illustrates the proposed

resizing policy. TheMicro-Batch Resizethen resizes the full batch frames as per
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the received keyframe resolutioly . This adapive micro-batch resizingof
frames overb Q¢ dramatically improves the overall system performance as

shown in detail in the experiments.

Algorithm 8.2: Adaptive MicreBatch Resizing
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8.8.4 Query Aware Adaptive Filtering under Resource Constraints

To reduce the stress of bandwidth and edge resources\f\Duses ajueryaware
cachingandmicro-batchutility-drivenresourceawarefiltering policy with the least
impact on the quality of results. For a giveriQ¢ , VID-WIN controller adopts a
two-step filtering to drop frames dhe early and later stageof the processing

depending on the nature of midbatches.

8.8.5 Eager Filtering

The eager filter is eargtage filtering performed dhe micro-batching stage. The
Eager MicraeBatch Filter(Figure8.11) drop the frames if there is no change in the
video content for given consecutive midratches. For example, during the night

t he number of bedllesg and thevebcpneexidt Isng thours ér minutes
when no object is present. Transmitting such frames will only stress precious
network and system resources. To avoid such situatager MicreBatch Filter

continuously monitors the maximum miebatchsize 0 6 ) atv "Q¢ . If there

are consecutive 0 micro-batches indicating no activity happening, the eager
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filter will start dropping batches after the fitst micro-batch transmission. The
eager filter ensures th#te first micrebatch of noractivity is not filtered and is
forwarded to avoid potential pattern midige all other subsequeni 6 are
redundant batches. There is no quawareness at this stage and filtering is based

on lowlevel video content.

8.8.6 Lazy Filtering

ThelLazy MicreBatch Filterdiscards resized mictoatches if they are not relevant

to CEP query or violate available resource limits. It is divided into two parts:
Partial Match based Cache Filtering over Edge

In CEP, a complex event pattern is made up of multiple simple or atomic events. For

example, inFigure 8.2, query Q2 is interested e complex pattern CONJ(Car,

Persam ) , which is made of two objects 6Carod
performs pattern matching by correlating simple events (Car, Person) within a given

window range to detect if a pattern exists or not. The minimal criteria for any video

query () to befulfilled arethe presence of all the query objedts ( ¢ ¢ & )

in a window range. The object can be treated aspartial match | @) [29]] if

it is a subset of the query (O 0 in a window. Thus, the mictbatch { &) which

do not consist of partial matchds § R 0) can be filtered as it is not relevant for

the CEP matched ur i ng matchi ng. For exampl e, Q2 f
and 6Persond and any frame consisting of o
it is not relevant to the query. In the current strategy, a completdo(oet h 6 Car 6 and
6 P e r s o natne frame) or pagtial match (bL.eenl y o6 Car 6 or O6Personbé

can exist in a micratch.

There can be multiple instances of event patterns within the same window. For
example, for Q2 (CONJ(Car, Person)) in a video stream

6 o ho QEE ho Gd h0 Qi ié &there can be multiple event patterns
like 6 D hO Qi iE & 6 @D ho Qi e ¢and 6 @D hO Qi e &
This combinatorically increases the cost of matching. To handle such situations,
different selection (like first or last) and consumption strategies (such as consumed
or zero )[63, 292, 293 have been proposed in CEP literature. In this work, we have
usedthefirst selectionand consumeaonsumptiorpolicy for event matching. For

the above example, the matcher will detect only two patterns, @eiiy),
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(0 Qi iMéland [6 oD ), (0 Qi h)]For Q2 query and both patterns will not

necessarily have the same accuracy.

Algorithm 8.3: Cache Based Partial Matches Aware Filtering
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Keeping edge constraints in mind, a new qualitative filtering policy is devised where
the VID-WIN will forward only those objects whose accuracy score is higher than
previous similar objects. This will &l to the detection of more qualitative event
patterns reducing the overall resource consumption. A partial matdhcacheis
proposed based on the CEP query. Algori@irnllustrates the function of the cache.

As the query is registered in tisgstem, all the partial matches, ,i.ebjects are
registered in the cache. All the values stored in the cache are only valid for the
current stateand the cache isiaitialized for every fresh window)( Q¢ ). The
cache stores the partial masdturacy value of a resized midvatch obtained from

a lightweight DNN model. The cache updates the incoming partial match value only
when its accuracy (e,d.50) is higher than previousstored accuracy (e,d.40)
within the same window els# will drop the batch from further processing.

ResourceBased Micro-Batch Filtering

A novel micro-batch utility score(D 6 ) is devised where batches with low

utility scores can be discarded to keep the edge resources (memory and CPU) free.
The micrebatch utility depends on two key factors: 1) The accuracy of the partial

match pm) presenti§ 6 ), and 2) The relative position and size of the batch
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in a window (0 6 ). As per eq.8.9, the 0 6 is defined as the

function of accuracy and batch position in the window.
06 Y06 & (8.9)
a) Micro-BatchAccuracy

The micrebatch accuracy(0 ) represents the efficacy of the batch. It

calculates the accuracy of partial matches, (@ejects) if they are present in the

query's topk accuracy rang@). Thed 6 is calculated as
- € PO (8.10)
- Owé U
Lo % 0'Mmi Q T x a s ot e e s
Q T OoeENMET QO Qe ¢

As per eq8.10,0 6 is the sum of the accuracy of obje€tshich is a part

of the query (Q) divided by its telpposition. For example, suppose the lightweight
DNN model inthe VID-WIN controller predictsthe following objects with an

accuracy of {6GBaré6D0ogd; OPEr s-ltaldd Kend: O .

for Q2, thed 6 wilbe - 2 m® as both 6Card and

are present ithetop-2 position as required in Q2.
b) Micro-Batch Relative Position and Size in Window

The CEP literaturf294] suggests a strong correlation between pattern matching and

therelative positionof partial matches in a window. The probalilof getting a

pattern match is high at the beginning of the winddecreasingradually at the

end of the window. For exampl e, i f a

thewindowt hen t he probability of pishighasr n

still lot of frames are left to be processed. The relative posijtionof a micrebatch

at a time (t) can be derived-as

VQE QA OANE Qi | QQ
0QE | QaQ

(8.11)

In eg. 8.11,ev Q¢ QA& @& equal to the total number of frames a window can

consume during a SLIDE (i,e. & Q@4 Mr))i Since the importance of miero
batch decreases with the progression of its relative position in the window, so the

relative position importanceai) score will be:

06 [ (8.12)
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For example, over &a "Q¢ i "QaofB0 seconds (30*30fps = 900 frames), if the
micro-batch (40 frames) occurs after 100 and 5fames, therd 6  will be
p — =0.88andp — = 0.44respectively. It is evident from the above

calculation that how the importance of midratch declines with its progression

over the time window. The ratio of mickmatch size with theemaining window size

is another essential factor to determine its utility. It is equivalent to
006

0QE 1 Qd Qe Qe Q

006 P (8.13)

The probability of getting a partial match is high in larger sized rhatches as

compared to smaller batches. Using 832 and8.13, a combined utility score

00 is formulated by considering the miebatch relative positio
importance 0 0 and batch importance for the remaining window
(06 ) using an entropyased calculatiothatfocuses on the average rate

at which information is produced.

o |1
Lo = %
[o G V Xo) aé 0o
08z aé0s (6.14)
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Figure8.18. Effect of micrebatch size and itelative position in windows over its utility
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Figure8.18 shows the effect of micrbatch size and its relative position in windows
over its utility. It can be seen tha bigger batch sizat starting ofthewindow hasa

high positionsize utility score as compared to the end of the window. Finally, the

micro-batch utility scorel{ 6 is calculated as the entropy function similar to
eq.8.14 replacing vimes with0 6 AT 6 . For example, for a
given micrebatch if0 6 =0.5and) 6 = 0.20, ther) 6

will be 0.866. It means ~86%f theinformation of micrebatch is valuable to keep
its quality maintained. The micimatch utility 0 6 is then used to filter

frames to a tradeoff with available edge resources.

Algorithm 8.4: Dual Bound Resource Aware Filtering at Edge

Input: 0 "QO1 & O&OSO hQuery O H) 6
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A dual bound (memory and CPU) load filtering is explained in Algorithm 4. The
filter drops frames from micrbatch using 0 6 if the given quenpased
memory or CPU bound is violated. For example, QBigure8.2, puts a bound of
50% on memory { ) and CPU { ) usage on maximum available
resources (memornp , CPU 6 ) of an edge node. If the above bounds are
violated, then the filter will start dropping frames fraime micro-batch. The
maximum frames which can be dropped from a mbatch depend ro the
00 . For example, i 6 is 0.86 thenaminimumof 86% of the micre
batch information will be keptaindthe remaining available frames can be dropped
until CPU and memory consumption comes under the required resouru (be,
50% in Q2).

Thus, the overall process is to createniaro-batch resizethem based on query
accuracy, andilter the frames as per video content, partial query matcres

resource bounds. The Q¢ does not hold any micrbatches at the edge and
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continuously streams the filtered and resized mibatches to the higand node.
The compressed difference value of the migatches (using Change Detector and
Compression component (Figure 1.11)) is seéat socket to reduce bandwidth
consumption furtherThis is done by keeping the original keyframe and taking the
difference of all the other frames in the midratch with respect tthe keyframe.
The batches are recreated at the fagt node using the kEame. Theb Q¢
performs posprocessing optimization where the region of interest (ROI) of query
related objects are mapped using a SpMapper. This ROI can later be passed to
the VID-WIN controller to crop the video frames further tods@nly on interesting

regions of the video.

8.9 EXPERIMENT AND RESULTS

8.9.1 Implementation and Datasets

The VID-WIN prototypé! is implemented in Python 3 using Docker. A Docker
container is used to simulate the edge device with different memory (5B

and @PU cores (35) settings. The VIBNVIN controller is implemented using
Pythonds mul ti pr ,onhere alithe grocésses mwn in @aradd. i t vy
FFmpeg and OpenCV are used for video streaming angrpoessing. The
lightweight DNN model (MobileNet gjhter version) irthe VID-WIN controller is
implemented using the TensorFlow Keras API, and its CPU version is deployed at
runtime. The video dataset is mountedvatume over the Docker container to
simulate streaming behavior. Docker stats is used for logging the contahger us

and network 1/O.

The highend node container is deployed on a Linux machine runningansti
GHz processor, 64 GB RAMind Nvidia RTX 2080 Ti GPU. It runs the VidCEP
[92] complex event matcher, FastetGRIN [186], and ResNet101 object detection
and classification model, resgizvely. The ResNet1l01 model is-tained onthe
Pascal VOC dataset usirgytransfer learning approach to accept the different
resolutiors of images.The ZeroMQ[295 sockets send discrete messages as
compared to conventional sockets streams of bytearasditable for our purpose.

The benchmarking with Esper CEP windows is implemented in Java with

21 hitps://github.com/piyushy1/AdaptiveVidWindows
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Deeplearning4jas the backend library to run the DNN model. The current

experiments are focused on the performancel 6f¢

techniques are based on it. ThéQ¢

be mentioned explicitly wheimvolved in the experiment.

as all optimization

currently handle only ROI knobs and will

Table 8.4 shows the list of 5 datasets that are selected to validate th& WD

approachThese datasets are from open traffic cameras which stream live videos

across different cities except the Sandgk dataset which is shot using a tripod

camera. All the cameras are installed at the road -sex®n. In this work, the

videos are downloaded on1BEeb 2020 from Youtube. All the downloaded videos

are of 1080p resolution. The ground truth data ipgmed using a highnd Mask

RCNN model[189 wh e r e

6Car 6

and

6Personod

cl

asses

similar frames have been done and the same annotation is assigned as per the first

frame of the batch.

Table8.4 Datasetspecifications

Dataset Resolution Objects
Jackson Hol¢113 1080p Car, Person
Southamptonfi114] 1080p Car
Auburn Toonjklffos Cc 1080p Person, Car
Sandy Lang116] 1080p Person, Car
Times Squar§¢ll7] 1080p Person, Car

8.9.2 Evaluation

Effect of dynamic micro-batch vs fixed batch size over throughput and latency

(static resolution)

The dynamic micrdbatching performance is compared with the fixed batch (size of

1, 5, 10, 25, 50, 100) approaches hawngjatic resolution. The batch size of 1

represents the frar®y-frame processing, and the resolution is fixed at 500*500.

Since the comparison is about fixed batchingdygsxamic micro batching, so the

effect of window slide and range is not considered here. A ResNegt@gImodel

trained over Pascal VOR9( dataset is used for this experiment. The experimental

values are logged when the system stabilizes with continuous transmission of data.

Figure8.19 shows the throughput and latency performance of ntiatohing over
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Figure8.19. Performance of dynamic mictmatching (fixed resolution) véixed batches over
throughput and latency over four datasets

four datasetsSouthampton, Jackson Hole, Sandy Lamad Auburn. As per eq.
8.15, latency §) is measured as the time of reading and liradciiames at the edge

node @ ), transmission timé cloud nodel{ ) and the DNN model processing time
@ ).
DHhoQddwa a a (8.15)
Since micrebatching includes dynamic batch sizes, the weighted mean is used to

calculate the batch latency ().

0 ﬂ (8.16)

0

In the eq8.16,6 X ¢ @I QB e throughput is the number of frames processed
per second. The mictoatches throughput is calculated by logging the
experimentation time with the number of frames being processed in that duration.
As perFigure8.19, the rate of change of throughput is 30 to 40% higher for micro
batching as compared to all other fixed batch sizes. The 1batahing throughput
of Southampton is 14.3 fps which is 2.3X and 1.3X highan frame by frame (6.25
fps) and 50 batch (10.92 fps) processing. The same throughput pattern is followed
for all other three datasets. The batch latericy (ncreases with the number of
frames in a batch. The mictmtching strategy outperforms statiatches in terms
of batch latency. The batch latency of miyatch inthe Southampton dataset is 2.1
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sec and is 4.3X less than for 100 batch (9.15 sec) and 1.2X less for 25 batch (2.44
sec) sizes. A similar batch latency pattern is followed acrossewlldatasets. The
micro-batching batch latency is higher than frame by frame processing and other
smaller batches as they process fewer frames resulting in lower throughput.
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Figure8.20. Micro-batch size ditribution over four datasets

Figure8.21. Number of objects comparison over four datasets

Figure 8.20 shows the distribution of micrbatches of all four dataset¥ackson

Hole and Auburn's median batch siamges between 388 frameswhile that of
Southampton and Sandy Lane ranges betwgeib Trames per batch. This gives an
interesting fact regarding the nature of datasets in terthe néimber of objects and
their motion dynamics. Jackson Hole and Auburn have fewer objects with less
motion leading to bigger batch sizésmnSouthamptonrad Sandy Lanewhere the
number of objects very high Figure8.21).

Effect of VID-WIN micro -batch resizing vs batch size of different resolution

over throughput, latency, and query accuracy

Micro-batch resizing further optimizes the overall system performé&igere8.22
shows the comparison of batch sizes of different resolstwith the micrebatch
resizing technigue for Auburn Toomer ds Col

with top-2 accuracy). The batch size of 1,10, &4%d 50 are selected wite highest,
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Figure8.22. Performance of dynamic mictmatch resizing vdbatch of fixed resolution ofa)
throughputangb)Lat ency f or Afdlfuataset Toomer 6s

mid, and lowest resolution of (1920,1080), (480,27Md (288,162). The above
resolution is selected to have a fair comparison as the 4{batolh candidate
resolution setd 'Y hasamedium and lowest resolution of (480,270) and (288,162)
respectively. The original HD resolution (1920,1080) is considéoedet the
baseline performance. The midoatch resizing technique achieves the highest
throughput of 16.7 fps and is 2.11X and 1.4X higtien the frame by frame
processing and a batch size of 10 with the lowest resolfigare8.22 (a)). The
higher throughput is due to the resizing of frames to the lowest resolution as the
|l ight weight <cl assi fi er thesopaarénfeeas required et ect
by the query Q1Figure8.22 (b) shows that batch latency of midoatch resizing is

3.61 sec which is less than the lowest resolution of a batch size of 50 frames.
Although the micrebatch resizing latency is higher with a batch size of 11dhd

they achieve low throughputomparedto our approach. The HD (1920,1080)
streaming resulted in the worst throughput performance (sub bar graph in Fig. 20)

with a throughput of 0.1fps and latency of 177 sec for a batch size of 50 frames.

Auburn Toomers Corner

Q1- Car Only
Q2- Car and Person

(960,540)

(640,360)

(480,270)

(320,180) -

(288, 162) A

Micro Batch Resolution

0

0 0.25 O.I5 0.75 1
Video Duration

resolution sel ecti[ldfdafasetr t wo
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Figure 8.23 shows the query awareness and adaptivity of the proposed resizing

policy overthe Auburn video. The efficacy of the resizing is tested on query Q1
(detceacrto )6 and Q2 (detect 6card® and Opersor
evaluated here as it is a parttbé CEP matcher. Here the emphasis is on how the

resizing behaves with the different number of query objects. It is evident that in Q1,

the resizer seamed most of the frames at the lowest resolution (288,162). The
number of objects increases in Q2 (6écarb
optimal resolution where both objects can be found for required query accuracy (top

2). Thus, the resizeekects different resolution ((480,270), (320,180) and (288,162))

from candidate resolution sei Y at various stages of the video for Q2 query.

Table8.5 Accuracy performance of miciieatch resizing wittdifferent resolution

Datasets Resolution Resolution Resolution  Micro
(288,162) (480,270) (1920,1080) Batch

Resizing
Auburn 0.688 0.701 0.703 0.679
Southampton 0.575 0.619 0.652 0.615

Table 85 shows accuracy fothe Auburn and Southampton dataset. Here the
accuracy is the average prediction score given by the DNN model for each batch.
Since accuracy isatch independerminly resoluions are mentioned in the table. The
average accuracy score of midratch resizing is 0.679 and 0.615 for Auburn and
Southampton. The accuracy is only 0.024 and 0.037 lesshibhighest resolution
score (1920,1080) for both datasets. Thus, the riigich resizing strategy is highly
efficient, resulting in high throughput and low latency with significantly less impact

on the quality of the query result.
Evaluation of VID-WIN filtering policy on edge CPU and memory usage
Memory Requirement for VH/IN

Table8.6 shows the minimum memory requirement for deploying standard windows
of a given size for streaming a 540p resolution video over an edge device. An
average 540p video frame is around ~0.67 MB and requires approximately 20.1 MB
memory space for handling 1se video stream (30 fps). As per table VI, edge
devices cannot hold bigger window sizes (such as 30 min) becauke lagh

memory requirement (35.33GB). On the other hand,-WIN adopts a different
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strategy where it continuously streams the mlzatcheof frames while preserving
the state of the stream. VAWIN requires a maximum of ~81.5MB of memory and
is independent of window size. This is because-WIN streams a max micro
batch size({ 6 of 70 frames which requires ~47 MB memgangcluding other

processing overheads.

Table8.6 VID-WIN vs. Normalwindow memory requirements over edge node

] Normal Window lm
Window
SLIDE Size Memory Edge Memory Edge
required compatibility required compatibility
10sec 201 MB Yes 81.5 MB Yes
1min 1.17 GB Yes 81.5 MB Yes
30min 35.33GB No 81.5 MB Yes
lhour 70.66 GB No 81.5 MB Yes
10hour 706.6 GB No 81.5 MB Yes
100
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Figure8.24. Performance dfiifferent VID-WIN filtering techniques at the edge node (4 CPU cores,
2 GB) on Auburn Toomer és dataset

Performance of VIBANIN micrabatch filtering at the edge

Figure 8.24 shows VIDWIN filtering techniques for Q1 (ied et ect 6car 6)
Auburn Toomer's dataset across different window sizes. The SLIDE of the window

(0 Q¢ ) size is selected as this is where the whole-WIN adaptive technique

is focused. This selection is also valid for tumbling windows if the SLIDE length is

equal to the window RANGE. Three filtering approaches are benchmarked to show
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the fractions of frme filtered1) eager filtering, 2) eager plus cache filtering (query
awareness), and 3) eager plus cache plus utility (resource awareness) on an edge
device having 2GB RAM and-dores CPU. The utility filter is set at two resource
bounds of 80% and 50% dfie usage of CPU and memory. If the edge resource
usage goes aboteegiven bounds, then the utility filter will drop more frames from

the micrebatch to reduce resource consumption.

As per Figure 8.24, the eager filtering percentage increases with the increase in
window size. This is because the probability of repetition of consecutive max micro
batch size(f 6 is less with smaller windows as the window closady andhe

filter works afresh with the new window. With a window size of 30 min, the eager
filter has dropped ~ 20% frames indicating no change in content during that time.
Cache filters are the most effective filters as they only include framesghavin
potential partial matches. Cache filters even work well for smaller windows and have
filtered ~58% of the frames for a window size of 30 sec. One of the key sdason
such aggressive filtering is that VAWIN only forwards the partial matches which
hawe a higher probability than previous partial matches available in the cache. As
discussed earlier, VIVINs overall memory usage is only ~81.5 MB. Thus, the
utility filter drops significantly fewer numbers of frames. Most of the filtering occurs
due to inceased CPU usage instead of memory. It can be seen in Fig. 22 that the
overall filtering with 50% memory and CPU usage is ~67% for a window of 30 sec
and increases up to ~78.6% for a window of 30 min. The utility filtering at 50%
resource usage is slightlyigher than 80% due to more rigorous constraints on
resource bounds. The utility filtering converges with cache filtering for long
windows as resource usage stabilizes which is not in the case of smaller size

windows.

Table8.7 VID-WIN event accuracy for query Q1 and Q2 on Times Squdrg video

Technique Q1 Q2

(Car) CONJ (Car, person)
VID-WIN + No filtering 0.978 0.966
VID-WIN + filtering (eager) 0.973 0.959
VID-WIN + Filtering (eager+lazy(cache)) 0.96 0.943
VID-WIN + Filtering (eager+lazy+utility(80%)) 0.953 0.940
VID-WIN + Filtering (eager+lazy+utility(50%)) 0.946 0.936
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Effect of filtering over everdccuracy

As discussed in the initial sections, filtering drops the overall query accuracy. A new
eventcentric query accuracy is used to evaluate such scenfine®1 and Q2 are

window-based temporal queries. For exampglee query Q2 (CONJoperator)

pattern can be satand®fpieed oinfo)t appeljrescti 1 @c
or across the frames within the same window. Thus, the'segigtence can span

across the frames and multiple events can be detected over the same window. D

to thetemporal and everdentric query nature, detection of the single event will also

satisfy the query. We have utilized the metrics devis¢83n296 to compute the

event acaracy. For a given query Q, the event accuracy is calculated as:

e P QREQD ORAQO QBT
0L Q8 @WO T VWA o0 iy OBRIAD 6 Q oD DD
Ls, G

G (8.17)
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To give greater emphasis ement occurrenc® 0 hthe value of andf is set as
0.9 and 0.1 (ed.17), respectively83]. For example, if the ground truth even® (
is 10 and total events occurred is 5 ti@0 p and EX = 4. The event accuracy

will be 0.9*1+ 0.1*(4/9) = 0.94. To sintify the calculation a tumbling window of

3 sec is used to create the ground truth datiabte8.7 shows the event accuracy

Table8.8 VID-WIN filtering comparison with Reduc{®4] on SouthamptofiLl14] dataset

Reducto Frame Level Filtering
Accuracy Percentage

0.90 34.31

0.85 55.71

Reducto Optimal 0.80 69.02

0.75 77.41

0.70 80.01

VID-WIN Window-based Filtering
event accuracy Percentage

VID-WIN + filtering (eager) 0.969 2.11

VID-WIN + Filtering (eager+lazy(cache)) 0.952 50.82

VID-WIN + Filtering (eager+lazy+utility(80%)) 0.947 55.95

VID-WIN + Filtering (eager+lazy+utility(50%)) 0.939 60.02
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of Q1 and Q2 for the Sandy Lane dataset for different-WIN techniques. The
vanilla VID-WIN approach without filtering has an average event accuracy of 0.978
and 0.966 for Q1 and Q2. With filtering (eager +lazy (cache)) there is a minor drop
of ~1.4% inthe accuracy and is 0.96 and 0.943 for Q1, Q2 respectively. The utility
filtering has a minimal effect on accuracy for both the queries. The Q2 accuracy is
lower than Q1 due to misclassifications from the DNN model where some car

objects weneg uda&ktbect ed as 6

Filtering comparison with Reducto

Reducto[188 performs framdevel filtering based on object accuracy. Q1 is used
as a baseline for Reducto comparisontba Southampton dataset. Reducto is
initialized with its prebuilt threshold file using edge features, and its filtering
percentage is benchmarkedt@ss multiple query accuracies (m&Pusing YOLO

[188 model. Table 8.8 shows that Reducto achieves filtering of 34.31% for 0.90
guery accuracy which increases up to 80.01% for 0.70 accuracyM\WINCfiltering
achieves 60.02% filtering for a window size of 5 sec. WMIN eager filter achieves
very low filtering of 2.11% due to the nature of video where there is a continuous
moti on of &c ar 06-based gventacairacy is greaterthiam~@.63vand
is higher as compared to Reducto. There cannot be a direct accuracy comparison
between thewo techniques as Reducto uses frdewel filtering using higkend
YOLO. In comparisonVID-WIN uses a lightweight DNN model and performs

statebased filtering.

Table8.9 CloudSeg[211] and VID-WIN Comparisornwith bandwidthsavings and othesystem
metricsover AcksonHole Datase{113

Technique Bandwidth Batch Latency Avg. Avg. Model
Saving (sec) Throughput Accuracy
(fps)

CloudSeg 4X 93.76% 45.87 0.021 0.767
(batch size =1)

CloudSeg 8X 98.43% 23.72 0.04 0.751
(batch size =1)

VID-WIN + No filtering 97.58% 3.77 18.47 0.641

VID-WIN + Filtering (eager) 97.92% 3.59 17.37 0.638

VID-WIN + Filtering (eager+ 98.71% 3.16 12.76 0.631

lazy)

VID-WIN + Filtering (eager+ 99.12% 3.18 12.41 0.631

lazy) + diff + compression

203



VID -WIN bandwidth saving comparison with the stateof-the-art edge-cloud

vision technique

VID-WIN performance is compared with Cldseh for bandwidth savings and other
system metrics. The Clo8dg supetresolution model CARN297] is embedded

at the highend node befor¢he DNN model (ResNetl01 in our case). We have
followed a similar strategy as devised in Reducto and streamed video frames at 4X
and 8X low resolution using OpenCYV bilinear interpolation. ¥H@¢ SLIDE is

set at 3 sec.

Table8.9 shows the performance of Cldse and VIDWIN at different filtering
stages. The Clo&g 4X and 8X achieve bandwidth savings of 93.76% amB98
respectively, whereas VHWIN filtering with difference values and compression
achieves higher bandwidth savings of 99.12%. The throughput (0.04 fps) and latency
(23.72 sec) of Clouseg 8Xareextremely low as the processing occurs across two
models,i.e., CARN to upsample the lowesolution frame and then ResNet101 for
classification. The slow processing of the CARN model increases the backpressure
queueing, leading to high latency and low throughput.-WIN (no filtering) and
VID-WIN (filtering + compression) achieve a throughput of 461.7X and 310.2X
higher than ClouBeg 8X. The throughput decreases due to filtering asafigyer

number of frames are processed in a given time to save resources.

Esper Windows VID-WIN Micro Batch
VID-WIN Micro Batch == Bandwidth
17.5 1
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Figure8.25. Performance comparison of VAWIN with Esper CEP windows on Jackson Hole
dataset for throughput and bandwidth savings

VID -WIN comparison with Esper CEP engine

Esper is a welknown CEP and stream analytics platform. Weehbgnchmarked

the Esper windows with VIEWIN to identify the system performance. The Esper
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windows are rigid and cannot be decoupled like WMIN. Esper runs on the high
end node as in Scenario 2 (Sect&i.l) where windows receive the frames and
passthemto the DNN model. Due to the complexity of retrainthg DNN model

in Java, we have used the {rained ResNet50 model available frothe
Deeplearning4j zoo lfary. The prerained model comes with a restriction that it
only accepts frame resolution of (224,224). So, we have compared orHyWAND
micro-batching performance with a fixed resolution of (224,224). A custom object
classification operator is createdhieh is used in Esper EPL query language for the
evaluation.Figure 8.25 shows the Esper windows performance with WADN.
There are no bandwidth savings in the Espdimgeas no window is running on
edge device while VID-WIN micro-batching (with diff + compression) saves
89.4% of the bandwidth. VIBWVIN micro-batching achieves a throughput of 16.9,
16.8 and 15.8 fps for a window size of 3 sec, 10, sad 1 minute. Té VID-WIN
micro-batch average throughput is 1.2X times higher than Esper, and the
performance will increase significantly if resizing and filtering are also considered

in the overall experimentation cycle.

VID -WIN post-processing performance

Table 8.10 shows the pogprocessing performance of VAIW/IN. The interesting
regions (Qicar) were continuously extracted usthg Faster RCNN model over a
10-minute period on the Sandy Lane dataset which is later sent to the edge node to
forward only the selected region. If only ROI ppsbcessing optimization

(0 Q¢ ) is applied, then it can save up to 53.67% of bandwidth as compared to

Table8.10 Postprocessing performance @ndylLane[116] dataset

Techniques Bandwidth  Model Average
Savings Accuracy
(%)
Post Processing only) "Q¢& 53.67 0.796
VID-WIN (Microbatch+ resizing+ diff + compression) 91.4 0.676
only[ U Q¢ ]
VID-WIN (Microbatch+ resizing+ diff + compression) 92.18 0.691

[ 0 Q¢ ]+ Post Processing) Q¢

HD streaming with an average model accuracy of ~0.8. TheWIR micro-batch
resizing usingd Q¢ achieves bandwidth savings of up to 91.8% which can further

enhance up to 92.18% if pgstocessing is included in the processing. The inclusion
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of postprocessing in VIBWIN also increases the overall model accuracy from
0.676 to 0.691. This is because model receives only the region where query
based objects are available, redudhgoverall noise which it receives from the

nonrinterested areas.

8.10 SUMMARY

Video stream sources such as CCTV cameras and smartphonessauece
constrained edge nodes. At the same time, video camteattion is expensive and
requires computationally intensiBeep Neural Network (DNN) models which are
mostly deployd athigh-end (or cloud) node3his chaptempresents VIBWIN, a 2
stage allied windowindghat runs on edge and cloud. It expands the concept of
contentdriven widowing from structured data streams to unstructured video data via
input transformation techques. VID-WIN proposes a dynamic micimatch
resizing approacthatimproves inference time for stamsed CEP matching. The
approach constitutes a query, state, and res@weee filtering to amortize edge
resource cost with significant bandwidth sawngxtensive experiments on real
world video datasets show the efficacy of WIIN based windowing on edge
resources and fastexecution time with minimal effect on query accuratie
performance is measured acragber vision analytichaselines like ©udSeg
[21]], Reductd84] and CEP system such &sper[11]. The micrebatch resizing
approach achieves 3®% higher throughput with minimal latencyhe query
based cache and miebatch utility achieve ~78.6% filtering for 50% resource usage
with 80-99% bandwidth savings.
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Chapter 9

Use Case?2: Traffic Prediction Framework for
OpenStreetMapOver VIdCEP

KNRYZ KnKNc OBrnBrL BNOYNZ i
r Nc okudna¥vishe OBUNA G B0
LaA&dmauoN

The clearheadednd wise personfocus on the present
They don't mourn for the past that has gofieey don't
worry for the future that is not yet come.

Chanakya Niti

9.1 INTRODUCTION

This chapter discusses how the ViIdCEP framework is used to createvariehl
traffic management service. VIdCEP framework is used to create an OpenStreetMap
(OSM) traffic estimation service using publicly available video camera streams. The
chapter discsses the concepts of VEQL based traffic querying, state management
to capture video clips for a specific time and how the practitioners can create event
operators for traffic estimation. The chapter shows how the VidCEP framework
performs neareakltime olject detection and objects property extraction across
camera clusters in parallel to derive multiple measures related to traffic with the
results visualized on OpenStreetMap. The OSM traffic estimation service is
published at the 11th International Confere on Geographic Information Science
(GlScience 2021)95].

Secton 9.2 and 9.3 introduces the relevance of the work and describes thedelat
work for traffic estimation using different techniques in open source and proprietary
services. Sectiof.4motivates the problem and discusses rrdittiensional aspects

of traffic. Section9.5 and9.6 focusses on traffic evemmperators to process video
data. Sectiof.7talks about datasets, experiments, and evaluation. The chapter ends
with a discussion and limitation of current system practice in Sectio.8 and a

summary in Sectiof.9.
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9.2 BACKGROUND

OpenStreetMap (OSM) is arguably the largest crowdsourced geographic database.
There are more than 5 million registered users, over 1 million of whom have
contributed datdy editing the map. Different aspects of OSM data quality have
been scrutiized, and OSM data performed well on tests of volume, completeness,
and accuracy across several classes of spatial data, such as roads and [A8klings
299. Despite standing up to data quality tests, enforcing data integrity rules required
for a navigable road map is challenging. Lack of topological integrity and semantic
rules such as turn restrictions which enablgational capabilities is a stumbling
block for OSM to be a viable opeource alternative to commercial products like

Google Maps and Apple Maps.

Over the last five years, several large corporations have realized the value of OSM
and have assembled testo contribute and improve data on the OSM platform
[300. Backed by large companies, the editing teams are capable of editing millions
of kilometers (km) of road data each year. As a result of these efforts, the road
network data on OSM is improving rapidly, and the gap in the quality of the data in
the developé and developing countries is narrowing. It is expected that widely
available opersource navigation services may also be built on top of OSM data in
the foreseeable future. The next frontier to making OSM more usable for
navigational purposes is to hawaktime traffic information to estimate trip times.
This feature is already available in commercial digital navigation maps. However,
the estimation and availability of traffic state data rely on platforms (i.e., iPhone and

Android) built by the respectevcompanies to feed data to the service.

In this chapter, an OSM use case is proposed based on the VIdCEP framework to
estimate traffic using publicly available street camera video streams. The data is
processed on GPU computing infrastructure and theepsed output is exposed to
OSM. The proposed method utilizes publicly available data and does not piggyback
on using cell phones. The solution is better for privacy and is also immune to
subversion techniques such as the recent case where an artist9uaedréid
phones to simulate traffic on Google Mdf81]. Further, the rich data stream from

the video can provide mutlimensional measurements of traffic state going beyond

simple vehicle courbasedmetrics
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9.3 RELATED WORK

9.3.1 Traffic Estimation Services

Most traffic monitoringrelated data is collected from sensor devices like GPS
embedded in mobile phones and speed detection cameras (loop detectors, camera,
infrared detectors, ultrasonic, radar detectf@8y]. The traffic data is displed on
proprietary maps such as Google, Apple, and Here Maps. These companies also
expose the data through APIs. However, the methodology for traffic estimation is
opaque, and depending on the service provider, there are costs and restrictions on
how a third-party developer can utilize the data. Initiatives such as OpenPtaific
building an opersource data platform and services which collect anonymized
telemetry data from vehicles and smartphones and exposes them through OSM API.
OpenTraffic is a relkavely new platform and is still building up a list of partners
(currently three) to gather traffic information. Other attempts to create an open traffic
data framework for consumption as a map service include the OpenTransgértMap
project. Their framewds is based on prealculated estimates of traffic volumes
based on demographic data. Some traffic state prediction works use interpolation
techniques using sensbased reading like GPS and LIDAR to identify traffic at
unknown location$303-309. In this work,instead of telemetry data like GPS, the
focus is on clusters of openly available video feeds that providestligaming

updates from multiple locations and update traffic in-tisaé on OSM.

9.3.2 Video-Based Traffic Estimation

Video streams are an ideal exalmof BigData as it represents a high volume, high
velocity, unstructured source of data. Fatih ef&)g proposed a Gaussidrased
Hidden Markov Model (GMHMM) to estimate traffic over MPEG videos. But their
work was limited only to the camera Field of View (FoV) to determine the traffic
over a highway segment. The work is focused on estimating traffic beyond camera
FoV across the whole queried street netwevien where camera feeds are not
available. Kopsiaftis et a]307] used backgrouhestimation over highesolution
satellite video images and performed traffic density estimation by counting vehicles
in the given region. Again, their work is limited to only pegorded historical video

data. On the other hand, our proposed framewstiknates traffic over streaming

22 hitp://opentraffic.io/
23 hitp://opentransportmap.info/
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video in neareattime. Connected vehicles are another data source for traffic

estimation. Kar et al[309 proposed redime traffic estimation considering

vehicles as edge nodes. They performed object and lane detection using dash
cameras installed in the vehicles to esti.]
was focused on sharing such data sereehicles and on a clobéised map service.

Our work builds upon this line of argument by considering the traffic camera

network as a cluster of edge nodes and then applyingddatn techniques to

identify traffic across the road network which is tatpdated to OSM.

9.4 MOTIVATION AND PROBLEM SCOPE

Figure9.1 TfL traffic camera dashboard

9.4.1 Case Study: London A City of Open Traffic Cameras

London possesses an extensive camera network. The city is dotted with nearly 500K
camerag309. With a density of 68.4 cameras per 1000 people, it is estimated that

an average Londoner is caught in a camera approx 300 times [&80¢hyLive
camera feeds stream rdai me i nf or mati on of things haprtg
streets, enabling applications like license ptatading. The camera streams API is

provided from Transport for London (TfL) and can be accessed by registering with

their system. Each video camera comes with metadata including date, timestamp,

street name, and geolocation. Availability of open cameassasibility of real

time?* and archived dafa and friendly streaming APl makes London ideal for our

case studyfrigure9.1 shows the screenshot of camera networkssaca part of the

city with a video clip instance from a camera.

24 hitps://www.tfljamcams.net/

25 hitp://archive.tfliamcams.net/
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Figure9.2 Traffic CEPoverview

9.4.2 User Scenario

Traditional traffic monitoring using CCTV is mostly a manual effort where traffic
personnel moitors the situation by looking at the feeds from cameras installed
across the city. This manual approach is tooasuming, tedious, and erfprone

as it is difficult for humans to synthesize a large number of events occurring across
space and time. Thughe development of automated techniques is crucial to
supplement manual qualitative efforts. Suppose the traffic authority wants to map
the busiest routes of the city over the day in-tieaé and wants to provide the traffic
state as a service to théizens.Figure9.2 shows the authority using a CEP engine

to obtain the traffic congestion status over a road segment from a cluster of CCTV
cameras installed along thead. Processing this query over multiple video streams
requires identifying objects (e.g., cars), determining their properties (e.g., speed),
calculating traffic states, interpolation across the road network for continuous
estimation, and visualizing theesults in reatime with summarized metrics and

visualizations overlaid on OSM.

9.4.3 Multi -dimensional Traffic Aspects

There are multiple factors related to traffic and untangling the impact of individual
factors responsible for congestion is challenging. @etign is a function of both:

the physical way vehicles (and other road users) interact with each other, and the

peopl ebs perception of conges[BliJoThe (e. g.

focus is on the primary factors related to the physical dimensions of vehicular
movenent through the road network, namely vehicle count and average vehicle
speed. Thus, at each time point, the number of vehicles at a location and the speed

of each vehicle is estimated.
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Traffic Metrics

T

Definition

raffic Flow

(TF)

Average Traffic

S

Traffic Density

peed (ATS)

(TD) and
Capacity(C)

Level of Sevice
Description
Volume Capacity

mm o O W >

Ratio (V/C)

Table9.1 Traffic metrics

Traffic Metrics Definition

TF is the total count of vehicles that have passed a certain point in
directions for a given ti me.  tioF
days) and then approximated over days adjusting for seasonal and v
variations. The TF can be calculated at different timescedeging from
minutes, hours, daily, weekly, and yea@ynnual Average Daily Traffic).

It is the average speed of vehidesoth directions at a point for a give
time scale. ATS is measured in m/s, km/hr or mph.

TD or volume (V) is the number of vehicles per unit distance over a ¢
road. It is meage in terns of the number of vehicles per unit road (Km
mile). The maximum number of vehicles in a mile per ldra¢a road can
accommodate is termed capacity.

Table9.2 Level ofservice(LOS)

Level of Service Description Volume Level of Service

Capacity Ratio (V/C) Description Volume
Capacity Ratio (V/C)

Free flowing and highest driving comfort. <0.60
Little delay and high drivingomfort. 0.600.70
Some delay and acceptable level of comfi 0.700.80
Moderate delay and some driving frustratic 0.800.90
High degree of delay and driving frustratic 0.901.0
Excessive delay anthe highest level of >1.0
frustration

While these represent rudimentary aspects related to quantifying traffic state, they

can be used as building blocks to more complex metrics such as traffic density,

expected travel time, free flow ratio, and estimates of dglay, 31(. No single

parameter in describing network performance paints an incomplete, or icgsese

ndi

cator

@dn 6benmea rdocatt ohrepresent

t

he

an incorrect picture of travel conditions. This chapter focuses on building the stream

data processing architecture and showing its efficacy on-avoell application by
calculating the basic metrics of vehicle count and vehicle speéte9.1 andTable
9.2 lists the macroscopic traffic metrics and Level of Service (LOS) parameters

[311] which are considered for evaluation in this work.

9.5 EVENT OPERATORS FOR TRAFFIC CLASSIFICATION

To identify different traffic metrics using multiple cameras VidCEP system is

integrated with OSM APIFigure9.3 shows the highevel VidCEP architecture for
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Figure9.3 VidCEP system architecturior OSM traffic services

the OSM traffic estimation. A sample VEQL querfiqure 9.4) for traffic

congestion is as follows:

-~

Select Traffic_C ongestion(Object) from

Bri xton Road WHERE Object = 06Ca

Object = O6Busd WIWnhtbivHN5 Ti me

sec WITH CONFIDENCE >40%

USING YOLQ) , DeepSORT)

Figure9.4 VEQL traffic congestion query

I n the above VEQL query, the wuser
Busd over the Brixton Road camer a

traffic congestion operator will be discussed in deta8écton 9.6.

subscri

net wor k

In the next section, different event operators are discussed that have been developed

for the VIdCEP to estimate the traffic service.

9.5.1 Vehicle Detection and Tracking

In this work, the YOLO v3189, a stateof-the-art object detection model is used

for vehicle detection. The model gives rtale performance and process45

frames per second (fps) at the rate of 22 milliseconds per frame on modern GPUs

and is suitable for processing streaming data like videos. Five classes of vehicles

(bus, car, truck, bicycle, and motorcycle) are selected as they represent the

significant vehicular traffic on the road. The YOLO modelpegned on the COCO

dataset is used which already consists of all the above five vehicular classes. The

model outputs the bounding box coordinates of each detected vehiclegowotheit
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Figure9.5 a) TfL camera imagat Brixton Road/Island Place, Bylgedetection to identify laneg)
Distanceidentification ugng Google Earthreferencing d) Objectidentification, tracking, directign
and speed estimation

-lity score The DeepSORT221] tracking model is integrated with the YOLO object
detection to identify eackehicle across frames uniquely.

9.5.2 Vehicle Direction, Count, and Speed Estimation Operators

It is essential to know the movement direction of the vehicle to segregate traffic
estimation for different lanes. Direction estimation is challenging in TfL installed
cameras as there is no metadata information about the direction of placement of the
cameras on the road. After close inspection, it was concluded that the cameras are
placed over roads in such a way that their FoV covers the length of the road (top
frontview). The cameras are placed in Sehttrth or WestEast direction such that
outgoing traffic is in the left lane while incoming traffic is in the right lane with
respect to cameras FoV. The direction of each vehicle can be calculated by
measuring the dmacement of the center pixel location of its bounding box across
frames for a given time window. Considering the bottom left of the image frame as
reference origin, if the displacement of thexis value of the center point of the

bounding box decreasés a given time, then it is considered incoming traffic and
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